
Prospects for 
Electric Mobility
Systemic, Economic and 
Environmental Issues

Printed Edition of the Special Issue Published in Energies

www.mdpi.com/journal/energies

Amela Ajanovic

Edited by



Prospects for Electric Mobility:
Systemic, Economic and
Environmental Issues





Prospects for Electric Mobility:
Systemic, Economic and
Environmental Issues

Editor

Amela Ajanovic

MDPI • Basel • Beijing • Wuhan • Barcelona • Belgrade • Manchester • Tokyo • Cluj • Tianjin



Editor

Amela Ajanovic

Energy Economics Group

TU WIEN

Vienna

Austria

Editorial Office

MDPI

St. Alban-Anlage 66

4052 Basel, Switzerland

This is a reprint of articles from the Special Issue published online in the open access journal Energies

(ISSN 1996-1073) (available at: www.mdpi.com/journal/energies/special issues/electric mobility).

For citation purposes, cite each article independently as indicated on the article page online and as

indicated below:

LastName, A.A.; LastName, B.B.; LastName, C.C. Article Title. Journal Name Year, Volume Number,

Page Range.

ISBN 978-3-0365-1420-8 (Hbk)

ISBN 978-3-0365-1419-2 (PDF)

© 2021 by the authors. Articles in this book are Open Access and distributed under the Creative

Commons Attribution (CC BY) license, which allows users to download, copy and build upon

published articles, as long as the author and publisher are properly credited, which ensures maximum

dissemination and a wider impact of our publications.

The book as a whole is distributed by MDPI under the terms and conditions of the Creative Commons

license CC BY-NC-ND.



Contents

About the Editor . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

Preface to ”Prospects for Electric Mobility: Systemic, Economic and Environmental Issues” . ix

Amela Ajanovic, Reinhard Haas and Manfred Schrödl
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Preface to ”Prospects for Electric Mobility: Systemic,

Economic and Environmental Issues”

The transport sector is experiencing huge pressure due to need for a significant reduction in

greenhouse gas emissions and air pollution. Due to the intensified policy support, the electrification

of road transport had progressed over the last decade. However, despite some good examples such

as Norway, in most countries, mobility is still far away from sustainable low-carbon transformation.

With the increasing number of electric vehicles over the last decade, especially in China, Europe

and the USA, some new challenges and opportunities for the future have been noticed. The Special

Issue “Prospects for Electric Mobility: Systemic, Economic and Environmental Issues”contributes to

the better understanding of the current situation as well as of the future prospects and impediments

related to the use of electric vehicles. The seventeen papers published in this Special Issue range from

the review of historical developments of electricity use in different transport modes over the analysis

of policy impacts on disseminations of electric vehicles, optimization and development of charging

infrastructure, up to the future prospects of electro mobility. They analyse current challenges, possible

solutions and new discussion points relevant to the sustainable transformation of the transport sector.

Amela Ajanovic

Editor
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Abstract: Environmental problems such as air pollution and greenhouse gas emissions are caused
by almost all transport modes. A potential solution to these problems could be electric mobility.
Currently, efforts to increase the use of various types of electric vehicles are under way virtually
worldwide. While in recent years a major focus was put on the electrification of passenger cars,
electricity has already, for more than hundred years, been successfully used in some public transport
modes such as tramways and metros. The core objective of this paper is to analyze the historical
developments and the prospects of electric mobility in different transport modes and their potential
contribution to the solution of the current environmental problems. With respect to the latter,
we analyze the effect of the electricity generation mix on the environmental performance of electric
vehicles. In addition, we document major policies implemented to promote various types of e-
mobility. Our major conclusions are: (i) The policies implemented will have a major impact on the
future development of electric mobility; (ii) The environmental benignity of electric vehicles depends
to a large extent on the electricity generation mix.

Keywords: electric mobility; environment; policies; public transport; passenger cars

1. Introduction

The transformation and electrification of the transport system has become a major
strategy in the fight against environmental problems and climate change. In the EU,
the transport sector is responsible for a quarter of total greenhouse gas (GHG) emissions.
The largest amount of these emissions is caused by road transport, especially passenger
cars. In opposition to all other sectors, in which GHG emissions have been decreasing
over the last few decades, transport has had by far the worst dynamic performance (see
Figure 1). Therefore, electrification of the transportation sector would significantly reduce
local air pollution that causes respiratory illnesses and cancer. Moreover, depending on
the electricity used, electrification of transport could significantly reduce the amount of
greenhouse gases which contribute to global warming. A major challenge today is to
identify the proper solutions for the transport sector which can support the transition
towards an overall more sustainable energy system. One of the mostly discussed strategies
is the “Avoid-Shift-Improve” (The “Avoid” refers to the need to avoid unnecessary travel
and reduce trip distances, the “Shift” refers to the need to improve trip efficiency using
more sustainable transport modes, and the “Improve” refers to the need to improve
transport practices and technologies.) strategy. Although a major focus is currently placed
on the electrification of passenger cars, in the future, with the increasing shift to public
and shared mobility, it will be important to ensure a high electrification level of almost all
transport modes.

Energies 2021, 14, 1070. https://doi.org/10.3390/en14041070 https://www.mdpi.com/journal/energies
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Figure 1. Development of GHG-emissions in the EU-27 in the different sectors (and transport modes) from 1990–2018
(1990 = 1) (Data source: [1]).

Currently, efforts to increase the use of electricity in the transport sector are under-
way worldwide. Since many transport modes, such as railways, tramways and metros,
are already very well electrified, in the past few years a major focus has been placed on the
electrification of road transport, especially passenger cars and buses. Figure 2 shows the
example of Austria that the public transport (e.g., railways, underground, tramways and
e-buses) contribute to more than 95% of the total kilometers driven with electric vehicles.

Figure 2. Shares of different modes and technologies of electric mobility by the number of kilometers
driven in Austria in the year 2018 (Data source: [2]).

Although both private and public electric mobility have a long history, they are still
seen as a major option for the reduction of the GHG-emissions in the future. Especially
in urban areas electric mobility is considered as an important means to solve the local

2
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environmental problems. Moreover, the shift from private cars to public transport in
combination with electrification is often seen as a major strategy for heading towards
sustainable transport systems.

However, surprisingly, in the literature there are only very few contributions analyzing
e-mobility in all dimensions and possible applications. Many papers have focused on
battery electric vehicles, despite their current minor relevance in comparison to public
transport (e.g., trains, railways, underground, etc.), whereas there is a very low number of
studies dealing with the electrification of other transport modes.

The core objective of this paper is to document the historical development of electricity
use in the transport sector, as well as to analyze the current situation with respect to electric
mobility considering all relevant individual and public transport modes. Moreover, the im-
pact of electrification on emission reduction is evaluated in view of different electricity
generation portfolios.

To enable beneficial electrification, it is important that the costs of e-mobility are
acceptable, that they are competitive with corresponding conventional transport modes,
that e-mobility significantly contributes to emission reduction, and that, with increasing
use of renewable energy sources (RES), electric vehicles can contribute to better grid
management [3].

An example of how different electric transport modes are placed in the electricity
system is shown in a stylized description for the case of Austria in Figure 3. The grid
issue is of special interest for the electrification of mobility. On the transmission (TM)
level, an almost autonomous parallel TM grid exists for Austrian railways (AR). They have
their own power plants, mainly from hydro sources. Most other e-mobility applications,
such as underground, buses and electric vehicles (EVs), are powered at different levels of
the distribution grid. With respect to EVs charged privately, it is important to state that
enforcements of network connections as well as of the distribution lines may be required
for several applications.

Figure 3. A stylized figure of how different modes and technologies of electric mobility are placed in the electricity system
in the example of Austria.

This review paper builds on publicly available data sources and all used materials
and data are cited in the corresponding sections. They are described with sufficient details
to allow others to replicate and build on these results.

It builds on a comprehensive literature review, data collection and documentation by
transport modes for private and public mobility, and the environmental assessments are
built on methods presented in our previous publications [4,5].
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This paper starts with a comprehensive documentation of the historical development
of e-mobility in major private and public transport modes. In Section 3, the state of the art
in view of e-mobility is presented, indicating the major current challenges. In the following
section, a supporting policy framework is discussed. The environmental benefits of e-
mobility in relation to the electricity generation mixes are analyzed in Section 5. The major
conclusions are derived at the end of the paper.

2. History of E-Mobility

Although e-mobility had been very frequently discussed over the last decade, it is
important to stress that electricity use for mobility has a long history. Electricity has been
used successfully for years in different transport modes such as trams, underground,
trolleybuses, and railways.

In this section, we will briefly document the history of electricity use in the transport
sector and consider the major private and public transport modes.

2.1. Private Cars

The history of battery electric vehicles (BEVs) is very well documented in different
papers and reports (e.g., [6–11]). The fact is that BEVs are not a new automotive technology.
They have a long history of about 200 years. About 100 years ago they already played a
significant role in passenger car mobility. The history of electric vehicles can be divided
into four major segments: (i) 1830s, entering the markets; (ii) from about 1890 to 1920,
increasing popularity of EVs; (iii) after 1920, their declining popularity; and (vi) starting in
the 1970s, increasing attention [12].

As documented by Høyer (2015) [13], the early history of EVs started with the first
tested lightweight electric vehicles constructed in the USA, the United Kingdom and the
Netherlands in the 1830s. However, the “first golden age” of EVs was undoubtedly between
1880–1920 in the USA. In 1900, in competition with steam-powered vehicles and gasoline
internal combustion engine (ICE) cars, the top-selling cars in the USA were BEVs [14].
Electric vehicles were dominant in the large and developed urban areas such as New York,
Boston and Chicago. In these cities the ratio was two electric vehicles to one gasoline
ICE vehicle [15].

At that time, there was no clear preference for one of the available automotive tech-
nologies, but each technology had some advantages and disadvantages [6]. For example,
steam-powered vehicles were cheaper and faster but required a long time to start and
frequent water filling stops. The gasoline cars were more dirty, difficult to start and slightly
more expensive. However, they were able to manage long travel distances without inter-
ruption. The major advantage of BEVs was that they did not have the same disadvantages
associated with gasoline cars such as noise, vibrations and smell [16], but they were slow
and expensive [6]. Since cars were used mostly used in urban areas until the end of the
19th century, due to the low number of the good roads outside cities, the limited driving
range of BEVs was not a problem. However, already at the beginning of the 20th century,
the need for travel activity increased and car manufactures tried to find ways to make
BEVs more suitable for travelling longer distances in the countryside. For example, (i) fast
changeable batteries were developed to enable longer driving distances; (ii) regenerative
braking systems were introduced, utilizing the capacity of the motor to act as a genera-
tor re-charging the battery in the case of driving downhill; (iii) the hybrid vehicle was
invented [8,10,13,17]. Although hybrid electric vehicles were able to provide silent mobility
with a longer driving range, they were never seriously considered before the early 1970s,
mostly due to cost issues [8].

As shown in Figure 4, the first historical peak in EV’s global stock was reached in
1912 with about 30,000 cars on the streets [14,18]. However, this peak was followed by a
fast decline, which started in the 1920s, mostly due to the beginning of the mass-production
of ICE vehicles [16,19], as well as the significant decrease in gasoline prices due to the
discovery of new oil fields in Texas.

4
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Figure 4. Major milestones in the history of battery electric vehicles.

Such developments, in combination with increasing electricity prices [13,16,19], were the
major reasons why BEVs were no longer present in the car markets at the beginning of the
1930s. The renewed interest in EVs started with the first oil crisis in the 1970s, and was
intensified with the increasing environmental problems caused by the use of fossil fuels in
the transport sector. However, just at the beginning of the 21st century, due to significant
technological improvements, electric cars looked more promising than ever before.

Yet, the first attempts to increase the sale of BEVs were not successful, mostly for four
reasons: (i) high battery costs; (ii) rather short driving distance; (iii) limited infrastructure;
and (iv) a long time to charge the batteries. The current take-up of BEVs is mainly due to
supportive policies (see Section 4).

2.2. Public Transport

Although a major focus today is placed on the electrification of private cars, the use of
electricity in public transport has a long and continuous history. In this section, the historical
development of the major public transport modes based on electricity are presented.

2.2.1. Electric Railways

The earliest battery electric locomotive powered by galvanic cells was constructed
in 1837, Scotland. A few years later a larger electric locomotive named Galvani was
constructed, which was first tried out on the Edinburgh and Glasgow Railway in September
1842. However, its limited battery power prevented its general use. This first electric
locomotive was demolished by railway workers, because it was seen as a threat to their job
security [20,21]. The first practical AC electric locomotive was designed and demonstrated
in 1891 [22].

The first electric train for passengers was invented by Werner von Siemens in Berlin
in 1879. Currently, the oldest electric railway in the world, which is still in operation, is the
Volk’s Electric Railway, which opened in Brighton in 1883 [23].

The earliest electrification projects in Europe were focused on mountainous regions to
enable easier electricity supply in the regions where hydro power was available. Electric
locomotives have been a suitable option on steeper lines.

The first electric mainline railroads were built in the first two decades of the 20th
century, in North America, Japan and many European countries. However, since these
were often associated with high financial expenses, which was a challenge for the private
rail companies, electrification progressed very slowly. Likewise, the accompanying con-
struction of power plants to generate the required electricity was associated with high
capital costs. These mostly isolated electrification efforts slowed abruptly or came to a
complete stop with the beginning of World War I, especially in Europe. At the beginning of
the 20th century, however, the railroad companies started replacing the steam locomotives
on some lines due to the many advantages of electric traction.

5
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Figure 5 shows a rough picture of the development of the electrification of railways in
selected countries in the period from 1931 to 2019. It can be noticed that in 1930s the level
of electrification was very low all over the world. Only Switzerland managed significant
progress in this period, and had electrified almost 50% of its network already by 1930.

Figure 5. The electrification of railways in several countries, 1930 to 2019.

At the beginning of the Second World War, the expansion of electric railways slowed
down again, and priority was given to the production of war materials. Full railway
electrification did not take place on a large scale until after the war. As Figure 5 illustrates,
countries such as Sweden or Norway, which were exempted from more intensive fighting
and bombing, were able to significantly increase the electrification levels of their railway
lines. Destruction of infrastructure and lack of capital during the first post-war years
resulted in a slow growth and even a decrease of electric lines, especially in Germany
and Japan. From the 1950s onwards, an intensive electrification of railway lines took
place throughout Europe, as well as in Japan. This development can be clearly seen in
Figure 5. However, the increasing degree of individual motorization of the population had
a sometimes drastic effect on the railway operators. The consequence was the abandonment
of several thousand unprofitable line kilometers. For example, the United Kingdom and
France reduced their routes on a large scale. By 1990, the share of electric lines had increased
further, partly due to the general conversion to electric operation.

While in Europe, a moderate but continuous growth in electrified lines over the last
three decades took place, the growth of Chinese high-speed lines took on an enormous
scale from 2008 onwards, mostly due to very high investment [24], and the rapid expansion
of its high-speed rail network. In Japan, the electrification of the railways was almost
completed before the turn of the millennium.

Of specific interest is the development in the USA. Due to almost private owner-
ship, no costly networks were constructed and, hence, electrification remained very low.
In contrast with Europe, in the U.S., railways are mainly used for freight transport. Hence,
the corresponding emission of pollutants did not play an important role.

A specific category of electric railways is high-speed trains, with the speeds of at
least 250 km/h. The development of high-speed train network lengths over the last three
decades in the most important regions worldwide is illustrated in Figure 6.

6
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Figure 6. The development of high-speed train network lengths in the period 1990 to 2020 (own analysis, [24]).

After the great success of the TGV in France, many countries, especially in Europe,
tried to build their own High-Speed Rail (HSR) lines. In 1992 this was done in Spain and
in 1997 in Belgium and Germany, and in the 2000s in Great Britain, Austria, South Korea,
Taiwan, China, the Netherlands and other Western European countries. Turkey, Morocco
and Saudi Arabia followed in 2017 [24].

2.2.2. Tram

Trams are transportation vehicles based on railways. They were originally derived
from railway networks towards public urban passenger mobility services. Trams emerged
in the first years of the 19th century in South Wales, UK, where a small part of Swansea and
Mumbles Railway situated in urban areas was remodeled to be used for trams. However,
that very first horse-driven model of the tram does not have many common features with
modern tramways [25].

The first electric tram worldwide was invented in 1875 by Fyodor Pirotsky, and the
first public electric tramway was put in service in St. Petersburg, but only in September
1880. The first public electric tramway operated in permanent service was opened in
Lichterfelde, near Berlinin, in 1881. This was the first successful electric tram operated
commercially, and it achieved a speed of 24 mile/h and transported 12,000 passengers in its
first three months alone [26]. It initially drew its current from the rails, from an overhead
wire. The basic principle of that first electric tramway system is still in operation today.

After the first successful demonstrations, electric tramways spread very quickly across
European cities at the end of 19th century (see Table 1).

After the successful experiments and implementation of electric tramways in various
European cities, they became a common transport mode all around the world.

Electric trams systems in Toronto, Canada were introduced in 1892. In the US, the first
commercial installation of an electric tram was in 1884 in Cleveland, Ohio [34].

In Australia the first electric tramway was a Sprague system, firstly shown at the
Melbourne Centennial Exhibition in 1888. It was followed by the commercial use of
electric tram systems starting from 1889 in many Australian cities (e.g., Adelaide, Sydney,
Brisbane, Hobart, Ballarat, Bendigo, Fremantle, Geelong, Kalgoorlie, Launceston, Leonora,

7
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Newcastle, and Perth). However, by the 1970s, only Melbourne remained operating a tram
system in Australia [35].

The electric railroad system in Kyoto was the first tram system in Japan, starting the
transport of passengers in 1895 [36]. However, by the 1960s, the tram had generally died
out in Japan [37,38].

Table 1. Some examples of the first electric tramways in Europe [27–33].

Year Country City

1887 Hungary Budapest
1891 Czech Republic Prague
1892 Ukraine Kiev
1893 Germany Dresden

France Lyon
Italy Milan
Italy Genoa

1894 Italy Rome
Sweden Oslo
Germany Plauen
Serbia Belgrade

1895 United Kingdom Bristol
Bosnia and Herzegovina Sarajevo

1896 Spain Bilbao
1897 Denmark Copenhagen

Austria Vienna
1898 Italy Florence

Italy Turin
1899 Finland Helsinki

Spain Madrid
Spain Barcelona

2.2.3. Trolleybus

The trolleybus is an electric vehicle powered by electricity using overhead electri-
fication that first appeared at the beginning of the 20th century in Europe. However,
its technological development can be traced back in the early 1880s.

In 1882 Siemens demonstrated the new concept of an EVs powered from a fixed
source but was capable of being steered like other road vehicles. This vehicle, called an
Electromote, was a light wagonette running without rails, and it was the first trolleybus [39].
The first trolleybus was developed in Germany and put in service in 1901 in Konigstein-
Bad. The first commercial trolleybus operation in the US was in 1910 in Hollywood.
Starting from 1911 the trolleybus was also in use in the United Kingdom [40]. In the
early 1920s, there were efforts to establish trolleybus services in many cities. For example,
Toronto used four trolleybuses for three years, starting in 1922. On New York’s Staten
Inlands, 23 vehicles were in operation. However, most of these buses were in operation
for just a few years [40]. These early vehicles were not particularly elegant. In contrast
to the tram, which was very fast established as the major urban public transport mode,
the trolleybus remained in a primitive state until the mid-1920s. Just throughout the
1930s, with improved technology, trolleybuses gained attention for reliability, speed and
comfort. For example, by 1939, there were 35 trolleybus systems in operation in London
involving 3429 vehicles [39]. Furthermore, in the USA, trolleybuses were widely accepted as
important city transportation services. For example, in 1927, 12 trolleybuses were running
in New York and in 1929 26 vehicles were in service in Salt Lake City. The largest trolleybus
system with 300 trolleybuses was installed in Seattle before the Second World War.

During the war, independence of imported fossil fuels was a huge advantage for
electric vehicles, including tram and trolleybuses; however, in this period their infras-
tructure was gravely damaged in most European urban areas. After the war, due to the
development of large diesel buses, as well as increasing growth of the urban population,
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more flexible diesel buses appeared to be a better option for mobility in many cities. For ex-
ample, in 1954, London declared its plan to replace all its trolleybuses with diesel buses,
and the last trolleybus system in the UK was closed in 1972. A similar pattern was also
seen in other countries. However, especially in South-Eastern Europe, e.g., in Sarajevo,
trolleybuses still provide a significant contribution to public transport.

Although trolleybuses have certain advantages, such as their quietness, their vibration-
free operation, their long lifetimes and low maintenance requirements, as well as their
absence of local pollution, they have been ignored in many countries which have discontin-
ued trolleybus operation due to their disadvantages, such as their operational inflexibility
and costs. The trolleybus and overhead lines were expensive and energy costs were also
relatively high. The cost of operating trolleybuses was becoming significantly greater than
that of motor buses in the same service. The availability of mass-produced diesel buses led
to a gradual decline and, in some cases, total abandonment of trolleybuses. For example,
in England all trolleybus systems were abandoned by 1972. In Germany, which at one time
had 50 operating trolleybuses, only six remained by 1977 [40]. Mostly Eastern European
countries continued with trolleybus operations.

However, just few years after trolleybuses were banned in most cities, oil crisis and
increasing petrol prices made them attractive again for some countries. The renewed
interest in trolleybuses started in the early 1970s as a result of changes in the costs, as well as
increased concern for the environment, and this continues to the present. In Europe, interest
in the electrification of mobility, including different demonstration programs, started at
the beginning of 1970s, mostly due to supporting measures provided by governments and
public authorities. At that time, commercial vehicles were considered to be more suitable
for the early diffusion of electric vehicles.

Some countries re-equipped existing trolleybus systems (e.g., France, The Netherland,
the USA), and some opened a new system (e.g., Belgium, South America). However,
this revival of the trolleybus was moderate due to the expansion of light rapid transit and
underground systems worldwide. Yet, trams, underground systems, light rapid transit and
trolleybuses have a lot of joint characteristics. They are quiet, powered by electricity and
are locally pollution-free.

The major milestones in the development of trolleybuses are depicted in Figure 7.

Figure 7. The major milestones in the development of trolleybuses.

2.2.4. Underground

The first underground railway system worldwide was constructed in London. It was
originally opened in 1863 for steam-powered locomotive trains, and in 1890 it was the
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world’s first electrified underground network [41,42]. Three years later an electric railway in
Liverpool was opened. On the continent, Budapest opened the first electrified underground
line in 1896. The first line of the Paris Metro opened in 1900. The Berlin “U-Bahn” opened
in 1902. Since many sections of the line were elevated, it was also called “Hochbahn” (high
railway). Germany’s next U-Bahn was opened in Hamburg in 1904. In Vienna, and old
two-line Metropolitan Railway, which was in operation since 1898, was transformed to a
modern underground railway system in 1978.

New York City built its first rapid transit line in 1868, and the first section of 14.5 km
of the New York subway opened in 1904 [42].

In 1913, in Buenos Aires, the first subway in the Southern Hemisphere opened as an
underground tramway [41].

In Japan the first subway line opened in 1927 in Tokyo. During a time in which steam
engine locomotives were the widest-used type of locomotives, the Tokyo metro started the
development of the 1000 Series electric train for the use underground [43].

The construction of the Moscow metro started in 1931 and already in 1935, the first
stations were opened to the citizens. This first metro line had a length of 11 km [44,45].

The first discussions about the Beijing metro system started in the early 1950s when the
Chinese capital had about 5000 vehicles and a population of about three million. The then-
premier, Zhou Enlai, said, “Beijing is building the subway purely for defense reasons. If it
was for transport, purchasing 200 buses would solve the problem.” [45,46]. Yet, Beijing’s
subway, which opened in 1971, is currently one of the most frequented in the world,
transporting approximately 10 million passengers per day. In 2002 the system began its
rapid expansion. However, the existing grid is still not able to adequately meet Beijing’s
mass transit demand.

3. E-Mobility: State of the Art

In the past, the use of electricity in the transport sector was mostly focused on public
transport. However, increasing emissions, especially from the road transport, have changed
the priorities over the last few decades. Currently, major effort has been put into the
electrification of road transport, especially passenger cars. With the decrease in battery
prices, as well as significant technical improvements, interest in the electrification of almost
all transport modes is rapidly increasing.

3.1. Road Transport

Road transport is currently on the frontline of electrification, especially passenger cars
and city buses.

3.1.1. Passenger Cars

Road transport, especially light duty vehicles, cause the largest amount of transport
emissions. The electrification of road transport is seen as an essential strategy for meeting
the European emission reduction goals. Electrification of transport combines the advan-
tages of more energy-efficient automotive technologies with an increasing replacement
of fossil fuels by renewable energy sources. However, electrification will not just change
the powertrains used, but also the conditions of its use, leading to new user behavior
and preferences.

Because of this complexity, the number of BEVs on the road is still very low but is
continuously increasing, mostly due to the different kinds of supporting policy measures
implemented as well as the increasing installation of public charging infrastructure.

In 2010, just about 17,000 electric cars were driven worldwide. However, there were
just a few countries with more than 1000 electric vehicles: China, Japan, Norway, UK and
USA. The majority of electric cars were used in the scope of different pilot and demonstra-
tion projects, and they were largely supported by governments through various incentive
schemes and tax waivers. In 2010, the ratio of consumer spending on EVs and government
spending was about 60% to 40%. In the meantime, acceptance of EVs has significantly
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increased, so that the ratio of consumer spending on EVs is more than 85%. The drop in gov-
ernment spending is mostly due to changes in incentive schemes in the US and China [47].

In spite of this, there were about 7.2 million electric cars in 2019 worldwide, and the
leading countries/regions in the electrification of passenger vehicles were China, Europe
and the United States. Almost half (47%) of the world’s EVs stock was in China, 25% in
Europe and 20% in the United States.

Figure 8 shows the development of the global stock of rechargeable electric vehicles.
Battery electric vehicles accounted for the majority (67%) of the world’s EVs in 2019.

Figure 8. The global stock of rechargeable EVs, 2010–2019 (Data source: [47]).

However, based on the share of EVs in the total vehicle stock, Norway is the worldwide
leader. For example, the electric car market share in Norway was 56% in 2019, followed by
The Netherlands (15%) and Sweden (12%). In most other countries, the electric car market
share is well below 5% [47].

Although 25% of the global stock of EVs is in Europe, the penetration of BEVs on
the EU market is relatively slow. In spite of the low numbers and market shares (just
about 2 % of new registered passenger cars), new BEVs registrations in the EU have been
continuously rising in recent years [47].

3.1.2. Electro Micro-Mobility

Interest in electro micro-mobility (e.g., e-scouters, e-bikes) has been rapidly increasing
since their emergence in 2017 [47]. They are especially of interest in urban areas and for
shared mobility. Since in most of the countries/regions (e.g., China, the EU, USA) about
a half of passenger-kilometers are short trips of under 8 km, there is huge potential for
electro micro-mobility [48]. Such mobility can lower local air pollution and noise in cities.
Yet, their full environmental impact is dependent on their total life-cycle emissions, which
are determined mostly by the carbon intensity of electricity used, as well as embodied
emissions. The impact of embodied emissions is very dependent on the lifetime of the
electro micro-mobility. Moreover, there is an important question: which modes are replaced
by micro-mobility, e.g., public transport or private cars. For example, in most cases, e-bikes
are just replacing normal bicycles.

11



Energies 2021, 14, 1070

However, besides personal mobility, some of the electric micro-mobility vehicles can
play an important role in last-mile delivery in urban areas. E-cargo bikes are already being
used in several European cities for different delivery and courier services.

3.1.3. Two-Wheeled Electric Vehicles

Electrification of the two-wheeled vehicles has been intensified over the last few years,
especially in Asia. The low weight and energetic need of two-wheelers make them suitable
for electrification. They are of special interest for use in urban areas for short distances.

Currently, China is the leader in the two-wheeled electric vehicle market, with about
300 million units on the roads [47]. Major reasons for high deployment of two-wheeled
vehicles in China are regulations and modest prices. For example, electric two-wheelers
are exempted from registration taxes and are allowed to be used in bicycle lanes. Moreover,
several cities have banned fossil fuel powered two-wheelers from downtown areas [49].

However, in other Asian countries, which use nearly 900 million two-wheeled vehicles,
electrification is still marginal. Although about 20% of CO2 emissions and 30% of particu-
late emissions in India are caused by motorized two-wheelers [50], India has just about
0.6 million electric two-wheelers [51]. The sales of electric two-wheelers increased from
54,800 units in 2018 to 126,000 units in 2019; however, this is still very low number compared
to the total two-wheeler sale which reached a record of 21 million units in 2019 [47,52].

In Europe and the United States, electric two-wheelers are in competition with electric
bikes, which do not require a driver’s license or insurance [53]. Still, an increased use of
shared electric two-wheelers can be noticed in Europe.

3.1.4. Electro Buses

Urban buses are the first road transport mode where electrification over the last few
years is already having a significant impact [54].

The number of electric buses is growing all over the world. However, roughly 98%
of electric buses are currently deployed in Chinese urban areas. Already in 2016, China
registered on average 340 electric city buses per day. At the same time, in Europe about
70 new buses were put on the road, including all bus categories (e.g., urban, intercity,
coaches) and all fuel types. Europe and United States, as well as other countries, still have
a minor role to play in the adoption of electric buses. The new electric bus registrations in
China and other countries/regions are shown in Figure 9.

Figure 9. New e-bus registrations by country/region, 2015–2019 (Data source: [47]).

Although the number of E-bus registrations in China has been decreasing over the
last few years, mostly due to the reduction of subsidies, the numbers in all other countries
are negligible in comparison to China.

Worldwide, there were about 513,000 electric buses in 2019, see Figure 10. The majority
of them, about 95%, were made and sold in China [47]. In China the share of e-buses in
the total municipal bus fleet is about 18% [55]. The Chinese electrification plans for public

12



Energies 2021, 14, 1070

transport are pretty ambitious. A good example is the city of Shenzhen in which all ICE
buses have been replaced with electro buses (about 16,500 buses) [55].

Figure 10. Development of the global stock of E-buses (Data source: [56]).

Over the last few years in Europe the number of e-buses has remarkably increased.
In 2019, Europe registered 1900 electric buses [47]. The percentage of e-buses in overall city
bus sales was about 10%. According to ACEA, 4% of new bus registrations in 2019 were
e-buses [57]. The majority of electric buses in Europe is used in four countries: the UK
(800), the Netherlands (800), France (600) and Germany (450) [47]. The Netherlands and
the UK are leading European countries in electric bus adoption.

In 2019, the North America’s electric bus fleet consisted of 2255 e-buses, of which
about 500 were new registrations [58]. furthermore, India and South America are markets
with big potential in bus electrification [47,59] (see Figure 9).

Despite the high efficiency of e-buses and their low maintenance costs, their high
purchase price is a significant obstacle for faster market penetration. The share of the
purchase costs in the total costs of ownership (TCO) of e-buses is about two times higher
than in the case of diesel buses (see Figure 11).

Figure 11. TCO for diesel and e-buses (Data source: [55], own analysis).

13



Energies 2021, 14, 1070

However, total energy consumption can increase by 50% due to the use of e-bus
climate systems, leading to a substantial reduction in the driving range.

In any case, use of e-buses in urban areas can significantly reduce local air pollution,
but full environmental benefits are very dependent on emissions related to electricity
generation mix, as well as manufacturing and recycling of batteries.

3.1.5. Electric Trucks

Currently, electric trucks are mostly used in niche markets and in the scope of different
pilot and demonstration projects. The battery pack with its very low volumetric energy
density is the major impediment of a wider dissemination of electric trucks. The energy
density limits driving range and load capacity. However, when driving on an uncongested
highway, e-trucks can reach powertrain-to-wheel efficiencies of about 85%, while a con-
ventional truck can achieve efficiencies of no higher than 30%. Currently, most e-trucks
operate in urban areas in the scope of different municipality operations, such as delivery or
garbage collection [60].

The deployment of e-vans and e-tracks is shown in Figure 12. It is obvious that China
has predominance in this vehicle segment too.

Figure 12. Development of electric vans and trucks, 2015–2019 (Data source: [56]).

In 2019 more than 6000 medium- and heavy-duty electric trucks were sold in China,
mostly due to government subsidies but also due to improvements in battery performance,
their cost reductions, as well as the increasing number of truck models. Currently, the most-
used type of battery in trucks is lithium-ion chemistries [61]. However, in Europe and the
USA, medium- and heavy-duty electric trucks are still largely used just in demonstration
projects. Figure 13 shows the numbers of medium- and heavy-duty e-trucks sold worldwide
in the period 2010–2019.
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Figure 13. Global sales of e-trucks (Data source: [47]).

3.1.6. Ropeway Transport System

The ropeways have so far mainly gained attention in mountain areas for tourist pur-
poses. The first ropeways were constructed about 100 years ago in the Alps, in Switzerland
and Austria. However, in recent years they are becoming a novel option in urban public
transport. Ropeways are spreading practically all over the world. Residents of Medellín
in Colombia, for example, have been using cable cars to get to work since 2004. In the
Turkish capital Ankara, the largest urban ropeway project on the Eurasian continent was
realized in 2014. At a height of 60 m, residents of the suburbs use it to float into the city
center. The largest ropeway grid in an urban area has been in the Bolivian capital La
Paz since 2014. It stretches 33 km, linking the city center to the densely built-up poor
neighborhoods. It comprises ten ropeway lines with hundreds of gondolas transporting
around 300,000 passengers a day [62].

In regions with a hilly topography, electric ropeways could be a good alternative to
buses and trains. Since electric ropeways are generally considered an environmentally be-
nign technology with a small ecological footprint, their popularity is increasing worldwide,
particularly in developing and emerging countries.

However, as with every other technology, they have some advantages and disad-
vantages. Besides their low environmental footprint, they have a high capacity of up
to 5000 people per hour and direction. To achieve such transport performance on the
road, double-articulated buses would have to run every two minutes. Ropeways are also
technically mature systems and are statistically among the safest means of transport in
the world [63]. Unlike buses, they also overcome steep gradients and do not get in the
way of traffic lights or other vehicles, and thus avoid traffic jams. Among the biggest
advantages are their low cost and short construction times, ideally only a few months.
Moreover, ropeways have a high energy efficiency. According to surveys commissioned by
the German Federal Environment Agency, ropeways consume 5.8 kWh per 100 passenger
kilometers—only half of the already quite efficient underground, and they are clearly
favorable in comparison to electric buses or individual BEVs (see Figure 14).
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Figure 14. Electricity intensity of various modes of e-mobility in cities (Data source: [64], own analysis).

Nevertheless, there are some technical limits. The rope drive is only suitable for
stretches of about five kilometers in length. With several sections, distances of any length
could be covered, but then another disadvantage would come into play: ropeways can
hardly manage more than 25 km per hour in circulating operation [65]. At higher speeds,
boarding and alighting would no longer be manageable.

3.2. Other Transport Modes

Currently major focus is placed on the electrification of road mobility, especially
passenger cars. However, there are many activities also in the electrification of other
transport modes.

Although not very frequently discussed, rail transport is the major electrified transport
mode today. In Europe, about 60% of the railway grid is already electrified and about
80% of rail transport is running on these lines. Furthermore, almost no technical obstacles
for further electrification exist. However, further electrification of the rail transport is
dependent on a cost–benefits ratio. For example, there is no interest in replacing diesel
trains with electric ones on the low-density lines. Considering the costs for electrification of
rail infrastructure and the expected emission savings, the best solution is the electrification
of busy lines.

In contrast to the problem-free electrification of rail transport, electrification of ship-
ping and aviation is still a big challenge.

After a number of pilot projects of small battery electric aircraft flights over rather
short distances, the first commercial passenger aircraft flight of a full electrified airplane
took place in December 2019; however, this was just for 15 min. The major problem for the
electrification of aviation is the relatively low battery energy density. In spite of the fact
that a growing number of aviation companies is developing small electric planes, mostly
for test and demonstration purposes, the electrification of the aviation sector is still in its
very early stages [47].

Electric ship propulsion actually has a long history, reaching back more than 100 years;
however, this is in very limited numbers [66,67]. What are usually considered the first
generation electric propulsion ships are those built in the 1920s, although there are also
earlier examples of diesel-electric propulsion ships, e.g., the river tanker Vandal launched in
1903 [68]. An example from 1935 is the passenger liner “S/S Normandie” with 4 × 29 MW
synchronous electric motors, one on each of the four propeller shafts. However, until the
1980s electric propulsion was not used very often, but with the rapid development of high-
power semiconductor switching devices, interest in electric ship propulsion rose again.
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Currently, the electrification of shipping is making progress, yet it is still very limited
due to the required ranges and battery performances. At present electricity is used just in
some ferries and short-distance vessels. Norway is a worldwide leader in electrification
of mobility, with about 20 electric ferries in use. However, also other countries, such as
China, Finland, Denmark, the Netherlands and Sweden are starting with the use of electric
ships. For river navigation and short distance maritime transport, electrification could
bring significant benefits in improvement of air quality. However, the major challenge is
cost competitiveness.

4. Policies

As in many other sectors of an economy also in transport private initiatives do not
always bring about the optimal solution for society, e.g., due to market distortions or
neglection of environmental externalities, such as local air pollution or global GHG emis-
sions. In such cases, local or federal governments usually interfere to correct for these
failures and support the change in the “right” direction. The major instruments to do so are
regulations, taxes, subsidies and standards [69–71]. In the following, we discuss the major
policy interferences regarding the progress of electrification of public and private mobility.

In the beginning of the 20th century in most USA- and European cities it was full
competitiveness in the private and public passenger transport [6,13]. No subsidies for any
specific vehicle type (e.g., steam, electric, petrol, etc.) were provided, no specific taxes were
charged and no standards were implemented.

After this first phase, private electrification efforts virtually died out. What followed
were the initiatives for electrifying national railway systems by federal governments, as well
as electrification of the public transport (e.g., trams, underground trains and trolleybuses)
by the municipalities of cities [72]. However, these efforts were quite different from country
to country and policy framework played an important role. One of the major issues in
this context is the ownership structure. Indeed, as with the provision of infrastructure in
the electricity system itself, but also with respect to public transport, the infrastructure
for electricity, e.g., the overhead lines, which are a major cost factor, depended on the
ownership structure. For example, in the USA, where the railway companies are privately
owned, up to today only a very moderate electrification has taken place [73].

Over the last decade, electrification of mobility was driven by ambitious targets
and policies set with the goal to reduce fossil fuel use in the transport sector, as well as
to reduce local and global environmental problems [74–76]. Worldwide, governments
have introduced a broad portfolio of policies which should enable a more sustainable
development of the transport sector including all transport modes. Mostly, used policy
instruments are national GHG reduction targets, fuel efficiency targets, CO2 emissions
standards, vehicle sale targets/mandated, and different kinds of supporting monetary
measures (e.g., incentives, subsidies, tax exemptions or reduction, etc.) [69,70] Moreover,
there is a broad portfolio of non-monetary measures such as free parking areas for EVs,
possibility for EV drivers to drive on bus lanes, avoidance for EVs to drive in city centers
as well as zero emission zones [77].

Besides these direct measures implemented to accelerate the uptake of EVs, diesel-
emission scandals and announced bans of ICE vehicles are indirectly supporting the
electrification of mobility. For example, it is announced that all new cars and vans sold
in Norway should be zero-emission vehicles starting from 2025. The same goal has also
been announced by other countries, starting, however, from 2030 or 2040 [47]. Moreover,
European mandatory CO2 emission target for the new passenger cars—95 gCO2/km in
202—should initiate the production and dissemination of more green automotive power-
trains with, in the ideal case, nearly zero emissions. Currently, very ambitious targets and
more severe emission testing procedures are set for the years 2025 and 2030 [78]. For the
achievement of these targets, the increasing use of more environmentally benign vehicles
such as BEVs is essential.
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There is a broad portfolio of the policy instruments used for the promotion and support
of EVs. However, as discussed in the literature [79–81], measures and policies related to
the purchase of EVs (e.g., tax exemptions, subsidies) are considered to be the financial
instruments with the highest effectiveness, especially in countries with high registration
tax rates for conventional vehicles, like Norway or the Netherlands. As discussed by
Ajanovic et al. [79], consumers usually do not consider total costs of car ownership, so that
benefits during the operation of the cars, such as lower or zero annual circulation taxes, often
provide only a small price signal and finally, have less of an impact on ordering an electric
vehicle [82].

Currently, the range of subsidies for the purchase of a BEV is between 4000 and
6000 EUR [47]. Since in most of countries these subsidies are very important and their use
is increasing over time, China, as a leader in the electrification of road transport, is already
in a position to reduce direct subsidies. The policy framework for EVs in China is in
transition from direct to more indirect supporting measures, including the development of
the charging infrastructure.

Although the USA has a long history in promotion of energy efficient vehicles, starting
with the Corporate Average Fuel Economy Standards in the 1970s, they have only a 20%
share in the global stock of the rechargeable EVs. With the proposed vehicle fuel-efficiency
standards in 2020, the annual improvement in fuel-economy standards should be reduced
from 4.7% to 1.5% for model years 2021 through to 2026. Moreover, it was decided to not
extend the federal tax credit for the purchase of electric vehicles [47]. However, California is
a leader in the adoption of ambitious policies for the promotion of zero-emission medium-
and heavy-duty vehicles.

In the EU, many policy goals are focused on the reduction of GHG emissions and
an increase of RES in electricity generation, as well as in the transport sector. Almost
all policies implemented and targets set support the use of EVs, directly or indirectly,
for example, EU CO2 emissions regulations (no. 333/2014) [83], the European climate and
energy package [75,76], the White Paper on Transport [84], the European Green Deal [85].
Besides policies and goals at the EU level, almost all EU countries have a wide range of
supporting policies for the promotion of EVs implemented on the national and local level.

5. Environmental Issues of Electricity

One of the most important reasons to increase the use of e-mobility is to reduce the
local and global emissions. However, whether this effect will be reached in practice and
to what extent depends almost solely on the primary energy mix used in local or national
power plants for electricity generation. The environmental benignity of electric vehicles in
relation to the electricity mix used is comprehensively analyzed in the literature [86–89].
Nordelöf et al. (2014) [86] provide a review article investigating the usefulness of vari-
ous types of lifecycle assessment (LCA) studies of electrified vehicles. Van Mierlo et al.
(2017) [87] analyze the impact of the electricity production on the overall LCA performance
of EVs and how the energy source mix for electricity generation influences the impact.
Moro/Helmers (2017) [88] conduct an analysis on the advantages and drawbacks of the
Well-to-Wheel (WTW) methodology when compared with the life cycle approach based on
the EU electricity generation mix. In the recent publication, Ajanovic et al. (2021) [89] pro-
vide assessment of CO2 emissions of various transport modes for the case study of Vienna.

In practice, a broad range of primary energy sources is available for electricity genera-
tion and there is a significant difference in electricity generation mixes across the countries.
Figure 15 shows the mix of inputs for electricity production in selected countries/regions.
While in China the electricity mix is dominated by coal, about 70%, in Japan and the US
the share of coal is much lower, and the largest share has natural gas leading to a lower
specific emission. In Europe, due to the continuously increasing use of RES, total share of
fossil energy in the electricity generation mix is about 40%. However, there are significant
differences across European countries. An exceptional country is Norway, with very high
uses of RES, almost solely hydro, for electricity generation.
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Figure 15. Electricity generation mix in selected countries 2018 (Data source: [90], own analysis).

The portfolio of energy inputs for electricity generation is changeable over time, as well
as the corresponding carbon intensity of the electricity mix, see Figure 16. This figure
depicts the development of specific CO2 emissions of electricity generated in various
countries from 2000 to 2018. As can be seen, the specific emissions have decreased in
all regions shown since 2000 by almost the same percentage. The IEA expects almost
continuous further decreases up to 2040 [91]. An exemption is Norway, where almost 100%
of electricity is generated in hydro power plants and a further decrease of CO2 emissions
of electricity is virtually not possible.

Figure 16. Development of specific CO2 emissions of electricity generated in various countries and
world-wide 2000–2018 [91,92].

A comparison of specific CO2 emissions of electricity generated in various countries
compared to gasoline and diesel is illustrated in Figure 17. This figure shows that related
to kWhs, CO2 emissions are higher for electricity.
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Figure 17. Specific CO2 emissions of electricity generated in various countries compared to gasoline
and diesel.

As can be seen, in some of the countries with a high use of coal in electricity generation
(e.g., China and India), a specific carbon intensity of electricity mix is much higher than
those of gasoline and diesel.

However, because of different efficiency of the end-use conversion systems, mainly
ICEs vs. electric motors, the environmental comparison has to be conducted related to km
driven. Since some of the transport modes, such as underground and tramway systems,
are almost completely electrified worldwide, there is no need to compare them with
corresponding fossil systems. Currently, the major focus is placed on emission reduction
from the passenger car transport. In the following section we discuss the environmental
benefits of electrification, taking BEV as an example.

As shown is Figure 18, whereas for 100% RES the CO2 emissions per km driven are
almost zero, they are around 170 gCO2 per km driven for coal power plants, respectively
about 90 gCO2/km for pure natural gas plants. For different mixes, of course, the corre-
sponding figures are in between. The figure shows the reductions compared to gasoline
cars for a share of 40% RES in a natural gas-dominated country and for 60% RES in a
coal-dominated one. This graph illustrates undoubtedly that CO2 reduction is higher the
bigger the share of renewables in the electricity production portfolio.

Using the same type of BEVs in different countries could lead to different total emis-
sions, depending on the electricity used. The total CO2 emissions of BEVs in various
countries, compared to gasoline and diesel cars, are illustrated in Figure 19. These emis-
sions are calculated for different countries/regions assuming an average driving range
of 15,000 km driven per year. The total emissions are split up into Well-to-Tank (WTT),
Tank-to-Wheel (TTW) and lifecycle car emissions, as depicted in Figure 19. The embedded
emissions of car materials and manufacturing are included in the lifecycle car emissions.

As it can be seen in Figure 19, only in Norway does e-mobility really lead to a
remarkable reduction in CO2 emissions. In all other countries, CO2 emissions from e-
mobility are lower, e.g., in the EU for about 50%, in the USA for about 30%, but in India,
total emissions of BEVs are almost at the same level as those of conventional cars.

However, with the increasing share of RES in electricity generation, which is set as
a goal in many countries, the environmental benefits of electric vehicles will be continu-
ously improving.
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Figure 18. Specific WTW-CO2-emissions of fuels (excl. LCA emissions of the vehicle) in dependence
of the share of RES in the electricity generation portfolio (based on [93]).

Figure 19. Total CO2 emissions of BEVs in various countries compared to gasoline and diesel cars
(based on the electricity generation mix of 2018).

6. Conclusions

Currently, there is a broad range of electricity use in the transport sector from indi-
vidual private mobility such as electric cars, scooters and e-bikes, over different kinds of
urban public mobility (e.g., underground, trolleybuses, cable cars, etc.) up to trucks and
railways. Although the electrification of shipping and aviation is very limited, it is also
progressing. That is to say, virtually every transport mode can be electrified.

However, a broader deployment of e-mobility in most applications will not be possible
without more or less severe political interferences. The major policy measures currently
used are different kinds of monetary and non-monetary incentives, which could have a
direct as well as an indirect impact on the dissemination of e-mobility. For the faster deploy-
ment of e-mobility, it is important to have a combination of different instruments, such as
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(i) subsidies and tax reliefs; (ii) sometimes even more important are indirect measures,
such as diesel ban in cities or the introduction of emission-free zones; (iii) implementation
of CO2-taxes; (iv) tighter emission standards for the whole fleet; and (v) legislation with a
“right to charge” in the garages of urban apartment buildings.

A specific challenge for the faster dissemination of e-mobility is further development
of batteries and a reduction of their costs. Currently, BEVs are still more expensive than
petrol cars. However, fuel costs are already lower and, due to technological learning, it is
expected that by 2030 the overall costs per km driven will even out. The introduction of
CO2 taxes would accelerate this development.

The most important issue for public applications will be affordability for the public,
e.g., the municipality of a city. Of course, as the past has shown, this is not a problem in
the rich cities of the Western world. But it is a severe one in emerging and even more in
developing countries, where underground transport can hardly be financed and hence,
cheaper solutions such as light rail systems or ropeways will be the more proper solutions.

Along with all types of e-mobility goes the issue of infrastructure development.
The construction of the necessary crucial infrastructure, such as overhead lines or other
networks for electricity, as well as fast charging stations, is of very high relevance. However,
the deployment of the infrastructure is depends on regulations and policy frameworks,
which means the involvement of different stakeholders and policymakers.

Besides financial and policy issues, topography also has an impact on the deployment
of different kinds of e-mobility. For example, in regions with a hilly topography, electric
ropeways could be a better solution than e-buses or e-trains. Their major advantages are
the lower energy demands per person per km and lower investment costs in comparison
with the underground. In cities with a very high population density, a light rail system
above the roads could be a good solution, e.g., in Bangkok. In any case economics from
society’s point of view will play a crucial and predominant role.

Finally, it has to be stressed once more that the major reason for promoting and
implementing any type of e-mobility is to cope with the pressing environmental situation,
local pollution, as well as global GHG emissions. In this context, for the environmental
performance, it is of great relevance how the electricity used for e-mobility will be generated.
Only if it is ensured by highly credible sources that the electricity is generated from RES,
will e-mobility definitively contribute to a more environmentally benign and sustainable
transport system. After all, the two absolutely crucial issues for the future deployment of
all types of e-mobility are (i) political interferences; and (ii) electricity generation mix.
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Abstract: This paper focuses on the interdependent relationship of power generation, transportation
and CO2 emissions to evaluate the impact of electric vehicle deployment on power generation
and CO2 emissions. The value of this evaluation is in the employment of a large-scale, bottom-up,
national energy modeling system that encompasses the complex relationships of producing,
transforming, transmitting and supplying energy to meet the useful demand characteristics with great
technological detail. One of such models employed in this analysis is the BUEMS model. The BUEMS
model provides evidence of win-win policy options that lead to profitable decarbonization using
Turkey’s data in BUEMS. Specifically, the result shows that a ban on diesel fueled vehicles reduces
lifetime emissions as well as lifetime costs. Furthermore, model results highlight the cost-effective
emission reduction potential of e-buses in urban transportation. More insights from the results
indicate that the marginal cost of emission reduction through e-bus transportation is much lower
than that through other policy measures such as carbon taxation in transport. This paper highlights
the crucial role the electricity sector plays in the sustainability of e-mobility and the value of related
policy prescriptions.

Keywords: electricity; transportation; e-mobility; CO2 emissions; decarbonization; marginal cost;
sustainability

1. Introduction

Globally, the energy sector is the main contributor to CO2 emissions followed by transportation.
For example, the International Energy Agency [1] indicates that global CO2 emissions from fuel
combustion in 2017 were 32.8 Gt, growing from 32.3 Gt in 2016. The report highlights that
electricity/heat generation and transport account for two-thirds of total CO2 emissions and were
equally responsible for almost the entire global growth in emissions since 2010. Emissions from
the transport sector account for approximately a quarter of energy-related CO2 emissions worldwide,
while road vehicles account for nearly three-quarters of transport CO2 emissions. In the Fifth
Assessment Report (AR5), the Intergovernmental Panel on Climate Change (IPCC) highlights that
emissions from the transport sector have been increasing at a faster rate than any other energy end-use
sector [2,3]. Emissions from transportation are on the rise, essentially due to greater overall volume of
travel that outweighs improvements in the energy efficiency of vehicles.
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Advancements in e-mobility technology with significant reductions in battery prices and increase
in efficiencies expedite the diffusion prospects of plug-in electric vehicles. Similar advancements
in hydrogen vehicles and vehicle to grid (V2G) technology brighten the future of e-mobility as a
sustainable solution for the transport sector with zero emissions on the road. However, a systemic
analysis is needed for understanding the overall implications on energy demand and CO2 emissions
of electrification in transport. In particular, it becomes important how the additional electricity
required is supplied. Switching from internal combustion vehicles to electric vehicles may not be
sustainable if the increased electricity demand is generated in coal-fired power plants as the net
effect on CO2 emissions would be a rise. While it is indeed true that plug-in electric vehicles do not
directly emit greenhouse gas emissions, there are indirect emissions due to the electricity generated to
recharge the vehicle batteries. The optimal configuration of the sources of electricity often result from
the dynamics of the competition [4], state of technological progress [5] or responses to uncertainties
in regulations [6] or reliability [7] of the technology portfolio. Some best practices for future grid
emissions indicate that plug-in electric vehicles can reduce transportation emissions [8].

The composition of CO2 emission sources in Turkey resembles the global picture. The energy
sector is responsible for 41% of total CO2 emissions while the transport sector accounts for 23%
according to the latest National Inventory Submission [9]. Emissions from oil products, mainly used in
the transport sector, account for 27%. Road transportation is responsible for 93% of CO2 emissions
from the transport sector, containing 90% of all passenger transport and 89% of all freight transport.
Considering newly registered vehicles, the share of diesel cars has strongly increased to 63% over
the past decade. Road transportation contains 90% of all passenger transport and 89% of all freight;
it dominates Turkey’s transport sector and is responsible for 93% of CO2 emissions from the transport
sector. While rail transportation accounts for 4.4% of freight and 1% of passenger transport, maritime
supplies 6% of freight transport. Considering newly registered vehicles in 2017, the share of diesel cars
has strongly increased by 63% over the past decade.

Based upon this interdependent relationship of power generation, transportation and CO2

emissions, this study evaluates the impact of electric vehicle deployment on power generation and CO2

emissions in Turkey using the Bottom-Up Energy Modeling System (BUEMS), which is designed as
a large-scale linear optimization model. The objective of this paper is to answer an integrated set of
questions related to how the transportation sector, despite the advances in vehicular fuel efficiencies
and through plug-in electric vehicles, influences overall energy demand, cost and CO2 emissions.
This paper sheds light on the influence of electrifying transportation on the carbon footprints of
the increased demand for electricity. The paper tests the central hypothesis that a transition to electric
vehicles increases carbon emissions the higher the dependence of the aggregate electricity demand on
fossil technologies. A contribution of the paper highlights the unintended and indirect consequences
of increased transport electrification without considerations for grid decarbonization. While the extant
literature on the topic has argued for reduced emissions, this paper deviates by underscoring that
emissions may be higher depending on the carbon intensity of power generation and the underlying
scenarios. More significantly, the implication for policy shows that the marginal cost of emission
reduction through e-buses is much lower than through other policy measures like carbon taxation.

The rest of this paper proceeds with the description of the energy modeling applications in
transportation. Section 2 presents an abridged summary of related literature within the context of
energy modeling applications in transportation. Section 3 is focused on the underlying mathematical
formulations that drive the BUEMS modeling structure. Section 4 presents an elaborate description
of the reference energy model. Section 5 proceeds with the calibration of the model while Section 6
presents the results of the analysis. To understand the influence of specific differences in model
parameters, Section 7 conducts a sensitivity analysis of the results from Section 6. Section 8 concludes.
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2. Literature Review on Energy Modeling Applications in Transport

A recent study compares the transport sector in China with that of the USA from a decarbonization
perspective by using the Integrated MARKAL-EFOM System (TIMES) model [10]. In the study,
decarbonization characteristics and alternatives of transport in China and the USA for future years
are modeled by carrying out carbon tax scenarios and analyses. Based on the scenarios and their
results, biofuel will reduce the carbon emissions in the near-term, and substitute at least 20% of oil
products in China and the USA by 2050. On the other hand, it is expected that electrification will help
the decarbonization of the transport sector in the long-term, as long as less carbon-intensive power
generation technologies become more economical.

In a model of light-duty plug-in electric vehicles for national energy and transportation planning
in the USA, the switch from conventional gasoline vehicles (CVs) to hybrid electric vehicles (HEVs)
and consequently to plug-in electric vehicles (PEVs) shows an increase in the capital cost and a decrease
in the fuel cost [11]. The ideal composition of light-duty vehicles (LDVs) changes among groups due to
a dependence of reduction in fuel cost on the travel pattern. With a stepped but aggressive introduction
of PEVs combined with investments in renewable energy, cost from energy and transportation systems
can be reduced by 5%, emissions from electricity generation and LDV tailpipes can be reduced by 10%,
in a 40-year interval. When renewable sources are used for electricity generation instead of fossil fuels,
cumulative GHG emissions can be decreased with a marginal cost increase. For instance, yearly GHG
emissions can reach 50% of year-1 levels in year 40, cumulative GHG emissions can be decreased by
18.3% with only increasing the total system cost by 0.03%, checked against the case where the LDV
fleet is provided electricity without any emission concern.

In evaluating the decarbonization of the Greek road transport sector using alternative technologies
and fuels, [12] uses the Long-range Energy Alternatives Planning (LEAP) model. In the base scenario,
targets for the development of renewable energies and the reduction of GHG emissions are also
included. Hybrid vehicles, electric vehicles, fuel cell vehicles, biofuels and gas engine vehicles are
defined under various scenarios. Results show that CO2 emissions can be reduced by 38% while energy
consumption is decreased by 26% compared to the base scenario. The share of gasoline and diesel fuel
(internal combustion engines and hybrids) decreases from 76% to 59% for LDV (light duty vehicle)
while energy consumption reduces from 91% to 66% for HDV (heavy duty vehicle) compared to
the base scenario by the year 2050.

In a recent study, five modeling teams converged to understand the impact of road transport in
energy demand and emissions by developing baseline projections for India’s transportation sector [13].
The observations highlight key distinctions in the base-year data and future projections particularly
on energy consumption by transport mode, and service demand for passenger and freight transport.
The differences in regional locations are exacerbated by the economic composition of specific regions.
For example, a study that examined transportation carbon emissions in 341 cities concludes that
transport emissions were significantly lower in central and western cities than in eastern cities
and the emissions per GDP contributed to policies aimed at reducing transport emissions [14].

These modeling initiatives underline not only the regional disparities, but also the commonalities
in the interdependent behavior between electricity generation, transportation and CO2 emissions.
A recent study employed the Global Change Assessment Model (GCAM) to understand the scenario
of paths to meet the Paris Agreement [15] and between energy sources and technology options [16].
The variations observed inform the urgency to examine this interdependency in Turkey particularly
with the lens of a data-rich calibrated model. This examination is predicated on a modeling platform
that offers an adequate representation of the multiple cross-sectional dependencies across sectors of
the Turkish economy.
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3. The BUEMS Modeling Framework

In this study, the bottom-up energy modeling system BUEMS [17,18] has been calibrated using
the most recent Turkish energy and transport sector data for Turkey. BUEMS is a bottom-up model
that represents the energy sector in a technologically detailed way. All the complex relationships of
producing, transforming, transmitting and supplying energy to meet the useful demand characteristics
are represented with great technological detail. The objective is the minimization of total energy
system cost. The levels and prices of the various energy sources are at equilibrium in each period,
which guarantees that the net total cost of supplying all levels of energy services is minimized,
while satisfying a number of constraints as detailed below.

The objective function minimizes the discounted total costs (TOTCOST) of the country’s energy
system, summed throughout the planning horizon (over all periods), i.e.,

TOTCOST = ∑
t
(1 + d)p(1−t) × ANNCOST(t)×

(
1 + (1 + d)−1 + ... + (1 + d)1−p

)
(1)

ANNCOST(t) = ∑
k
[AnnInvCost(t, k)× INV(t, k) + FixOM(t, k)× CAP(t, k)+

VarOM(t, k)× ACT(t, k)] + ∑
c,l

MiningCost(t, l, c)× Mining(t, l, c)+

ImportPrice(t, c)× Import(t, c)− ExportPrice(t, c)× Export(t, c)+

CO2Tax(t)× CO2(t)

(2)

where p is the period length (in years) between two successive time periods, d is the discount rate,
ANNCOST(t) is the annual total energy cost at time t, AnnInvCost(t, k) is the annualized investment
cost per unit capacity of technology k at time t. FixOM(t, k) and VarOM(t, k) are the fixed (per unit
capacity) and variable (per unit activity) operational and maintenance costs of technology k at time
t. INV, CAP, and ACT represent respectively the investments in technology k, the capacity of
technology k, and the activity level of technology k at time t. MiningCost(t, l, c) and ImportPrice(t, c)
are the unit supply prices of resource c according to its source of supply (if it is a mining source,
MiningCost(t, l, c); if it is an import source, ImportPrice(t, c)). The index l stands for the type
of mining facility. ExportPrice(t, c) is the unit cost of a resource that is exported. CO2Tax(t) is
the tax amount for unit CO2 emissions if a CO2 tax applies. As can be acknowledged from these
explanations, the objective function is designed to cover just about all costs in the system while
featuring the assumption of linearity (i.e., all costs increase proportionally with the related amounts of
investment, activity, capacity, etc.).

The objective function is optimized over a number of constraints including the balance of energy
demands, capacities and activities and accounting for emissions, i.e.,

∑
k

CAP(t, k) ≥ D(t, d) ∀ d, t (3)

ACT(t, k) ≤ a f (t, k)× CAP(t, k) ∀ t (4)

CAP(t, k) = RESID(t, k) +
t

∑
t′ ,t−t′<li f e o f tech k

INV(t, k) ∀ k, t (5)

∑
k,c ε producing resource

Output(t, k, c)× ACT(t, k) + ∑
l

Mining(t, l, c) + Import(t, C) ≥

∑
k,c ε processing resource

Input(t, k, c)× ACT(t, k) + ∑
l

Export(t, c) ∀ c
(6)

CO2(t) = ∑
k

e f (t, k)× ACT(t, k) (7)

30



Energies 2020, 13, 4042

where D(t, d) is the demand for category d at time t, a f (t, k) is the annual availability factor of
technology k at time t, RESID(t, k) is the residual capacity of technology k. The residual capacities are
considered already in place in the base year, Output(t, k, c) is the level of energy resource/commodity
c produced by a unit activity of technology k at time t, Input(t, k, c) is the level of resource/commodity
c processed by a unit activity of technology k at timet, e f (t, k) is the CO2 emission factor, i.e., it defines
emissions produced by unit activity of technology k. Both output(t, k, c) and input(t, k, c) change over
time reflecting efficiency improvements. The reduction in output(t, k, c) over time reflects efficiency
improvements in demand technologies while a reduction in input(t, k, c) is the result of an efficiency
improvement in conversion technologies. Efficiency values for all technologies and improvements
over time can be found in [18] These constraints ensure that:

• Demand is always satisfied by available capacity, total activity levels of energy utilization sectors
as end-use technologies are always equal to or greater than the demand requirements;

• In each period, summation of investments (realized at current periods and at past periods but
still last because of its lifetime) and capacities (installed in prior time and still have additional
lifespan) equals to the available capacity by the way of capacity transfer constraints;

• The activity level of an energy conversion technology is always less than or equal to its available
capacity by force of activity-capacity relation constraints;

• Cumulative supply limit ensures that total supply level of a supply (resource) technology is
always less than or equal to its cumulative supply level;

• Total generation of multiple output technologies for each output equals to a fraction of total
activity level for each output.

The linkages of some of the technologies can be followed from Figure 1 where each node represents
a technology or demand and each link represents an energy source. The figure contains a small part
of a single energy demand, road transportation. This demand can be satisfied by different end-use
technologies using gasoline, diesel fuel, electricity, hydrogen and compressed natural gas. These energy
sources are produced by other technologies like power plants and refineries, which receive fuel supply
from imports and mining. Supply technologies provide energy sources to the system with a unit
supply cost. On the other hand, process technologies like refineries and power plants generate
secondary energy forms by using other primary energy sources. End-use demand technologies like
space-heating technologies satisfy useful energy demand by using primary and/or secondary energy
sources. All technologies have defined capacities to be activated, which are selected in a model run
under the objective of overall cost minimization. Input requirements and efficiency of technologies
also have significant contribution to technology penetration. It should be noted that Figure 1 is a highly
simplified fictitious example of sample relationships defined in the model. Technology and energy
source options are numerous in the application. For example, on the supply side, there are 10 natural
gas import options and five different coal extraction methods. On the demand side, on the other hand,
there are seven different electricity space heating options each having different cost characteristics.
In addition, parameters like efficiency, life time, residual capacity, bounds on different system variables,
and many others have significant impact on the optimization process as they affect levelized costs.

As can be acknowledged from these explanations, the constraints of the model are designed to
cover just about all energy related flows, interactions, limitations and requirements in the system,
while featuring the critical, yet realistic linearity assumption.
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Figure 1. Partial view of Bottom-Up Energy Modeling System’s (BUEMS’s) Reference Energy System.

4. Development of the Database and Reference Energy System

The study started with a scientific research project supported by the Scientific and Technical
Research Council of Turkey [19] supported by the Ministry of Energy and Natural Resources.
Several graduate theses were conducted as part of the project [18,20–22], through which an extensive
database was developed. Data needs associated with the current situation (sub-sectoral energy
demands, resource availabilities, technology and cost parameters, including capacities, vintages,
economic lifetimes, efficiencies and utilization rates, investment costs, fixed/variable operational
costs), as well as resource availability projections up to the end of the planning horizon, were compiled
through publicly available data sources, questionnaires and expert interviews.

A compilation of demand projections at the sub-sectoral level, future prices of energy carriers
and technology and cost parameters of future technologies (up to the year 2050) were problematic
as even experts could not provide reliable estimates. Therefore, regarding sub-sectoral demands for
future periods, it was decided to project each sub-sectoral energy demand into the future period
by multiplying its current value by the estimate of the associated sectoral gross domestic product
increase rate up to that period, obtained from the Turkish Statistical Institute. Official forecasts,
as published under various publicly available reports, were analyzed to ensure the consistency
of sectoral projections with economic and natural resource abilities and growth targets of Turkey.
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The consistency of sub-sectoral assumptions with overall economic growth patterns was verified by
related public experts.

Regarding future prices of energy carriers, there exists a significant debate over how energy prices
should be modeled. Despite a large body of empirical work, there is still much uncertainty regarding
the true dynamics of energy price changes. In countries like Turkey where a major part of energy
demand is met by imports, prices principally result from the interaction of world demand and supply.
In 2018, 74.5% of Turkey’s primary energy supply was imported. Thereby, 88% of the country’s crude
oil demand, 99.1% of its natural gas demand and 97.3% of its hard coal demand was brought into
the country. In this study, price forecasts of the imported fossil fuels are based on IEA assumptions
reported in the World Energy Outlook [23] whereas domestic fuels’ prices are based on the guess
of experts. IEA trajectories were used to reflect expert elicitation together with the inputs from
the Ministry of Energy and Natural Resources. A long-term leveling off of natural gas price growth is
assumed in line with expectations for increased domestic production (shale gas from the Trace region
and off-shore production from the Mediterranean) putting downward pressure on natural gas prices.
Technology costs and technical characteristics that are used to compute levelized costs and a supply
curve (which is stepwise because it is built up by discrete technologies). All technology parameters
(efficiencies, lifetimes, investment and operating costs) are taken from the publicly available EPA
(United States Environmental Protection Agency) database. The supply-side technologies are matched
with energy service demands to select from each of the energy sources, carriers, and transformation
technologies to produce the least-cost solution. These demand levels are modeled in this application
as price insensitive, i.e., demand remains unchanged if the supply prices change and vice-versa. It was
a necessary assumption for the current study as there was neither availability of information on price
elasticities nor an explicit representation of the macroeconomy integrated in the employed modeling
framework. This is a common approach for these kinds of bottom-up energy sector models, although
presenting a weakness in terms of micro-economic foundations.

Figure 2 shows the simplified Reference Energy System. This overview provides an indication of
the sectoral breakdown, together with energy flows from primary sources to final demand categories,
thereby passing through various conversion, process and demand technologies. It is, however,
a simplified representation as all the detail cannot be included due to size limitations: The model is
comprised of 209 energy carriers, 99 demand categories and 1545 technologies.

In BUEMS, the transport sector is grouped into four major modes: air, maritime, rail and road
transportation. These major modes are also divided into sub-modes, as shown in Figure 3.

For all twenty-five sub-modes, BUEMS requires total billion vehicle kilometers traveled per year
as the sectoral demand data of the transport sector. This data is the most critical data for the transport
sector when different policy scenarios are applied and scenario results are compared. Demand data,
total billion vehicle kilometers traveled, is calculated as total distance independently of passenger
number or freight amount carried on the vehicle.

Fuel efficiencies, fixed and variable operation and maintenance costs, lifetimes, residual capacities,
capacity bounds, activity levels, availability factors, investment prices, investment bounds are other
input requirements for transport sector technologies in BUEMS. All the data required by the model
for the transport sector is compiled for the base year 2012 and year 2017 according to the gathered
data. Then, data between 2017 and 2052 is estimated based on a strategic plan of MoTI (Ministry of
Transport and Infrastructure) and expert consultation.
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Figure 2. The BUEMS simplified reference energy system.

Figure 3. Sub-modes of the transport sector in BUEMS.

34



Energies 2020, 13, 4042

5. Model Calibration

BUEMS is calibrated according to the most recent publicly available energy and transport data for
Turkey. Reference year and validation year are taken as 2012 and 2017, respectively, with model results
in five-year time intervals from 2022 until 2052. The base scenario reflects the current energy flows in
Turkey with its business-as-usual assumptions, together with a modest prediction for electric vehicles.
The transport sector refinement, data update and calibration are based on a graduate study by [24]
where further detail on model calibration can be found. Various electric vehicle diffusion and policy
scenarios are carried out and results of these alternative scenarios are compared with the base scenario.

5.1. Data and Assumptions

This section describes demand data sources, their compilation and associated assumptions for
the transport sector.

• Road Transport: Demand data, billion vehicle kilometers, for years 2012 and 2017 are compiled by
using reports from the General Directorate of Highways (KGM) and statistics from the Statistical
Institute of Turkey (TUIK) while demand data for future years are predicted based on expert
consultation for all transport sub-modes in the transport sector.

• Air Transport: International flights with departures from Turkey are included in air transport
demand data together with all domestic flights. Turkish Airlines Annual Reports are used to
calculate total demand. In the calculation of international take-offs, only data for airlines based in
Turkey were available.

• Rail Transport: Train kilometers except for rail urban are compiled from TUIK statistics
and Turkish Railways Annual Statistics published by the Turkish State Railways. However,
there exist no statistics related to rail urban sub-mode includes metro and tramway trains in
the cities. Therefore, this information is gathered from the municipalities of the cities with
metro and/or tramway infrastructure. Demand data for future years is estimated according to
expert guess.

• Maritime Transport: Only domestic marine navigation is taken into consideration. Demand data
for each sub-mode is calculated according to data obtained from the General Directorate of
Maritime Affairs and TUIK. Demand data, billion vehicle kilometers, for future years is estimated
according to expert guess.

A summary of the demand data by each of the transport modes for 2022 through to 2052,
in five-year intervals, are presented in Table 1 below with details of their breakdowns in [24].

Table 1. Demand data by mode of transportation, 2022–2052.

Mode 2022 2027 2032 2037 2042 2047 2052

Road 155.30 182.10 215.86 258.17 311.07 377.10 459.48
Rail 0.11 0.12 0.12 0.13 0.14 0.15 0.16

Maritime 0.16 0.17 0.18 0.19 0.20 0.21 0.22
Air 1.34 1.50 1.65 1.78 1.89 1.96 2.02

5.2. Electric Vehicles Consumption Data

Upper and lower bounds are set according to the prediction of consumption values for electric
vehicles to obligate electric vehicles deployment in BUEMS. The behavior and effects on the energy
system and emissions of electric vehicle deployment are observed under different diffusion and energy
policy scenarios. Electric vehicles are differentiated into three categories: electric cars, electric buses
and electric rail vehicles.

For the diffusion of electric cars, only lower bounds are used. Bounds for consumption levels
of electric cars are based on expert survey results estimating 140,000 electric vehicles (EVs) to be on
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the road in Turkey by the year 2022—see Appendix A for the survey instrument. While this estimate
is also expressed by the government, it does not appear to be realistic given the limited increase in
EV charging stations and low EV sales. Also, the national electric vehicle manufacturing project has
been progressing slower than anticipated. Hence, for the base scenario, the official estimate is reduced
by 50%. In other words, it is assumed that there will be 70,000 EVs on the road in Turkey by the
year 2022. Electricity consumption level predictions of electric cars are finalized according to the
below assumptions:

• An increase of 19.1% per year in the number of electric cars.
• A consumption of 25 kWh of electricity per 100 km [25].
• An annual mileage of 15,000 km.

In consequence of the above assumptions, finalized numbers and electricity consumption levels
of electric cars, which are included in BUEMS as lower bounds in the base case reference scenario
(BASE), are provided together with the corresponding number of cars in Table 2 below.

Table 2. BASE scenario electric cars’ lower electricity consumption bounds (PJ).

Year 2022 2027 2032 2037 2042 2047 2052

Electricity Consumption—low 0.95 2.27 5.44 13.06 31.35 75.25 180.59
Number of Electric Cars—low 70,000 168,000 403,200 967,680 2,322,432 5,573,837 13,377,208

On the part of electric buses, both upper and lower bounds are used. To determine current
numbers of electric buses, the municipalities are contacted one by one. As a result, the below
assumptions and electricity consumption bounds are used for electric buses.

Assumptions for lower bounds:

• An estimation of 79 electric buses in 2022, increasing by 8% per year.
• A consumption of 135 kWh of electricity per 100 km [25].
• Annual mileage of 50,000 km.

Assumptions for upper bounds:

• An estimation of 99 electric buses in 2022, increasing by 16% per year.
• A consumption of 150 kWh of electricity per 100 km [25].
• Annual mileage of 50,000 km.

Finalized numbers and electricity consumption levels of electric buses that are included into
BUEMS as upper and lower bounds are represented in Table 3 below.

Table 3. BASE scenario electricity consumption bounds for Electric Buses (PJ).

Year 2022 2027 2032 2037 2042 2047 2052

Electricity Consumption—low 0.02 0.03 0.04 0.06 0.09 0.13 0.19
Number of Electric Buses—low 79 116 171 251 369 542 797
Electricity Consumption—up 0.03 0.06 0.12 0.25 0.52 1.09 2.29
Number of Electric Buses—up 99 208 437 917 1925 4043 8491

For electric rail vehicles, upper and lower bounds are also prepared. Consumption levels of
electric rail vehicles except for rail urban sub-mode are based on TCDD data. On the side of rail urban
part, electricity consumption values of urban rail systems in Ankara is found from the municipality
website. Then, electricity consumption calculations for other cities are obtained, as shown in Table 4.
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Table 4. BASE scenario electricity consumption bounds for Rail Vehicles (PJ).

Year 2022 2027 2032 2037 2042 2047 2052

Electricity Consumption—low 4.61 4.88 5.17 5.48 5.81 6.16 6.53
Electricity Consumption—up 4.84 5.14 5.44 5.77 6.12 6.48 6.87

5.3. Scenario Definitions

For the base scenario (“BASE”) definition, the current energy system of Turkey is represented
with its business-as-usual assumptions, together with a modest prediction on minimal diffusion of
EVs, as shown in Tables 2–4. In addition to BASE, various alternative scenarios are defined to evaluate
the impacts of alternative policies. These are summarized in Table 5 and further described in detail
as follows:

Table 5. Scenario Summary.

Scenario Description

BASE Business-as-usual assumptions with modest EV diffusion. Lower bounds at 70,000
electric cars in 2022 and 2.4 times growth in each period.

MOREECAR Same assumptions as BASE except for accelerated EV diffusion. Lower bounds at
140,000 electric cars in 2022 and 2.4 times growth in each period.

NONEWCOAL_E Same assumptions as BASE except for coal-fired power generation: coal-based electricity
is limited so as not increase after 2027.

ISTBUS Same assumptions as BASE except for electric buses: all buses in Istanbul are assumed
to be electric by year 2027.

NODIESEL_T Same assumptions as BASE except for diesel vehicles: usage of diesel fueled vehicles is
stopped by year 2027.

CO2TAX50_T Same assumptions as BASE except for CO2 emission tax: $50 per ton of CO2 emission
tax is applied to the transport sector only starting in 2032.

CO2TAX50_E Same assumptions as BASE except for CO2 emission tax: $50 per ton of CO2 emission
tax is placed on the electricity generation sector only starting in 2032.

MOREECAR: In addition to the BASE scenario, a more rapid distribution of EVs is assumed in
the MOREECAR scenario, which—in line with official estimates—starts with 140 thousand electric
cars in 2022. The assumption of 140 thousand e-cars in 2022 is based on the official declaration by
the Minister of Industry and Technology [26]. In this scenario, the electricity consumption levels of
electric cars, included in BUEMS as lower bounds, are as follows. All assumptions other than the lower
bounds on electric cars, as depicted in Table 6, are the same as in the BASE scenario.

Table 6. MOREECAR scenario electric cars’ lower electricity consumption bounds (PJ).

Year 2022 2027 2032 2037 2042 2047 2052

Electricity Consumption 1.89 4.54 10.89 26.13 62.71 150.49 361.19
Number of Electric Cars 140,000 336,000 806,400 1,935,360 4,644,864 11,147,674 26,754,417

NONEWCOAL_E: In this scenario coal based electricity generation is limited starting from the
year 2027 as no new coal fıred power plant is constructed after 2027. Thus it is made sure that
the growing electricity demand due to the deployment of EVs is not coming from new coal-fired
power plants. Accordingly, the electricity sector grows with renewables and natural gas fired power
generation instead of coal. All assumptions other than the construction ban on coal fired power plants
are the same as in the BASE scenario. The year 2027 has been chosen for a ban on new coal fired
power generation as it is the first model year coming after 2023. The official power sector strategy is to
utilize all domestic coal reserves by the year 2023 [27]. The utilization of indigenous coal reserves is
part of the policy priority to reduce import dependence, and a ban on new coal-fired power generation
is possible once domestic resources are exploited.
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NODIESEL_T: A ban on new diesel cars is used as an alternative policy instrument to assure
an accelerated diffusion of electric cars. The UK, for example, announced a ban on the sales of new
diesel and gasoline powered cars in 2035. The impacts of such a policy on the diffusion of electric
cars are explored under the NODIESEL scenario. The introduction of new diesel cars and buses is
banned in this scenario starting from the year 2027, thereby restricting coal based electricity generation
so as to direct the transport sector’s incremental electricity demand due to the ban towards less
carbon-intensive energy sources. The ban on diesel fueled vehicles expanding rapidly in Europe
is expected to affect Turkey gradually with a stop in the manufacturing of diesel cars by 2030 [28].
The scenario bans the introduction of new diesel vehicles in 2027, which is the latest model year
before the expected stop of manufacturing. All assumptions other than the diesel ban on new
cars and restriction of coal-fired power generation, as depicted in Table 7, are the same as in the
BASE scenario.

Table 7. Consumption bounds for coal-fired power generation in the NODIESEL_T scenario (PJ).

Year 2022 2027 2032 2037 2042 2047 2052

Coal-fired Power Generation—up 386.10 439.70 483.67 532.03 585.24 643.76 708.14

ISTBUS: This scenario is created on the consideration of what will happen if all the buses in
Istanbul are electric vehicles by the year 2027. Therefore, according to the inner city bus transport
data of Istanbul, the electric buses’ bounds are revised. It should be noted that the annual growth
rate of electricity consumption bounds from 2027 until 2052 averages 15.4%, as shown in Table 8.
The rate of increase in the number of buses gets slightly higher due to efficiency increase over time,
reaching between 190,000 and 622,787 e-buses by 2052 with a 10–17% average annual increase. Also,
coal fired power plants are restricted in the ISTBUS scenario to direct the growing electricity demand of
electric buses to renewable energy. The restrictions on coal-fired power generation are the same as in
the NODIESEL_T scenario, as shown in Table 9. The Istanbul Municipality has announced plans to
convert all inner city bus transport to electricity by the year 2030 [29]. The scenario assumes all bus
transport in Istanbul to become electric by 2027, which is the latest model year before the planned
transformation.

All assumptions other than the bounds on electric buses and coal-fired power generation as
depicted in Tables 8 and 9 are the same as in the BASE scenario.

Table 8. Electricity consumption bounds for electric buses in the ISTBUS scenario (PJ).

Year 2022 2027 2032 2037 2042 2047 2052

Electricity Consumption—low 0.02 3.64 6.71 13.39 27.96 59.80 129.45
Electricity Consumption—up 0.04 4.64 8.60 17.20 35.96 76.95 166.57

Table 9. Consumption bounds for coal-fired power generation in the ISTBUS scenario (PJ).

Year 2022 2027 2032 2037 2042 2047 2052

Coal-fired Power Generation—up 386.10 439.70 483.67 532.03 585.24 643.76 708.14

It should be noted that when the lower bounds are binding, for example, Table 6, the presented
results are the low bound results, while the results with the upper bounds significance, Tables 7 and 9,
we present the upper bound fixed results as such. Table 8 is the exception with the upper and lower
bounds results presented.

In the following section, scenario results will show that with the increase in electric cars,
CO2 emissions from electricity generation rise while transport sector emissions decrease. The rise
in emissions is essentially due to increased coal-fired power generation. Therefore, in order to limit
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the growth of emissions, various scenarios restricting coal use were defined along with scenarios
with CO2 bounds and CO2 taxes. The carbon tax (50$/ton CO2) is applied on the transport sector
and electricity sector both individually and simultaneously under alternative scenarios.

CO2TAX50_T: In this scenario, an emission tax of $50 per ton of CO2 is introduced in
transportation starting from the year 2032. The tax is applied on all modes of transportation, yet applied
on the transport sector only. The tax amount of $50 per ton of CO2 is pretty much in line with
assumptions and findings in the scientific literature. For example, a fixed tax trajectory was set such
that the tax begins in 2020 at either $25 or $50 and rises at either 1% or 5% per year [30]. Starting
at the $50 level without further escalation is assumed in this scenario. All assumptions other than
the emission tax are the same as in the BASE scenario.

CO2TAX50_E: In this scenario, an emission tax of $50 per ton of CO2 is introduced in power
generation starting from the year 2032. The tax is applied in the electricity sector only. The tax amount
of $50 per ton of CO2 is in line with assumptions and findings in the scientific literature as mentioned
in the previous scenario description. All assumptions other than the emission tax are the same as in
the BASE scenario.

6. Model Results

The total energy consumption of transportation includes electricity, petroleum, diesel, biodiesel,
hydrogen, jet fuel, CNG, LPG, ethanol and methanol as fuel types, as shown in Figure 4. According to
the results of the base scenario, diesel fuel is the dominant fuel from the beginning of the planning
horizon, 56.4% in 2012 and 53.4% in 2017. However, its share in total transport energy consumption
decreases over time, reducing to 31.5% in 2047 and 22.5% in 2052 being essentially substituted by
gasoline fueled vehicles and EVs. The increase in the use of petroleum use is a result of the substitution
of gasoline for diesel fueled vehicles and the increase in the demand of residual fuel oil used in ships,
together with the rapid increase in overall transport demand. Its rising share indicates the long-run
price competitiveness of petroleum. Electricity consumption in transportation gradually increases
because of electric car deployment with a share of 0.3% in 2012, 0.5% in 2017, 6.3% in 2047 and 13.8%
in 2052. Hydrogen fuel, which has no incentive in the model like plug-in EVs, gets involved at
the end of the planning horizon only with a consumption of 1.6 PJ in 2052. While jet fuel and petroleum
consumption continue to grow depending on the increase of transport demand, methanol consumption
decreases for each period. Lastly, LPG, which is being used because of economic reasons in Turkey as
it is cheaper than other alternatives being subsidized, drops over time from a considerable share of
15.49% in 2012, becoming zero by the year 2047 due to a considerable increase in electric cars.

The electricity consumption of the transport sector is dominated by electric cars. While it is
negligibly small in 2012 and only 0.1 PJ in 2017, it reaches 75.2 PJ in 2047 and 180.6 PJ in 2052, as shown
in Figure 5.

CO2 emissions are increasing in all scenarios; total emissions of the BASE scenario skyrocketed
from 359,280 kton in 2017 to 1,408,500 kton in 2052, which is almost quadruple. Transport sector
emissions are increasing from 65.6 kton in 2017 to 83.1 kton in 2052 implying a 26.7% increase.
Most interestingly, the more EVs are deployed, the higher the total emissions, as can be observed
by comparing the MOREECAR and BASE scenarios in Figure 6. This is because of increased coal
usage for power generation; therefore it is essential to limit the expansion of coal. That is why all
other scenarios have a limitation or policy in place to reduce coal usage. When the results of these
scenarios are investigated it is seen that emissions decrease by 0.4%, 4%, 11%, 29% and 51% in 2052
for the CO2TAX50_E, ISTBUS, MOREECAR, NODIESEL_T and CO2TAX50_T scenarios, respectively,
in comparison to the BASE scenario.
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Figure 4. Energy consumption of the transport sector by fuel type: BASE scenario.

Figure 5. Electricity consumption of the transport sector by vehicle type: BASE scenario.
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Figure 6. Total and transport sector emissions by scenario.

Turkey’s skyrocketing total emissions are almost proportional to the change in coal-fired power
generation, as can be observed from Figure 7. Total emissions increase by 1049 Mton (from 359 Mton in
2017 to 1408 Mton in 2052), of which 49.5% comes from increased coal-fired power generation. In 2052,
coal-fired power generation amounts to 3721 PJ in the BASE and 3939 PJ in the MOREECAR scenario.
It reduces to 1520 PJ, 708 PJ and 440 PJ in the CO2TAX50_E, ISTBUS and NONEWCOAL_E scenarios,
respectively. Accordingly, in terms of emission reduction, the most effective policy options, ordered
by reduction amount, are (i) banning new investment in coal-fired power plants, (ii) making bus
transportation in Istanbul electric, and (iii) introducing a carbon tax on electricity generation. However,
are these options cost-effective? The next section compares the system-wide cost implications of
the scenarios.

Lifetime emissions and lifetime cost values, discounted to the year 2019, are depicted in Figure 8.
It can be seen that all alternative scenarios have lower total emissions than the BASE scenario except
for MOREECAR. Also, all of them have higher total system cost compared to the BASE scenario
except for NODIESEL_T. In other words, the NODIESEL_T scenario has lower lifetime emissions
and lower lifetime costs—a profitable decarbonization option pointed out by the model. It should be
noted that the BASE scenario includes lower bounds for diesel vehicles so as to yield the most likely
reference path under business-as-usual conditions. Obviously, this business-as-usual pathway with
increasing diesel vehicles is not the cheapest one as a lower cost pathway emerges when there is a ban
on new diesel fueled vehicles. The diesel consumption in the transport sector reduces drastically as
a result of the ban on new vehicles, yet does not vanish until the end of the lifetime of the existing
diesel-fueled vehicle stock. The diesel gap between the BASE scenario and NODIESEL_T reduces over
time as the share of diesel fuel declines in the long term in the BASE scenario anyway. The diesel
consumption of the transport sector in the year 2027 is 573.48 PJ in the BASE scenario versus 215.69 PJ
in the NODIESEL_T scenario. Then, in year 2052, diesel consumption gets 306.05 PJ in scenario BASE
and 113.17 PJ in the NODIESEL_T scenario.

While NODIESEL_T offers a win-win opportunity, the MOREECAR scenario indicates a lose-lose
option: it has a higher total system cost and higher total emissions than the BASE scenario. This is
because the growing electricity demand due to increased e-mobility is met by coal-fired electricity
generation. Therefore, in the absence of decarbonization in electricity generation, the diffusion of
e-mobility is not sustainable. It helps only to reduce emissions on the road while that reduction is
offset by increased emissions from electricity generation.
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Figure 7. Emissions from electricity generation and coal-based electricity generation levels by scenario.

Figure 8. Total emissions and total system cost by scenario throughout the planning horizon.

The ratio of lifetime cost changes to lifetime CO_2 changes, referred to as marginal abatement
cost, is shown in Table 10. The win-win NODIESEL_T scenario indicates a profit of 1.29$ per ton
CO_2 reduced. The lose-lose MOREECAR scenario on the other hand has no marginal abatement cost
because its emissions are higher than in the BASE scenario, hence no abatement.

When scenarios are ranked according to lifetime marginal abatement cost, the lowest cost options
are associated with the electricity sector (NONEWCOAL_E and CO2TAX50_E), followed by urban
e-bus (ISTBUS). Carbon taxation in transportation (CO2TAX50_T) appears to be the least cost-effective
policy option.
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Table 10. Lifetime Marginal Abatement Costs (cost increase/emission savings).

Parameter CO2 Savings
(Million ton)

Cost Increase
(Million US$)

Marginal Abatement
Cost (US$ ton CO2)

BASE Ref. point Ref. point Ref. point
NODIESEL_T 1286 −1656 −1.29
NONEWCOAL_E 1314 3932 2.99
CO2TAX50_E 1043 5702 5.47
ISTBUS 963 5369 5.58
CO2TAX50_T 78 2135 27.37
MOREECAR −47 277 N/A

Table 11 presents the periodical breakdown of the abatement cost figures for each scenario.
It can be observed that the abatement declines over time in all scenarios except the win-win scenario
NODIESEL_T where profit declines. In the NODIESEL_T scenario there is an adaptation process
for shifting away from diesel vehicles, which is highly profitable in the short run as explained
previously, and diminishes in the longer term when the shift is completed. In the other scenarios,
the initial investments into low-carbon technologies induce high up-front costs but lower operating
and maintenance costs, essentially due to renewables, results in savings in the longer term. It can
be seen that a CO2 tax on electricity generation (CO2TAX50_E) is initially profitable as well, has an
abatement cost of 30.66 $/ton CO2 in 2032 (the year when carbon tax is launched), which gradually
decreases thereafter.

Table 11. Overall CO2 abatement costs by scenario.

Scenarios 2022 2027 2032 2037 2042 2047 2052

NONEWCOAL_E – – 15.75 7.13 4.05 2.73 1.88
ISTBUS – – 9.70 15.99 6.87 4.68 3.47
CO2TAX50_T 9.75 78.14 132.55 44.49 58.65 49.24 1.18
CO2TAX50_E – −44.07 30.66 16.68 6.51 3.68 2.41
NODIESEL_T −56.92 −33.08 −4.53 1.37 1.98 2.17 1.74
MOREECAR – – – – – – –

The primary energy supply mix composition of energy technologies for the BASE and alternative
scenarios are depicted in Figures 9 and 10, respectively.

Figure 9. Primary energy supply mix in the BASE scenario.
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Figure 10. Primary energy supply mix in the alternative scenarios.

7. Sensitivity Analysis

Transport sector demand data and the cost of EVs are among the most important parameters
affecting scenario results in this study. Therefore, the sensitivity analysis focuses on these two
parameters, thereby elaborating on their impacts on CO2 emissions and energy system costs. It is found
that the results are much more sensitive to demand than to the cost of EVs. According to Figure 11,
a 20% rise in transport sector demand causes a 0.7% increase in total emissions while 20% rise in EV
cost causes less than 0.1% increase. On the other hand, a 20% fall in EV cost reduces emissions by 0.2%
while a 20% fall in transport sector demand provides a 0.7% decrease.

As can be seen from Figure 12, a 20% rise in transport sector demand causes a 1.5% increase on
total system cost while a 20% rise in EV cost causes a 0.13% increase. On the other hand, 20% fall in EV
cost provides a 1.47% decrease in total system cost while a 20% fall in transport sector demand leads to
a 0.17% decrease.
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Figure 11. Total emissions change with different data for transport sector demand and cost of electric
vehicles (EVs) in the base scenario.

Figure 12. Total system cost change with different data for transport sector demand and cost of EVs in
the base scenario.

8. Conclusions

Evaluation of electric vehicle deployment with respect to energy and environmental impacts is a
multilateral task in need of a technologically detailed multisectoral analysis. To evaluate the long-term
impacts of alternative policies, the bottom-up model BUEMS has been used and calibrated
under various scenarios according to the most recent Turkish energy and transport sector data.
All the complex relationships of producing, transforming, transmitting and/or supplying energy
sources according to the useful demand characteristics are represented with great technological detail.

Model results highlight win-win policy options that lead to profitable decarbonization.
In particular, it is found that a ban of diesel fueled vehicles reduces lifetime emissions as well as
lifetime costs. Hence, the diesel ban scenario results in negative abatement costs over the planning
horizon. This finding is in support of all the urban policies being implemented worldwide to get rid
of diesel fueled vehicles in the cities, which has become very popular especially after the Dieselgate
scandal in 2015. German cities started introducing bans on older diesel vehicles with the court several
years ago. Major cities like Paris and London are now following this trend, which leads to profitable
decarbonization in Turkey. Therefore, while there still is no such agenda, Turkish municipalities
should consider introducing a ban on diesel fueled vehicles to exploit the profitable emission
reduction potential. Besides banning diesel fueled vehicles, Turkish municipalities should also consider
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introducing electric buses for public transportation as pointed out by model results. The marginal cost
of emission reduction through e-buses is much lower than through other policy measures like carbon
taxation in transport.

It should be noted that the electricity sector plays a crucial role on the sustainability of e-mobility.
It is found that the elimination of emissions on the road through e-mobility is more offset by emissions
from power plants if electricity is generated by coal. This is a particularly important finding for a
country like Turkey, which has both ambitious e-mobility diffusion plans as well as policy priority
goals on the utilization of domestic coal reserves for electricity generation. From a sustainability point
of view, these two do not go hand in hand as pointed out by the scenario results. Decarbonization of
electricity generation is therefore of primary importance for electrification of transportation. It is found
that a ban on new coal-fired power generation is a cost-effective way for reducing emissions in
the electricity sector. Introducing an emission tax in the electricity sector is about five-fold more
cost effective than introducing an emission tax in transportation (5.47 $/ton CO2 in electricity vs.
27.37 $/ton CO2 in transport for 50 $/ton CO2 emission tax).

For further research, model resolution can be increased so as to introduce a daily load
duration curve and allow for optimization of instantaneous charging needs with network
supply/demand balance. Also, the model can be developed into a price-elastic version to reflect
the impact of price changes on the demand for electricity, other energy sources and technology choices.
Furthermore, the storage potential of renewable power generation or their intermittent nature [31] can
be explored in more detail using a stochastic model extension.
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Abbreviations

The following abbreviations are used in this manuscript:

CO2 Carbon dioxide
USA United States of America
EV Electric Vehicle
BUEMS Bottom-Up Energy Modeling System
IEA International Energy Agency
IPCC Intergovernmental Panel on Climate Change
V2G Vehicle to Grid
CV Conventional gasoline Vehicle
HEV Hybrid Electric Vehicle
PEV Plug-in Electric Vehicle
LDV Light-Duty Vehicle
GCAM Global Change Assessment Model
TIMES The Integrated MARKAL-EFOM System
LEAP Long-range Energy Alternatives Planning model
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Appendix A. Survey Instrument

Figure A1. Electric vehicle deployment projection survey in Turkey.
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Master’s Thesis, Boğaziçi University, Istanbul, Turkey, 2019.

23. IEA. World Energy Outlook 2009. Available online: http://large.stanford.edu/courses/2013/ph241/robert
s2/docs/WEO2009.pdf (accessed on 30 July 2020).

24. Canaz, C. Transport Sector Energy Use, Electric Vehicle Deployment and CO2 Emissions in Turkey:
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Abstract: Road transportation is one of the largest emitters of greenhouse gas emissions. The EU
set the target to reduce overall transport emissions by 60% by 2050 compared to 1990. Electric
mobility is considered a proper means to achieve this goal. Battery electric vehicles (BEVs) are a
mature technology. The high investment costs, limited driving range and a charging infrastructure
that is not extensive yet are currently the main challenges. This work analyses how policies affect
the dissemination of BEVs in selected countries with remarkable market shares of BEVs. The core
objective is to investigate how policies affect BEV economics compared to conventional car economics.
Financial policies and their effects on BEVs for the major markets of China, the USA and Europe
were analysed. To do so, the total cost of ownership (TCO) was calculated for each country. The
major conclusions were: (i) The investment cost of a car had the most significant impact on the TCO;
(ii) Low TCO as an incentive was not enough to ensure successful BEV dissemination; (iii) Non-
monetary incentives such as access to certain zones and the usage of bus lanes for BEVs combined
with registration taxes, low electricity prices and high fuel prices were very favourable conditions.

Keywords: battery electric vehicles; emissions; electric mobility; policies; transport

1. Introduction

The transport sector causes around 30% of the greenhouse gas (GHG) emissions in the
EU; thereof, 72% is road transport. In contrast to other sectors (energy, industry, residential,
agriculture, forestry and fishing), traffic emissions have been increasing rapidly since
1990 [1].

Figure 1 shows the development of CO2 emissions in the transport sector (road, rail-
way, aviation, other) for selected EU countries, over the period of 1990–2018, in relation to
1990. In most of the countries, emissions had been continuously increasing until 2007. After
a financial crisis, emissions decreased in most of the countries. However, this decrease was
followed by an emission-increasing trend starting from about 2013. Significant differences
among countries could also be seen due to country-specific circumstances such as gross
domestic product (GDP) and national policy framework.

If the number of conventional vehicles with internal combustion engines (ICEs) could
be sharply reduced, the emissions from the transport sector would decrease. In contrast to
ICEs, electric vehicles (EVs), especially battery electric vehicles (BEVs) and fuel cell vehicles
(FCVs), have zero emissions at the point of use and could significantly contribute to the
reduction of GHG emissions in combination with electricity produced from renewable
energy sources (RES). In the best case, EVs could cause 75% to 90% lower GHG emissions
than ICEs [2]. Furthermore, in combination with electricity from RES, battery electric
vehicles (BEVs) could save about 65% to 70% in GHG emissions compared to plug-in
hybrid electric vehicles (PHEVs) [3].
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Figure 1. Development of CO2 emissions from transport in selected EU countries [4].

Far-reaching arguments against switching to EVs are high investment costs compared
to ICEs and technical limitations (e.g., limited driving range and charging infrastructure
availability) [5]. The investment costs of an EV are about one-third higher in comparison to
an ICE. Furthermore, the driving range of an EV is quite low, mostly about 130–250 km,
compared to the 700 km range of an average ICE [6]. A requirement for the successful
distribution of EVs is the availability of charging infrastructure. If this is not the case, range
anxiety occurs [7].

Politicians have at least two options to address these problems. On the one hand,
BEVs can be promoted directly by implementing monetary policies such as subsidies or
with non-monetary ones such as the use of bus lanes for BEVs and free parking. On the
other hand, BEVs can be pushed indirectly, e.g., through a CO2 tax on all fuels and higher
registration taxes on conventional vehicles than on BEVs. Another legal option is driving
bans for diesel and gasoline cars in cities or emission-free zones.

The core objectives of this paper are to analyse the current economic state of BEVs
in comparison to conventional cars and to identify proper policies to overcome the major
current barrier of high investment costs. Regarding economics, we investigated the total
cost of ownership (TCO), including existing national policy instruments such as fuel and
registration taxes as well as subsidies. The TCO was calculated for selected major countries
worldwide. The selection of countries was based on their relevance so far regarding market
penetration of BEVs such as the major BEV markets of China, California in the USA and
the most important European countries (Austria, Germany, The Netherlands and Norway).
For these countries, detailed economic analyses were conducted for two cases of cars, small
and large ones.

Regarding proper policies to overcome major current barriers, measures in different
dimensions (subsidies, standards, taxes and legal frameworks) and applicable monetary
and non-monetary incentives to promote BEVs (and reduce the number of ICEs) are elabo-
rated upon. Furthermore, fuel and electricity prices as well as BEV distribution in selected
countries (China, Japan, the USA, UK and some European countries (Austria, France, Ger-
many, Sweden and Norway)) are examined. Moreover, amounts of subsidies, exemptions
from taxes and non-monetary measures for the selected countries are elaborated upon.

The major new contribution of this paper is that a comprehensive and up-to-date
survey, discussion and assessment on all policies existing in major countries regarding
market deployment of BEVs—direct and indirect measures, monetary and non-monetary
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policies, technical and behavioural—is conducted and completed by a sound and detailed
economic analysis. Hence, it also closes the existing research gap regarding state-of-
the-art economics and the impact of promotion policies regarding BEVs. To the best of
our knowledge, no such comprehensive analysis exists. Of course, policies to support
E-Mobility have been investigated in several previous studies.

Rietman et al. [8] dealt with political measures and how they promoted E-Mobility.
The study investigated the effectiveness of measures in 20 countries. The authors stated that
cooperation between public and private sectors was essential to promote EVs. Moreover,
monetary measures, in combination with measures for the charging infrastructure, were
highly effective. Government measures suggested that government policies reflected
the preferences of consumers. Furthermore, countries with higher purchasing power
also had higher EV penetration. Cansino et al. [9] provided an overview of the most
important measures to promote E-Mobility in the EU-28. The authors concluded that
in addition to financial incentives for purchasing and supporting R&D projects, tax and
infrastructure measures were the most effective ways to promote EVs. In addition, they
found that in countries where CO2-based taxation had been introduced, penetration rates
were higher. Dijk et al. [10] examined the socio-technical development of E-Mobility. They
summarised that E-Mobility was suffering from high oil prices, carbon limits, car-sharing
and intermodality. Moreover, the EV market was mainly dependent on the progress of
batteries, measures to reduce CO2 emissions, new value propositions by companies and
the image of EVs. Held et al. [11] analysed mobility policies to increase adoption rates
of e-vehicles in 15 EU cities. They found that policies that had a more substantial impact
on the TCO of EVs, combined with incentives for installing charging infrastructure and
a public power grid combined with push factors that make the use of conventional cars
unattractive, led to beneficial effects. Incentives should always have been linked to de-
incentives; isolated measures were less effective. Gass et al. [12] analysed alternative
policy instruments to promote EVs in Austria in their 2011 study. They concluded that
up-front price support worked better than taxation systems. Moreover, significant learning
effects should reduce the cost of EVs in the future, which can be achieved primarily by
promoting research. Wang et al. [13] investigated incentive measures and their influence
on the market share of EVs. They examined which measures, other than highly effective
subsidies, could drive EV penetration. Charging infrastructure, fuel price, and access
to bus lanes for EVs were key factors in driving EV penetration. In summary, the most
important factor was not direct subsidies but road priority (access to high-occupancy
vehicle lanes (HOVs) and bus lanes). The study by Vilchez et al. [14] identified factors that
influenced the EV market in Europe. They concluded that the purchase price of EVs was
still a barrier. Consumers preferred government incentives. In addition, socio-cultural
characteristics of consumers also influenced purchase intentions. The impact of energy
policies on scenarios regarding GHG emission reduction in passenger car mobility in the
EU-15 was analysed by Ajanovic/Haas. The core message was that policymakers must set
clear and rigorous priorities to reduce CO2 emissions. The most important goals were to
improve energy efficiency and reduce energy consumption [5,15]. Cherchi [6] provided a
work about the measurement of the effect of informational and normative conformity for
EVs compared to ICEs. She summarised that social conformity effects such as advice from
non-experts to potential buyers were highly effective for the dissemination of EVs. Such
effects could compensate for low driving ranges of EVs or differences in the purchase price.
Furthermore, a combination of free/reduced parking fees with reserved parking spots
was highly effective in spreading EVs. Palmer et al. [16] showed the impact of ownership
costs on market share by calculating a TCO over a 16-year period. Among other findings,
they found that long-term government support was essential to promote the dissemination
of EVs.

In this article, an examination of how policies affect the distribution of BEVs and
ICEs in selected countries is provided. The methods of approach are given in Section 2. A
general overview of energy policy instruments in transport that affect the promotion of
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BEVs is given in Section 3. Recent developments of BEVs are stated in Section 4. Incentives
for BEVs in selected countries and a comparison of these is provided in Section 5. To see
how current policies affect ICEs’ and BEVs’ costs from an individual perspective, a TCO is
calculated for each of the selected countries; the results can be found in Section 6. Finally,
the conclusions and future perspectives for further developing BEVs are given in Section 7.

2. Method of Approach

One of the arguments against switching to BEVs is high investment costs [6]. To
compare the economic performance of an ICE with a BEV, a TCO was calculated. With the
calculation of a TCO, direct and indirect mobility costs could be shown from an individual
perspective. In this way, the effects of monetary measures and sales could be identified [17].
The aim was to identify the difference between ICEs’ and BEVs’ costs, considering the
capital costs, operating and maintenance costs and electricity/fuel costs.

To analyse the economics of the BEVs, the TCO was calculated in € per year. For the
calculation, 12,500 km per year was assumed [18]. The TCO in € per year was calculated
as follows:

TCO = CCap + CO&M + CE [€/year] (1)

CCap is the cost of capital for the vehicle including purchase subsidies, either ICE or
BEV [€/year]; CO&M is the cost of operation and maintenance [€/year], which includes the
insurance, maintenance and repair costs; parking tolls and road charges are not considered;
and CE is the cost of energy, either fuel or electricity [€/year].

The capital cost per year depending on the initial investment cost IC0 (including
subsidies τsub) and the capital recovery factor (CRF) α is:

CCap = (IC0 − τsub)× α [€/year] (2)

α describes the ratio of a constant annuity to the present value of this annuity’s receipt
for a given time. It is calculated using an interest rate z and a depreciation period n. With
the annuity method, the depreciation costs and annual capital costs are determined with
the same recovery factor. The depreciation period is assumed to be eight years, the same
as the lifetime of vehicles. This period also covers the warranty period for a battery for
driving distances between 80,000 and 24,000 km. An interest rate of 5% is assumed, as this
is a standard interest rate from a bank loan [19].

α =
z (1 + z)n

(1 + z)n − 1
(3)

The cost of energy depends on the price for the fuel or electricity pf [€/kWh or €/l],
the km driven per year vkm and the fuel intensity FI [kWh/km].

CE = pf × vkm × FI [€/year] (4)

The fuel price is the sum of the net price pnet; the value-added tax (VAT) τVAT, which,
in the EU, was in the range from 17% to 27% in 2020 [20]; CO2 based tax τCO2 and an excise
tax on fuels τExcise.

pf = pnet + τVAT + τCO2 + τExcise [€/kWh] (5)

In the following, we apply this method to calculate TCO for two specific cases (small
and large cars), wherein we compare the TCO for selected countries with some relevance of
BEVs as described in Section 4. This comparison was made to identify the current level of
the economics of BEVs compared to conventional vehicles. Note that all currently applied
policy instruments in our state of knowledge—taxes and subsidies—were considered and
included in this investigation.

The first case included a comparison of TCO for small cars, the Volkswagen (VW) Golf
and the VW E-Golf. We chose approximately the same type of vehicle to guarantee a valid
comparison. Comparability was given due to similar engine power (VW Golf–110 kW,
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VW E-Golf–100 kW) and similar weight (VW Golf—1211 kg, VW E-Golf—585 kg) of the
compared cars; see Table 1. In the second case, the TCO was calculated for bigger cars, an
Audi A5 and a Tesla Model 3. The comparability was also mad through similar engine
power (Audi A5—195 kW, Tesla Model 3—211 kW) and similar weight (Audi A5—1600 kg,
Tesla Model 3—1684 kg).

Table 1. Technical specifications for vehicles analysed.

Technical Specifications Case 1 Case 2

VW Golf 1.0 TSI VW E-Golf Audi A5 Tesla Model 3

Energy Source Gasoline Electricity Gasoline Electricity

Engine Power (kW) 110 - 195 -

Electric Motor Power (kW) - 100 - 211

Battery Capacity (kWh) - 35.8 - 50

Fuel Tank Capacity (litres) 50 - 58.9 -

Performance

Weight (kg) 1211 1585 1600 1684

Fuel Consumption (l/100
km) 4.3 - 5.9 -

Electricity Consumption
(kWh/100 km) - 12.7 - 15.3

Tailpipe CO2 Emissions
(g/km) 141 - 113 -

Driving Range (km) 1163 201 998 386

Purchase Price 18,640 € 16,540 € 34,220 € 29,870 €

In addition to the technical components, which show the comparability of the models,
the price difference between the models should also be discussed at this point. The price
difference between the two models in the first case (VW Golf: €18,640; E-Golf: €16,540)
was approximately €2100. In the second case (Audi A5: 34,220 €; Tesla Model 3: 29,870 €)
the difference was about 4350 €. Apart from that, the Tesla Model 3 was a more exclusive
model than the Audi A5. These factors should be taken into account.

Furthermore, a sensitivity analysis was performed to determine the impact of a change
in the interest rate or the depreciation time on the annual costs of a vehicle.

3. A Survey on Energy Policies in Transport

In this chapter, an overview of possible policies and measures to promote E-Mobility,
focusing on BEVs, is provided. First of all, it is shown which policies exist and on which
segment of the transport sector, e.g., mobility, they act. Figure 2 shows how mobility
and policy measures in different dimensions interact. It depicts the complexity and the
connections between policies and the service mobility itself. In the following examples,
policies related to energy, infrastructure and vehicles are given.

1. Energy

To reduce emissions from the transport sector, it is essential that energy used in vehi-
cles comes from low-carbon and renewable energy sources (such as sun, wind, biomass).
If this is not ensured, then the vehicles, both ICEs and EVs, are powered by fossil fuels.
With the promotion of renewable energy and renewable energy systems (RES), the vehicle
fleet could become more sustainable. With, for example, taxes on fuel, mobility with
conventional cars becomes more expensive. With standards and, for instance, a minimum
of fuel intensity, mobility becomes again more environmentally friendly.
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2. Infrastructure

The infrastructure can be directly influenced by allowing the use of bus lanes for BEVs.
Other examples are free and/or reserved parking spaces for BEVs or emission-free zones
where BEVs are permitted to access. However, most important is to develop the necessary
charging infrastructure.

3. Vehicle

For example, BEVs can be promoted directly with subsidies on the purchase price, on
the insurance or indirectly with a scrapping premium on ICEs. Exemptions from various
taxes like the registration tax, the import tax or the VAT are further promotion options
to push down vehicle prices. Furthermore, the total fleet can be promoted through CO2
regulations, for example, by setting a limit value in gCO2/km for fleet consumption.

 

Figure 2. Mobility and policy measures in different dimensions.

Figure 3 shows four dimensions, which are fundamental for energy policy interven-
tions in general. In principle, the promotion of BEVs can be affected in four different
ways, either financial through subsidies and taxes or regulatory through standards or legal
frameworks. Figure 3 also includes specific measures for BEVs in the four dimensions.

Figure 3. The four major dimensions of energy policies with a special focus on transport.
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As shown in Table 2, policy instruments that can be implemented can be divided
into monetary incentives and non-monetary incentives. Furthermore, the columns with
the terms “direct policies” and “indirect policies” describe whether the incentives affect
the BEVs directly or indirectly from an individual drivers’ perspective. These possible
incentives, in addition to specific measures implemented in countries, can be found in
Section 5.

1. Monetary Incentives

Subsidies: Often, the government grants money off the purchase list price of BEVs.
Other possibilities are discounts on car insurance or a so-called scrapping premium if the
old ICE car is scrapped and in the best case, a BEV is purchased instead. Furthermore, the
state can subsidise electricity prices, which affect the charging prices via the public loading
infrastructure or mainly for the infrastructure at home.

Tax payments: In almost all countries, there are exemptions from taxes for BEVs
(tax benefits). The proportion of tax to vehicle price/operation varies widely between
countries. The exemption from car purchase taxes and registration taxes such as the value-
added tax for BEVs is usual. Registration taxes are often based on the CO2 emissions of a
vehicle. Mostly, customers must pay a motor vehicle tax for car ownership; exemptions are
also common.

In comparison, ICEs are exempt from taxes if they fall below a specific CO2 or kW
limit. In addition, there are electricity taxes to pay. Indirect policy instruments that affect
BEVs monetarily are CO2 taxes on petrol and diesel or high registration taxes on ICEs.

Other: BEVs can often park free of charge. Furthermore, often exemptions/reductions
for tolls, congestion charging or low emission zone charging are given.

2. Non-monetary Incentives

Standards: Mandatory standards that affect BEVs’ spread are stipulating minimum
energy levels (energy efficiency standards) or maximum energy use levels (maximum
energy consumption) on vehicles [21]. On the other side, indirect standards are CO2
regulations (e.g., 95 gCO2/km within the EU) or standards on diesel concerning the
fuel intensity.

Legal: Furthermore, some laws/regulations allow EVs to use low/free-emission zones
or bus lanes. These permits also have an indirect effect, as they exclude ICEs from using
low/free-emission zones.

Other: Other non-monetary incentives are national EV sales targets. Because of the
objectives, governments need to offer incentives for EV dissemination. Reserved parking
spaces for EVs are common. Free parking for EVs is also indirect, as it excludes ICEs from
using them. In Scandinavia, EVs are sometimes allowed to travel free of charge by ferry,
and in some places, there are also free electric charging stations. Exemptions from road
charges can also be given.

Which of the policies will be applied is very dependent on regional differences and
country specific circumstances, such as GDP and national policy targets. Countries with
higher GDP are able to provide higher subsidies and tax reductions. For countries with
lower GDP, indirect monetary measures could be more attractive.
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Table 2. Policy instruments to promote E-Mobility [19,22–35].

Policy Instruments “Direct Policies” “Indirect Policies”

M
on

et
ar

y
In

ce
nt

iv
es

Su
bs

id
ie

s • E.g., vehicle purchase price
• Vehicle insurance
• Electricity prices
• Private charging infrastructure

• E.g., reduction of subsidies for fossil fuels
• Scrapping premium

Ta
x

Pa
ym

en
t

Exemptions

• E.g., car purchase and registration tax
• Value-added tax (VAT)
• Car ownership
• Motor vehicle tax
• Consumption of fuel/electricity
• Electricity tax
• Use of road infrastructure
• Import tax

Benefits

• E.g., company tax

• E.g., CO2 tax on petrol, diesel
• Registration tax on ICEs
• Fuel tax

O
th

er

• E.g., lower or no parking fees
• Lower or no tolls
• Lower no congestion charging
• Lower or no low-emission zone charging

• E.g., higher parking fees for ICEs

N
on

-M
on

et
ar

y
In

ce
nt

iv
es St

an
da

rd
s

• E.g., maximum energy consumption (negative)
• Minimum energy efficiency/energy efficiency

standards

• E.g., CO2 regulations (e.g., 95 g/km)
• Standards on diesel (fuel intensity)

Le
ga

l • E.g., use of bus lanes
• Low/free-emission zones
• Reserved parking spaces

• E.g., low/free-emission zones

O
th

er

• E.g., EV sales targets
• Good charging infrastructure
• Free parking
• Free fairy crossings
• Free charging
• Exemption from road charges

• E.g., parking spaces only for EVs

4. Recent Developments of BEVs

In this chapter, the BEV market share in selected countries—the USA, China, Japan
and some European countries—is highlighted. For the selected countries and the rest of
the world, global electric car sales are also stated. Furthermore, a comparison between fuel
and electricity prices is provided.

Figure 4 shows that Norway had the worldwide highest market share of BEVs. There
had been a rapid share increase in Norway since 2013. In 2010, the market share was only
0.3%, but it was already 45.6% in 2020. The rate increased by a factor of 152 in 10 years. It is
illustrated that The Netherlands, in second place, also had a rapid increase in BEV market
share rates in recent years. While in 2014, the market share in The Netherlands amounted
to only 0.7%, in 2019, it had increased to 15.2%. However, in 2020, the market share fell to
10.2%. As shown in Figure 5, Sweden also had a high market share, with only 0.8% in 2015,
but the market share increased rapidly to 7.9% in 2020. Throughout the EU, the market
share of BEVs was relatively low, at 4.2% in 2020. Similarly, China (3.9% in 2019), Japan
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(0.5% in 2019) and the USA (1.5% in 2019) in 2019 had very low BEV shares. The decline in
BEV market share in Japan from 0.6% in 2018 to 0.5% was mainly due to the high purchase
prices of BEVs. In addition, there were very few fast chargers that were publicly available
in 2019. Furthermore, there were very limited tax incentives for the purchase of BEVs in
Japan. [36]. Figure 5 was added to illustrate the developments in the markets in countries
with market shares below 6%.

 
Figure 4. Battery electric vehicle market share in new registrations in major countries [36,37].

 
Figure 5. Battery electric vehicle market share in new registrations in major countries with a market share below 6% [36,37].

Figure 6 illustrates global electric car sales in major countries. As is shown in Figure 6,
China had the highest amount of BEV sales. In 2011, the sales amounted to 0.01 million.
Since then, the rate of EVs increased in 2018 to 1.18 million. In 2019, it was 1.10 million.
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The EU followed China with an amount of 0.01 million EV sales in 2011, 0.40 million sales
in 2018 and 0.59 million in 2020. The third key market was the USA, with 0.36 million EV
sales in 2018 and 0.22 million in 2019. Throughout the world, the EV sales amounted to
2.3 million with a market share of 3.2% in 2019. Preliminary numbers for global BEV sale
in 2020 are also depicted in Figure 6.

 
Figure 6. Global electric car sales in major countries [38].

In general, petrol prices are strongly related to the overall economic situation of a
country. Prices vary from country to country, sometimes considerably. The higher the GDP,
the higher the petrol and diesel prices. The USA is an exception to this with a high GDP
but very low taxes on mineral oil products. The average gasoline price worldwide was
1.05 USD per litre in 2020 [39]. The attractiveness of BEVs depends strongly on fossil fuel
prices and electricity prices. A good example is Norway, where electricity prices are very
low in relation to fuel prices.

Figure 7 illustrates electricity prices in comparison to fossil fuel costs in passenger
car transport in 2020. It can be said that regarding efficiency, one litre of gasoline was
comparable with 8.94 kWh and one litre of diesel with 9.97 kWh. The lowest electricity
price could be found in China, with 0.07 € per kWh, and in Norway, with 0.08 € per kWh.
The largest difference between the electricity price and the gasoline price was in Norway.
Germany had the highest electricity price, with 0.30 € per kWh, while the average price in
the EU was 0.21 € per kWh. The fuel prices were only lower in a few countries than the
electricity prices, e.g., in China and some European countries (both in Norway and diesel
in The Netherlands). The lowest fuel prices were in the USA, where one kWh of gasoline
cost 0.06 €. The highest costs for fuel could be found in the EU. In The Netherlands, a
kWh of gasoline cost 0.18 € and in Norway, 0.17 €. The average gasoline price within the
EU amounted to 1.14 € per kWh and the average diesel price to 1.12 € per litre. Usually,
gasoline prices were higher than diesel prices due to higher taxes on gasoline.
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Figure 7. Fuel and electricity prices in €/kWh in the USA, China and selected European countries in
2020 [39,40].

5. Comparison of Incentives for BEVs in Selected Countries—EU, USA, China, Japan

In this chapter, a comparison of incentives for BEVs in selected countries—the USA,
China, Japan and some European countries—for the year 2020 is provided. It is shown
how different BEVs were promoted in selected countries. Note that especially all of the
non-monetary measures were quite generic. Just because one country offered free parking
for BEVs did not mean that BEVs could park for free at all parking spaces. Furthermore,
incentives are changing all the time. Incentives that were valid for 2020 can be replaced by
new ones or completely abolished in 2021.

As can be seen in Table 3, in all countries considered, except Norway, the customer got
a purchase subsidy on a new BEV list price. Furthermore, the exemption of different taxes,
like the VAT, registration tax (based on CO2 emissions, bonus/malus), consumption tax
and annual taxes (road and circulation taxes) was very common. Companies often received
company tax benefits when purchasing BEVs. There were non-monetary incentives in all
countries to make the purchase and the use of a BEV more attractive. Free parking and the
usage of bus lanes were the most popular measures.

In Austria, a purchase subsidy of 5000 € on the list price of BEVs and an exemption
from all car-related taxes was given [41]. Moreover, the promotion of 600 € for a home-
installed wallbox was granted. [31]. In France, there was a very high subsidy, up to
7000 €, on a BEV purchase price. Moreover, the exemption from VAT and registration
tax was guaranteed. The customer got tax credits for installing charging spots, and for
changing from an ICE to a BEV, a scrapping premium was given [42]. In Germany, the
purchase subsidy for a BEV amounted up to 6000 €, and there were the usual car-related
tax exemptions [43]. In The Netherlands, a 4000 € subsidy on the list price of a BEV was
guaranteed. The usual EU exemptions for BEVs were given [41]. Norway was unusual
because there was no purchase subsidy on BEVs. However, BEVs were exempted from
all car-related taxes. Furthermore, more non-monetary measures existed than in other
countries: for example, no charges on toll roads or ferries, a maximum of 50% of the total
amount on ferries and the usual measures like free parking and bus lane use [44]. Moreover,
the customer got 815 € support for home charging infrastructure [45]. Sweden guaranteed
up to 5700 € for a BEV. In addition to the usual exemptions from the taxes, a climate bonus
of 5961 € on Zero-CO2 emission cars was given [41].
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In China, the purchase subsidy was between 2400 € and 3300 €. Furthermore, exemp-
tion from VAT and the vehicle and vessel tax were given. In China, BEVs were excluded
from registration restrictions and driving bans and license plate quotas [46,47]. Japan
granted a subsidy with up to 3154 € on the BEV’s purchase price. However, BEVs were ex-
empted from all car-related taxes such as the automobile tax, acquisition and road taxes [48].
In the United Kingdom, the subsidy on the purchase price amounted up to 3322 €. There
were various tax benefits, and in London, BEVs got discounts/exemptions by entering
the Congestion Zone and Ultra Low Emission Zone [49]. In the USA, there were federal
subsidies of 2041 €; the local subsidies granted in the USA differed from state to state. For
example, in California, there were additional rebates of 2450 €. The VAT of 8.25% was low;
furthermore, the EV customer could get a federal tax credit between 2041 € and 6124 € [22].

Table 3. Incentives in selected countries in the year 2020 [12,21–30,43–45,50–52].

Monetary Incentives Non-Monetary Incentives *

Subsidies Tax Exemptions, Benefits/Other

A
us

tr
ia

5000 €

Tax Exemptions, Benefits

• VAT 20%
• Up-front fuel consumption tax
• Engine-related vehicle tax
• Registration tax (all cars below

118 g/km (2020))
• Ownership tax
• Company tax

Other

• 600 €/per wallbox, 1800 €/per
wallbox for an apartment-building

• Free parking
• Bus lane use

C
hi

na 3300 € (driving range over 400 km),
2400 € (driving range up to 400 km)

Tax Exemptions, Benefits

• VAT 16%
• Vehicle and vessel tax

• Free parking, reserved parking
• BEVs are not subject to

registration restrictions or
driving bans

• Exemption from license plate
quotes, new energy vehicle
(NEV) license (drawing lots,
competitive process)

• Exemption from traffic
restrictions

Fr
an

ce Up to 7000 € (list price under 45,000 €),
3000 € (price over 45,000 €),

Tax Exemptions, Benefits

• VAT 20%
• Registration tax (all cars below

138 g/km (2020))
• Company tax benefits

Other

• 300 € tax credit of purchase and
installation costs of charging
points

• Scrapping premium

• Free parking
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Table 3. Cont.

Monetary Incentives Non-Monetary Incentives *

Subsidies Tax Exemptions, Benefits/Other

G
er

m
an

y

Up to 6000 €

Tax Exemptions, Benefits

• VAT 19%
• Registration fees (26.3 €)
• Annual road tax
• Annual circulation tax (10 years

from the date of registration; after
that, 50%)

• Company tax benefits

• Free parking, reserved parking
spots

• Bus lane use

Ja
pa

n

Up to 3154 €

Tax Exemptions, Benefits

• VAT 10%
• Road tax, toll
• Exemption/reduction from

certain car-related taxes
(automobile weight tax, annual
automobile tax, acquisition tax)

• Free parking
• Priority/special lane use

N
et

he
rl

an
ds

4000 € (list price up to 45,000 €)

Tax Exemptions, Benefits

• VAT 21%
• Road tax
• Registration tax
• Extra benefits for leasing cars
• Company tax benefits
• Tax-deductible investments:

zero-emission cars and charging
points

• Free public charging points

N
or

w
ay

none

Tax Exemptions, Benefits

• VAT 25% (inclusive leasing)
• Registration tax
• Road taxes
• Purchase tax
• Import tax
• Reduction of circulation tax on

fuel
• Company tax benefits

Other

• 815 € for home
charging/infrastructure

• No charges on toll roads or
ferries

• Maximum of 50% of the total
amount on ferries

• Free parking
• Bus lane use
• Access only for BEVs

Sw
ed

en Up to 5700 € (not more than 25% of the
purchase price; linked to CO2
emissions)

Tax Exemptions, Benefits

• VAT 25%
• Registration tax
• Annual circulation tax (CO2,

weight) -> exemption first 5 years
• Company tax benefits
• Climate bonus for 0 g CO2 car

(5961 €)

• Free public charging points
• Free parking
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Table 3. Cont.

Monetary Incentives Non-Monetary Incentives *

Subsidies Tax Exemptions, Benefits/Other

U
ni

te
d

K
in

gd
om

Up to 3322 € (list price up to 45,144 €)

Tax Exemptions, Benefits

• VAT 25%
• Registration tax
• Company tax benefits
• Ownership tax (annual circulation

tax)

• Free entry to London
Congestion Zone and Ultra Low
Emission Zone (ULEZ)
(London)

• Free parking

U
SA

,C
al

if
or

ni
a

2055 € for purchase or lease; California:
additionally, 2466 € (Tesla Models and
General Motors exempted)

Tax Exemptions

• Excise tax
• VAT 8.25%
• Reduced vehicle registration fee of

30 €

Tax Benefits

• Company tax benefits
• Federal tax credits: 2058 €–6175 €

(Tesla Models 2020 exempted); per
manufacturer 200,000 (Tesla and
General Motors exempted)

• Free parking

All data apply to a vehicle purchased/used in 2020. * Quite generic, for example: Just because one country offered free parking for BEVs
did not mean that BEVs could park for free at all parking spaces.

6. Results: Economic Assessment

In this chapter, the focus is on the interpretation of the results from the TCO. It is
of particular interest to analyse the differences in the mobility costs between the selected
countries (China, the USA (California), and some European countries (Austria, Germany,
The Netherlands, Norway) for the year 2020. A look at the composition of an individual’s
expenses is given in detail. An examination of the differences between the cost composition
of ICEs and BEVs is stated, and a general look at the contrast of the chosen cars is provided.
In addition, a calculation of TCO of BEVs without subsidies on investment costs was done.
Furthermore, a sensitivity analysis was performed to determine the impact of a change in
the interest rate or the depreciation time on the annual costs of a vehicle.

First of all, the differences in the purchase price between ICEs and BEVs must be
mentioned. In Case 1, the acquisition costs for a VW Golf, exclusive taxes, amounted to
18,640 € in the selected countries. The purchase price for a comparable E-Golf was slightly
lower, at 16,540 €. Case 2 showed a larger difference between the purchase price for the
Audi A5 (34,220 €) and the Tesla Model 3 (29,870 €). As already discussed in Section 2, the
vehicles were comparable despite the price difference due to similar size and engine power.

Figure 8 (Case 1—Volkswagen Golf vs. Volkswagen E-Golf) and Figure 9 (Case 2—
Audi A5 vs. Tesla Model 3) shows the TCO per year of an ICE and a BEV in selected
countries. The costs include subsidies and taxes. A depreciation period of eight years and
an interest rate of 5% were assumed.

In Case 1 (see Figure 8), total costs per year for a VW Golf ranged from 2520 € in the
USA to 3960 € in Norway. For a VW E-Golf, the TCO per year ranged from 2650 € in the
USA to 2980 € in Norway.

In Case 2 (see Figure 9), TCO per year for an Audi A5 ranged from 3990 € in the USA
to 5960 € in Norway and Austria. For a Tesla Model 3, the costs were between 2760 € in
China and 4460 € in Norway.
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Figure 8. Total cost of ownership (TCO) (Case 1)—VW Golf vs. E-Golf.

Figure 9. TCO (Case 2)—Audi A5 vs. Tesla Model 3.

In both cases, the lowest prices for the ICE were in the USA and the highest in Norway
(Case 1) and The Netherlands (Case 2). The lowest costs for BEVs were in the USA (Case 1)
and China (Case 2). The highest costs could be found in Norway, Germany and the USA.
Case 2 shows the lowest price in the USA for the Tesla Model 3. However, the low costs of
the Tesla Model 3 in the USA was only because Tesla was exempted from subsidies.

The differences in the costs were due to the divergencies in the costs of capital (CCap),
operating & maintenance (CO&M) and energy (CE).

Figure 10 (Case 1) and Figure 11 (Case 2) illustrate the composition of costs in detail.
It also shows how high the costs would be without subsidies. Overall, the most significant
price factor was the CCap, followed by the CE. The CO&M had the lowest impact on the
total costs. In the following. detailed results for selected countries are presented.
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Figure 10. TCO: Case 1—Composition of the TCO in Case 1 for 2020.
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Figure 11. TCO: Case 2—Composition of the TCO in Case 2 for 2020.

The Netherlands, Austria
As shown in Figures 10 and 11, The Netherlands and Austria had very similar TCO.

In The Netherlands, BEVs, per year, were slightly more expensive, and an ICE slightly
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less expensive than in Austria. The Netherlands had a VAT of 21%, and Austria, a VAT of
20%. A significant difference could be found in the amount of registration taxes. In The
Netherlands, registration taxes were almost four times higher than in Austria. Among
the countries considered, registration taxes were only higher in Norway. However, the
ownership tax in Austria was higher than in any of the other countries considered. Gasoline
prices in The Netherlands were the highest within the selected countries, but electricity
prices were in the midfield and lower than in Austria. Austria granted a 5000 € subsidy, The
Netherlands, a 6000 € subsidy for a BEV. The annual costs for the vehicles considered were
very similar. The costs of a BEV in The Netherlands had more impact on the BEV market
share than in Austria (in The Netherlands 10.2%, Austria 6% in 2020). The Netherlands
showed that the high cost for a BEV could be compensated for through high registration
taxes combined with subsidies and high gasoline prices.

Germany, China
In Germany and China, the annual costs of an ICE and BEV were approximately the

same. Germany granted the highest subsidies, with 6000 € for a BEV, among the countries
considered. In comparison, China granted 3000 € for a BEV. In China, the VAT, at 16%, is
rather low; in Germany, the VAT is 19%. In Germany, there are no registration taxes on
ICEs; the ownership tax is also very low. In addition, in China, the registration tax for an
ICE is very low. However, there was a lottery procedure there, so whether an ICE could
be registered at all was a random decision. In China, electricity prices were the lowest
within the selected countries (0.07 €/kWh); fuel prices were also low. Only in the USA was
the fuel price even lower than in China. In Germany, electricity prices were the highest
within the compared countries (0.31 €/kWh). The BEV market share in China was 3.9% in
2019; in Germany, it was 1.8%. An average level of subsidies and low registration taxes
in combination with low electricity prices thus seemed to have a higher impact than high
subsidies in combination with low taxes. China also strongly promoted BEVs with the
lottery process.

Norway
Norway is considered separately at this point. Norway had the largest BEV market

share worldwide, with 45.6% in 2020. Nevertheless, the annual costs for a BEV were very
high. On the other hand, ICEs were much more expensive than in the other countries
considered. This was due to very high registration taxes and high gasoline prices. Only in
The Netherlands was gasoline price higher. The costs of electricity, on the contrary, were
very low (0.08 €/kWh). Lower electricity prices in the selected countries existed only in
China (0.07 €/kWh). In Norway, there were no subsidies for BEVs granted. However, it
balanced itself out again. Nowhere else were so many monetary measures granted to BEVs
as in Norway. The VAT (25%) was, for the EU-average (21%), rather high. Norway showed
that monetary measures, combined with high registration taxes on ICEs, had a high impact
on disseminating BEVs.

USA (California)
The USA (California) had a unique position in terms of the cost of ICEs. The prices

were much lower than in the other selected countries due to the very low VAT of 8.25%.
Additionally, there were no ownership taxes on ICEs. Furthermore, the gasoline price
(0.07 €/kWh) was the lowest within the selected countries, and the electricity price was in
the midfield. For a BEV, there was a 5500 € subsidy granted; this was the second-highest
value within the compared countries. However, Tesla and General Motors were exempted
from the federal tax credit. In the USA, very few non-monetary measures were provided
for BEVs.

Apart from the individual situation in selected countries, there were differences
between the two cases that needed to be considered. As described briefly in the introduction
to this Chapter, this was due to the cars’ different purchase prices. The differences can be
explained as follows:

In Case 1, the TCO for an ICE and BEV was approximately equal. The purchase price
for a VW Golf in, for example, Austria amounted to 18,670 €, and for an E-Golf, 30,090 €.
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However, there were subsidies for the E-Golf in the amount of 5000 €. In addition, the VW
Golf price got higher because of the VAT (20%), registration tax and ownership tax on ICEs.
Nevertheless, the slightly lower electricity costs could not compensate for the higher fuel
costs. As a result, the E-Golf cost more than the VW Golf in Austria.

Case 2 showed large differences in the TCO of a BEV and an ICE. The net price of the
Audi A5 in Austria for example, amounted to 34,280 €, and of the Tesla Model 3, to 29,920 €.
The price difference between the cars was not as high as in Case 1. The Audi A5 cost more
than the Tesla Model 3. Austria guaranteed the same amount of subsidies (5000 €) for the
Tesla Model 3. On the other hand, the Tesla Model 3 consumed 0.16 kWh/km, which was
similar to the VW E-Golf.

The price margins between ICEs and BEVs were reflected in the final results. This
explained the large differences between costs of ICEs and BEVs when comparing the
two cases.

In the following, we would like to show cost composition, without taking subsidies
on the purchase price into account, using the examples of Austria, Norway and California.
Cost allocations without subsidies for all countries considered are implemented in Figure 10
(Case 1) and Figure 11 (Case 2).

In Austria, in Case 1, the annual costs of 2860 € for a VW E-Golf would amount to
3230 € per year without subsidies. The E-Golf would be cheaper than the comparable VW
Golf at 3530 € per year. Taking Case 2 into consideration, the annual cost of 2850 € for
a Tesla Model 3 would be 3220 € without subsidies. A comparable Audi A5 would cost
5950 € per year. Therefore, in this case, the EV without subsidies would still be even much
cheaper than ICE.

Norway was the only country considered where no subsidies were granted. Never-
theless, BEVs were much cheaper than comparable conventional cars. In no other country
considered was the difference between ICEs and comparable BEVs higher than in Norway.

In California, in Case 1, the annual costs for a VW E-Golf without subsidies would
amount to 3050 €. The VW E-Golf would be more expensive than the comparable VW Golf
with yearly costs of 2520 €. Case 2 showed a different situation. Without subsidies, the
Tesla Model 3 would cost 3040 € per year. Therefore, it was cheaper than the Audi A5, with
an annual cost of 3990 €.

This demonstrated that subsidies had a significant impact on TCO.
Sensitivity analyses were done to see how depreciation time and the interest rate

affected the costs. In the first step, the parameter for the depreciation time was changed.
Thus, a period of 6 years and a period of 10 years were used for the calculation. The interest
rate of 5% was not changed. In the second step, the interest rate parameters were changed
to 4% and 6%. The depreciation time of 8 years was not changed.

The following effects of the interest rate were found: If the interest rate was set to 4%,
the costs changed positively (the annual costs become lower). Conversely, an interest rate
of 6% had a negative effect on costs (annual costs become higher).

A change in the depreciation time had the following effects: If a depreciation time of
6 years was assumed, the costs changed slightly positively (the annual costs became lower).
Conversely, a depreciation time of 10 years had a slightly negative effect on costs (annual
costs became higher).

A change in the interest rate parameter had a stronger effect on the annual costs than
a change in the depreciation time.

In summary, the annual cost of an ICE was the highest in Norway, The Netherlands
and Austria. In the USA (California), China and Germany, the annual costs for an ICE
were the lowest. The high costs of conventional cars in Norway and The Netherlands were
mainly due to the very high fossil fuel prices and registration taxes. In contrast, fuel prices
in the USA (California) and China were very low.

In Norway, the high costs of BEVs were due to the lack of subsidies; in Germany, it
was due to very high electricity prices. The very high BEV market share (52% in 2020) in
Norway was explained by the fact that there were additional rebates for home charging
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infrastructure and more non-monetary measures than anywhere else as well as the high
registration taxes on ICE.

In the USA (California), the annual cost of a BEV was the lowest. In Case 2, the high
cost of the Tesla 3 was an exception because Tesla, in particular, was exempt from subsidies.
Electricity prices were in the lower middle range; subsidies were quite high. Nevertheless,
the market share of BEVs was only 1.5%. Low annual costs for a BEV were also found
in China (market share 3.9% in 2019), which was due to very low electricity prices. This
demonstrated that low TCO was not enough to ensure successful BEV dissemination.

7. Conclusions

Current policy strategies have a much higher impact on the dissemination of BEVs
than pure private decisions [53]. It is essential to identify the most effective policies and
provide recommendations for policymakers.

Today, almost no electric passenger cars purchased without policy interventions can
be seen. The TCO analysis showed that investment costs of the vehicle itself had the most
significant impact on the TCO and hence, on the unfavourable economics of BEVs. As
demonstrated by the examples of Norway and The Netherlands, the number of BEVs
deployed was highest in countries where proper policy measures are installed.

Norway had the highest BEV market share worldwide. Nevertheless, the annual costs
for a BEV in Norway were very high. ICEs were also much more expensive than in the
other selected countries considered. It was shown that measures such as the increase of
prices for ICEs through high registration taxes and high fuel prices and non-monetary
incentives such as access to certain zones and the usage of bus lanes for BEVs were highly
effective. Furthermore, Norway’s electricity prices were very low. The Netherlands also
showed that the high cost of a BEV could be compensated for through high registration
taxes and high gasoline prices. In addition, high subsidies were granted on BEVs in The
Netherlands.

Low costs for BEVs alone did not ensure high EV dissemination. Nevertheless, the
high price of BEVs was still a barrier [14]. Non-monetary incentives, combined with
indirect policies such as high registration taxes and high fuel prices, are highly effective. In
addition, it could be identified that incentives such as low electricity costs should always
be linked to de-incentives such as high fuel prices [11]. All of these incentives are highly
dependent on policy intervention (but also on spatial conditions).

The analysis of the TCO also demonstrated that a change in the interest parameter
had a stronger effect on the annual costs of a vehicle than the depreciation time. It follows
that a reduction in the depreciation time will probably not lead to a remarkable reduction
in costs.

Other factors for the successful diffusion of BEVs that were not considered in this
paper are the high impact of charging infrastructure, the GDP and CO2-based taxes [8,9,11].
It is recommended that up-front price support works better than taxation systems [53]. In
addition, essential are the technological progress of batteries and the image of BEVs [6,10].

Finally, the following recommendations for policy makers to reduce CO2-emissions
are summarised. These must be clearly and rigorously prioritized [15]. Forcing electric
mobility in private passenger car transport requires policy interferences at least in the
following dimensions:

(i) Pushing the purchases of BEVs by providing remarkable purchase subsidies at least
for the next years to reduce the investment costs over time due to technological
learning effects;

(ii) Implementation of high registration taxes to push up the prices of ICEs even more;
(iii) Legislative measures for the introduction of emission-free transport zones and free

parking for BEVs would be helpful to disseminate BEVs, especially in urban areas;
(iv) Introducing CO2 taxes would support the economic performance of BEVs indirectly

by increasing the prices of petrol and diesel.

Further recommendations based on other studies:
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(v) Setting up the proper charging infrastructure: Along with all types of E-Mobility
goes infrastructure development such as constructing charging infrastructure for
BEVs [8,9,11]. Because this is a problem again concerning regulation, it means the
involvement of policymakers.

(vi) The relevance of the energy source for electricity generation: Regarding the envi-
ronmental performance of any type of E-Mobility, the most crucial question is from
which source the electricity used is generated and how this mix will develop in the
future [19]. With the promotion of renewable energy and RES, electricity becomes as
environmentally clean as possible, but again, this is largely a political decision.

Summing up, policy measures in different dimensions will be the major driving force
for increasing BEVs’ deployment in the future.
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Abstract: Environmental problems such as air pollution and greenhouse gas emissions are especially
challenging in urban areas. Electric mobility in different forms may be a solution. While in recent
years a major focus was put on private electric vehicles, e-mobility in public transport is already a
very well-established and mature technology with a long history. The core objective of this paper is to
analyze the economics of e-mobility in the Austrian capital of Vienna and the corresponding impact
on the environment. In this paper, the historical developments, policy framework and scenarios for
the future development of mobility in Vienna up to 2030 are presented. A major result shows that
in an ambitious scenario for the deployment of battery electric vehicles, the total energy demand
in road transport can be reduced by about 60% in 2030 compared to 2018. The major conclusion
is that the policies, especially subsidies and emission-free zones will have the largest impact on
the future development of private and public e-mobility in Vienna. Regarding the environmental
performance, the most important is to ensure that a very high share of electricity used for electric
mobility is generated from renewable energy sources.

Keywords: battery electric vehicles; public transport; emissions; policies

1. Introduction

Globally, cities generate about 80% of the GDP, consume about 75% of global primary
energy, and cause more than 70% of energy-related carbon dioxide emissions [1]. The number
of the urban population is rapidly increasing worldwide, from 751 million in 1950 to 4.2 billion
in 2018. It is likely to reach about 5.1 billion by 2030 [2]. In Europe, the majority of citizens
live in urban areas, and for their daily life, they require some kind of private or public
mobility. Urban mobility is an important facilitator for economic growth, employment and
development. In the EU, urban mobility already accounts for 40% of all CO2 emissions
of road transport and up to 70% of other pollutants from transport [3]. With increasing
urbanization, problems such as congestion and pollution are becoming more and more
evident, especially in larger cities. Hence, one of the key challenges in the transition towards
more sustainable development of the energy system is the transport sector. Moreover, there
are two trends, urbanization and electrification, which are deeply transforming energy
systems globally [4]. However, most of the cities have car-centric infrastructures built in the
20th century, which occupy large territories and cause high rates of urban air pollution and
congestion. Especially in urban areas, electric mobility is seen as an important means to cope
with local environmental problems as well as to combat global warming.

The shift from private cars to public transport and the electrification of mobility are
often seen as the right ways towards sustainable development of urban areas. However,
it is important to notice that electric mobility in both private and public transport has a
long history.

In particular, the capital of Austria has a long history of electric mobility. In Vienna,
trams powered by electricity, at 600 V DC, have been used since 1897. Due to their lower
noise and smell compared to horse-drawn and steam trams, they very quickly became the
favorable option. Horse-driven trams were removed from use in 1903 and steam trams in
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1922. In the first half of the 20th century, since private cars were too expensive for most of
the population, trams were a major transport mode in Vienna. Still today, electric trams are
an essential part of the public transport system in Vienna in spite of the broader portfolio
of other mobility options. Over time, some parts of the tramlines were replaced with buses
and metros, but the Viennese trams network comprises around 220 km, which makes it the
sixth largest in the world [5].

Today, the metro is the backbone of the public transport system in Vienna. After the
first test operations in 1976, the modern metro opened in 1978. Over time, the number of
lines increased, as did the total length of the network. The current underground network
extends to 83 km.

Besides the tram and metro network, there is also a bus line network in Vienna of about
850 km. Although most of the buses are still powered by fossil fuels, there are different
initiatives for purchasing electric buses. Since 2013, fully electric eight-meter minibuses
have been used in the city center. Currently, 12-m battery-electric buses are in the test stage
and should be included in passenger service from 2023. Moreover, the first hydrogen bus
is in test operation this year, 2020 [6–8].

The electrification and historical development of the public transport system in Vienna
is depicted in Figure 1.

Figure 1. Development of electrification of the public transport system in Vienna.

Reorganizing urban mobility towards more sustainability is a common challenge to
all major cities. Efficient and effective urban transport is crucial for the achievement of
sustainability goals. However, the development of mobility is very dependent on policies
implemented and policy objectives set for the future. Already in 2011, the Transport White
Paper [9] sets the goal to reduce the use of conventional fossil-fueled cars in urban transport
by 50% by 2030 and to phase them out completely by 2050. As a follow-up to this document,
the European Commission came up in 2013 with an Urban Mobility Package with a special
focus on urban road charging and access restriction schemes, monitoring and management
of urban freight flows and financial support mechanisms for the preparation of Urban
Mobility Plans.

However, the success of the European policies and goals, which are agreed upon at the
EU level, depends also on actions taken and policies implemented by national, regional and
local authorities. This is the reason that the development of urban mobility is quite different
from city to city. Although the developments are different, the increasing use of alternative
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fuels and alternative automotive technologies can be noticed in most cities. Over the last
decade, special interest in electrification of mobility has been rapidly increasing.

In the literature, different aspects of electrification of mobility have been discussed
in recent years. Held and Geritts [10] conducted a qualitative comparative analysis of
urban e-mobility policies in 15 European cities. Liberto et al. [11] analyzed the impact of
electric mobility in Rome. Ajanovic and Haas [12] examined the major impact factors on the
broader dissemination of electric vehicles in urban areas. Assessment of the electrification
of urban mobility with the special focus on buses was conducted by Scarinci [13]. Since
public transport is one of the backbones of sustainable transport strategy in the EU, further
electrification of public transport is essential for the reduction in emissions in this sector. In
the scope of the ELIPTIC project, 20 showcases with variations of electrified public transport
under different operational, geographical and climate conditions are demonstrated and
analyzed [14]. The development of e-mobility in urban areas is very different from city
to city, and it is important to exchange lessons learned. However, in the literature, only a
few contributions exist dealing with e-mobility in all its facets. Currently, there are many
papers focusing on electric cars despite their minor relevance compared to public transport,
e.g., underground and trams.

The major contribution of this paper is the comprehensive analysis of electric mobility
in the city of Vienna from an economic and environmental point of view considering the
individual as well as public mobility powered by electricity. An additional aim is to assess
CO2 emissions taking into account various electricity generation portfolios as well as the
hidden and embedded GHG emissions from production, assembling and scrappage of
the electric vehicles. The paper documents the major historical developments, shows the
current situation and analyzes possible future scenarios for the electrification of mobility
considering existing targets and policy framework, as well as the effects of stronger use of
renewable energy in electricity generation.

This paper starts with a brief history of electric mobility in Vienna. In the next section,
the recent developments and current situation of mobility in Vienna are described. In
Section 3 policy framework is documented. Section 4 describes the methods used for eco-
nomic and environmental assessments. In the next sections, the results of our economic and
environmental analysis are provided. The scenarios for future development are presented
in Section 7, and major conclusions are derived at the end.

2. Background: Recent Developments and the Current Situation of Mobility in Vienna

Vienna is a city with a continuously growing population and consequently an increas-
ing demand for energy services, including mobility. The development of overall energy
consumption in transport by fuel in Vienna is depicted in Figure 2. The increase in energy
consumption between 1990 and 2018 was about 63%. The largest amount of this energy
consumption was covered by fossil fuels. For example, in 2018, the total final energy con-
sumption was about 14 TWh, with only a small amount, 644.3 GWh, covered by electrical
energy. In total, the highest energy consumption was reached in 2005 with about 15 TWh.

Over time, different fuel mixes have been used in the transport sector. The fuel used
most in 1990 was petrol and in 2018 diesel. For example, in 1990, the share of diesel fuel in
the energy mix was 35%, but this had risen to 70% by 2018; see Figure 3. It is interesting to
note that in spite of all supporting measures implemented with the goal of accelerating
electrification of mobility, the share of electricity in the energy mix in the transport sector
in 2018 was almost the same as in 2000 at about 5%.

Over the years, interest in different transport modes has also changed. Between the
1970s and the early 1990s, the use of public transport steadily decreased while the use
of private passenger cars increased. However, due to the more evident environmental
problems related to the transport sector, as well as reduced service prices and improved
quality in services, the use of public transport in Vienna has increased remarkably in recent
years; see Figure 4. Moreover, like in other cities, cycling is becoming a more and more

77



Energies 2021, 14, 217

popular mobility option. Electric mobility increased in total from about 17% in 1970 to
about 23% in 2019 with a historical low in 1993.

Figure 2. Development of overall energy consumption in transport by fuel (data source [15]).

Figure 3. Share of fuels used for mobility in Vienna, 1990 vs. 2018 (data source [15]).
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Figure 4. Development of modal split in Vienna, 1970–2018 (data source [15,16]).

Currently, the most kilometers driven in Vienna are covered by public transport. In
2018 in total, 153 million vehicle kilometers (vkm) were traveled by public transport. The
underground had the biggest share, with 70.7 million vkm; see Figure 5. In Vienna, most of
the buses still operate on fossil fuels, but there is a significant effort to increase the use of
electric buses, with electric minibuses used currently in the city center.

Figure 5. Share of vehicle kilometers of public transport, 2018 (data source [17]).

The development of electricity consumption in transport is depicted by mode in
Figure 6. The results combine a top-down and a bottom-up approach. The electrical energy
consumption of railway and underground is available in statistical data [15]. The electricity
demand of city buses, trams and passenger cars is calculated using data for the vehicle’s
fuel intensity (FI) and vehicle kilometers driven (dvkm):

Ei = FIi·dvkmi
(1)

with i ∈ {city bus; tram; passenger cars}.
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Figure 6. Electricity consumption in the transport sector by transport mode in the period of 1990–2018 (data source [17]).

Electricity consumption in tram transport was stable in the period of 1990–2018,
whereas the electricity consumption of underground transport more than quadrupled in
the same time.

The use of electricity for private passenger mobility is still very low, although a broad
portfolio of policy measures is provided with the goal of accelerating the use of electric
vehicles. Figure 7 shows the development of the passenger car stock from 1990 to 2019.
Private passenger mobility is dominated by conventional internal combustion engine
vehicles, powered by petrol and diesel.

Figure 7. Stock of passenger cars from 1990–2019 (data source [18]).

However, the total number of electric vehicles used for private and public mobility is
rapidly increasing over time; see Figure 8. Since 2010, electric cars, motorcycles and trucks
have shown significant growth in their stock numbers.
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Figure 8. Development of the stock of private and public electric vehicles by mode from 1990–2017 (data source [17,18]).

In 2001, Wiener Linien, Vienna’s public transport operator, fundamentally changed
its counting method of underground trains. This explains the immediate growth of metro
railcar stock between 2000 and 2001.

The number of underground railcars is significantly higher than the number of un-
derground trailers. The standard U-type underground train has six railcar wagons (three
twin railcars). The type T has mostly four railcars. Type V consists of six wagons, with
the end-wagons as trailers without a propulsion system, meaning a type V metro train
regularly consists of two trailers and four railcars.

3. Policy Framework

With the oil crisis in the 1970s, it became apparent that traffic could not continue
to grow only based on fossil fuels. At first, measures such as restrictions in car use,
e.g., leaving the car at home one day a week were implemented. In addition, in the 1980s,
the extension of local public transport was accelerated. Due to environmental problems,
freight transport was transferred from road to rail. The Transport Master Plan [19] was
published in 1991 with the goal to improve the attractiveness of public transport, to reduce
road-traffic-related emissions (noise and air pollution) and to introduce the concept of true
costs in the transport sector.

The Traffic Concept for Vienna was first published in 1969. Since then, new transport
and mobility concepts have been adopted every ten years. Currently, the policy framework
in Vienna is based on policies and targets set on the EU and Austrian national level. The
most relevant documents on the EU level are the White Paper on Transport [9], and the
guidelines for Sustainable Urban Mobility Plans [20]. On the national level, the most
important documents are the Energy Strategy Austria from 2010 and the Transport Master
Plan from 2013. With the Smart City Vienna Framework Strategy (2014), Vienna has
committed to the European energy and climate targets [21,22]. the documents such as the
Urban Development Plan (STEP 2025) from 2014, Urban Mobility Plan Vienna (2015) and
E-Mobility Strategy (2016), the goals for the future development of mobility in Vienna are
also clearly set.

The essential strategies relevant for the implementation of e-Mobility are [22]:
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- Development of a master plan for electric mobility;
- Development of innovative business models, creating market rules for the provision

and use of electricity and charging infrastructure;
- Creation of tax incentives to promote the procurement and distribution of electric vehicles;
- Information, motivation, training and awareness-raising.

There are different tax benefits and incentives provided for e-mobility. They can
be divided into three categories: federal subsidies for private individuals, subsidies for
companies and tax advantages.

Currently, individuals who purchase electric cars, e-mopeds, e-motorcycles and e-
transport bikes receive subsidies. Prerequisites are the use of electricity from renewable
energies with a range of at least 50 km and a gross list price of a maximum of €50,000.
Electric and fuel cell vehicles are subsidized with €1500, plug-in hybrid and range extender
with €750, e-motorcycles with €500, e-mopeds with €350 and e-transport bikes with €200.
The purchase of e-charging stations is also subsidized. In addition, there are federal-state
subsidies (e.g., €1000 per e-car in Lower Austria) [23]. The same subsidies are also available
for companies. However, the gross list price may not exceed €60,000.

Moreover, e-vehicles are exempt from the standard consumption tax (NoVA), the
motor vehicle tax above 3.5 tons, and the motor-related insurance tax up to 3.5 tons.
In addition, they are exempt from mineral oil tax (MÖSt), and only minor energy taxes
(electricity) are payable [24]. If an e-vehicle (max. 80,000 purchase price) is used for business
purposes, there is the possibility of an input tax deduction (purchase costs, leasing expenses,
operating costs) [23].

Besides different tax benefits and incentives provided for e-mobility, there are also
subsidiary programs provided with the goal to support implementation of various pilot
and demonstrations projects, e.g., purchase of different types of electric vehicles (electric
scooters, mopeds, motorcycles, electric bicycles), development of infrastructure, e-mobility
management, e-fleets and e-logistics.

The City of Vienna supports expansion measures and enacts laws relevant to e-mobility.
The Vienna Parking Garage Law stipulates the provisioning of empty cable ducts for future
charging stations in new parking garages. Furthermore, it is recommended to provide
charging infrastructure in semi-public areas such as parking slots and petrol stations.
Strategic locations such as multimodal hubs are particularly suitable for the installation of
charging infrastructure [22].

E-vehicles are increasingly used in the logistics sector. This reduces emissions as
well as noise and increases the performance coefficient. With the framework strategy
“Smart City Vienna”, the City of Vienna has committed itself to cooperate with the logistics
sector [25].

Energy suppliers should follow existing systems like the Vienna Energy “tank” system.
They should offer tailor-made business models and integrated solutions for private and
business customers from a single source that are economically viable, suitable for everyday
use and user-friendly (regarding the existing electrical power supply infrastructure, the
installation of charging stations and energy billing) [22].

One of the most important research projects in the field of e-Mobility is the E-Delivery
on Demand’ (Tranform+) project, a mobility lab that has been running since 2015. At the
Liesing Industrial Park, it tests how delivery services, car rentals and carpools can be
organized more efficiently. The aim is to generate a pooled, demand-oriented and cost-
efficient model with the use of e-vehicles [22]. Another mobility lab is the aspern.mobil
LAB, which deals with active mobility, mobility as a service as well as first- and last-
mile logistics. The mobility lab thinkport VIENNA deals with freight logistics solely.
The research program Mobility of the Future should also be mentioned here: it was started
in 2012 and focuses on the sustainable and environmentally friendly development of
alternative and innovative drive technologies and mobility solutions.
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Furthermore, there is a big focus on raising the awareness of the general public
regarding e-Mobility via campaigns. Advancements in e-mobility bring new jobs and thus
a need for training and further education.

4. Method of Approach

In this section, the method of approach for the economic and environmental analyses
conducted in this paper is documented. This approach is based on the Total Cost of Owner-
ship calculation method of the total mobility costs [26,27], well-to-wheel methodology [28,29],
as well as on the assessment framework developed in our previous works [30–32].

For the economic assessment investment costs, energy costs and other operating and
maintenance costs, as well as relevant taxes and incentives, are considered. The total costs
per km driven Ckm are calculated as:

Ckm =
IC · α

skm
+ Pf · FI +

CO&M
skm

[€/100 km driven] (2)

where:
IC: investment costs [€/car]
α: A capital recovery factor
skm: specific km driven per car per year [km/(car.yr)]
Pf: energy price incl. taxes [€/kWh]
CO&M: operating and maintenance costs
FI: energy intensity [kWh/100 km].

The environmental assessment is divided into assessment of well-to-tank (WTT) and
tank-to-wheel (TTW) emissions. In addition, emissions embedded in the car (TTWcar)
are included in the analysis. WTT emissions in the fuel cycle are calculated using the
following equation:

WTTf uel = fPrCO2 ·Epr (3)

where:
fprCO2: CO2 emission factor of primary energy
Epr: primary energy input.

TTW emissions in the fuel cycle are calculated using data for the energy intensity of
vehicles and the specific CO2 emission factors of energy used, as well as depending on the
specific number of kilometers driven per year:

TTWf uel = FI·skm· fCO2 (4)

where:
fCO2: CO2 emission factor of fuels
FI: fuel intensity
skm: specific km driven per year and car.

The embedded emissions of the car are calculated per year and kilometers driven as:

TTWcar =
CO2car

skm·LT
(5)

where:
CO2car: CO2 emissions of car manufacturing including materials
LT: lifetime of car.

Finally, the total CO2-emissions are calculated as the sum of all emissions related to
energy use including the embedded emissions of the car:

CO2 = WTTf uel + TTWf uel + TTWcar (6)
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5. Costs of Private and Public Mobility

One of the major reasons for the low number of battery electric vehicles (BEV) is
related to their higher mobility costs in comparison to conventional vehicles.

Figure 9 depicts the structure of total mobility costs per 100 km driven for conventional
petrol and diesel cars in comparison to battery electric vehicles, assuming 16,000 km driven
per year for all car types and 70% of the total travel activity in Vienna. It can be seen that
the advantage of lower energy costs in the case of electric vehicles is currently more than
compensated by higher capital costs; see Figure 9. They are currently not economically
competitive with conventional cars. Moreover, considering the same travel activity, it is
obvious that public transport is by far the cheapest mobility option in Vienna.

Figure 9. Total mobility costs of passenger cars and public transport per 100 km driven and year in 2018 (average car size:
80 kW).

The major assumptions for the calculation of the total mobility costs of passenger
cars per 100 km driven in 2018 are given in Table 1. In the case of private cars, there is a
significant price difference in mobility depending on the vehicle type and energy used.
However, in the case of public transport, the situation is completely different. In Vienna,
all public transport means have the same price. Nevertheless, the most expensive is to
purchase single tickets, and cheapest to have an annual ticket for public transport. The
annual ticket is valid on all means of public transport within Vienna for exactly 365 days.
It costs on average 1 EUR per day. This is the reason that the number of such tickets is
rapidly increasing. In 2018, 822,000 annual tickets were sold.

Table 1. Assumptions for calculating the total mobility costs of passenger cars and public transport in Vienna per 100 km driven and
year in 2018.

Investment Costs (Incl.
VAT and Registration

Taxes)
Fuel Price O&M Costs Fuel Intensity Ticket

Total Distance
Driven

EUR/Car EUR/Unit EUR/Car/Year kWh/100 km EUR/Year km/Year

Passenger cars
Petrol 14,000 1.3 624 53.8 16,000
Diesel 15,500 1.2 600 50.8 16,000
BEV 37,000 0.18 382 19.7 16,000

Public transport 365
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It is of course clear that the number of km driven is not the same for all transport
technologies and modes. Yet for the sake of comparison, the same number of km driven is
assumed for all vehicles, and 70% of the total travel activity is in the city.

6. Environmental Assessment

In the following, at first, the current CO2 emissions of battery-electric and conventional
vehicles are compared, considering different primary energy sources; see Figure 10. Note
that in overall CO2 emissions, the embedded CO2-emissions of car and battery production
as well as of the materials used (TTWcar) are included. For BEV, two different cases are
analyzed, one with electricity produced from renewable energy sources (RES), and one
with the electricity generation mix in Vienna in 2018, which is largely dominated by natural
gas-fired power plants. A major perception of this figure is that despite the fact that
BEVs do not emit CO2 at the point of use (TTWfuel), their full environmental benefits are
possible if the electricity used is generated from renewable energy sources and not in fossil
power plants.

Figure 10. Overall CO2 emissions of conventional and BEVs with various energy sources, (Car size: 80 kW). Abbreviations:
ICE, internal combustion engine; BEV, battery electric vehicle.

WTT emissions of BEVs are very dependent on the primary energy sources used for
electricity generation. The historical development of the CO2-emission factor of electricity
used in Vienna is shown in Figure 11. For electricity, the emission factor of primary energy
fprCO2 is calculated for every year based on the stock of Viennese power plants and the
electricity imports. It can be seen in Figure 11 that over time, a continuous decrease took
place. However, in Vienna, this factor is still very high compared to the Austrian average
(it was 264 kg CO2/MWh in 2018). The possible future developments of this factor up to
2030 are sketched at the end of Section 7.

Based on this emission factor, it is possible to compare the emissions of public transport,
Austrian railways and passenger cars. Figure 12 shows a comparison of CO2 emissions
of various transport modes in Vienna in 2018. For BEV, CO2 emission factor in Vienna is
used, according to Figure 11. The figure of Austrian railways is from their own electricity
generation portfolio, which almost solely consists of hydropower plants. The number for
BEV Austria builds on 72% RES in the Austrian electricity mix. Public transport in Vienna
builds on the same electricity generation mix as BEV in Vienna, yet with a higher occupation.
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Figure 11. Development of CO2 emission factor of primary energy of electricity in Vienna, 2005–2018.

Figure 12. Comparison of CO2 emissions of various transport modes in Vienna in 2018 (own calculation based on statistical
data [15]).

7. Scenarios for the Future of Electric Mobility in Vienna

Since the development of public transport in Vienna is already planned up to 2030,
there is limited freedom in the development of scenarios. The only segment where sig-
nificant changes are possible is passenger car transport, where the shift to BEV could
be intensified. In the following, two possible scenarios for the deployment of BEVs in
passenger car transport are presented.
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The first scenario is a business-as-usual (BAU) scenario created based on recent trends
and developments. In the BAU scenario, it is assumed that the growing rate of BEVs,
which was on average 63% over the last five years, will remain up to 2025 and then will be
reduced to 40% by 2030.

The second scenario is an ambitious (AMB) scenario created assuming stronger pro-
motion policies such as higher subsidies and other benefits for electric vehicle drivers.
Here, the growing rate of BEVs is reduced from 63% in 2018 to only 50% in 2030. Of course,
the decrease in conventional vehicles will be steeper in the AMB scenario including the
target of an overall reduction in the total number of cars (−10%) by 2030.

The vehicle stock (VST) is modeled as:

VSTjt = VSTjt−1 · fg_jt (7)

where:
VSTjt: stock of vehicle type j in year t
fg_jt: growth factor of car type j in year t.

The magnitude of fg_jt is 10% in the BAU scenario and 15% in the AMB scenario.
In addition, the total vehicle stock in 2030 must be lower than the maximum

(VSTMax_2030) allowed by current policy restrictions:

VSTTot_2030 ≤ VSTMax_2030 (8)

VSTTot_2030: total car stock in the year 2030.
Figure 13 depicts the development of the car stock in the BAU and AMB scenario. In

both scenarios, an increase of BEVs and a decrease in the number of internal combustion
engine (ICE) vehicles, as well as in total vehicle stock, can be seen. The curves on the bottom
represent the scenarios for BEVs. In the AMB scenario, the number of BEVs could be about
110,000 in 2030. Due to policies and measures already implemented, the number of overall
car is decreases even in the BAU scenario. The curve on the top shows the development of
overall car stock in the BAU scenario.

Figure 13. Development of number of conventional and electric cars in the business-as-usual (BAU) and the ambitious
(AMB) scenarios.
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The major results of the scenarios with respect to energy demand are shown in Figures
14 and 15. Most important is that in the AMB scenario, through the introduction of BEV, the
total energy demand in road transport can be reduced by about 60% in 2030 compared to
2018. In the BAU scenario, energy demand also decreases but just by 35%, mainly because
of the mandatory reduction of the overall vehicle stock. As Figure 14 shows, already in the
BAU scenario, overall energy demand in passenger car transport can be reduced by 50%
given an overall reduction of the car stock.

Figure 14. Development of overall energy demand in passenger car transport in the BAU scenario.

Figure 15. Development of overall energy demand in passenger car transport in the AMB scenario.
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Although the number of BEVs in the AMB-scenario is higher than in the BAU scenario,
the corresponding increase in energy demand is small, since BEVs have a high efficiency
and hence can be seen as an energy conservation technology.

The major finding is that until 2030, the total energy demand was reduced from
3.1 TWh in the BAU-scenario to 2.5 TWh in the AMB-scenario.

The development of specific CO2-emission factors of the electricity mix is depicted in
Figure 16. The figure shows two possible scenarios: a BAU electricity mix scenario and a
progressive RES scenario. The mix scenario considers that the district heating share requires
more combined heat and power production, which is in principle favorable to the current
mix but worse than electricity generation from RES. The RES scenario assumes that 100%
RES electricity generation is reached in Austria by 2030.

Figure 16. Development of specific CO2-emission factors of electricity in a BAU electricity mix
scenario and in a progressive electricity RES scenario.

The total CO2-emissions (CO2Tot) in these scenarios are calculated as:

CO2Tott = ∑n
j=1 fCO2jt

·Ejt (Mill tons CO2) (9)

with
Ejt: Energy consumption of energy carrier j in year t (MWh)
fCO2_j_t: Overall CO2 emission factor of fuel j.

Figure 17 shows the development of overall CO2-emissions in passenger car transport
in the BAU and the AMB scenario for BEV development and for electricity in an electricity
mix and a progressive electricity RES scenario. Four possible paths are considered. It can be
noticed that the electricity mix used in BEVs has a considerable impact on total emissions
and that use of electricity from RES in the AMB scenario can significantly reduce emissions
from passenger car transport.
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Figure 17. Development of overall CO2-emissions in passenger car transport in the BAU and the AMB scenarios for BEV
development and for electricity in an electricity mix and a progressive electricity RES scenario.

8. Conclusions

The major conclusion is that the policy of the city will have the largest impact on
the future development of e-mobility in Vienna. This concerns public transport as well
as private BEVs. With respect to the promotion of BEVs, two major options are subsidies
and emission-free zones. In addition, announced bans of internal combustion vehicles,
especially diesel vehicles, could also become a strong incentive to purchase BEVs.

However, the following important questions with respect to the development of elec-
tricity generation and electricity demand remain open. First, regarding the environmental
performance, by far the most important is how the electricity generation mix for the elec-
tricity used for e-mobility will develop. Second, specifically for the city of Vienna, it is
important how the demand for district heating will develop. A higher district heating
share requires more combined heat and power production, which is in principle favorable
to the current electricity mix but worse than electricity generation from RES. Finally, it is
also important how the overall electricity demand will develop. The lower it is in general,
the easier it will be to have a larger share of renewable electricity.

Another important issue is the development of the corresponding infrastructure.
The deployment of the proper infrastructure such as overhead lines or other grids for
electricity, installation of rapid and regular charging stations is of utmost importance. The
development of infrastructure is in principle always dependent on regulation, which means
it highly depends on the corresponding policies.

Furthermore, the national policies of Austria will play an important role. A current
official overall target of Austrian energy policy is to reach 100% RES electricity generation
by 2030 in a balanced system. If this could be achieved, of course, it would be a huge jump
forwards towards a sustainable energy system. Consequently, electricity used in transport
would become much more environmentally benign, and the corresponding CO2-emissions
could be reduced significantly.

However, there are also other options for emission-free energy carriers in transport
such as hydrogen or green gases. Today, for short distances and smaller cars, hydrogen
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is not an economically viable solution. However, for larger buses, it could at least be a
possible option.

An outlook for the future emphasizes the core role of generating electricity from RES.
This is the core crucial issue for environmentally benign electric mobility regardless of
which mode is chosen. In addition, there is the question of whether the city will introduce
a more ambitious strategy with respect to the reduction of private cars in general and
ambitious towards more environmentally benign mobility modes. In any case, from the
individual and societal points of view, economics will play a crucial and predominant role.

In summary, concrete steps recommended for future policies are to (i) introduce and
extend emission-free zones in urban areas; (ii) force electricity generation from RES; (iii)
ensure that mobility costs of all transport modes reflect full life cycle emissions are as
correct as possible. Finally, it can be stated that these findings are generalizable virtually
worldwide.
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Abstract: Electrification offers an opportunity to decarbonize the transport sector, but it might also
increase the need for flexibility options in the energy system, as the uncoordinated charging process
of battery electric vehicles (BEV) can lead to a demand with high simultaneity. However, coordinating
BEV charging by means of smart charging control can also offer substantial flexibility potential. This
potential is limited by restrictions resulting from individual mobility behavior and preferences. It
cannot be assumed that storage capacity will be available at times when the impact of additional
flexibility potential is highest from a systemic point of view. Hence, it is important to determine the
flexibility available per vehicle in high temporal (and spatial) resolution. Therefore, in this paper a
Markov-Chain Monte Carlo simulation is carried out based on a vast empirical data set to quantify
mobility profiles as accurately as possible and to subsequently derive charging load profiles. An
hourly flexibility potential is derived and integrated as load shift potential into a linear optimization
model for the simultaneous cost-optimal calculation of the dispatch of technology options and long-
term capacity planning to meet a given electricity demand. It is shown that the costs induced by BEV
charging are largely determined by the profile costs from the combination of the profiles of charging
load and renewable generation, and not only by the additional energy and capacity demand. If the
charging process can be flexibly controlled, the storage requirement can be reduced and generation
from renewable energies can be better integrated.

Keywords: electricity sector; flexibility; electric mobility; demand side integration; total system
costs; decarbonization

1. Introduction

In order to achieve climate targets specified in international agreements, countries
set emission reduction targets and action plans in all sectors [1]. The strong expansion of
renewable energies plays an important role for the target achievement, but also the rise of
the electrification of the heat supply and the mobility sector [2] which, however, leads to
a higher electricity demand. Therefore, a more fluctuating feed-in has to meet a demand
which is varying in time and space, which increases the need for flexibility [3]. As a result,
new problems arise for the dimensioning of the necessary grid infrastructure or generation
and storage capacities.

The integration of technologies for sector integration, such as heat pumps or battery
electric vehicles (BEV), and the use of direct load control, e.g., for charging vehicles, are
options to provide flexibility and therefore should be part of the solution. Their actual
flexibility potential, however, is subordinated to given boundary conditions from reality.
For BEV in particular, there are restrictions resulting from individual mobility behavior.
The batteries of electric vehicles cannot be assumed as a large storage capacity available at
times when impact of additional flexibility potential is highest from a systemic point of
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view. An efficient use of flexibility options can reduce the need for additional technology
investments and thereby the costs for the electricity supply.

The question arises: how can the demand and the flexibility potential of BEV be
determined adequately based on empirical mobility data? Subsequently, the impact of the
use of an intelligent charging control on total system costs as well as on necessary generation
capacities has to be analyzed in order to quantify the effects within a systemic evaluation.
Empirical household mobility data, which, amongst others, include duration, start and
ending location as well as standing times, are available for Germany provided from the
Federal Ministry of Transport and Digital Infrastructure (BMVI) [4]. The key findings of
the study, in which the data collection was conducted, are presented in [5], while a more
detailed overview on the data can be found in [6]. Taking only the averages of all rides in
the data leads to a mobility pattern which does not reflect the variety of individual mobility
needs and therefore additional assumptions to subsequently derive realistic charging
profiles are necessary. In [7], for example, a clustering is used to construct representative
driving patterns based on historical data. Data-samples on real charging behavior are
published in several studies and research projects and often used to derive only generic
load profiles, as is done in [8].

The flexibility potential based on charging curves can be determined with several
methods and can be described differently. The timeframe of the use of the flexibility of BEV
can be considered as short-term when it is compared with the definition in [9], because the
mobility is assumed to have a daily pattern with its resulting restrictions. Approaches for
modeling differ fundamentally in whether Vehicle-to-Grid (V2G) is enabled or only the
pure shifting of the loading process is considered. In addition, further boundary conditions
can be assumed, such as blocking times during which the charging process cannot be
postponed or a minimum charge level of the vehicle. In the literature, the willingness of
BEV owners to allow external access at all as well as possible financial incentives, which
would be necessary, is discussed [10].

Above all, in the optimization of the renewable self-consumption or the net purchase,
intelligent load strategies play a large role in the future. Partly they are already imple-
mented in real demonstrators (for example in [11]) and are part of research (for example
in [12]) as well as being implemented in reality. In many cases, a fixed electricity price
curve is specified, the own consumption is maximized or the peak of the power supply is
minimized. The use of flexibility to stabilize the power grid is also investigated and can be
useful if sufficient knowledge of the locally available potential is available. For example
in [13], optimal operation points of an existing network are identified using a Monte Carlo
simulation under consideration of a given load (including BEV) and renewable energy
production. These local analyses often neglect interaction with the rest of the energy sys-
tem and therefore don’t have a focus on future effects on the energy system regarding
capacity expansion.

In analyses for the long-term planning of the energy system, the effects of increasing
electrification of the transport sector on the energy system have already been analyzed,
e.g., in [14]. The amount of energy required for motorized private transport and freight
transport is determined and integrated into the respective model by means of a load curve.
The studies differ in the spatial resolution or other aspects as well as the system boundary
and the level of detail in the transport sector. Research studies focus, amongst other factors,
on the necessary grid extension [15] or impacts on household prices [16] on an actor’s
perspective by a rising penetration of BEV. Effects on a systemic level concerning the
flexibility use in high temporal resolution, the necessary capacity investments and the
resulting system cost components are not analyzed extensively with a focus on BEV. The
difficulty in all these investigations remains, however, to determine the individual mobility
behavior in general in order to determine a realistic availability of flexibility and to quantify
the benefit in interactions with the dynamic energy system.

Therefore, this paper presents an approach to adequately determine the load profiles
and the flexibility potential of BEV and their integration, as well as its use, within an
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electricity market model. The question of the optimal technology mix for cross-sectoral
decarbonization of the energy system is not the focus of attention.

2. Materials and Methods

In the given paper, a methodology is presented to adequately determine the flexibility
potential of BEV and to calculate its use within an electricity market model considering
feedback effects. BEV-specific input data are determined based on empirical mobility data
for Germany within a mobility tool. In this tool, mobility profiles per car are determined
using a Markov-Chain Monte Carlo simulation. Based on these profiles, the resulting
load curve of BEV’s, and subsequently the flexibility potential, is determined as input
for the electricity market model. In order to evaluate the benefits of a flexibilization of
the BEV charging process by demand side integration (DSI), we determine the flexibility
requirements and calculate total system costs in a scenario with ambitious climate targets
with the electricity market model in which different technologies and flexibility options are
implemented. An overview of the methodology is shown in Figure 1. The mentioned boxes
and its key points, listed under the headlines “(EV-)Mobility Simulation Tool” (Empirical
Mobility Data, Mobility Profiles, BEV Charging Profiles, Flexibility Potential of intelligent
BEV-charging) and “Electricity Market Model E2M2”, are addressed in more detail in the
following methodology presented in this section.

Figure 1. Overview of the approach presented in this paper.

2.1. Determination of Mobility and Load Curves

An empirical data set on the mobility behavior of private individuals in Germany
with more than 316,000 respondents is available as the basis for determining mobility
profiles [4]. It contains, amongst others, information on the time of departure, the purpose
of the journey, the duration of the journey and the standing times in a quarter-hourly
resolution. Based on these data, transition probabilities are determined in order to use
them in a Markov-Chain Monte Carlo simulation and thereon develop mobility curves.

A probability for the vehicle status results from the sum of the trips at the respective
point in time and the following driving status in the next time segment. The stochastic
process of the time a vehicle starts to arrival at its destination can be reduced to the states
“en route” or “standstill” and described as solely dependent on the initial state for every
time step. Following [17], it can subsequently be modelled as a discrete-time stochastic
process (Xn)nεN0 with finite state space Z and is called a Markov Chain if it satisfies the
Markov property, i.e., if the following holds:

P({Xn+1 = Zn+1}|{X0, . . . , Xn)= (z0, . . . , zn)}) = P({Xn+1 = Zn+1}|{Xn = zn}) (1)
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For all n ∈ N and z0, . . . , zn+1 ∈ Z with P({(X0, . . . , Xn) = (z0, . . . , zn)}) > 0 [18].
The conditional probability P({Xn+1 = Zn+1}|{Xn = zn}) is called the transition

probability from the state z at time n to the state z at time n + 1. Each theoretically possible
state at time n + 1 is assigned a transition probability depending on all possible initial
states at time n. These transition probabilities can be summarized in a quadratic matrix,
which is called a transition matrix [18].

Such transition matrixes are generated for every time step and state using the vast
data set of MiD 2017, which comprises empiric mobility profiles of 25,922 households with,
in total, 60,713 persons and 193,290 routes. The Markov-Chain Monte Carlos simulation is
used based on the transition matrix for the vehicle conditions depending on the time-step
(96 quarter hours per day), the weekday (7 days), the season and the last route’s purpose
(9 different purposes). An example of such a transition matrix for the cars condition is
given in Table 1.

Table 1. Structure of the transition matrix for the condition of the car with exemplary entries.

Season Weekday Time Step Last Routes Purpose Initial State
Final State

∑
En Route Standstill

. . . . . . . . . . . . en route
standstill . . . 1.00

1.00

Autumn Monday 7:00 to 7:15 . . . en route
standstill

0.93
0.00

0.07
1.00

1.00
1.00

. . . . . . . . . . . . en route
standstill . . . 1.00

1.00

The implementation of the simulation is described in detail by [17]. The advantage of
this procedure is that each of the single runs recorded in the data set are taken into account
to determine the transition matrix and therefore the synthetic motion profiles. For every
car, the current status and the initial state of the car leads to the probability of the transition
matrix for the next time step, the final state of each simulation.

Following this concept, another transition matrix is created based on the empirical
data to aquire the probabilities for the purpose of the route when the car’s status is changing
from “standstill” to “en route”. The purposes of the route include, for example, “way to
work”, “leisure” or “drive home”. The data set includes a total of 9 purposes, which are
dependent on the season and the weekday. An example for the transition matrix for the
route purposes is given in Table 2.

Table 2. Structure of the transition matrix for the route purposes of the car with exemplary entries.

Season Weekday
Final State (9 Route Purposes)

∑
Way to Work Leisure . . . Drive Home

. . . . . . . . . 1.00

Autumn Monday 0.23 0.17 . . . 0.12 1.00

. . . . . . . . . 1.00

The Markov-Chain is processed for each of the assumed cars within the Monte Carlo
simulation until the result converges again to the expected value.

Furthermore, the vehicle mean speed v(t) is determined by means of a conditional
probability distribution of vehicle mean speed depending on the time, weekday and season
in the same way using a Monte Carlo simulation. As a result of the simulation, we get the
information about the mileage per quarter hour and the position per hour. Assuming a
specific demand per km, we get the energy consumption and so the state of charge (SoC)
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per car and quarter hour. Consumption only occurs if the vehicle condition is declared as
“en route”.

If the state of the car changes to “standstill” and “at home” in the next time step, the car
is stated to be connected to the grid as a specific user behavior, and immediate uncontrolled
charging at home after each journey is assumed. The sum of all cars’ simulation results
leads to the mobility profile and the charging profile from BEV. In the following equations
to describe the interface between the mobility simulation and the optimization model,
parameters are annotated with “P”, and variables with “V”. By aggregating the quarter-
hourly simulation results for each hour t, the maximum charging power of all connected
cars, which is further referred to as the “grid contact curve” can be described by

PMaxCharging(t) = PBEV connected(t) ∗ Pcharging capacity (2)

A charging infrastructure with a charging capacity of 3.7 kW, as installed in most
households, is assumed [19]. The charging process in the simulation tool starts with
maximum power until the vehicle is fully charged. The number of charging car at each
time step can be described by

PBEV-charging(t) = ∑
i

PBEV connected,i(t) | i with SoCi < SoCmax (3)

An initial state of charge of the batteries based on the final state of the previous day is
also taken into account. Within the tool other options, e.g., charging at work, are possible
but not part of this study.

The consumption of the cars, the connection to the grid and the charging capacity
results in the user controlled charging-curve of all BEV for each time step and is stated by

PElecDemand,BEV-charging(t) = PBEV-charging(t) ∗ Pcharging capacity (4)

In the work presented here, the mobility data are summarized for the core week from
Monday to Thursday and for each season to reduce complexity. Further on, the Monte
Carlo simulation is processed 750 times (which corresponds to 750 vehicles) to reach a high
statistical accuracy of results while having a tolerable calculation time. Within a season, the
mobility behavior for a Friday, for example, is always assumed the same. This results in a
typical week for each season, which describes all weeks in this season. By aggregating all
seasons, the course for a whole year is then obtained.

At the moment, Germany mainly has vehicles with combustion engines and thus
these also form the basis for the majority of data on mobility behavior. For the derivation of
the charging curve of BEV, it is assumed that the mobility requirements and user behavior
will remain the same in the event of a greater penetration of electric vehicles in the future.
Therefore, we use the current mobility behavior data for combustion engines for our
mobility demand calculation without considering different user types.

A representative BEV is assumed for the calculation of the load curve. The specific
consumption and battery capacity is calculated by quantity weighting for each vehicle
segment and the electric vehicles newly registered in Germany. The data and the derivation
of a typical BEV are given in the Appendix A.

2.2. Determination of the Flexibility Potential of Intelligent Charging Control

To determine the flexibility potential of an intelligent charge control, further assump-
tions are made. The use of V2G is excluded, since the technology is currently still in the
experimental stage and no solutions have yet been found regarding the compensation
payment for the expected reduction in service life due to aging of the batteries as a result of
the additional number of cycles. Furthermore, it is assumed that the charging capacity can
only be postponed to a later point in time, since every vehicle is charged in uncontrolled
mode immediately after plugging in. A shifting forward of the load would be possible in
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regard to the aggregated charging curves, but does not reflect the results of the modeling
and the spatial distribution of the cars in reality.

The goal is to describe and quantify the load shift potential based on the determined
load curves. For this purpose, a range of the maximum possible load is defined, which
corresponds to the power of all vehicles with full power supply connected at that time:
the grid contact curve. It includes vehicles that are already fully loaded and currently
not receiving any power. The difference between the maximum possible charging power
PMaxCharging(t) (the grid contact curve) and the actual charging power at a given point
in time PElecDemand,BEV-charging(t) corresponds to the positive flexibility potential through
power increase (PDSI-potential,Up(t)), as shown in Equation (5).

PDSI-potential,Up(t) = PMaxCharging(t)− PElecDemand,BEV-charging(t) (5)

This is also referred to as “PowerUp” or “PowerUp-Potential” in the following. The
negative flexibility potential PDSI-potential,Down(t) results from the difference between the
actual charging power and the zero line, no charging process, therefore called “PowerDown”
or “PowerDown-Potential”.

PDSI-potential,Down(t) = PElecDemand,BEV-charging(t) (6)

The relation is also depicted in Figure 2. It shows the maximum possible charging
and the realized charging as well as the possible increase or decrease of the process by
specifying the PowerUp or PowerDown for an exemplary day, each normalized to the grid
contact of all vehicles.

Figure 2. Depiction of the simulated realized charging profile for an exemplary day (yellow line), the
maximum possible charging of all cars connected to the station (orange line), the maximum positive
flexibility (blue arrow) and maximum negative flexibility (black arrow), normalized values.

As a further assumption to limit the flexibility potential, a maximum duration of the
shift is given. We assume that owners of electric cars are willing to allow external access
to control their vehicles if they are not restricted in their everyday life. An important
point here is the specification of a time at which the vehicle is fully or partially charged.
Therefore, the present model of the flexibility potential also specifies a point in time when
all vehicles must be fully loaded.

Since the mobility curves are determined based on historical data from moving vehi-
cles and the part of the vehicle fleet that is not moved (on average 41.2%) on a day is not
included, the actual demand is overestimated (of about 72.3%) in the modeling when the
number of simulated vehicles is scaled to the existing fleet. The average mileage of the
vehicles in the given data [4] is 24,054 km and is thus significantly higher in comparison
to literature data (13,931 km in 2017 [20]). Therefore, the average mileage of the empirical
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data is scaled to the average mileage of a passenger car and thus the load demand is
reduced accordingly.

2.3. Implementation in the Linear Optimization Model

To work out the effects of an intelligent charge control of BEV in a nearly decarbonized
energy system with a high share of renewable energies and to analyze the interaction and
feedback with other parts of the energy system, the hourly charge performance curves
and the flexibility potential are integrated in the electricity market model E2M2 (European
Electricity Market Model). It is used to quantify the system effects of the additional
flexibility potential created by the intelligent control of the BEV charging process.

The model, based on [21], simultaneously optimizes the necessary investments in
power plant capacity and flexibility options and their use to meet a given electricity demand
in hourly resolution while minimizing the total system costs Ctotal . The objective function
includes fixed costs, such as annualized investment costs (CInvest) or annual operating costs
(Cf ixOaM), as well as variable costs (Operation and Maintenance (CvarOaM), Fuel (CFuel),
StartUp (CStartUp)) for power plant deployment, as shown in Equation (7).

Ctotal = CInvest + Cf ixOaM + CvarOaM + CStartUp + CFuel (7)

The electricity demand specified in the model must be met at every hour (see Equation (8)).
Various technology options, which are subject to specific techno-economic restrictions, are
available for this purpose. In addition to feed-in from renewable energies and conventional
power plants, the balance can also be covered by imports or excess electricity can be
exported. The production of renewable energy is, different than described in [21], based
on a discrete synthetic profile, as it is described in [22]. Furthermore, a temporal offset of
the energy demand can be achieved by storages or load management (VDSI,up, VDSI,down),
which are subject to restrictions across time steps. The entire demand equation for each
time step then results in:

PElecDemand = VElecProduction,conventional + VElecProduction,renewable − Ccurtailment,renewables
+VElecProduction,storages − VPumping,storages + VDSI,down − VDSI,up + VImport − VExport

(8)

In addition, framework conditions, such as minimum shares of renewable energies
or a CO2-limit, can be taken into account and, depending on the issue at hand, various
flexibility options or sector-integrating technologies, e.g., for heat supply, can be considered.
The possible flexibility options are described in [23].

Electric mobility is incorporated into the model on the one hand via the load profile
determined in the model and on the other hand via the resulting demand-side flexibil-
ity. Therefore, the implementation of load management according to [24] is used. The
possibility of using load management results from the short-term reduction of the load
and thus reduction of demand. The reduced demand has to be covered after a period
of time or up to a point in time, depending on the specification. In any case, it must be
balanced energetically, which may only be done after the load shift. In the case of electric
mobility, in order not to cause a loss of comfort for the BEV drivers, it is assumed that the
vehicles must be charged at a uniform time. This time is determined after the analysis of
the mobility data.

The maximum positive or negative available shifting power is limited by a given
hourly potential PDSI-potential,Down(t) and PDSI-potential,Up(t) (Equations (9) and (10)). The
potential limitation is derived by the procedure described above (see Equations (5) and (6)).

VDSI,down(t) ≤ PDSI-potential,Down(t) and (9)

VDSI,up(t) ≤ PDSI-potential,Up(t) with VDSI,j(t) ≥ 0
∣∣ j ∈ down, up (10)

The amount of energy shifted by the realized load reduction (VDSI,down) or load
increase (VDSI,up) is balanced in a negative, loss-free storage (Equation (11)). For this, the
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specification applies that after a certain period or at a certain point in time, the storage
level (VFillLevelDSI) must be at zero.

VFillLevelDSI(t + 1) = VFillLevelDSI(t) + VDSI,down(t)− VDSI,up(t) (11)

The technical restrictions and the resulting shift potential are implemented per tech-
nology. A detailed description, as well as the basic principles of the flexibility option, can
be found in [24]. In the present study, a version is used that specifies a point in time when
the energy demand must have been finally covered in order to adequately capture the shift
potential of intelligent charge controls.

The chosen representation makes it possible to realistically consider the flexibility
from electric mobility in the electricity market model. The implemented restrictions are
the potential that varies over time, which was determined from empirical data, and the
specification of a vehicle that is charged regularly. The electricity market model continues
to assume no costs or losses for the use of the flexibility from BEV, as it is assumed that
no additional costs are incurred by the mere shifting. The use of other DSI options, e.g.,
shiftable loads in industry, which are associated with costs, are not considered in this study.

2.4. Scope

The newly developed approach is demonstrated in a scenario for Germany with
ambitious CO2-reduction targets for the energy sector. The chosen framework is the
scenario “KS95”, which was developed in the study “Klimaschutzszenario 2050” [25]. It
assumes a CO2-reduction of 95% for the year 2050 compared to 1990. This means that in
2050 only 18.6 mt of CO2 may be emitted to cover the demand for electricity. Furthermore,
a path for the penetration of electric vehicles is assumed. For 2050 in total, 21.6 million BEV
are assumed. The hourly resolved charge power demand from the previous simulation
is scaled to the number of cars, which results in a demand of 61 TWh. Together with a
time series on conventional demand of 375 TWh, this leads to a total electricity demand of
436 TWh.

In the present study, an investment calculation in power plants and flexibility options,
without existing power plants, is carried out to cover the hourly demand. This so-called
greenfield calculation serves to analyze effects detached from an existing power plant park.

Possible technology options are gas combined cycle plants (GasCC), Gas turbines (GT)
and renewables (PV, wind onshore, wind offshore), which can be curtailed. Furthermore,
an investment in storage with different energy-to-power (E2P) ratios is possible (short-term
storages with an E2P equal to 2 and mid-term storages with an E2P equal to 7, such as
battery storage systems in different setups, and long-term storage with an E2P equal to
500, such as hydro pump storage). Nuclear power plants as well as hard coal and lignite
power plants are not included due to political decisions of a phase out [26]. The data for
the investment options and further model data are given in the Appendix B.

For the year 2050, a certain degree of expansion of the renewable technologies PV and
wind on- and offshore is stipulated in the given scenario, but is calculated endogenously as
part of the optimization problem. Since the profiles of these technologies affect the model
results and thus the investment decision in different assumptions in sensitivity calculations,
the following calculations assume a fixed investment ratio of PV, wind offshore and wind
onshore to receive robust results, as also done in [22]. The scenario specifies that the ratio
should be 3.3 times the invested capacity of wind onshore and 2.9 times the invested
capacity of PV compared to wind offshore.

Potential restrictions for renewable energies or storage technologies are not specified.
The scope for the study is limited to Germany; imports and exports from neighboring
countries are not considered.
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2.5. Determination of Profile Cost

In order to quantify the costs of integrating electric mobility into the electricity supply
task and to show the possibilities offered by the flexibility potential, this paper also focuses
on profile costs as part of the system costs.

Profile costs of renewable energies arise from a profile that does not match the demand
to be covered. For example, a photovoltaic system can provide a large amount of energy,
but due to the inappropriate generation profile dependent on the solar radiation, it may
not meet the demand at a given time. There is a time lag between supply and demand.
In the research field of energy system analysis and electricity market modeling, profile
costs have been part of various studies for several years. Due to the increasing share of
renewable energies in power generation, this part is becoming more relevant. The authors
of [27] characterize the profile costs as part of integration costs by analyzing different cost
components of renewable energies. They split profile costs in backup costs, full-load hour
reduction and overproduction costs and propose an approach to quantify them as well as a
graphical interpretation via a residual load duration curve (RLDC). Furthermore, profile
costs are described as “the marginal costs of the temporal variability of variable renewable
energy output” [28].

Furthermore, the work presented in [22] analyzes profile costs according to the proce-
dure of the classical system analysis, with and without the respective technology under
investigation. It examines the total system costs with all profiles and without the residual
profile and thereby determines the additional costs of the residual profile. It further states
that it is only possible to analyze all profiles together in a residual profile [22].

Due to the demand for electric mobility, a further profile becomes relevant for the
supply task. In order to quantify the profile effect and the additional costs caused by this
profile analogous to [22], calculations are performed including and excluding the demand
from electric mobility, each with the given and with flat profiles for the demand and the
renewables feed-in. The four results are then compared to evaluate the profiles.

Since there is no effect of BEV-DSI without existing demand or generation profiles, the
expected reduction of total system costs with profiles also defines the difference in profile
costs with and without intelligent charging. An evaluation of the flexibility is therefore not
possible. Hence, the consideration of the RLDC is supportively used to evaluate the effect
of DSI on profile cost qualitatively.

3. Results

In this chapter, the results of the mobility tool are presented at the beginning. The
charging behavior and flexibility potential derived from the mobility curves are presented
exemplarily. These serve as input for the calculations in the electricity market model.
The results for the total system costs, the installed capacity and the flexibility input are
determined and compared in various sensitivity calculations.

3.1. Results of the Simulation of Mobility and BEV Load Curves

Figure 3 shows the average mobility curve for a Monday determined for the period in
spring. Since the mobility tool is simulating the mileage per quarter hour, the values are
summed up to hourly values. The mileage is furthermore normalized by all BEVs, resulting
in values between 0 and 6 km. It is shown that the first journeys during the course of the
day take place after 4 a.m. The mobility need on the Monday is highest in the morning and
evening, while on weekends, the greatest demand usually is at midday.

If the charging behavior is derived from the determined mobility behavior, the charg-
ing curve for the assumed 21.619 million BEVs shown in Figure 4 is obtained exemplarily
for Monday and Saturday in winter.
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Figure 3. Mobility profile for a Monday in spring, normalized by all BEVs.

Figure 4. Load per BEV for a Monday (blue line) and a Saturday (grey line) in winter season.

The illustration shows that the maximum charging power occurs in the evening hours
and flattens out with time until early in the morning. In the morning hours there is a low
charging power demand. This can also be seen on Saturday. The charging power has a
lower peak there, but is already at a relatively high level from midday until the evening.
To validate the results, a qualitative and quantitative comparison with other studies, for
example ([29], pp. 16–17), shows that the simulated hourly electricity demand profile from
uncontrolled charging is realistic.

All vehicles are connected to the network until the beginning of their first journeys.
After their return, they are reconnected for charging. The grid contact curve is derived from
the driving profiles and the charging power requirements. As described in the methodology
section, the load increase potential is determined from the difference between the grid
contact curve and the user-controlled charging curve. The result is shown in Figure 5 as
an example for a Monday in spring and in winter. The figure shows that there is a great
potential for increasing load, especially in the morning hours until about 7:00 a.m. In the
midday hours, the low maximum charging power and the grid contact curve ensure a low
PowerUp potential. In the course of the day, the load reduction (or PowerDown) potential
increases. User-controlled charging in the evening hours reduces the positive load shift
potential there, whereas the load reduction potential is more available.
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Figure 5. PowerUp (blue) and PowerDown (dark grey) flexibility potential of all BEVs for a typical Monday in spring and
winter terms.

In the electricity market model as described in Section 2, the flexibility potential
presented is subject to the additional restriction that the energy of the postponed charging
process must be compensated at a fixed time every day. After analysis of the result of the
mobility behavior, this point in time is set to 6 a.m., since most of the distances covered
during the day are not covered until this hour (see also Figure 3).

3.2. Results of the Energy System Modelling

In this section, the results from the electricity market model are presented. First,
the use of the newly implemented flexibility option, the shift of the charging load, is
qualified. As a basis for the evaluation of the system effects, a reference result without
flexibility of BEV is shown. In comparison, the scenario with additional flexibility from
electric mobility is evaluated. Further sensitivity analyses are carried out. The effects of
a stronger penetration and readiness for intelligent control of the charging process are
analyzed. In addition, the changed use of flexibility and the possible benefit from a different
compensation time point (CTP), the moment when the charging process must be completed,
are determined.

3.2.1. Use of Flexibility in the Market Model

Figure 6 shows, for an exemplary period of 36 h, starting at midnight, the residual
load (ResLoad, green area) and the resulting use of the flexibility of load shifting from BEV
loads (BEV PowerDown/Up, in blue or light blue). Additionally, the corresponding fill level
of the DSI-storage is shown as black dashed line on the secondary axis.

Figure 6. Use of BEV-DSI potential (PowerUp in light blue, PowerDown in blue) for 36 h to meet
the residual load demands (ResLoad, green area). The corresponding fill level of the DSI storage is
depicted in black dashes on the secondary axis.
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On a day after 6 a.m., the load is first reduced, i.e., the flexibility storage (black dashed
line, secondary axis) must be charged before the demand can be met and the charging
capacity can be increased. It is shown how at times of positive residual load the demand is
reduced by BEV-loading and at times of negative residual load the demand is increased. It
can also be seen that the flexibility is also used to reduce demand during times of negative
residual load in order to be able to reduce demand later with higher negative residual load.
The shift is also reflected in the resulting demand after loading the BEV (see Figure 7).

Figure 7. Electricity demand due to the BEV-charging process before (yellow) and after the flexibility
use (brown, transparent) for an exemplary day.

The peak of the original demand by BEV charging (in yellow) changed from the
evening hours into the night. Due to the limitation of being fully charged at 6 a.m. there
is no potential to increase the load at this time, only to reduce it. Therefore, the resulting
charge power (in brown, transparent) is always smaller or equal to the original charge
power, so the shift is limited here and the resulting curve drops sharply.

Figure 8 shows how the load shift interacts with other flexibility options in the model.
In this case we show the interaction storages with different E2P ratios to address short-,
medium- and long term flexibility behavior. The use of load management is loss-free and
without costs, which is why it is preferred to the use of storage. However, the figure clearly
shows how the medium-term category 2 storage (Storage Cat 2) is used in a complementary
way. The negative residual load and the resulting excess energy is stored by the storage
system (Storage Cat 2 Pump, in yellow) and made available again at a time of positive
residual load (Storage Cat 2 Prod, light yellow), in which, together with the reduction
of BEV demand (BEV PowerDown, blue), the remaining residual load is covered. The
long-term category 3 storage (Storage Cat 3 charging in red, discharging in light red), on
the other hand, is mainly used for balancing over longer periods and is not used here for
short-term operations.

The use of load management in comparison with the use of storage and the residual
load curve shows the assumed behavior that demand is shifted from the evening hours to
the night within the scope of the flexibility potential. A cost-efficient use of load shifting is
possible, which is why in the following the effects on the system are worked out on the
basis of the effects in the selected scenario by comparing the selected scenario with and
without the possibility of using DSI.

3.2.2. Results of the Optimization Model on the Effects of DSI on Total System Costs and
Capacity Investments

The reference calculation without the possibility of intelligent charging results in
system costs of 59.1 billion €. In terms of power plant investments, this results in an
installed renewable energy capacity of 220 GW and a conventional capacity (GT and
GasCC) of 36 GW. Storage capacities are necessary to integrate renewable energies. These
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include 5 GW of seasonal storage (category 3) and 31 GW of medium-term storage (category
2), which contribute 40 TWh to load coverage.

Figure 8. Interaction between the DSI-flexibility (blue/light blue) and the storages (Cat 2 in yel-
low/light yellow, Cat 3 in red/light red) to meet the given residual load (green area) for two
exemplary days.

By making the charging process of all BEVs flexible, an additional flexibility option is
available to the model, which can be used for cost-optimal demand coverage. The total
system costs are thus reduced by 623 million € or 1.05% to 58.5 billion €, which is mainly
due to the reduced fixed costs, as can be seen from Table 3, which compares the runs with
and without the possibility for BEV-DSI usage.

Table 3. Comparison of the resulting costs for the scenario with and without the possibility for
BEV-DSI-usage.

Costs and Cost Reduction No BEV-DSI With BEV-DSI

Total System Costs (bil. €) 59.132 58.508
Fix Cost (bil. €) 54.320 53.711

Variable Cost (bil. €) 4.511 4.797

Reduction of System Costs (bil. €) 0.623
Reduction of System Costs (%) 1.05

In terms of power plant investments (see Table 4), it is apparent that significantly less
storage of category 2 (in total −3.2 GW) is being build. Slightly less renewable energies
and combined-cycle power plants are built while slightly more gas turbines, which have
comparatively low investment costs, are required.

Table 4. Comparison of the resulting power plant investments for the scenario with and without the
possibility for BEV-DSI-usage.

Power Plant Invest (GW) No BEV-DSI With BEV-DSI Difference

GasCC 28.0 28.0 +0.0
GasGT 8.3 8.4 +0.1

Storage Cat 2 30.8 27.6 −3.2
Storage Cat 3 5.0 5.0 −0.0

PV 88.8 88.3 −0.5
Wind Offshore 30.6 30.4 −0.2
Wind Onshore 101.0 100.5 −0.5

Table 5 shows the amount of generation from the invested capacities as well as the
dispatch of flexibility options (storages and DSI). With BEV-DSI, less energy (7 TWh) is
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temporarily stored in the medium-term storage facilities, which leads to lower losses. In
total, 13.7 TWh of the total power demand of electric vehicles, amounting to 61 TWh,
are shifted. Calculating the system cost savings per shifted MWh results in 46 €/MWh.
Converted to the number of BEVs involved, this results in a saving of 29 € per vehicle.

Table 5. Comparison of the resulting energy production and the use of flexibility options for the
scenario with and without the possibility for BEV-DSI-usage.

Energy Production and Flexibility No BEV-DSI With BEV-DSI Difference

Energy Production (TWh)
GasCC 53.8 53.9 +0.1
GasGT 1.1 1.1 −0.0

PV 76.8 76.0 −0.8
Wind Offshore 101.6 102.4 +0.8
Wind Onshore 212.1 210.7 −1.4

Stored Energy (TWh)
Storage Cat 2 30.5 23.5 −7.0
Storage Cat 3 20.0 19.7 −0.3

Flexibility Use (TWh)
DSI Use - 13.7 +13.7

3.2.3. Analysis of the Influence of a Varying Share of Participating BEV and a Different
Time of Compensation at the Results of the Market Model

Since it cannot necessarily be assumed that all vehicles will participate in the DSI
measures and this may not be necessary, this section will examine the issue in this context.
In Figure 9, the course represents the system cost reduction over the share of BEVs par-
ticipating in the flexibilization measures. It is shown that a large part (about 72%) of the
achievable system cost reduction by smart charging is already achieved with a participation
of 50% of the BEVs. At this share, this results in savings of 42 € per car. With a higher share
of vehicles participating, the relative cost reduction is reduced.

Figure 9. System cost reduction due to BEV-DSI in relation to the share of BEV participating in
the measures.

The specification of a point in time when the vehicle must be fully loaded limits the
flexibility of the application. As shown above, PV power generation at midday hours
can hardly be integrated by an intelligent charge control system from BEV, as there is
only a small total charge power requirement at this time (see Figure 5). Therefore, it is
investigated what a shift of the compensation time point to other times can cause under the
same assumptions. The varying effect of BEV-DSI by comparing the resulting total system
costs with different CTP is shown in Figure 10. It shows, on the left side, the total system
costs for scenarios without BEV-DSI and with BEV-DSI, but with changing CTP for four
different moments during a day. On the right side, the relative cost reduction is depicted.
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The figure shows that a CTP at 6 p.m. has the highest reduction in terms of system cost
reduction, up to nearly 3 percent, while a shift of the CTP from midnight to 6 a.m. does not
change a lot.

Figure 10. Total system costs (left graph) and relative cost reduction (right graph) by changing the
preset compensation compared to the reference scenario without BEV-DSI.

3.2.4. Analysis of Profile Costs

For the analysis of profile costs, five runs are compared, with and without profiles,
with and without BEV and one with DSI. Table 6 gives an overview of them.

Table 6. Overview of the model runs which are used to analyze profile costs.

Name of Model Run BEV Demand Profiles BEV DSI

Flat No No No
Profile No Yes No

BEV-Flat Yes No No
BEV-Profile Yes Yes No

BEV-DSI Yes Yes Yes

Figure 11 shows the difference in the demand curve for one day between the setups
without profiles, with (right graph) and without BEV (left graph) demand. It is obvious
that the profile with BEV increases the relative demand peak (scaled to the demand peak
of the day, which is 40.6 GW in the noBEV and 65.0 GW in the BEV scenario).

Figure 11. Exemplary depiction of the demand curves for the model runs without BEV (left graph)
and with BEV demand (right graph) one time without profiles (black dashed lines) and with profiles
(blue lines) for an exemplary day.

The total system costs of the model runs without profiles are significantly lower than
those with profiles (see Table 7). The difference is 14.5 million € for the scenario without
BEV and 18.7 million € for the scenario with BEV respectively. The share of the hereby
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calculated profile costs on total system costs is higher in the BEV-scenario higher than in
the scenario without BEV demand (31.9% vs. 29.6%).

Table 7. Total system costs and determined profile costs for the scenarios with and without BEV.

Cost Component Flat Profile BEV-Flat BEV-Profile BEV-DSI

Total System Costs (mill. €) 34.637 49.172 40.265 59.132 58.508
Profile Costs (mill. €) 14.535 18.867 18.243
Share of Total Costs 29.6% 31.9% 31.1%

As shown in Section 3.2.2, DSI of BEV can reduce the total system costs, needs nearly
the same amount of renewable capacities but reduces medium-term storage needs. The
impact on the RLDC is rather low because of the equal renewable production (before
curtailment), which can be seen in Figure 12. On the left graph, the figure shows on the left
graph the RLDC for only the BEV-Profile Scenario, because it does not differ graphically
to the results of the BEV-DSI model run. The important parts of the graphic are marked,
oriented on the representation of [27], Here “A” marks the back-up demand, defined by
the maximum residual load, “B” addresses the full load hours of conventional generation
and storage capacities while “C” represents overproduction. The back-up need for the run
with DSI is slightly higher (17 MW). For the further evaluation of the results, on the right
side of Figure 12, the difference of the absolute RLDC values between the runs without and
with BEV-DSI are shown. The figure shows that the full load hours (area B) are higher in
the run with the DSI-option, and therefore the specific costs of the energy production are
reduced. Overproduction is higher without DSI (area C), which accounts for 1.75 TWh in
total. The sum of these effects leads to higher total system costs and therefore to the higher
profile costs in the scenario without BEV-DSI.

Figure 12. Residual load duration curve, congruent for the BEV scenarios (left graph), with the areas
for the back-up need (A); full-load-hours (B) and overproduction (C). The right graph shows the
resulting differences between the scenario without and with BEV-DSI concerning the FLH-reduction
(B) and the overproduction (C). Concept of the figure based on [27].

4. Discussion

The approach displayed in this paper shows a methodology to determine the flexibility
potential by load shifting during the charging process of BEV and to consider it in an
electricity market model. Due to the chosen method of the Markov-Chain Monte Carlo
simulation for the determination of the mobility and charging power demand, as well as
the chosen definition of flexibility, it is possible to consider the restrictions of the driving
behavior of individuals and at the same time to determine the system-optimal use of the
flexibility potential.

The derived mobility curves lead to an hourly demand for electricity through the
charging process of the electric vehicles. Here, high simultaneities are evident, resulting in
high load peaks in the late evening and thus, with a high penetration of electric vehicles,
significantly changing the profile of the electricity generation required to meet demand.
This also leads to an increased demand for flexibility options.

The batteries available in the electric vehicles can, if used correctly, be systemically
useful and represent a possible flexibility. As shown in this paper, this flexibility is consider-
ably confined by restrictions from user behavior and availability is highly time-dependent.
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In order to determine the benefit of the flexibility potential integrated with the time-varying
generation from renewable energies and the conventional electricity demand, this paper
implements flexibility as a DSI option in an electricity market model. In the analyses
shown it becomes clear that the implementation of an intelligent charge control has a
cost-reducing effect on the design of a decarbonized energy system with a high share of
renewable energies.

The majority of the energy supply in the scenarios is provided by renewable energies,
which, however, require a high degree of flexibility in order to compensate for supply-
dependent fluctuations on the one hand and to enable cost-efficient integration on the other.
By implementing BEV flexibility storage, requirements are reduced while the investments
in renewables are not reduced. Since renewables are often questioned due to the high
capacities and the associated space requirements, intelligent charge controls cannot make a
major contribution in this area, but BEV can nevertheless reduce the (partly self-induced)
system costs.

The analyses also show that it is not necessary to upgrade all vehicles or charging
stations for flexibility provision. With the participation of 50% of BEVs, enormous positive
effects are achieved, which increase at a slower rate as the share of participating BEVs
increases. Since no costs (neither for development nor for deployment) were assumed
in the analysis carried out, an optimal ratio must be evaluated in comparison with the
additional expenditures in further investigations.

Quantifying the cost reductions per participating vehicle or energy used shows what
possible financial incentives could be created. A player in the electricity market could
use the flexibility to make profits in the electricity market. For this, the vehicle owner
must be offered a financial (or even qualitative) incentive and the costs for the (additional)
intelligent infrastructure must also be offset.

Considering the change in the specified loading time and the additional cost reductions
that can be achieved as a result, it becomes clear that a point of completed charging
in the evening at 6 p.m. is particularly advantageous. This suggests that (intelligent)
charging stations should be set up at the workplace to integrate these vehicles. The
implementation could either be carried out by a service provider or the company itself.
The actual proportion of vehicles that can be used for this purpose is not explicitly stated
here and determines the actual flexibility available.

From a systemic point of view, the advantage of a later point in time can be explained
by the integration of PV power. The charging power demand from the morning hours
can be shifted to the afternoon and thus use the peak generation from the PV systems. In
addition, the load peaks that occur in the evening can be flattened out by classic electricity
demand and electric mobility.

Profiles of electric mobility charging contribute significantly to the total system costs
due to the necessary flexibility options and the different share of renewable power genera-
tion that can be integrated. They should therefore be explicitly identified when quantifying
the costs. A possible method offers the evaluation of the RLDC, which gives insights on the
temporal matching of electricity demand and renewable generation (and overproduction).
Profile costs do not only arise from the expansion of renewable energies, but also from
new consumers such as BEVs. The decisive factor is the combination of profiles and the
availability of flexibility options. At this point, the analysis of the electricity market may
neglect the grid costs that arise from regional differences in the profiles.

5. Conclusions

The study shows a new approach to derive the flexibility potential of electric vehicles
available for the electricity market on the basis of simulated charging curves taking into
account the real driving behavior of individual vehicles. The charging demand and the
identified flexibility potential are integrated into an electricity market model to quantify
the effects on total system costs as well as the necessary flexibility demand in a scenario
with ambitious climate targets. It is shown that the high demand for electricity from electric
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vehicles leads to a considerable increase in the need for renewable energy capacities, which
in turn increases system costs. The flexibility of intelligent charging stations can support the
integration of renewable power generation and reduce the necessary storage requirements.
The assumption for the time when the BEV has to be completely charged influences
the cost reduction potential, with the best use of flexible charging during the afternoon.
Furthermore, it is shown that the profile of the electricity demand in combination with
the generation profile of the weather-dependent renewables feed-in, and additionally the
availability of flexibility options, has a great influence on the design of the energy supply
and thus on the total system costs.

In the modelling process some limitations have been identified, and a higher level
of detail in these areas may provide further insights. Since the actual charging behavior
cannot yet be foreseen in the future, further charging patterns, such as charging only at
the weekend or only when the battery level is below 50%, could be investigated here. In
addition, the assumptions that all users have the same behavior and that the charging
power is maximum 3.7 kW could be revisited. Some vehicles are going to be charged at
work and, as there is a strong dependency on the charging time, it might therefore be useful
to add more than one user group to increase the level of detail. In the coming years, further
experience and data from users of electric vehicles will provide more insights.

In this study, we do not analyze effects on the electricity grid, even though there
will be issues concerning peak loads (especially in the distribution network) induced
by technologies with significant profiles such as BEV or PV and this will therefore will
make flexibility on a regional level necessary. Aggregators can combine the flexibility of
intelligent charging of BEVs with other options with complementary limitations such as
heat pumps or other technologies to offer it on relevant markets.

To what extent users are willing to leave the control of their charging process to third
parties is also a question of acceptance, which, like legal issues, still needs to be clarified.
The financial incentive for private households (or aggregators) to sell the charging flexibility
on electricity markets would therefore have to be correspondingly high.

The modelling of mobility behavior, BEV-charging curves and flexibility potential
shown in this paper provides a basis for discussion to evaluate the impact of a rising
penetration of electric vehicles with an additional energy demand and changes in the
electricity system and its costs.
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Appendix A. Data for the Mobility Tool

Table A1. Data for the simulation of the mobility and charging load, data source: [30–32].

Parameter Parameter Value Comment

Vehicle-to-Wheel-consumption
(kWh/100 km) 18.0 Quantity weighted consumption

Charging Power (kW) 3.7
Charging Losses (%) 13.4

Grid-to-Wheel consumption
(kWh/100 km) 20.8

Range (km) 345 Prognosis for 2020, assumption, that
20% less range than with NEDC

Battery Capacity (kWh) 71.8

Appendix B. Data for the Electricity Market Model

Table A2. Data for power plant investment options, data source [22,25].

Power Plant Efficiency (%) Lifetime
Invest Cost

(€/kW)
Annual OaM
Costs (€/kW)

VarOaM Cost
(€/MWh)

Full Load
Hours

GasCC 61 30 780 22 1.5
GasGT 41 30 400 15 1.5

Storage Cat1 E2P 2 81 20 714 10 2.5
Storage Cat2 E2P 7 81 20 1059 10 2.5
Storage Cat3 E2P

500 81 20 9219 10 2.5

PV 25 1150 34 0 949
Wind Offshore 20 2850 120 0 4000
Wind Onshore 20 1400 50 2598

Assumed Interest Rate: 7.5%, Primary energy prices are based on the KS 95 [25]. Synthetic profiles for renewables and demand are taken
from [33], based on the year 2018.
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Abstract: Electric vehicles represent a promising opportunity to achieve greenhouse gas (GHG)
reduction targets in the transport sector. Integrating them comprehensively into the energy system
requires smart control strategies for the charging processes. In this paper we concentrate on charging
processes at the end users home. From the perspective of an end user, optimizing of charging electric
vehicles might strive for different targets: cost minimization of power purchase for the individual
household or—as proposed more often recently—minimization of GHG emissions. These targets
are sometimes competing and cannot generally be achieved at the same time as the results show.
In this paper, we present approaches of considering these targets by controlling charging processes
at the end users home. We investigate the influence of differently designed optimizing charging
strategies for this purpose, considering the electrical purchase cost as well as the GHG emissions
and compare them with the conventional uncontrolled charging strategy using the example of a
representative household of a single family. Therefore, we assumed a detailed trip profile of such a
household equipped with a local generation and storage system at the same time. We implemented
the mentioned strategies and compare the results concerning effects on annual GHG emissions and
annual energy purchase costs of the household. Regarding GHG emissions we apply a recently
proposed approach by other authors based on hourly emission factors. We discuss the effectivity of
this approach and derive, that there is hardly no real impact on actual GHG emissions in the overall
system. As incorporating this GHG target into the objective function increases cost, we appraise such
theoretical GHG target therefore counterproductive. In conclusion, we would thus like to appeal
for dynamic electricity prices for decentralised energy systems, leading at the same time to cost
efficient charging of electric vehicles unfolding clear incentives for end users, which is GHG friendly
at the end.

Keywords: smart charging; electric mobility; distributed energy systems; cost- and GHG emis-
sion minimization

1. Introduction

Germany is aiming for ambitious greenhouse gas (GHG) reduction goals to contribute
adequately to the targets resulting from the Paris Climate Agreement. Germany commit-
ted itself to reduce GHG emissions by 80% compared to 1990 and increase the share of
renewable energies (RE) to 60% of energy consumption by 2050 [1]. These targets seem to
be increased further by the recently proposed “green deal” of the EU.

Due to the low energy density of RE as solar or wind power, the generation needs to
spread into the plain calling for small distributed generation especially by photovoltaics
(PV). Therefore it is expected, that the number of distributed installed generation and
storage technologies, especially PV systems (PV) and battery storage (BS) will increase
strongly. This expectation is supported by recent figures showing increased use of all this
technologies already (Figure 1). This means, that individual households (HH), living in
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single or multifamily houses, can integrate their heat and mobility demand resulting from
electric heat pumps and battery electric vehicles (EV) with their local RE production by
smart distributed energy systems.

Figure 1. Overview of the annually installed number of PV systems [2], battery storages [3] (due to
missing values for battery storage for 2019 figures are assumed by the previous year’s ratio of 0.5088
battery storage per installed PV system) [4], heat pumps [5] and electric vehicles [6] from 2014 to
2019 in Germany.

First, the increasing number of distributed technologies as well as increased demand
by electric heating and charging loads of EV results in a challenge for the distribution
grid, e.g., inverted load flow and peaking loads. In contrast, the high degree of flexibility
within the operation of these technologies allows for different operation strategies offering
flexibility for the overall system or optimising different objectives for the individual house-
hold. Based on the number of EVs in Figure 1 from 2014 to 2019, a flexibility potential
of 0.46 GW and 4.43 GWh results for Germany, in case Volkswagen eGolf parameters are
assumed as presented later. This potential is expected to grow in line with increasing
EV fleet dramatically in the future. In Germany vehicles remain parked on average 16 h
per day without a preceding or following trip [7]. To exploit this energetic and temporal
flexibility and enable optimum system integration, a smart charging control is required.

This smart control system simultaneously enables the optimal utilization of the ex-
ploited flexibility. The criterion for optimization depends on the target to be achieved.
We analyse in general two objectives, which for us appear to be the most relevant for the
perspective of an individual HH:

• Minimisation of power cost of individual HH:

The target is to achieve a power supply of the EV and the entire local energy system of
the HH at minimum cost. The target function contains the total operation and purchase cost
of the individual HH, including the cost of local power generation or purchase as well as
detailed cost components like the cost of degradation of the different system components,
as well as the refund for power fed into the grid.

• Minimisation of caused GHG emissions of the entire power system:

This approach is proposed by several researchers discussed in Section 2 recently,
aiming for improving climate protection. The target value is derived from specific GHG
factors of each hour of the entire power system, shifting demand to times with high RE
production and therefore lower GHG emissions.
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At this point, it could also be argued that ensuring the comfort of the local HH should
be considered as an objective as well. However, as we assume that comfort of the HH is
rather a basic requirement, it has to be met in any case. Therefore, it is integrated as a
restriction being observed at any time. Focusing the charging processes of EV, it must be
guaranteed that the charging level of the EV is always sufficient to meet the upcoming
mobility demand of the HH.

Although it is an important issue for reaching overall targets of integrating high
fractions of RE in the entire system and reducing GHG emissions, we have not analysed
the optimal application of local flexibility for the entire system as a further control objective.
However, the effects will be discussed later and an analysis can be provided by the same
approaches shown in this paper.

Most of the work in literature on integration of EV charging covers two main topics:
The first topic targets the effect of applying the flexibility of EV charging, most often of a
fleet of EVs, on the optimal system integration in the entire energy system. As a second
topic, the effects of controlled vs. uncontrolled EV charging processes are compared, again
from the perspective of the overall energy system integration. To our knowledge, there
is just little publication focusing on the minimum charging cost of electric vehicles in a
distributed energy system in combination with the minimisation of the locally assigned
GHG emissions. In our opinion, these two objectives represent the owners basic motivation
for the purchase and usage of EVs. Therefore, our approach aims at the optimising of the
corresponding charging processes regarding these two objectives. However, the assumed
cost components can certainly not yet be realised at all at the moment, but it is expected,
that with increasing awareness of distributed energy systems and their flexibility, the
regulatory framework will change in a likewise way. There is evidence already that
individual households are aware of GHG effects and show a willingness to pay for GHG
reduction as they contract green electricity tariffs. Therefore, we assume that the issue
analysed is relevant for implementation in the real world.

The paper is organised as follows: We first provide an overview of related publications
with a special focus on EV charging strategies for distributed energy systems in Section 2.
Following, we present our approach to optimise these charging processes in a cost- and
simultaneously GHG emission minimum way in Section 3. Then we developed three dif-
ferent smart charging strategies and, as a benchmark, a heuristic direct charging approach,
which we apply to a representative individual HH with a distributed energy system. We
describe this energy system as well as its interface to the entire system in more detail in
Section 4. In Section 5, we present the results of the comparison of the three charging
strategies with the heuristic direct charging approach. Hereby, we provide an overview
of the resulting yearly cost savings and calculated emissions reductions of each charging
strategy and discuss whether this achieves an effective reduction of the GHG emissions in
the overall system. Finally, we summarize our key findings in Section 6 and provide an
outlook on further research issues.

2. Related Work on Smart Charging of Electric Vehicles

In the literature there is a huge number of publications focusing on smart charging
of EVs: A detailed and comprehensive introduction to the topic of smart charging of EVs
is given in [8]. The authors show a large number of relevant publications and cluster
them into different subcategories, but do not subdivide them according to the design
of the charging process (uni- vs. bidirectional, static vs. mobility-aware, centralised vs.
distributed) or the specific objective of the optimisation of the charging process (integration
of REs, providing ancillary services). A deeper analysis of central charging control by an
aggregator and distributed smart charging control, e.g., by the owner, is offered in [9].
However, the comparison of the control approaches focuses exclusively on the charging
of EVs: Other components involved in the distributed energy system of a household,
such as battery storage or heat pumps are not considered, only a small outlook on the
operation of EVs in virtual power plants or microgrids is given. The (information) technical
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integration of EVs is dealt with intensively in [10]. In this context, the potential offered
by smart charging processes is highlighted in particular, but no corresponding charging
approaches are listed. Exemplary approaches to control the corresponding multitude of
public EV charging processes while ensuring the distribution grid-side requirements are
described in a highly detailed and comprehensive way in [11,12]. Reference [13] classifies
the benefits of system integrated EV charging processes into three categories: Improved
technical grid efficiency, financial, for example for different stakeholders like the owner or
the supplying utility, and socio-environmental benefits like the reduction of GHG emissions
or an improved integration of renewable energies. These identified advantages show a
strong alignment with our objectives, but are not applied as objectives for charging control.
In conclusion, we can classify our smart charging approach according to this categorisation
as a distributed, unidirectional and mobility-oriented charging strategy.

Following this overview of different publications on the classification of the smart
integration of electric vehicles, we want to take a closer look at the charging strategies
reported in literature aiming in particular at minimising costs and GHG emissions. The
approach in [14], comparable to our approach, intends to minimise costs as well as the
GHG emissions of the charging processes, although these are centrally managed by the
distribution system operator (DSO). The advantage is the immediate knowledge of the
DSO about the feed-in of volatile renewable energies, in this case the local wind power
production, which leads to it being maximally expoited for the charging of the EVs. How-
ever, with regard to the regulatory requirements of unbundling, such a scenario is difficult
to realise under market conditions. An extensive comparison between conventional and
electric vehicles is provided by [15], but from the perspective of the overall energy system.
With regard to EV charging, however, two simple charging strategies, uncoordinated and
off-peak charging, are considered only. A similar approach is pursued by the main focus on
smoothing the peaks of the load of a multitude of EVs [16,17]. An interesting approach to
estimate the reduction of emissions by smart charging of EVs is reported in [18], in which a
centrally managed charging strategy is compared to a distributed charging strategy with a
focus on the California electric grid. In this case, first the residual load, i.e., the absolute
load minus the generation based on RE, is considered. The charging of the EVs is then
determined and, in conjunction with the residual load, the conventional generation is
scheduled to compare the benefits by means of the investigated emissions of CO2 and NOx,
power plant requirements and levelized cost of electricity. At this point we can state that a
large part of the relevant publications evaluates and optimises the charging processes from
the overall energy perspective. However, since we focus on the optimization of distributed
charging processes at the household level, we will discuss recent charging approaches from
the perspective of an individual household.

This focus is rather described in other papers: A detailed analysis of the effects of
three charging strategies (direct charging, uni- and bidirectional charging) on different user
groups with varying driving profiles is carried out in [19]. This analysis though, focuses
on the costs of the loading processes only and does not consider any further objectives.
In contrast, the GHG emissions of the charging process are minimized in [20] applying a
regional specific marginal emission factor and in [21] considering probabilistic input data.
Another possibility for GHG emission-minimised charging of EVs is given in [22]. Here,
emission factors are predicted for the potential charging time of the EV and the points of
time with the lowest emission factors are chosen for the charging.

In [23] two different charging strategies are investigated to achieve a maximum
consumption of locally produced PV energy: A heuristic rule-based strategy examines
the charging process, whether there is a surplus of PV energy or whether the state of
charge falls below a required amount. The influence of four different emission factors
as input variables for GHG emission minimization using the example of battery storage
systems in industrial plants is intensively analysed in [24]. The optimisation of the battery
storage dispatch is executed in two steps: First, the cost-optimum capacity and dispatch
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of the battery storage is identified. Then, this dispatch is redefined to the most climate
friendly way.

3. Methodology

To optimize the EV charging process, we apply the optimisation model E2M2_DES.
Here, we present the general structure of the model with a special focus on the modelling
of electric mobility. We then continue to explain the different charging strategies in order to
quantify the potential of EV charging processes in more detail and allow for the comparison
of the different strategies. We hereby intentionally refer to the term charging strategy
instead of charging control because we only investigate a theoretical charging process.
Focusing a real charging process, deviations of our calculated charging schedule occur:
First, they result from the simplification of our modelling approach. Second, we assume a
perfect foresight over the investigated energy system which in reality will never be attained.

3.1. The General Optimisation Model E2M2_DES

The optimization model E2M2_DES represents a mixed-integer linear programming
(MILP) optimisation model formulated by GAMS minimising energy cost for a defined
energy system by computing optimum schedules for its technologies. We have already
introduced the model in [25] for application to the heat supply of a single family household
by a heat pump system. For the following analysis, we enhanced its functionalities,
especially regarding its applicability to optimize EV charging processes and to consider
different price incentives and GHG emission targets, which we will present in more
detail below.

3.1.1. Objective Function

Applying the model for the optimum operation of a distributed energy system, we
introduced the following objective function to minimise the total cost VCostTotal of all tech-
nologies TEC of the energy system over all time steps t ∈ T as:

Min VCostTotal = ∑
t∈T

∑
tec∈TEC

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

VC,StartUpt,tec

VC,FeedInt,tec

VC,ElecPurcht,tec

VC,CO2Emt,tec

VC,Chargingt,tec

VC,VarOaMt,tec

VC,FOt,tec

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(1)

with:

VC,StartUp,t,tec start-up costs of a technology tec,
VC,FeedIn,t,tec eed-in remuneration for power fed into the grid,

VC,ElecPurch,t,tec costs of the power withdrawn from the grid (power purchase),
VC,CO2Em,t,tec costs of GHG emissions of this purchased power,

VC,Chargingt,tec costs of the EV charging,
VC,FOaM,t,tec fixed O&M costs and
VC,FO,t,tec variable operation costs.

Since the local energy system of the HH operates a PV generation which has not got
any variable cost nor GHG emissions, we will focus on the cost of the power purchase
and its GHG emissions in particular. We describe their evaluation in more detail in
the following.

To cope with such different tariff structures in one modelling approach we apply
time-specific energy purchase cost COSTElecPurch,t. Therefore VC,ElecPurch,t results per time
step t as:

VC,ElecPurch,t = Vel;Purch,t•COSTElecPurch,t (2)
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with:
Vel;Purch,t purchased power and

COSTElecPurch,t power purchase price at HH level at timestep t.

This parameter COSTElecPurch,t enables us to depict a constant or a time-dynamic
electricity tariff. To minimise the GHG emissions of the energy system as well, we assign
cost to them by:

VC,CO2Em,t = Vel;Purch,t • EMISElecPurch,t • COSTCO2Em,t (3)

with:

Vel,Purch,t power purchased and withdrawn from grid,
EMISElecPurch,t time-specific emissions factor of the grid purchase and

COSTCO2Em,t emission price of time step t.

This term can be understood as a penalty term and increases influence especially in
case of a high choice of the CO2-price, as CO2-costs are generally minimised.

3.1.2. Restrictions

To meet the electrical demand of the HH and to charge the EV, we define appropriate
constraints to ensure the basic physical properties of the technical components. The
electrical balance equation is therefore given for each time step t as

LOADel,Sys,t + ∑tec∈TEC Vel,Constec ,t + Vel,FeedIn,t
≤ ∑tec∈TEC Genel,tec,t + ∑tec∈TEC Vel,Gentec ,t + Vel;Purch,t,

(4)

with:

LOADel,Sys,t electrical load of the HH,
VelCons,t,tec power consumption of component tec of the local energy system of the HH,

Vel,FeedIn,t. power fed into the grid,
GenEl,tec,t fluctuation power generation of component tec of the local energy system,
Vel,Gen,t controllable power generation of component tec of local energy system and

Vel,Purch,t power purchased and withdrawn from grid at time step t.

An electrical energy storage unit is included in this general formulation as it can either
be a consumer of power (charging of the storage unit) or a generator of power (discharging
of the storage unit) per time step t.

The charging of the EV is also modelled as an electrical storage unit. However, as we
focus on unilateral charging only, it cannot be discharged. For accounting the availability of
the EV at the charging point, a binary time series AVAILEV,t is introduced. The availability
of the EV is derived from the individual trips per day presented in the following section.
If the EV undergoes such a trip, the value 0 is assumed for AVAILEV,t, otherwise 1 for the
respective time step t.

The balance equation for the EV for each time step t result as

VEV,FL,t ≤ VEV,FL, t − 1 + VEV,Load,t − LOADEV,cons,t − VEV,StoLosses,t (5)

With:

VEV,FL,t charging condition of EV,
VEV,Load,t charging power during charging of EV,

LOADEV,cons,t power consumption of EV resulting from trip starting in time step t and
VEV,StoLosses,t storage losses of EV at time step t.
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3.1.3. Application of the Optimisation Model

Aiming for the optimum schedule of the different components of the energy system,
the schedule for the charging of the EV as well as the schedule for the charging and
discharging of the local battery storage are determined. As input for these schedules, we
assume perfect information about the required parameter time series we mentioned above.
Applying this information, we calculate the optimum schedule for the defined control
period by the Cplex optimizer.

In the following, we analyse the charging of the EV over the investigation period of
one year. With regard to the computing time of the optimisation problem, we execute a
rolling time horizon approach with a time period of one week as optimisation period. This
seems adequate, as the utilisation of the EV mainly exhibits daily and weekly patterns
and the capacity of the local battery storage is as small, that it cycles in this period already
different times. The optimisation model repeatedly calculates the optimum schedule for
each weekly period until the end of the investigation period is reached documenting each
schedule (among other data). Since the optimisation model targets the minimum of the
storage levels at the end of each optimisation period due to cost optimality, we apply an
overlap of one day, i.e., we extend the optimisation period by one day which is cut off later
in the documentation afterwards. After each model run for a certain week, the fill level
of each storage is transferred as the new starting value for the next week. This process is
described in more detail in Figure 2.

Figure 2. Overview of the optimisation model application per flowchart diagram.

The characteristics of the input variables vary depending on the charging strategy,
e.g., with regard to the representation of a constant or dynamic electricity tariff. We will
now present these different charging strategies in more detail in the following section.

3.2. Charging Strategies

To quantify the EV charging potential of a HH with local PV generation in more detail,
we developed three different charging scenarios combined with appropriate charging
strategies. All strategies are based on the previous presented optimisation model, but
consider different targets and/or regulatory frameworks. These result are as follows:

(1) Charging strategy 1 (CS 1) considers a constant power purchase price at HH level and
no GHG emissions effects of the grid purchase are taken into account, representing
the typical regulatory framework in Germany at present.
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(2) Charging strategy 2 (CS 2) assumes a dynamic power purchase price at HH level
similar to the price at the power whole sale market, while GHG emissions will still
not have to be remunerated and are therefore not considered in the optimisation.

(3) Charging strategy 3 (CS 3) continues to apply a dynamic power price at HH level and
furthermore GHG emissions are to be minimised. Therefore, the price for COSTCO2Em,t
is set at 1000 Euro/kWh constantly. This refers to the basic approach of multi-objective
optimisation, where two objectives are combined in one objective function by applying
weighting factors. The level of GHG price compared to power purchase prices
corresponds to such a weighting factor and both objectives are optimised to a certain
extent determined by this weighting.

As self-consumption of PV is not associated with variable cost and fed in remuneration
is typically lower than power purchase prices at HH level, cost minimisation maximises
self-consumption in each of the three scenarios. The scenario 3 was implemented to analyse
the effect of including GHG reduction into the target function of the individual HH as this
is proposed at present by some authors. However, there are two aspects to investigate:
(1) we will analyse how much including such target leads to different charging schedules
compared to scenario 1 and 2 and (2) whether it generates an effective GHG reduction
effect in the overall system.

In order to get a better understanding of these three scenarios on the basis of an
optimisation module, we have implemented as a 4th scenario an heuristic direct charging
approach as a reference. This approach represents a simple rule-based charging strategy
for each time step. Since each time step covers 15 min, we convert electrical energy with a
factor of 60 min/15 min to power and vice versa. The rules for the heuristic approach are
defined in the following. Since this algorithm only serves as a benchmark for the results of
our optimum charging strategies, we have attached a detailed description in the form of a
flowchart diagram in Appendix A.

(1) Charging restrictions: If the EV is connected to the charging station, charge with the
maximum charging power. If the maximum battery level is exceeded, charge the
battery only up to the maximum level.

(2) PV self-consumption: If there is a surplus of power generated by the PV system,
supply it to the power demand of the HH as well as the charging demand as far as
possible. If there is not enough energy, split it on the demand of the HH and the EV
charging demand according to their respective share.

(3) Self-consumption discharging batterie storage: If there is no local power production,
discharge the power required from the battery storage as long as the fill level of the
battery is sufficient.

(4) Grid purchase: If the available power is not adequate, purchase the remaining power
from the grid.

(5) Charging batterie storage with PV surplus: If there is still a surplus of power generated
by PV, while load of HH and EV charging is supplied, charge the batterie storage.

(6) Grid Feed-In: If this power exceeds the maximum charging power or the maximum
capacity of the battery system, feed the surplus into the grid.

4. Investigated Local Energy System

Key for charging strategies is the energy system in which the charging process will
be integrated. The presented charging strategies are evaluated by their application to a
typical grid-connected single-family household with an electrical demand and a demand
for mobility, equipped with a distributed generation system based on PV and a stationary
battery storage. First, we present this energy system by its technical and economical
characteristics in more detail. Afterwards, we take a closer look at the representative HH
mobility profile. Finally, we describe the interface of the distributed energy system with
the overall system, the purchase from and feed-in of power via the public grid.
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4.1. Structure of the Local Energy System of the Indivdual Household

The behaviour of the HH characterises the profile of the power as well as the mobility
demand. The latter is described by various EV trips while the power demand without EV
charging is described by a typical HH profile. For supplying the required power demand,
the local energy system consists of a PV plant, an electrical battery storage unit and a
connection to the power grid enabling power purchase and feed-in. The specific values
of the purchase costs and feed-in revenues are predefined for each scenario to enable the
analysis of the effects of the pricing structure. Focusing on EV charging processes, we don’t
consider a thermal demand in our investigation, leaving scope for future work.

The electrical demand profile of the HH and the PV generation profile stems from
real measured data, corresponding to [25], presented in more detail in Figure 3. Both
profiles show a time resolution of 15 min, referring to relevant time intervals for billing
and balancing in the German system.

Figure 3. Main characteristics of the investigated energy systems as mean daily values: electric
demand of the household (light blue) and PV generation (dark blue).

The dimensioning of the stationary battery storage corresponds to the average instal-
lation of a solar power battery storage packs in Germany in 2018 [2]. We have selected the
e-Golf of Volkswagen as representative for the characteristics of the electric vehicle with
a battery capacity of 35.8 kWh and an average EV power consumption of 15.8 kWh per
100 km [26]. The choice of this battery size may at first seem rather small as more up to
date models already offer higher battery capacities. However, regarding the subsequent
optimisation for unidirectional charging, the optimisation model will charge at maximum
the energy, required for the next journey only. With our focus on a representative household
profile, which predominantly consists of short journeys in the local area, as opposed to, e.g.,
longer journeys taken on holiday, this battery size with a maximum range of around 237 km
already proves to be sufficient, though higher capacity will offer increased flexibility to
the user of the EV rather than different charging patterns. The local charging facility is a
wallbox with 3.7 kW maximum power, analogous to [27]. This is the minimum charging
power you will find for sensible operation. However, as there is plenty of immobilisation
time at home for the EV, even this power offers some flexibility already.

If higher charging power, like 11 kW, which seems to get the standard for charging at
home, will be considered, the flexibility and therefore the advantage of an optimisation
approach increases. In Table 1, we sum up the specific technical and economical properties
of the investigated local energy system.
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Table 1. Technical and economical properties of the energy system.

Component Property Value Unit

Household Load Electrical Demand 3995 kWhel/year

Photovoltaic System Electrical Power 6.8 kWp
Electrical Energy 6800 kWhel/year

Batterie Storage Unit Electrical Power 4.6 kWel
Electrical Capacity 7.2 kWhel

Electrical Vehicle
Charging Power 3.7 kWel

Electrical Capacity 35.8 kWhel

Supply/Feed-In
via Power Grid

Purchase Price
(average) 30.85 €ct/kWhel

Feed-In Tariff 10.00 €ct/kWhel

4.2. Mobility Profile of the Household

The mobility demand of the household results from the trips of the household on each
day. We characterise those trips by two factors: First the time slot the EV is on the trip, it is
not available for charging at home (VEV,Avail = 0) and second the energy consumed by the
trip in kWh. Figure 4 displays the resulting mobility profile for a typical week.

Figure 4. Trips over a week and their absolute electrical consumption of the trip in kWh.

Since empirical data were not available for the mobility demand, we synthesied this
mobility demand considering individual trips. For this, we assume, that the EV user
commutes to work every weekday like 77% of the working population in Germany. For
most of the individuals surveyed, this commuting to work takes 30 min [28].

A full-time employee stays an average of 41 h per week, i.e., 8.2 h per day at his place
of work [29]. The average distance of a trip to the workplace is 10.5 km per trip [30].Beyond
this information regarding the journeys to work, there is no further information available
on other trips by individual verhicles for other purposes. Therefore, we assumed that the
EV is used on Mondays, Wednesdays and Fridays in the evening in addition. On Mondays
a short trip is assumed (6 km), on Wednesdays a longer trip (60 km) and on Fridays a
short trip (5 km). These short trips represent e.g., smaller purchases on site, like a trip to
a supermarket, the longer distance a trip to a neighbouring town. The EV usage during
weekends is described in detail in [31] for the average behaviour in Germany, from where
we have deduced therefore two medium trips on Saturday (each 13 km) and one on Sunday
(29 km).
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4.3. Tariffs and Average GHG Emissions of Purchased Power

The interface to the overall energy system of our local energy system represents the
connection to the power grid, where power can be purchased and fed-in due to defined
tariff structures designed different for the different scenarios. This exchange of power via
the public grid is connected on the one hand with costs or remunerations for the household
and on the other hand with an impact of GHG emissions caused by change in generation in
the overall system, which we allocate to the household by dynamic GHG emission factors
of the power mix in a hourly time resolution.

Both parameters are derived by investigations of the project ENavi (part of the
Kopernikus-projects funded by German Ministry for Education and Research (BMBF)) [32].
In this project, the electricity market model E2M2 has been applied and validated to model
historic generation of the German power market. The model results show the hourly merit
order of the unit commitment in Germany. The corresponding results have been taken up
in [33], where the hourly GHG emissions have been investigated more closely. The model
provides an annual hourly price for the power at the whole sale market and at the same
time their average GHG emissions for each hour. Because [33] provides both time series,
we do not provide a more detailed description at this point. Instead, we now focus on how
we have further utilized both parameters in the present study.

Focusing the purchase cost, we converted the hourly generation prices to a representa-
tive household’s power tariff. The German customer power price deviates significantly
from the above mentioned whole sale price due to a large fraction of allocated taxes, du-
ties and fees. The average power purchase price for a household in July 2020 amounts
to 0.3171 Euro per kWh, whereby 52% is for taxes, duties and fees, 25% for grid fees
(incl. measurement, metering point operation and billing) and 23% for procurement and
sales [34].

As for our purpose comparing different charging strategies and pricing structures for
the end consumer the exact price is not relevant, we assumed the purchase of our HH to
be 10 times the average generation cost of 30.84 EUR/MWh, i.e., 0.3094 EUR/kWh which
approximates the purchase price for households mentioned above. For one scenario we
applied this price as constant price for power purchases of our HH. In another scenario
we used the modelled wholesale power prices of E2M2 model in an hourly resolution and
multiplied each by 10 for gaining a purchase price for HHs as well. Though this does not
comply with present German regulation, such ideas where proposed by some researchers,
e.g., in [19]. However, for the analysis reported in this work, this assumption is suitable, as
we want to show the effect of dynamic pricing on charging strategies. We argue, that level
of price differences will be relevant as well, but determining the minimum level of price
fluctuation to gain impact is not in the scope of this work and left to future research.

With regard to the GHG emissions, the GHG emissions caused by our individual
HH result from the households power purchase resulting from power generation in fossil
plants. To keep analysis simple, we apply the pragmatic approach of considering a grid
emission factor, e.g., analogous to [22,24]. However, we will discuss the validity and the
impact of this approach later on in Section 5.3.

In order to guarantee comparability and reproducibility, we need to consider the GHG
emissions related to the production, installation and removal of our local energy system
and its components, which do not change with the charging strategy. We have therefore
assumed specific emissions of 50 g CO2/kWh for the electricity from the PV system [35].

In the literature, we could not find any specific emissions for the electricity from
the battery storage, but only the absolut CO2 emissions of 150–200 kg CO2/kWh battery
capacity, resulting from the production of the storage [36]. Here, we have chosen the more
pessimistic value of 200 kg CO2/kWh in order not to underestimate the CO2 emissions,
which we allocated over the first 10 years by means of a linear amortization with the annual
amount of electrical energy to be discharged. This results in specific CO2 emissions per
discharged electrical energy of 80.03 g CO2/kWh.
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5. Comparison of Charging Strategies

In this section we present the results of the application of the different analysed
charging strategies to the described energy system. Therefore, we first give a qualitative
comparison between two exemplary schedules, the one of the direct charging and the other
one of the optimised schedule considering the energy purchase costs as well as the GHG
emissions. We then compare the different charging strategies quantitatively due to the
absolute annual energy procurement costs and the estimated induced GHG emissions.
Finally, we discuss the results with regard to GHG emission reduction effects and dispute,
whether the GHG reductions will impact on the overall system.

5.1. Simulation of the Charging Strategies

We applied all 3 charging strategies based on the optimisation model as well as the
heuristic reference charging strategy on the previously described energy system over the
period of one year. Each simulation produces a charging schedule for the EV in this process.
Figure 5 exemplarily shows the charging schedules of the heuristic charging scenario (HCS)
as well as scenario 3 over the time of 3 days. For better analysis of the interdependencies in
the local energy system, the feed-in or demand of the other components of the local energy
system of the HH are shown as well.

In the Figure, it can be realised that there is no charging during the day except on the
third day, though there is PV generation available as well as low purchase prices and low
GHG emission factors. The reason for this is, that the EV is not connected to the charging
station during daytime onthe other days. Comparing the light blue (CS 3) and the dark blue
(HCS) line, it can be detected, that the charging in scenario 3 is moved to time slots offering
low specific GHG emission factors. We see this for example in the morning of Feb 14th
and in the afternoon of 16th February, where the optimisation of CS 3 selects times with
lower GHG emissions and purchase prices for the charging process. Since GHG emissions
are linked to very high prices of 1000 Euro/kg CO2, the objective of GHG emissions is
preferred. This can be realised by the shifting of the schedule into a higher-priced period of
purchase-power price but lower GHG emissions in the morning of 15th February, in order
to reduce GHG emissions.

Compared to HCS the charging strategy CS3 prefers the target value of reducing GHG
emissions compared to minimisation of purchase cost due to the high prices for GHG
emissions chosen by this scenario. The HSC, in contrast, is completely insensitive to the
PV electricity generated on site, the purchase costs and the GHG emissions as they are not
implemented in the HSC approach.

Following, we analyse the interaction with the energy system via the the exchange of
electrical power, represented in the following Figure 6. Here, this exchange via the public
grid is shown as a dotted line (CS 3 blue, HDC grey). Additionally, there are solid lines for
charging (light blue/grey) and discharging (dark blue/grey) of the stationary battery unit
of the local energy system.
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Figure 5. Resulting charging schedule of the charging strategy 3 (light blue) and the heuristic charging
(HCS) strategy (light grey) at a dynamic electricity tariff (black lined) and dynamic CO2 emissions
(violet lined) from 14 to 17 February.

In the figure, it can be seen, that the smart charging strategy CS 3 covers almost the
entire electrical load of the household by the stationary battery storage, although the PV
system does not generate much power during this period. This demonstrates that the
charging strategy CS 3 also optimises the flexibility of the stationary battery storage in times
of low procurement costs and GHG emissions, e.g., on the 15th February. Simultaneously,
we identify a potential disadvantage of the charging strategy CS 3: By optimising to the
most beneficial time of day, the power supply via grid is concentrated on individual time
steps, resulting in clearly visible power peaks. In order to prevent these peaks and to shape
them more smoothly, we could consider them as a further objective in the optimisation.
For this purpose, we could extend the objective function by costs for the maximum power
purchase over the optimisation horizon referring to a peak power pricing and—in case
it is appropriate—we could do the same for the feed-in. As typical for multi-objective
optimisation, the weighting factor of this maximum power peak pricing refers to the level
of peak power prices compared to the prices of the other objectives. Since our approach
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initially aims to minimize purchase costs and GHG emissions, we have not examined this
approach in detail.

Figure 6. Resulting battery charging/discharging schedule of charging strategy 3 (light/dark blue)
and heuristic charging (HCS) strategy (light/dark grey) at a dynamic electricity tariff (black lined)
and dynamic CO2 emissions (violet lined) from 14 to 17 February.

5.2. Comparison of the Charging Strategies

Figure 7 shows the annual results of the four charging strategies: Heuristic charging,
optimised charging with minimised purchase cost and constant (CS 1) or dynamic purchase
prices (CS 2) as well as conditions of CS 2 with adding the second objective of minimisation
of assigned GHG emissions (CS 3).

It can be clearly seen, that applying a charging strategy based on an optimisation
approach reduces yearly power cost significantly in the range from 10% to 20% depending
on the pricing structure of power purchase pricing. In absolute terms we can show a cost
saving of 45 EUR/a or 105 EUR/a respectively. In case of dynamic purchase prices, the
higher cost saving can be achieved. Thereby, it is obvious, that introducing the second
optimisation objective of minimising GHG emissions at the same time results in a cost
increase, due to the reduced solution space concerning the cost minimisation in this case.
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However, the increase in cost by applying CS 3 is rather small. This is not astonishing:
the whole sale price itself contains GHG pricing induced by the EU ETS and the dynamic
pricing structure relays on the whole sale prices, so that an additional (virtual) GHG pricing
at the end customer level, as introduced for CS 3, does not change that much.

Figure 7. Resulting annual energy supply cost (Power purchase cost less feed-in remuneration) of
each charging strategy.

In summary, we can conclude that the smart charging strategies can reduce the
specific annual procurement costs for power by 22.73%, but the absolute savings seem to be
rather challenging, as at present regulation there are just 45 EUR/a to be invested in such
improved systems. And this is the breakeven case, i.e., if this sum is invested, there will be
no incentive left for the HH. This figure increases to 105 EUR/a in CS 2, but the assumed
dynamic of the purchase price structure is overly optimistic, as the high fluctuation of
the assumed prices do not reflect causally determined cost structures. Within the power
price for end customers, there are several significant inflexible components (e.g., refund of
feed-in renumeration of renewable energy supporting scheme or grid fees), which do not
reflect system cost appropriately, in case they are differentiated over time.

As the second objective analysed was GHG reduction, Figure 8 shows the assigned
GHG emssions for each scenario resulting from estimated GHG emission changes in the
overall system caused by power purchase or feed-in via the grid of our local energy system
by the different scenarios.

It is not astonishing that the lowest assigned GHG emissions are related to CS 3, as this
strategy is the only one including this target into the objective function. It achieves almost
9% less assigned GHG emissions compared to HCS. However, power cost minimisation of
the HH leads to a reduction of assigned GHG emissions even in CS 1, due to the pricing
structures in place in Germany. This assumed reduction of GHG emissions estimated
by the chosen approach relies on the effect, that the objective function maximises local
consumption of low GHG emission generation of the PV system, as feed-in remuneration of
local produced PV power is less than the cost of power purchase at end customer level. CS
2 reduces the assigned GHG emissions by almost 7% (compared to HCS). This additional
assigned GHG emissions are caused by the effect mentioned above, that the dynamic whole
sale price includes a GHG pricing component already and drives the power purchase prices
at end customer level in this scenario.
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Figure 8. Resulting annual GHG emissions of each charging strategy.

5.3. Discussion of the Impact of the Charging Strategies

There are two aspects assumed to be different to up to date incentive structures in
place in Germany at present. The present situation is reflected by CS 1 while CS 2 and
CS 3 rely on assumed changes in pricing structures and an assignment of GHG emissions
proposed in literature. However, it is important to investigate, whether it can be expected
that those assumptions proposed in literature will reach the goals striving for. We will
discuss this further in the following.

(1) Dynamic pricing at the end customer level: The assumed prices in CS 2 and CS 3
contain dynamic components for taxes, duties and fees as well as dynamic grid fees
accounting for about 77% of the cost at end customer level and therefore the largest
component while procurement cost relying on the dynamic prices of the whole sale
market are included in the component accounting just for 23% of the end customer
price. There is no good reason for assuming that the price dynamic of taxes (e.g., VAT),
grid fees or duties (EEG remuneration) should exhibit the same price pattern than
the whole sale market. From an economic point of view, prices should reflect cost
structures and scarcities. The grid bottlenecks are not at all related to the bottlenecks
in generation of the overall system as well as the generation of renewables. Low
prices at whole sale markets relate especially to high renewable generation, which
in consequence this leads to high supporting cash flows. Applying the assumed
pricing at end customer level in CS 2 and CS 3, this would lead to especially low
duty components for EEG remuneration at the same time, which is the polar opposite
of supporting the situation at the same period. Therefore, in our judgement, the
proposed structure for purchase prices at end customer level are contradictory to our
main goal, designing a most cost-efficient overall system with less (or in the long run
no) GHG emissions, as such correlations do not lead to the appropriate incentives
governing the system in an economic efficient way. Restricting the price dynamic to
the price component relying on the wholesale market, reduces the fluctuation in prices
at end customer level and therefore reduces the savings shown in CS 2. However,
there will be some additional saving never the less, but it is assumed to be quite small
compared to CS 1.

(2) Assignment of GHG emissions at the end customer level by GHG emission factors:
The assignment of GHG emissions at the end customer level by applying hourly GHG
emission factors derived from a unit commitment model seems to be reasonable at first
approximation. For increased simplicity, we applied factors representing the average
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emission of the grid purchase and withdraw of electrical energy in each time step
in this work. This does clearly not reflect the GHG reductions in case of any change
of production linked to additional feed-in or power purchase by our local energy
system. The more appropriate value would be the marginal GHG factor in each time
step. This is somewhat more difficult to evaluate by a conventional unit commitment
model as E2M2, but could be used in principle in the same way. Those figures were
not available for this work, but could be generated for future work. Anyhow, it is
assumed that those values will not differ significantly for a lot of time steps, as the
overall system contains a lot of flexibility itself leading to the reduction of the impacts
of shifting feed-in or demand along the time line in cost minimum production of fossil
plants. In addition, in some more extreme situation (e.g., curtailment of renewable
feed-in), there will definitely be some impact on marginal GHG emissions.

However, there is another issue we need to consider necessarily: Most of the GHG
emissions originated from power production of the overall system are included in the EU
emission trading system (EU ETS). That means, any reduced emission in any time step is
linked to a reduced demand for an EU allowance (EUA) in this system in that time step.
The saved up EUA is free to be used to cover additional GHG emissions in any other time
step or sector (e.g., iron & steel). As the EU ETS is a cap and trade system, it ensures to
achieve an absolute limit of GHG emissions during a defined period corresponding to the
GHG emission targets set. As the cap is not affected by the behaviour of any player in the
energy system, the estimated GHG reduction shown in this work, is just a figure depending
on the assumptions, but does not reduce any GHG emission in fact as the cap in the EU
ETS is not affected. Following our judgement, the approach of integrating the objective of
GHG emission into any control strategy at local energy system level is therefore useless.
Furthermore, we consider it as even counterproductive, as the HH is given the impression
it could reduce GHG emissions further by another strategy, which does not reflect reality
and then results in additional useless costs. The approach supports the motivation of
climate-friendliness of the HH, though the intended target of the HH is not achieved in
reality at all. For achieving an optimal GHG reduction overall, optimal system integration
of the local energy system is crucial. This can be easily achieved by a cost minimisation of
power cost of HH in case the appropriate incentives are provided in the pricing structures,
which is not always achieved today [37]. However, this calls rather for adapting pricing
structures and regulation as an appropriate way rather than changing objective functions
for the operation of the local energy system.

6. Conclusions and Outlook

In the context of the German energy transformation, distributed energy systems are
becoming increasingly important due to different sectors (power, heat, transport) being
increasingly integrated on the end customer level. The high degree of flexibility in their
operation results in an enormous flexibility potential for the overall energy system, which
in view of the increase in electric vehicles has resulted in controllable flexibility of 0.46 GW
and 4.43 GWh over the last six years. In this paper we have presented an approach to
control the respective charging processes at minimum cost and we have tested an approach
proposed by other authors to impact GHG emissions by adapted operation of such systems.
This approach is based on an optimisation model, which can easily be extended by further
objectives besides cost minimization and climate friendliness and is able to approach
multi-objective targets as well (e.g., minimum cost and minimum GHG emissions).

For this purpose, we compared three different charging strategies, with minimisation
of power cost for an exemplary household and different settings of structure of power
purchase price at end customer level as well as explicit minimisation of GHG emissions as
additional objective at HH level, with a simple heuristic charging approach. The results
of our charging strategies undercut the costs of the heuristic charge control, as can be
expected, byt 10% to 20%, though 10% should be achievable with the present regulatory
framework in Germany already.
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At the same time, we discussed the impact of such a charging strategy and the impact
that can be reached in reality. This leads to the conclusion by deductive reasoning, that the
20% savings do not comply with cost savings in the entire system, as the applied dynamic
pricing structure at end customer level does not reflect causality of cost and therefore leads
to inappropriate incentives missing the most efficient system behaviour in the end. The
estimated assigned GHG emission reduction on the other hand will not lead to any GHG
reduction in reality, as the cap and trade system of EU ETS will keep emissions exactly in
the cap level in any case. The introduction of the second objective into the optimisation of
operation of the local energy system leads to increased system cost as well as increased cost
for the HH while no GHG emission reduction is achieved in fact. This approach proposed
in literature is, due to our judgement, counterproductive, as it increase the cost of energy
transition while not achieving any significant GHG reduction.

However, we were able to show, that applying appropriate optimisation approaches
to scheduling of local energy systems, including charging strategies of EVs, show clear
potential to improve system operation from local as well as overall system perspective.
Therefore research in this field should be intensified in several aspects. First, we recommend
to improve data on characteristics of EV utilization and limitations of charging processes.
For a better integration in real systems, the stochastic characteristic of the EV usage pattern
has to be taken into account in addition. Second, additional components of local energy
systems should be added like heat pumps and heat storage to consider the ongoing
comprehensive electrification of distributed energy systems. Third, further research on
the appropriate regulating framework should be intensified for generating appropriate
incentives leading to an optimum for local HH as well as entire system.

However, we believe that this approach is one of the basic fundamentals for the
comprehensive integration of distributed energy systems including EV charging into the
overall energy system by means of smart control systems.
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Appendix A

Figure A1. Overview of the heuristic direct charging approach per flowchart diagram.
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Abstract: Electric vehicles are a mobility innovation that can help significantly reduce greenhouse
gas emissions and mitigate climate change. However, increasing numbers of electric vehicles require
the construction of a dense charging infrastructure with a sufficient number of chargers. Based on the
identified requirements for existing electric vehicle users and potential new customers, the paper
proposes a charging point model for an urban area equipped with a local transformer station and a
sufficient number of low-power chargers. In particular, the model focuses on efficient use of chargers
throughout the day, considering private rental of chargers paid by residents in the evening. The model
uses an optimization method that compares the non-covered fixed costs due to unsold electricity to
nonresidents and the annualized costs of building an additional transformer. The proposed optimal
charging point solution was tested in a case study using real data capturing users’ habits and their
arrivals in and departures from the car park. As our model results show, the great benefit of a
park-and-ride car park equipped with chargers consists of a simple increase in car park efficiency,
ensuring sufficient numbers of private charging lots, optimizing operating costs, and supporting the
development of electromobility.

Keywords: shared parking; sharing economy; P + R car park; low-power chargers; electric vehicle

1. Introduction

Following the European Union (EU) 2030 targets [1], many subsidy programmes have been drawn
up to support electric car sales and construction of charging stations [2]. Notably, support for sale of
electric vehicles in many countries has caused rapidly growing numbers of electric vehicles (EV) in
operation [3], which have swiftly overtaken the numbers of charging stations built [4]. To achieve a
balanced ratio between electric vehicles in operation and charging stations, we need to step out of the
vicious circle [5] where many investors wait with construction of charging stations because the number
of EVs in operation has not achieved the required level. Conversely, many potential new EV owners
wait for the numbers of charging stations to increase.

However, construction of public charging stations itself is not enough [1]. Due to the expected
increase in the numbers of EVs, their owners will require similar parking and charging comfort that
is typical of the owners’ private garages or parking spaces [2]. Therefore, sharing them seems to
be a smart and simple solution to ensure a sufficient number of parking and charging stations for
electric cars.

Concerning the issue of sharing parking and charging places, some studies focus on peer-to-peer
(P2P) sharing, cf. [2–4]. The disadvantage of the proposed P2P solutions can be seen mainly in the
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difficulty of ensuring the quality of the services provided. However, not all charging station owners
are sufficiently conscientious and aim at ensuring high quality of the services. Usually, the charging
station owner is responsible for their charging station failure, but not penalized in any way for it [4].

Another key issue associated with P2P sharing of charging stations is ensuring electricity grid
stability. The electric grid can be in jeopardy mainly when the many shared charging stations in urban
areas are fully occupied [5–7]. The methods used to smooth the peak load as a method of dividing
the charging power between several charging stations cannot be used, because the charging station
does not constitute one microgrid. Moreover, P2P charging station sharing does not provide a clear
answer to the issue of procuring private charging points for EV users. Instead, it focuses on recharging
EVs during the day. EV sharing assumes that the charging station will be used in the evening by the
charging station owner who typically returns from work [6].

A good base for dealing with the issue of private charging stations is the idea of sharing parking
places near commercial buildings [8,9]. Assuming that car parks with a high concentration of vehicles
will be equipped with a sufficient number of charging stations, mainly due to the growing trend of
electric cars, the possibility of sharing these places as private parking spaces for EV users offers itself
directly. These places, equipped with charging stations, are mainly occupied during working hours.
Beyond working hours, they are unused and thus offer the opportunity to create private charging
points for EV owners.

Assuming these two conditions, i.e., charging stations connected to a microgrid and long EV
parking times, the power division or charging shifting method [6] can be used to smooth the peaks
in electricity consumption. In extreme cases, it is possible to supplement the microgrid with battery
storage to further support the stability of the entire system and of the local electric grid.

The aim of the present paper is to offer a solution to one of the most common obstacles of potential
EV users deciding whether to buy an electric car: the absence of a private charging space. Therefore,
it is necessary to provide these users with similar charging comfort to what users with private home
charging have, and to offer a price similar to that of home charging. We do so by defining the following
research questions:

1. Can evening reservation of car parks equipped with low-power chargers in a P + R car park
compete with home charging in terms of both costs and charging comfort?

2. Is it essential to equip P + R car parks with fast charging stations, due to the mode of using this
type of car park and the time users park their EVs in this type of car park?

3. Is it possible to ensure that EV owners having no private garage and charger will have a fully
charged EV battery before the next journey and the same comfort as users having a private garage
and charger?

4. Is it possible to ensure for EV owners having no private garage and charger a price per kWh
similar to users having a home charger?

The major contributions of this paper are as follows: (1) the problem of insufficient numbers
of charging stations can be solved by effective use of existing car parks equipped with low-power
chargers; (2) charging electric cars with low-power chargers contributes to efficient use of transformer
station potential; (3) by reserving parking places in a car park during evening hours, it is possible to
achieve higher efficiency of their use and simultaneously create charging conditions and a price per
kWh comparable to home charging.

The rest of this paper is organized as follows. Section 3 analyses EV drivers’ charging behaviour
and proposes a model of sharing parking places in a P + R car park equipped with low-power chargers.
Section 4 presents a case study based on both the real occupancy of a P + R car park and the real
charging requirements of EV users, with the objective to optimize the installed power of transformer
stations and the number of chargers used simultaneously from the technical and economic point of
view. Section 5 presents the results of technical and economic optimization of the car park model,
followed by discussion in Section 6 and conclusions with suggestions for future research in Section 7.
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2. State of the Art

There are several aspects that potential customers consider when deciding whether to purchase
an electric vehicle (EV). Firstly, the high investment costs of EVs are seen as the major barrier to EV
scale-up [2,3,6,10]. Furthermore, the high initial investment in EVs currently sold correlates with the
users’ annual income. Xu et al. [6] stratified the percentage distribution of EVs registered in California
into user groups with annual incomes above and below USD 150,000. The group of registered EVs
in the group of users with an annual income exceeding USD 150,000 makes up 45%. However, the
percentage of registered EVs in the larger group of users with an annual income lower than USD
150,000 is only 15%.

Individual countries try to compensate for this barrier using various financial instruments.
The structure and scope of the financial instrument and its implementation varies from country to
country. Additionally, not all countries provide subsidies for non-business vehicles. A questionnaire
conducted in the Nordic region (Iceland, Sweden, Denmark, Finland, and Norway) shows that
users would prefer a tax relief to a financial subsidy when purchasing EVs [3] with the exception of
Sweden, where the government has taken several reform steps since 2006 to reduce the tax burden [11],
which included the abolition of the most criticized taxes on real estate and property, also including
cars. Conversely, Sweden has significantly increased its fuel tax since 2014 to support CO2 reductions
and also increased the number of EVs in operation [11]. Other financial benefits that users will receive
from EV, cf. [2,3], are free parking in restricted areas, free use of motorways, and an exemption from
road tax if required by a particular country.

The second important issue for potential EV users is a short range of the EVs due to the small
capacity of the installed batteries. The study [4] states that the average daily distance travelled by a
user living in Beijing is 50 km. Users living in California travelled less than 48 km by car during the
day [6]. Respondents from the Nordic countries were also concerned about the short range of the
EV, but finally, they stated that most of them were satisfied with an EV that would be able to achieve
roughly 200 to 300 km per charge [3]. Only a minority of respondents would decide to purchase an EV
only if the capacity of its battery allowed them to achieve a distance of at least 500 km [3].

Taking into account all currently available battery electric vehicle (EV) models, the average
installed battery capacity is 61 kWh [12], and the average energy consumption is roughly 19 kWh/100
km [13]. The real range that EVs are able to achieve with one battery charge is approximately
314 km [14]. As can be presumed, the capacity of an installed electric vehicle battery strongly correlates
with its purchase price [15]. However, EVs with a low purchase price will achieve 50 km per battery
charge without difficulty. Even a two hundred-kilometre journey with a single charge is not unrealistic
for them.

The third important issue for many respondents is charging electric cars and the question of a
dense network of charging stations [2,3,6,10,16]. The questions in the questionnaire which focused on
charging efficiency, charging station locations and network density are in line with current scientific
issues addressed in the literature [1,4,8,9,17–23]. The issue of electric car charging can be principally
divided into two main subcategories: home charging and public charging stations.

Home charging stations paved a new way for EV users, who are thus able to recharge their
cars very comfortably. One of the most significant benefits of home charging of electric vehicles is a
lower price per kWh compared to a business fast-charging station [24], together with a higher degree
of comfort and less time spent charging on public charging sites, cf. [3,4,24,25]. On the other hand,
the disadvantage of the home charging solution is the necessary upfront investment in the home
charger set and, surely, also an investment in one’s own parking place or garage, cf. [2,4,26].

However, not all users (especially in urban areas) have their own garage or parking place [4].
A dense network of charging stations is often a good bonus for EV users and a quick way to recharge
their car during daily travel [3], but generally, EV users prefer home charging [3,6,27]. A private
parking place or garage that provide EV users with the ability of charging an electric car was very
important for potential new EV users, cf. [2–4]. For instance, Zhao et al. [4] describe the ratio between
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the number of registered EVs and the number of private charging stations in Beijing. In 2017, a total
of 124,000 EVs were registered, and 67% had their private charging stations. The remaining 33% of
EVs were dependent on recharging using public charging stations. Most of the population in cities
live in flats without a private garage or a private parking place [26]. These larger groups of users
leave their cars in public car parks near their apartments. They do not usually have the possibility of
buying a home charging set and using it to charge EVs [4]. Furthermore, in these densely populated
areas, a problem arises not only with a lack of private parking places and garages but also with a
lack of free public car parks, cf. [1,2,4,8,9,23,28]. The sharp increase in the number of cars and the
expected increase in the number of EVs [29] in future means that there will be a lack of new parking
places [9]. Very often, it is not possible to build new car parks in the required location at all, or it is not
economically viable [30].

From a global perspective, the lack of parking places is not caused by a physical shortage of car
parks, but by inefficient use of existing ones. In particular, corporate car parks, parking spaces near
commercial buildings, post offices, hospitals, schools, shopping centres and banks are busy mainly
during working hours, cf. [8,9,23]. Cai et al. [9] estimate that the percentage utilization of these parking
spaces in Beijing during the day is approximately 50%. At night, the utilization decreases further
to 40%.

Increasing the efficiency of use of existing car parks is therefore crucial. Several optimization
methods have been used so far. Perhaps the most straightforward and now well-established method
for increasing the efficiency of car parks is to reserve a particular parking place for the required time
interval [30]. Friesen and Mingardo [30] focus on increasing the efficiency of car parks using a method
based on revenue management and dynamic parking. This method adjusts the price of parking to
the car park location, the time of day when a customer parks their vehicle, and the day of the week.
Friesen and Mingardo [30] and Lei et. al. [31] came to a very similar conclusion in their studies: the
dependence of users’ demand for parking places depends on changing prices of parking.

Cai et al. [9] present the optimum method of sharing the same area from the perspective of car
parks and users at administrative buildings. To ensure the same occupancy of individual car parks,
they recommend approximately equal distances of car parks from points of interest. Better management
of the occupancy of individual car parks can also be achieved by changing the price of parking.
A problem may occur in residential car parks of office buildings with highly sought-after locations,
where, even after the increase in the parking fees, there are still problems with lack of free parking
places [9]. These car parks cannot, however, be shared with nonresidents. The authors further state
that a choice of car park is negatively influenced by the parking fee, travel time, risk of no parking
space, and general obstacles to parking [9].

Similarly, Huang et al. [8] agree that an effective way to solve the problem of the lack of parking
spaces is not their new construction, but more efficient use of existing ones. The main research
objective was to determine the optimum number of shared parking places for the car park assumed.
Assuming that the demand for parking spaces is constant and greater than the number of parking
spaces provided, they conclude that the optimum number of reserved places is approximately equal
to half the proportion of long-term parking users. However, it can be assumed that the number of
parking places offered for sharing will depend mainly on the car park location related to the demand
for the given location.

Similarly to the lack of car parks, the lack of charging stations for EVs is perceived as a significant
obstacle, cf. [2,4,23,28].Sharing of existing charging stations could eliminate the vicious circle between
public charging station infrastructure developers and potential EV owners [2]. From the economic
point of view, the development of a dense network of public charging stations depends on increasing
numbers of EVs in operation, and new EV users are often discouraged by small numbers of charging
stations [2]. The incentive not only for the investor to build a dense network of charging stations is
supported by the European Commission which, supports the Europe-wide electromobility initiative
and Green eMotion projects with an approximate amount of EUR 41.8 million [32].
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The use of existing private charging stations is inefficient, cf. [4]. EV owners usually use private
charging stations in the evening and the station remains used inefficiently during the day [4]. Therefore,
optimizing the use of charging stations by sharing them results in benefits not only for the charging
station owners but also for other users of electric cars who could then use the dense network of charging
stations [3,6,18,19].

Plenter et al. [2] dealt with the development of “CrowdStrom,” representing a peer-to-peer (P2P)
sharing and collaborative transportation consumption service for private charging infrastructure by
using information technologies. These authors specify three main factors that an individual must
ensure to provide his charging point for other EV users. The first important factor is the owner’s
willingness to share their charging station with other users. The second necessary factor is to ensure
free access to the charging station (which tends to be an issue, especially in private underground
garages of condominiums, where only renters have primary access). The third, final factor is internet
connection, important for sharing information about the station occupancy. In addition to an IT solution,
the authors also asked residents about their willingness to participate in a charging station sharing
project. From a total sample of 327 respondents, 45% indicated above-average interest in becoming a
provider regularly offering private charging stations to the public. However, a more detailed analysis
of the questionnaire data showed that only 450 shared charging points would be created in a given
locality with 300,000 inhabitants. The estimate was based on the answers of respondents who had the
opportunity to build a parking place and add a charging station. Additionally, with above-average
interest, they had to agree with purchasing an EV and providing the charging station for other EV users.

The results of the questionnaire [2] also show that people have a better chance of sharing private
charging points in suburban areas because they are more likely to have their own parking place and to
equip it with a charger. Zhao et al. [4] had a similar idea of sharing private charging stations with other
users. The analysis found out that the utilization rate of private charging stations in Beijing was 4.5%.
By offering these private charging stations to other users, their utilization rate has increased by 0.4%.
The main limitation to the study by Zhao et al. is that the charging station owners provide their charger
for other EV users during the daytime, but not in the evening, when the owner occupies the charging
station. We take the opposite approach. Sharing of parking places in a P + R car park, which are
unused at night-time, correlates with EV users’ demand for charging in the evening, when they usually
return home from work.

Xu et al. [23] approach sharing of parking places and charging stations from a different angle than
the two abovementioned studies. They consider sharing parking places primarily in a car park in a
commercial building. The pairing of parking place owners and customers then proceeds as follows.
Each parking place owner sets a minimum price of renting in the time interval when they do not use it
and each customer suggests the maximum price they are willing to pay for parking. An important
factor of pairing is that the parking place owner is assigned a customer who offered the same or higher
price of renting the parking place. Customers’ fees consist of renting a parking space and the electricity
consumed. However, the customers can get a financial benefit if they opt for demand-side management
(DSM). The DSM method is used to optimize the parking costs by modifying EV charging/discharging
behaviour. DSM aims at encouraging consumers to use less energy during peak hours, or to shift their
energy use to off-peak times such as night-time and weekends [23].

Many studies [2–4] state that owning a private parking place is often an important condition
for deciding to purchase an EV. In urban areas, where there is a limited number of public parking
places, the possibility of sharing offers itself directly. Car parks near commercial buildings, post offices,
hospitals, schools, and shopping malls are often the best possible solution for sharing, as the studies
show. Especially beyond working hours, these car parks are used with low efficiency.

The research gap to which this article responds is effective use of parking spaces near commercial
buildings, shopping malls, hospitals, etc. [2–4]. These car parks will be equipped with a sufficient
number of chargers due to the expected increase in EVs, resulting in a high concentration of cars in the
working hours when these institutions are most busy [2]. Furthermore, these car parks are very often
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located near settlements. Therefore, it offers itself directly to provide these car parks equipped with a
charger for EV owners living close by. Rental of these charging points then offers private charging
points for EV users without a garage or home charger.

Furthermore, our article solves the problem of the absence of a private parking place equipped
with a charger, which often dissuades potential customers from buying an electric car [2]. This research
presents a P + R car park model equipped with a sufficient number of chargers. It is assumed that
P + R car parks are used mainly during the day and at least in the evening. Plenty of available charging
points in the evening also correlates with EV users’ demand for charging in the evening, when they
usually return home from work. Thus, the proposed solution directly solves the problem of many
potential EV users who do not have their own private charging points, a factor that often discourages
them from buying an EV [2–4].

3. Model of EV Charging in Shared Parking Places

EV users come mainly from urban areas with a high proportion of apartment buildings, so they
often face not only a lack of places for charging, but also places for private parking. Thus far,
many charging models have focused on home and public charging, and similarly, there have already
been many general ways of sharing parking places [2,4,8,23,28]. The proposed model combines
the above approaches and models by building charging infrastructure in an existing car park and
introduces the concept of sharing it. In order to increase the efficiency of use, the model contains
parking places and charging infrastructure not only for residents living around but also for those
randomly arriving in the daytime.

The model aims to design a technically and economically optimal solution for additional installation
of 3.6 kW AC chargers and other necessary energy equipment in an existing car park. The model focuses
on sharing parking places from the car park operator’s perspective, trying to offer comfort and service
for EV users comparable to home charging. Simultaneously, the model aims to guarantee low-power
night-time charging for users’ EVs, which will sufficiently compete with public fast-charging stations
and achieve low-priced home charging.

3.1. User Description

A key issue in setting up a model of a car park equipped with chargers is to dimension and adapt
its equipment to the requirements of individual groups of electric car users. Generally, car park users
can be divided into two main groups. The first group consists of randomly arriving EV users who
commute to the site for work or other purposes. The other group comprises users (residents) who live
close to the car park and rent a parking place primarily for charging. Residents are offered a level of
comfort similar to that of people living in family houses and having their own garage equipped with
a charger.

Our model assumes that the first group of EV users (nonresidents) use the car park primarily in
the daytime. The purpose of daytime parking might be the vicinity of a shopping centre or means of
public transport. Therefore, nonresident users’ priority is parking rather than charging. Although
the price is close to home charging, charging is not mandatory for nonresidents. Before parking, each
nonresident user chooses whether they want to charge the EV. After leaving the parking place, the user
pays not only an appropriate hourly parking rate but also the energy bill. Since the car park is not
primarily intended as a public charging site, nonresidents are not guaranteed recharging during their
whole parking time. Parking only increases the energy level in the EV; the problem of full recharging
is solved by home charging or other means.

For the second group (residents), the car park model offers the possibility of renting parking places
with a charger. The parking places are reserved for the residents on weekdays during the night-time.
At weekends, resident parking places are also reserved for the residents throughout the day. If the
residents arrive no later than at the set evening time (Tl), they are guaranteed a sufficient number of
charging hours correlated with recharging an appropriate amount of energy. However, the rules for
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the resident group require different settings. It is assumed that the residents want to rent a parking
place mainly due to the absence of private parking and charging places.

Compared to nonresidents, residents are financially motivated to use car parks to charge their EVs.
The principle of incentives we propose consists in the introduction of a minimum flat rate for residents
including guaranteed charging hours, regardless of the actual use. Charging after the guaranteed
hours is then calculated per kWh. The flat rate will ensure a reduction in the risk of non-covered fixed
costs (NCFC) due to a blocking car with little need for charging. Another source of risk is mutual
blocking of users; this is addressed in the following chapter.

3.2. Blocking Issues

To completely prevent charger blocking, additional installation of chargers in each parking place is
assumed. The problem of sharing parking places between groups is addressed by resident membership
booking for a specific day. Here, a resident does not have the option to rent a particular parking place
but can book membership in a parking group. Since overlaps can occur in the case of a nonresident’s
or a resident’s delayed departure, the calculation takes into account an overlap around the morning
(X) and evening (Y) hours, when the overlaps are the most frequent. Above all, the model takes into
account a capacity reserve (Qr).

Qr = Qpl −Q (1)

where Qpl is the total number of parking places in a car park and Q is the number of parking places
reserved for residents.

For a resident who decides not to leave, the resident daytime tariff is charged. In the case of a
resident staying in the daytime, the minimum tariff rate (Rresident) is set as the product of the NCFC per
unsold kWh (Lp_kWh_nonresident), the average occupancy of the charger (To), and the charger (PCH).

Rresident = Lp_kWh_nonresident·To·PCH (2)

Lp_kWh_nonresident = LCOEnonresident −Nvar (3)

where LCOEnonresident is the levelized costs of electricity for the nonresident group, and Nvar is the
marginal price per kWh.

For a nonresident who does not leave until the last daytime parking hour, the night-time
nonresident tariff is charged. In the case of a nonresident staying overnight, the minimum tariff rate
(Rresident) is set as the product of the NCFC per unsold kWh (Lp_kWh_resident), the guaranteed resident
charging hours (Tg), and the power of one charger (PCH).

Rnonresident = Lp_kWh_resident·Tg·PCH (4)

Lp_kWh_resident = LCOEresident −Nvar (5)

where LCOEresident is the levelized costs of electricity for the resident group, and Nvar is the marginal
price per kWh.

3.3. Charging Scheme

Nowadays, building power infrastructure with a minimum charging output 50 kW DC is most
common if short charging times are to be achieved. Furthermore, construction of charging infrastructure
requires installation of either more local transformer stations or higher-power stations. It is also
necessary to increase the capacity of the high voltage (HV) connection and increase the reserved power.
The time of utilization of the installed capacity is short in this case. From the economic point of view,
especially the costs associated with the increase in the reserved power from the HV power grid are
not viable.
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Contrarily, construction of charging infrastructure with low-power charging stations (usually
up to 3.6 to 10 kW) avoids these issues. The time of utilization of the installed capacity will increase,
and the smoothness of consumption ensures predictability for purchasing electricity from the trader.
Installing a low-power charger in each parking place (Figure 1) then appears to be a more advantageous
option for this model.

Figure 1. Car park model equipped with low-power chargers.

3.4. Model Input Parameters

The input parameters of the car park model equipped with low-power chargers are as follows:

• Maximum number of parking places in the car park assumed (Qpl);
• EV arrivals on weekdays with the highest demand for parking;
• Peak parking occupancy at the weekends (Q);
• Data describing the demand for electricity by arriving EV users;
• Maximum number of residential parking places (Qr).

The model of charging infrastructure for an existing car park consists of a HV/LV transformer
station, switch disconnectors and isolators, a circuit breaker, 16A fuses, cabling, a heat exchanger
(cooler), a charging control system, and chargers.

3.5. Dimensioning the Transformer Station Power

The charging issue is always related to the maximum load of one or more locally installed
transformers. The minimum power (P) of a transformer station is based on the total requirement for
recharging the residents’ EVs (Er). Residents’ recharging requirements are defined by the probability
density function (PDF) of their daily mileages (F(Tg)). Based on the charger power of 3.6 kW AC
and the given percentile of charging success (p), a minimum charging time (Tg) obtained should be
guaranteed for residents. Simultaneously, information about the total energy needed for recharging
(Er) is obtained from the PDF of resident daily mileages.

To verify whether power of a group of installed transformers is sufficient, the model compares
energy needed to charge the residents’ EV (Er) and the energy that the local transformers can provide
in the time interval reserved for residents (ETR_YX).

ETR_YX ≥ Er (6)

Er =

Qr∑
x=1

Er(x) (7)

ETR_YX = Pch_par·(Y −X)[kWh] (8)

Pch_par = chpar·PCH [kW] (9)
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chpar ≤ P
PCH

(10)

where Pch_par is the power consumption of the entire array of chargers used simultaneously chpar. PCH
is the power of one charger.

The optimal number of local transformers should be the subject of economic analysis. The
economic assessment also includes a comparison of NCFC due to electricity unsold to nonresidents,
and annualized costs of building an additional transformer. If the NCFC exceed the annualized costs,
it is advantageous to add another transformer to the transformer station.

3.6. Charging Power Sharing Method

An important issue in terms of charging is the distribution of the transformer station power (P)
among the individual EVs. Compared to residents, nonresidents arrive in the car park randomly
during the time span from (X) to (Y).

The occupancy curve strongly depends on the type of car park. Therefore, the estimate of the
number of arriving nonresidents in a given period must result from long-term observation. The PDF
of the length of stay (L) and the PDF of the quantity of arriving nonresidents in the given time intervals
(A) are calculated from the observed data. As for the residents, we obtain information about the total
energy needed to recharge their EVs (Er) from the PDF of resident daily mileages.

The main difference in the division of the power of a local transformer station among the
nonresident group is that nonresidents do not have a guaranteed energy supply (Figure 2). Therefore,
the power of a local transformer station is divided among the EV being charged. The number of EVs
being charged (chpar(t)) and the number of new charging requests are monitored in the given time
steps (t). The limiting factor for accepting a charging demand is the remaining unused power of the
transformer stations (P-Pch_par(t) > 0). In a situation where there are several requests for charging
(Nw(t) > 0) and recharging of all EVs is impossible due to transformer station overload (Pch_par(t) ≥
P), the first-in, first-out (FIFO) basis is used. The charging of waiting EVs is postponed until they
are guaranteed continuous charging. The EVs are then charged until either they have fully charged
batteries, or their owners voluntarily interrupt charging and depart.

Figure 2. Nonresident charging diagram.
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Contrarily, the residents have guaranteed (Tg) charging hours (Figure 3) as part of the parking rate,
providing that they arrive between Y and the last morning hour (Tl). If the transformer station is not
fully used and the battery of a resident’s EV is not fully charged even after the guaranteed (Tg) hours,
the battery is charged further. An interruption in the charging of this car will occur at the moment of
the full battery capacity or on the arrival of another resident who has not exhausted the charging hours
guaranteed and if the simultaneous charging of both EVs would exceed the maximum power of the
transformer station.

Figure 3. Resident charging diagram.

3.7. Economics of System Dimensioning

Apart from technical aspects, economic factors need to be taken into account when constructing a
charging point. One of the key issues is the competitiveness of the project compared to other charging
methods, such as using public fast-charging stations and home charging using a private charger.
We assume that the main priority of the model is to create a sufficient number of shared parking places
for residents and comfort and charging costs similar to home charging. Therefore, home charging is
the main competitor for the car park with the charging infrastructure.

To assess the economic effectiveness, the model uses the levelized costs of electricity (LCOE)
to recalculate individual capital expenditures (CAPEX) with different lifetimes and operating
expenses (OPEX) converted to a unit price per kWh. CAPEX involve a HV/LV transformer station,
switch disconnectors and isolators, circuit breaker, fuses, cabling, heat exchanger (cooler), installation
material, chargers, connection fee, installation work, and charging control system. OPEX are generally
divided into two items, the first one consisting of maintenance and the second one associated with
electricity consumption.

Since the transformer station causes the highest losses, the empirical formula given by CSN 341610
standard is used for the estimation of annual losses in the transformer station.

TL =

⎡⎢⎢⎢⎢⎣0.2
Tm

T0
+ 0.8

(
Tm

T0

)2⎤⎥⎥⎥⎥⎦·T0 (11)

142



Energies 2021, 13, 6750

where TL is the annual time of full transformer losses, Tm is the utility factor, and T0 is the annual
operating time of the transformer station.

WL = Pnl To + Pkn
S2

m

S2
n

TL (12)

where WL is the annual energy losses in the transformer, Pnl is the power transformer no-load loss, T0 is
the annual operating time of the transformer station, Pkn is the short-circuit transformer losses, Sm is
the maximum apparent-power load of the transformer, Sn is the apparent power of the transformer
station, and TL is the time equivalent of losses at the maximum load of the transformer per year.

From a technical point of view, the power of one transformer installed in a transformer station
may be sufficient for the full charging of residents’ EVs, but the percentage of refused nonresidents and
the associated unsold electricity can generate significant NCFC. A comparison of these NCFC with
the annuity costs associated with an increase in the power of the local transformer station determines
whether the increase is economically beneficial or not. The economics of system dimensioning aim at
determining the levelized costs of electricity (LCOE) for both the nonresident and resident groups.

LCOE =
sum o f costs over li f etime

sum o f electrical energy sold
=

Ni +
∑n

t=1(Mt + NEt)(1 + r)−t

∑n
t=1 Et(1 + r)−t (13)

where the variable Ni denotes the initial investment in the equipment; M is the annual maintenance
expenditures, NE is the electricity bill in the year t, r is the discount rate, and E denotes electricity sold
in the year t [kWh].

The optimization method is based on economic cost evaluation. This method compares the
NCFC due to electricity unsold to nonresidents and annualized costs of building an additional
transformer. The optimization minimizes the number of refused nonresidents via installation of
additional transformers. The algorithm applies a constraint that the overall costs of charging, including
NCFC and annualized costs of building of another transformer, do not exceed 0.19 EUR/kWh (for both
residents and nonresidents).

4. Case Study

The following chapter deals with an application of the model to real data. The chapter consists of
four subchapters. The first and second present and analyse the real data entering the model. They are
followed by technical evaluation of the case study data (third subchapter) and economic evaluation
(fourth subchapter).

4.1. Parking Place Input Data Analysis

Data from a park and ride (P + R) car park with 650 parking places in Prague Letňany were
selected for the survey [33]. The data capture the car park occupancy in five-minute intervals from
the 1st quarter of 2013 to the 4th quarter of 2016. The car park occupancy data do not include data
for holidays and public holidays, which would alter the occupancy information for the given days
significantly. The parking data do not include any private residents.

For further processing, the car park occupancy information for individual five-minute intervals
was broken down into weekdays (from Monday to Friday) and weekends (Saturday and Sunday).
The average occupation level in the corresponding five-minute interval was calculated for each day
based on this four-year study.

Subsequently, an extensive analysis of the data was performed in order to identify significant
differences in the car park occupancy between individual weekdays (Monday to Friday), and weekdays
and weekends. The analysis of weekdays shows that the user behaviour is almost identical for Monday,
Tuesday, Wednesday and Thursday. On Friday, the parking places were occupied significantly less.
Considering that the occupancy in the individual five-minute intervals has a normal distribution with
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a 64% probability, the difference in the occupancy in the time interval from 7 am to 7 pm on Monday,
Tuesday, Wednesday, and Thursday is less than 3% (Figure 4).

Figure 4. Occupancy on weekdays ([33], calculated by authors).

Moreover, an analysis was performed to identify changes in user behaviour depending on the
quarter of the year. The analysis shows that the user behaviour remains almost unchanged throughout
the year. For example, for Thursday, considering that the occupancy values in each five-minute interval
have a normal distribution with a probability equal to 64%, the difference in occupancy from 7 am to
7 pm in the first, second, third and fourth quarters is less than 6% (Figure 5).

Figure 5. Thursday arrivals/departures ([33], calculated by authors).

Since the user behaviour in individual quarters and on weekdays, except Friday, was nearly
the same, we selected the Thursday occupancy for further modelling. In terms of parking place
occupancy, Thursday parking place occupancy has the character of the busiest weekday. Furthermore,
the weekend car park occupancy analysis shows that the user behaviour on both Saturday and Sunday
is the same in all the quarters. The average occupancy on these weekend days is constant, equal to 100
parking places.
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The disadvantage of the provided data describing only the car park occupancy is the loss of
information on arrivals and departures within the measured five-minute interval; for example, arrivals
and departures of the same number of cars in the same five-minute interval show a zero change in
occupancy. Therefore, the Poisson distribution using random arrivals of individual cars was used
to approximate the real car park occupancy. The departure time, which correlates with the parking
time for a car in a parking place, was modelled using a Gaussian distribution with a 4 h mean and a
standard deviation of 1 h.

Data obtained from charging stations operated by ŠKO-ENERGO (Mladá Boleslav, Czech Republic)
were used to simulate demand for recharging of electric vehicles [34]. During the three-month testing
in 2020, data on 330 charging iterations from various types of EVs were obtained. The charging data
were obtained from seven charging points, each equipped with a 22 kW DC power charger. At four of
these seven charging points, it was also possible to use a 50 kW DC charger [34]. A more in-depth
analysis of the data provided information about the time spent in the car park and the time required
for sufficient charging. The analysis shows that users left the EVs parked and connected to the charger
for a longer time than required to recharge the battery. This can be demonstrated by the fact that it
is possible to recharge the battery of a EV more with a lower-power charger over the same parking
time. Figure 6 shows that users park for longer than is needed to recharge the battery to full capacity,
thus unnecessarily blocking the possibility of recharging other electric cars.

Figure 6. ŠKO-ENERGO charging stations ([34], calculated by authors).

Almost 90% of the car users analysed would have done with a shorter charging time to recharge
the required energy or using a 3.6 kW AC charger to achieve the same recharging level in the same
amount of parking time (Figure 6).

The EV charging sample also offers a valuable outline of the demand for electricity recharging.
The data obtained from 330 charging iterations were sorted based on the energy consumed and
subsequently used to calculate the cumulative distribution function (CDF) (Figure 7). The most
frequent group (16%) are EVs with an 11 kWh charging requirement. The charging requirements show
that 90% of arriving EVs require less than 18 kWh to recharge, which corresponds to approximately 5 h
of recharging with a 3.6 kWh charger (Figure 7).
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Figure 7. Cumulative distribution function of charging requirements [kWh] ([34], calculated by authors).

4.2. Users Input Data Analysis

The case study considers integration of charging infrastructure into an existing P + R car park
with 650 parking places (Qpl) in Prague Letňany. The real data analysis revealed that the average
weekend occupancy of the car park (Q) is 100 parking places. Therefore, 550 parking places (Qr) out
of the total parking capacity of 650 (Qpl) can be reserved for residents. A more detailed analysis of
the input data describing the car park occupancy set the residents’ interval from X = 7 am to Y = 7
pm. The input data vector describing the one-day car park occupancy is composed of 288 five-minute
intervals. The number of predicted nonresidents who arrived in a given five-minute period (A(t)) is
estimated using the normal distribution function. The mean value and standard deviation needed to
calculate the normal distribution are achieved from the five-minute intervals, which correspond with
both the day of the week and the placement of the five-minute period on a given day. (For example,
the calculation concerning all the first five-minute periods obtained from each Monday.) Similarly,
the time spent by a nonresident in the parking place is estimated using the normal distribution function,
where the mean value equals to 4 h and the standard deviation is 1 h.

The Poisson distribution was used to predict the demand for charging nonresidents (En(x)),
where λ corresponds to the mean value of the data obtained from the charging stations operated by
ŠKO-ENERGO.

The requirements for charging are described as follows:

Â(t) ∼ N(μA(t), σA(t)) (14)

L(x) ∼ N(μL, σL);μL = 4 h, σL = 1 h (15)

En(x) ∼ Poisson(λ); λ = 8 kWh (16)

where Â denotes a vector with the distribution of arrivals of nonresidents in five-minute intervals
during the day expressed by the average μA(t), and the standard deviation σA(t). The variable L is the
length of nonresidential stay with a normal distribution with the average μL and the standard deviation
σL. The last variable denotes a recharging requirement approximation by the Poisson distribution.

The case study for the resident group models the charging demand only. The charging demand is
based on the study [35] focusing on the PDF of daily distance driven by car (Figure 8). The assumed
demand for charging characterizes the residents’ behaviour. They primarily charge their EV once a
day after returning home, similar to most users with their own charger and a garage. The arrival
curve and the time spent by the residents in the car park have not been accounted for. In the case
study, we assume that a sufficient number of residents will arrive before the set time (Tl) required for a
guaranteed charge.
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Figure 8. Probability density function of daily distance driven by car [35].

By dividing the daily distance driven by car and the average EV consumption by 100 km (19 kWh),
we obtain information about the required energy charge. In order to charge energy, it is also necessary
to take into account the compensation for electrical losses that occur during charging. A test of power
consumption in electric cars [36] shows that EVs consume between 10 and 25 per cent more electricity
than their onboard computers show. However, it can be assumed that charging with a low-power
3.6 kW AC charger results in the losses being closer to the 10% value. By dividing the charging power
of the charger and the required charge energy (Er(x)), including losses during charging, we obtain
information about the required charging time (Tr (x)) (Figure 9).

Tr(x) =
Er(x)
3.6kW

(17)

Figure 9. Cumulative distribution function of the resident’s EV full charge.

Both the number of guaranteed charging hours (Tg) and the limit that residents must meet to
obtain guaranteed charging hours (Tl) were determined based on the time needed to charge by 95% of
the residents.

AF
(
Tg

)
= p ; p = 95% (18)

Tg = F− 1(95) � 6 h (19)

Tl ≤ X − Tg; X = 7 h, Tg = 6 h (20)

Tl ≤ 1 : 00 AM (21)
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4.3. Technical Aspects of System Dimensioning

Local transformer station capacity will be first dimensioned to meet the residents’ requirements,
even though we assume higher utilization of the car park and the entire charging infrastructure by the
nonresident group. From the existing series of transformers, it is possible to choose any combination of
transformers with different power ratings to ensure the required power output. However, a transformer
with an apparent power of 630 kVA is selected for installation in the case study.

The total requirement of recharging 550 resident EVs (Qr) obtained from the PDF of the daily
distance driven by car and average EV consumption corresponds to 5303 kWh (Er). Within the 12 h
reserved for residents (Y − X), the assumed local transformer with an apparent power of 630 kVA can
supply (ETR_XY) 7182 kWh, and thus fully meets the residents’ charging requirements.

Pn = Sn· cosϕ (22)

Pn = 630·0.95 = 598.5 (23)

ETR_YX = Pn·(Y −X)[kWh] (24)

ETR_YX = 598.5·(19− 7) = 7182 [kWh] (25)

ETRYX ≥ Er (26)

ETRYX ≥ Qr·PCH·Tg (27)

3.6 ≥ Tg (28)

chpar ≤ P
PCH

(29)

chpar ≤ 598.5
3.6

≈ 160 (30)

Based on the assumed model parameters, each parking place is equipped with a 3.6 kW AC
single-phase charger. From the load optimization point of view, the car park is divided into three parts.
Each is connected to one of the three phases of the transformer. The first and second phases of the
transformer are connected with 217 chargers. The third phase then provides power to 216 charging
stations. Due to the maximum load of one transformer, it will never charge more than 160 EVs at the
same time (chpar). Even though one transformer fully satisfies the requirements for recharging 550
residents, they cannot be guaranteed the required 6 h of charging. With one transformer, it is possible
to guarantee each resident 3.6 h of charging. However, 3.6 h of guaranteed charging led to a full charge
for only 75% of residents (Figure 9).

Besides, the car park control system, which directs arriving users to the parking places to ensure
optimal loading of the entire charging system, helps to optimize even loading of both the transformer
stations and their phases.

In the following part of the case study, we will focus on the car park operation in the interval
reserved for nonresidents. Their behaviour characterized by charging requirements, arrival times, and
parking times is described in the last part of the case study focusing on user’ characteristics.

In the case study, we will assume that all nonresidents require both parking and charging of
electric cars. Several restrictions are associated with the power of the local transformer station (P),
determined based on residents’ charging requirements. One of them is the maximum number of
chargers used simultaneously (chpar). This is also the reason why it is necessary to postpone some of
the nonresidents’ charging in very busy intervals (Figure 10).
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Figure 10. Modelled occupancy in the case of using one transformer.

Nonresidents who have been refused charging wait until one of the previously connected
nonresident EVs is fully charged or has finished charging and leaves. The FIFO principle is used for the
choice of the next EV for charging from the group of waiting nonresidents, where the longest-waiting
nonresident is chosen for charging preferentially (Figure 2).

From the charging point of view, we divide nonresidents into three parts. The first part is
composed of nonresidents who were able to recharge throughout the parking time (fully charged).
The second part comprises nonresidents whose recharging was shortened due to a shift in the start of
charging (partially charged). The third part includes nonresidents whose charging did not start due to
a shift in the start of charging (refused).

In the case study, 20 simulations were performed. The number of nonresidents did not change
between individual simulations, but their behaviour (charging requirements, arrival times and parking
times) did. The results of the simulations showed that on average, 25% of nonresidents were refused,
15% were partially charged, and 60% were fully charged (Figure 11). The course of one of the
simulations with one transformer is shown in Figure 10, presenting the load of one transformer and
the occupancy of the car park compared to the measured real occupancy.

Figure 11. The success of recharging nonresidents in case of using one transformer.

Subsequently, the same set of 20 simulations was performed, but with a difference in the local
transformer station power. The existing transformer was supplemented with another one with identical
parameters and apparent power in these simulations. This pair of local transformers had a combined
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power of 1197 kW, enabling the simultaneous charging of 320 EVs. The part of nonresidents with
refused charging was eliminated due to the increased local transformer station power (Figure 12).

Figure 12. Modelled occupancy in case of using two transformers.

The pair of local transformers reduced the percentage of partially charged nonresidents to 4%
and eliminated the part of nonresidents with refused charging (Figure 13). The course of one of the
simulations with two transformers is shown in Figure 12, which presents the load of two transformers
and the occupancy of the car park compared to the measured real occupancy.

Figure 13. Success of recharging nonresidents in the case of using two transformers.

For the resident group, increasing the output of the local transformer station has the benefit of
guaranteeing 6 h of charging (Tg) and a 95% success rate of full charging for residents.

4.4. Economic Analysis of System Dimensioning

From an economic point of view, it is essential to set the business model parameters so that the
costs associated with parking and charging can be competitive with home charging. The key issue is
to correctly set the ratio of the CAPEX division between nonresidents and residents. The case study
presents the range of recharging costs depending on how CAPEX are distributed among users (Table 1).
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Table 1. Investment costs.

TLT q Unit Price
Total Costs

of 1 TS
Costs of

Additional TS
Annuity
for 1 TS

Annuity for
Additional TS

Year - EUR EUR EUR EUR EUR

TS-22kV/0.4kV 35 1 13,208 13,208 13,208 3303 3303
Disconnector and isolator 35 1 566 566 566 142 142

Circuit breaker BH400 35 1 453 453 453 113 113
Fuses PM45 16A 35 3 74 221 221 55 55

Cabling [m] 50 2150 9 19,877 0 4969 0
Heat exchanger (cooler) 35 1 102 102 102 25 25

Pipes for cooling 35 1 302 302 302 75 75
Installation material 35 1 377 377 377 94 94

Charging control system 35 1 37,736 37,736 0 9438 0
Charging station 10 650 755 490,566 0 137,394 0
Connection fee 35 1 6038 6038 6038 1510 1510

Labour 35 1 45,283 45,283 45,283 11,325 11,325

Exchange rate: 1 EUR = 26.5 CZK.

The costs associated with electricity consumption (OPEX) are slightly different across countries.
Since the car park is located in the Czech Republic, the price of electricity consists of a fixed and a
variable part. The fixed part includes the fee for reserved power, renewable energy sources (RES) and
the market operator, while the variable part, depending on electricity consumed, includes the price of
energy, distribution services, system services and the electricity tax. The modelled annual electricity
consumption and actual prices are shown in Table 2.

Table 2. Annual electricity bill [37,38].

Unit Unit Costs (Incl. VAT) Total Annual Costs Additional TS Annuity Costs

Energy EUR/MWh 75.34 169,944 -
Distribution services EUR/MWh 3.37 7604 -

Reserved power EUR/MW/month 3856 27,762 27,762
System services EUR/MWh 3.52 7943 -

RES fee EUR/MW/month 2633 18,961 18,961
Electricity tax EUR/MWh 1.29 2915 -

Market operator fee EUR/month 0.23 0.23 -
Additional sale 2nd TS EUR/MWh 83.52 - 54,800

TS = transformer station; VAT = value added tax 21%; exchange rate: 1 EUR = 26.5 CZK.

Table 3 shows the fixed operating costs related to transformer maintenance and overhauls and the
annual energy losses incurred.

Table 3. Fixed operating costs.

Costs Incl. VAT [EUR] Annualized Costs [EUR] Additional TS Annual Costs [EUR]

Annual inspection 457 457 457
Major inspection every five years 2283 849 849
Annual energy losses in TS (WL) 732 732 732

Annual calibration of chargers 4566 4566 -

TS = transformer station; VAT = value added tax 21%; exchange rate: 1 EUR = 26.5 CZK.

Since the transformer station causes most losses, the empirical formula given by CSN 341610
standard is used for the estimation of annual losses in the transformer station:

TL =

⎡⎢⎢⎢⎢⎣0.2
Tm

T0
+ 0.8

(
Tm

T0

)2⎤⎥⎥⎥⎥⎦·T0 =

[
0.2

1958
8760

+ 0.8
(1958

8760

)2]
·8760 = 741 [hours] (31)

WL = PnlTo + Pkn
S2

m

S2
n

TL = 0.6·8760 + 6.5·6062

6302 ·741 = 9721 [kWh] (32)

Although the technical part shows that one transformer provides sufficient power for residents but
only with a 75% success rate of full charging for residents, the percentage of refused nonresidents creates
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significant NCFC. Therefore, the previous tables also contain additional annualized costs of deploying
one more transformer. The sum of these annualized costs indicates whether it is advantageous to
deploy a second transformer. The economic part aims to determine the levelized costs of electricity
(LCOE) for both the nonresident and resident groups.

LCOE =
Ni +

∑n
t=1(Mt + NEt)(1 + r)−t

∑n
t=1 Et(1 + r)−t ≈ CA + M + Ft

EA
(33)

Here, the variable Ni denotes the initial investment in the equipment; M denotes the annual
maintenance expenditures, and NE is the electricity bill in the year t. Providing that the values are not
changed year-on-year, the variables CA and Ft can be set. CA indicates the annualized costs for the
corresponding discount rate r, and Ft denotes the annual electricity bill. E represents annual electricity
sold (kWh).

5. Results

The following chapter presents the results of the model applied to real data obtained from the
Letňany car park, Prague, and the users’ charging needs from the ŠKO-ENERGO charging station
data. The values of levelized costs of electricity showing the competitiveness of charging points
are presented.

5.1. LCOE of Charging Tariff Rate

As the LCOE are mainly dependent on the discount rate and the fixed operating cost ratio,
the following results show minimum user tariff rate dependence. Furthermore, the tables contain
additional thresholds for the investor’s more qualified decision.

The initial decision regarding construction of a charging point is to plan the installed capacity of
the transformer station. Figure 14 shows the share of uncovered costs caused by the nonresidents with
respect to the annualized costs of an additional transformer.

Figure 14. Share of coverage of annualized costs of additional TS.

The first threshold is marked in Figure 14. The share of coverage of annualized costs of additional
TS is marked with the red line and is the boundary for the decision to increase the installed capacity of
transformers. It follows from the results of the case study that an additional transformer for a discount
rate higher than 15% should be installed. This boundary is also shown in Tables 4 and 5.

152



En
er

gi
es

2
0
2
1

,1
3,

67
50

T
a

b
le

4
.

D
ep

en
de

nc
e

of
re

si
de

nt
ia

lL
C

O
E

on
di

sc
ou

nt
ra

te
an

d
on

sh
ar

e
of

in
cl

us
io

n
of

fix
ed

co
st

s
in

re
si

de
nt

ia
lp

ri
ce

in
ca

se
tw

o
TS

ar
e

in
st

al
le

d.

D
is

co
u

n
t

R
a

te

%
5

7
9

1
1

1
3

1
5

1
7

1
9

2
1

2
3

2
5

2
7

2
9

3
1

Shareofinclusionoffixed

costsinresidentialprice

0
0.

08
1

0.
08

1
0.

08
1

0.
08

1
0.

08
1

0.
08

0.
08

0.
08

0.
08

0.
08

0.
08

0.
08

0.
08

0.
08

10
0.

09
1

0.
09

1
0.

09
1

0.
09

1
0.

09
1

0.
10

0.
10

0.
10

0.
10

0.
10

0.
10

0.
10

0.
10

0.
10

20
0.

10
1

0.
10

1
0.

10
1

0.
10

1
0.

11
1

0.
11

0.
11

0.
11

0.
11

0.
11

0.
11

0.
11

0.
11

0.
12

30
0.

11
1

0.
11

1
0.

11
1

0.
11

1
0.

12
1

0.
12

0.
12

0.
12

0.
12

0.
12

0.
13

0.
13

0.
13

0.
13

40
0.

12
1

0.
12

1
0.

12
1

0.
13

1
0.

13
1

0.
13

0.
13

0.
13

0.
14

0.
14

0.
14

0.
14

0.
15

0.
15

50
0.

13
1

0.
13

1
0.

13
1

0.
14

1
0.

14
1

0.
14

0.
14

0.
15

0.
15

0.
15

0.
16

0.
16

0.
16

0.
16

60
0.

14
1

0.
14

1
0.

14
1

0.
15

1
0.

15
1

0.
15

0.
16

0.
16

0.
16

0.
17

0.
17

0.
17

0.
18

0.
18

70
0.

15
1

0.
15

1
0.

15
1

0.
16

1
0.

16
1

0.
16

0.
17

0.
17

0.
18

0.
18

0.
18

0.
19

2
0.

19
2

0.
20

2

80
0.

16
1

0.
16

1
0.

16
1

0.
17

1
0.

17
1

0.
18

0.
18

0.
18

0.
19

2
0.

19
2

0.
20

2
0.

20
2

0.
21

2
0.

21
3

90
0.

16
1

0.
17

1
0.

17
1

0.
18

1
0.

18
1

0.
19

2
0.

19
2

0.
20

2
0.

20
2

0.
21

2
0.

21
2

0.
22

3
0.

22
3

0.
23

3

10
0

0.
17

1
0.

18
1

0.
18

1
0.

19
1

0.
19

1
0.

20
2

0.
20

2
0.

21
2

0.
22

2
0.

22
3

0.
23

3
0.

23
3

0.
24

3
0.

25
3

1
O

ne
TS

is
su
ffi

ci
en

t;
2

tw
o

TS
,p

ri
ce

ex
ce

ed
s

0.
19

EU
R
/k

W
h;

3
on

e
TS

,p
ri

ce
ex

ce
ed

s
0.

19
EU

R
/k

W
h.

T
a

b
le

5
.

D
ep

en
de

nc
e

of
no

nr
es

id
en

ti
al

LC
O

E
on

di
sc

ou
nt

ra
te

an
d

on
sh

ar
e

of
in

cl
us

io
n

of
fix

ed
co

st
s

in
re

si
de

nt
ia

lp
ri

ce
in

ca
se

tw
o

TS
ar

e
in

st
al

le
d.

D
is

co
u

n
t

R
a

te

%
5

7
9

1
1

1
3

1
5

1
7

1
9

2
1

2
3

2
5

2
7

2
9

3
1

Shareofinclusionoffixed

costsinresidentialprice

0
0.

14
1

0.
14

1
0.

15
1

0.
15

1
0.

15
1

0.
16

0.
16

0.
17

0.
17

0.
17

0.
18

0.
18

0.
19

3
0.

19
3

10
0.

14
1

0.
14

1
0.

14
1

0.
14

1
0.

15
1

0.
15

0.
15

0.
16

0.
16

0.
16

0.
17

0.
17

0.
18

0.
18

20
0.

13
1

0.
13

1
0.

14
1

0.
14

1
0.

14
1

0.
14

0.
15

0.
15

0.
15

0.
16

0.
16

0.
16

0.
17

0.
17

30
0.

12
1

0.
13

1
0.

13
1

0.
13

1
0.

13
1

0.
14

0.
14

0.
14

0.
14

0.
15

0.
15

0.
15

0.
16

0.
16

40
0.

12
1

0.
12

1
0.

12
1

0.
12

1
0.

13
1

0.
13

0.
13

0.
13

0.
14

0.
14

0.
14

0.
14

0.
14

0.
15

50
0.

11
1

0.
11

1
0.

12
1

0.
12

1
0.

12
1

0.
12

0.
12

0.
12

0.
13

0.
13

0.
13

0.
13

0.
13

0.
14

60
0.

11
1

0.
11

1
0.

11
1

0.
11

1
0.

11
1

0.
11

0.
11

0.
12

0.
12

0.
12

0.
12

0.
12

0.
12

0.
13

70
0.

10
1

0.
10

1
0.

10
1

0.
10

1
0.

10
1

0.
11

0.
11

0.
11

0.
11

0.
11

0.
11

0.
11

0.
11

0.
12

80
0.

10
1

0.
10

1
0.

10
1

0.
10

1
0.

10
1

0.
10

0.
10

0.
10

0.
10

0.
10

0.
10

0.
10

0.
10

0.
10

90
0.

09
1

0.
09

1
0.

09
1

0.
09

1
0.

09
1

0.
09

0.
09

0.
09

0.
09

0.
09

0.
09

0.
09

0.
09

0.
09

10
0

0.
08

1
0.

08
1

0.
08

1
0.

08
1

0.
08

1
0.

08
0.

08
0.

08
0.

08
0.

08
0.

08
0.

08
0.

08
0.

08
1

O
ne

TS
is

su
ffi

ci
en

t;
3

on
e

TS
,p

ri
ce

ex
ce

ed
s

0.
19

EU
R
/k

W
h.

153



Energies 2021, 13, 6750

Both tables show the LCOE value according to Equation (33) for the case of installation of two
transformers. For a discount rate lower than 15%, it is profitable to install one transformer only. For
the case of one transformer, the values highlighted in yellow are replaced with the LCOE values.

The table also shows the monetary limits per kWh depending on the number of installed
transformer stations. The rate of 0.19 EUR/kWh was chosen as a reference value, which corresponds to
the price of home charging. The red area indicates the monetary limits in the case of installation of one
transformer. On the contrary, the green area indicates the same limit for installation of two.

5.2. Setting of Minimum Blocking Tariff Rate

If we accept that users in one group can exceed the parking time and thus block others in the other
group, then the size of the NCFC is based on the LCOE of the opposite group of users. The following
tables (Tables 6 and 7) show the amount of NCFC depending on the discount rate and the share of
fixed costs included in the price according to Equations (2) and (4).

Table 6. Nonresident blocking tariff rate in EUR/night.

Discount Rate

Sh
ar

e
of

fix
ed

co
st

s
in

cl
ud

ed
in

re
si

de
nt

ia
lp

ri
ce

% 5 7 9 11 13 15 17 19 21 23 25 27 29 31
0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
10 0.4 0.4 0.4 0.4 0.4 0.5 0.5 0.5 0.5 0.5 0.6 0.6 0.6 0.6
20 0.7 0.7 0.8 0.8 0.9 0.9 1.0 1.0 1.0 1.1 1.1 1.2 1.2 1.3
30 1.1 1.1 1.2 1.2 1.3 1.4 1.4 1.5 1.6 1.6 1.7 1.8 1.9 1.9
40 1.4 1.5 1.6 1.7 1.7 1.8 1.9 2.0 2.1 2.2 2.3 2.4 2.5 2.6
50 1.8 1.9 2.0 2.1 2.2 2.3 2.4 2.5 2.6 2.7 2.8 3.0 3.1 3.2
60 2.1 2.2 2.4 2.5 2.6 2.7 2.9 3.0 3.1 3.3 3.4 3.6 3.7 3.9
70 2.5 2.6 2.7 2.9 3.0 3.2 3.3 3.5 3.7 3.8 4.0 4.2 4.3 4.5
80 2.8 3.0 3.1 3.3 3.5 3.6 3.8 4.0 4.2 4.4 4.6 4.7 4.9 5.1
90 3.2 3.4 3.5 3.7 3.9 4.1 4.3 4.5 4.7 4.9 5.1 5.3 5.6 5.8
100 3.5 3.7 3.9 4.1 4.3 4.6 4.8 5.0 5.2 5.5 5.7 5.9 6.2 6.4

Table 7. Resident blocking tariff rate in EUR/day.

Discount Rate

Sh
ar

e
of

fix
ed

co
st

s
in

cl
ud

ed
in

re
si

de
nt

ia
lp

ri
ce

% 5 7 9 11 13 15 17 19 21 23 25 27 29 31
0 0.9 1.0 1.0 1.1 1.1 1.2 1.3 1.3 1.4 1.4 1.5 1.6 1.6 1.7
10 0.8 0.9 0.9 1.0 1.0 1.1 1.1 1.2 1.2 1.3 1.4 1.4 1.5 1.5
20 0.7 0.8 0.8 0.9 0.9 1.0 1.0 1.1 1.1 1.2 1.2 1.3 1.3 1.4
30 0.7 0.7 0.7 0.8 0.8 0.8 0.9 0.9 1.0 1.0 1.1 1.1 1.1 1.2
40 0.6 0.6 0.6 0.7 0.7 0.7 0.8 0.8 0.8 0.9 0.9 0.9 1.0 1.0
50 0.5 0.5 0.5 0.5 0.6 0.6 0.6 0.7 0.7 0.7 0.8 0.8 0.8 0.9
60 0.4 0.4 0.4 0.4 0.5 0.5 0.5 0.5 0.6 0.6 0.6 0.6 0.7 0.7
70 0.3 0.3 0.3 0.3 0.3 0.4 0.4 0.4 0.4 0.4 0.5 0.5 0.5 0.5
80 0.2 0.2 0.2 0.2 0.2 0.2 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3
90 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.2 0.2 0.2 0.2
100 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

6. Discussion

The data analysis obtained from real chargers shows some important information: Users leave
their EVs parked and connected to the charger for a longer time than is necessary for recharging the
battery. A shorter charging time would be sufficient for almost 90% of the 330 EV user sample to
charge fully. Users could even use a 3.6 kW AC charger to achieve the same recharging level in the
same amount of parking time.

These results also correlate with the studies [4,6] focusing on the average daily distance users
travel by car. The average daily distance travelled by a user varies between 48 km and 50 km, and this
range also corresponds to the charging requirements in our analysis.
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Therefore, in terms of the development of the charging station installation, a sufficient number of
chargers is a priority in urban and suburban areas rather than the construction of fewer chargers with
higher charging power. The same consideration must be applied when charging infrastructure is built
in a P + R car park. Due to the long parking in the daytime, this type of car park is a suitable candidate
for constructing a sufficient number of low-power chargers in an urban area.

Our model shows that equipping a car park with chargers is a simple way to increase parking
place efficiency. Due to the high occupancy during the daytime and the low occupancy overnight,
P + R car parks have a great potential for increasing by installing chargers and introducing a night
reservation system. In addition, the evening/night reservation ensures a sufficient number of parking
places for EV owners living close to the P + R car park but having no parking place or garage.

The reservation provides user comfort and ensures charging of the EV for the next day comparable
to owners of private garages or parking places. By comparison, home charging in the Czech Republic
ensures EV owners to use the special electricity tariffD27d [39]. This tariff provides eight-hour charging
in the interval from 6 pm to 8 am with a price per kWh approaching 0.08 EUR.

As shown in the economic part of the case study, our solution offers a twelve-hour charging span
for a constant price between 0.09 and 0.21 EUR per kWh. This price depends on the discount rate and
percentage distribution of non-covered costs between the resident and nonresident groups.

The proposed solution increases the efficiency of existing parking places situated in urban areas,
where car parks are usually insufficient. Furthermore, the proposed solution does not dissuade potential
new EV owners having no private parking from the purchase of a new EV. Thus, the development of
electromobility is significantly supported.

Based on the case study results, the dimensioning of local transformer station power is more in
accordance with the EV charging requirements of users arriving during the daytime (nonresidents).
Insufficiently dimensioned local transformer station power and the need for simultaneous use of a
smaller number of chargers result in financial losses.

The threshold for investors to increase the power of the local transformer station is set by
comparing the annualized costs of an additional transformer and total non-covered costs from unsold
electricity. Under the conditions described in the case study for a discount rate higher than 15%,
the non-covered costs exceed the annualized costs of increasing the local transformer station power.
In such cases, the investment in the additional transformer is profitable.

Increasing the power of the local transformer station is beneficial not only for nonresidents,
whose percentage of refusal is reduced, but also for the residents, whose guaranteed charging hours
may be prolonged. Therefore, doubled installed power allows simultaneous charging of a larger
number of EVs, and guarantees up to twice the number of charging hours (Tg).

The model considers installation of oil-immersed transformers, which, unlike the dry type, require
a higher degree of fire safety and measures against possible oil leakage. However, if we take into
account the same price category, their advantages prevail. Compared to the dry type, the oil-immersed
transformer achieves both lower short-circuiting, lower no-load loss and lower noise, guarantees
thermal stability during operation at higher loads, and offers the possibility of continuous operation at
the rated load [40]. We assume that installing this type of transformer near the P + R car park will meet
all the requirements defined by the fire safety standard.

It is evident that an analysis of the behaviour and requirements of specific EV users both living
near the site and often using the daytime parking services will be required to achieve a better setting of
the parameters of the whole model. A limiting factor of the input data is that they describe only the car
park occupancy, losing the information about arrivals and departures within the measured five-minute
interval. However, the occupancy data used have been adjusted for public holidays and vacations.
Still, it is unknown whether these values may have been affected by, e.g., cultural events which tend to
be organized near the car park during the year.
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7. Conclusions

The paper analyses the technical and economic potential of installing low-power chargers in an
existing car park. The assumed model of a car park equipped with chargers offers a solution to one of
the most common obstacles of potential EV users when they decide whether to buy an electric car: the
absence of a private charging place. Furthermore, the model solves the problem of the lack of chargers
in densely populated districts by installing the charging stations in an existing car park.

Generally, the model defines two groups of users. The first group (nonresidents) are users arriving
randomly in the daytime who commute to the site for work or other purposes. Nonresidents usually
leave cars parked there for a longer time. The second group (residents) live close to the car park and
rent parking places primarily for overnight charging.

However, the major difference between the resident and nonresident groups is that nonresident
users’ priority is parking rather than charging. The nonresidents’ EVs are charged if the current
load of the transformer station makes this possible. Contrarily, the resident users’ priority is the
guaranteed charging. The model is based on real user parking behaviour, which then complements the
requirements for recharging. The modelling results are the percentage of satisfaction of individual
groups (especially nonresidents) under specifically selected charging infrastructure parameters.

The case study in the paper uses recharging data from the company ŠKO-ENERGO and parking
place occupancy data for a P + R car park in Prague Letňany. The charging data contain three months of
testing data from the year 2020, 330 charging iterations in total from seven charging points. All charging
points were equipped with 22 kW DC power chargers, four of which could also charge with 50 kW DC.
The parking occupancy data describe the car park, with a capacity of 650 parking places, in five-minute
intervals from the 1st quarter of 2013 to the 4th quarter of 2016. The charging analysis shows that users
left the EVs parked and connected to the charger for a longer time than required to recharge the battery.
Comparing charging and time spent at the charger, almost 90% of the tested EV users would have
done with a shorter charging time to recharge the required energy. They could even use a 3.6 kW AC
charger to achieve the same recharging level in the same amount of parking time.

Knowing the above information, the model designs the optimal size of charging equipment.
By creating a reservation system for residents, the LCOE of nonresident charging at a discount rate
of 15% will drop from around 0.15 EUR to 0.11 EUR, which competes with the price of other types
of public charging. The simulation results show that although the model uses low-power chargers
with an output of 3.6 kW, the daytime parking time in the P + R car park studied is sufficient to fully
charge to 96% for nonresidents. However, in order to guarantee 6 h of resident charging and thus
achieve a 95% success rate of full charging, it is necessary to add another transformer to the local
transformer station.

Another benefit of the presented solution, in addition to more efficient use of parking places,
is ensuring the stability of the electric grid during the charging of a large number of EVs in one place by
dividing the power between them. Dividing the power between randomly placed charging stations of
different owners within the power grid would not be as easy as dividing the power within the charging
stations in one car park. In the case of demand for charging a group of electric vehicles concentrated
in one place, the local power grid would be significantly overloaded. Then, it is possible to support
the overall stability of the local power grid with battery storage, which would smooth out peaks in
the load.

Author Contributions: All authors contributed to the research in the paper. L.D. and M.H. conceived and
designed the model; L.D., M.H., M.V. and J.K. provided the data; L.D., M.H. and J.K. analysed the data; L.D. wrote
the paper. All authors have read and agreed to the published version of the manuscript.

Funding: This work is supported by the Student Grant Competition of CTU (Grant No. SGS20/125/OHK5/2T/13
and Grant No. SGS20/126/OHK5/2T/13).

Acknowledgments: Above all, we would like to thank the reviewers and ŠKO-ENERGO. We thank the anonymous
reviewers for their careful work and ŠKO-ENERGO for providing anonymized data from the operation of their
charging stations.

156



Energies 2021, 13, 6750

Conflicts of Interest: The authors declare no conflict of interest.

Abbreviations

CAPEX Capital expenditures
CDF Cumulative distribution function
DSM Demand side management
EV Electric vehicle
HV High voltage
LCOE Levelized costs of electricity
LV Low voltage
NCFC Non-covered fixed costs
OPEX Operating expenditures
P2P Peer-to-peer
PDF Probability density function
P + R Park and ride car park
RES Renewable energy sources
TS Transformer station

Variables

Â Vector with distribution of arrivals of nonresidents in five minutes during the day
E Electricity sold per year [kWh]
Er Total resident recharging requirement [kWh]
Er(x) Recharging requirement of resident x [kWh]
ETR_YX Energy that can be provided in interval from Y to X by local transformer [kWh]
chpar Maximum number of chargers used simultaneously
L Length of nonresidential stay [h]
LCOE Levelized costs of electricity
Lp_kWh Non-covered fixed costs for unsold kilowatt hours [EUR]
M Annual maintenance expenditures [EUR]
NE Electricity bill in year t [EUR]
Ni Initial investment in equipment [EUR]
Nvar Unit price per kWh [EUR]
Nw Number of EVs waiting to start recharging
P Transformer station output power [kW]
PCH Power of one charger [kW]
Pch_par Power consumption of all chargers used simultaneously chpar. [kW]
Pkn Short-circuit transformer losses [kW]
Pn TS output power [kW]
Pnl Power transformer no-load loss [kW]
q Quantity
Q Number of parking places occupied at weekends
Qpl Number of parking places in car park
Qr Parking places reserved for residents
R Tariff rate for exceeding the parking time [EUR]
r Discount rate [%]
Sm Maximum apparent-power load of transformer [kVA]
Sn Apparent power of transformer station [kVA]
t Time step
T0 Annual operating time of transformer station [h]
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Tg Guaranteed charging time for residents [h]
Tl Last morning hour of guaranteed h
TL Time equivalent of losses at maximum transformer load per year [h]
TLT Lifetime [years]
Tm Utility factor [h]
To Average daily use of one charging station [h]
Tr (x) Charging time of x-th resident [h]
Tw (x) Waiting time in queue
WL Annual energy losses in transformer
X End of interval reserved for residents
Y Beginning of interval reserved for residents
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Abstract: We investigate the environmental impacts of on-board (based on alternating current, AC)
and off-board (based on direct current, DC) charging concepts for electric vehicles using Life Cycle
Assessment and considering a maximum charging power of 22 kW (AC) and 50 kW (DC). Our results
show that the manufacturing of chargers provokes the highest contribution to environmental impacts
of the production phase. Within the chargers, the filters could be identified as main polluters for all
power levels. When comparing the results on a system level, the DC system causes less environmental
impact than the AC system in all impact categories. In our diffusion scenarios for electric vehicles,
annual emission reductions of up to 35 million kg CO2-eq. could be achieved when the DC system is
used instead of the AC system. In addition to the environmental assessment, we examine economic
effects. Here, we find annual savings of up to 8.5 million euros, when the DC system is used instead
of the AC system.

Keywords: charging infrastructure; electric vehicle; life cycle assessment; AC charging; DC charging;
economic assessment

1. Introduction

As the average temperature on earth is increasing [1–3], both environmental and economic
consequences are to be expected [4,5]. Hence, there are international efforts to reduce this rise to
below 2 ◦C in the long-term and binding targets have been agreed in the Kyoto Protocol and the Paris
Agreement, among others [5,6].

Being one of the largest global economies, Germany emitted ≈858 mn. tons of CO2-equivalent
(CO2-eq.) in 2018, 19% of which originated in the transport sector [7]. Within the transport sector,
passenger cars are a major source of emissions [8]. Modern, non-fossil fuel-based propulsion systems
offer opportunities to reduce the emissions and thereby help to mitigate climate change and to reduce
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dependence on oil imports. In recent decades, electro mobility has proven to be a competitive
alternative to existing mobility concepts [9–11]. The continuing decline in battery prices [12] and the
falling prices for electric vehicles (EVs) indicate good chances for further market growth [11,13].

An important factor for the diffusion of EVs is the provision of an appropriate charging
infrastructure. In the period from 2017 to 2020, 750 mn. euros were being spent for the expansion of
the charging infrastructure in Germany [14].

To charge the batteries of EVs, usually, alternating current (AC) from public grids is used. As the
battery represents a DC (direct current) power source, a conversion from AC to DC is necessary
for proper charging. This conversion is done by power electronics. Using an AC-DC converter,
alternating sinusoidal voltage is converted to DC, which is then in turn adapted to the charging
requirements of the EV and regulated accordingly (DC-DC converter) [15].

While AC charging requires on-board power electronics, DC also allows for off-board charging.
On-board chargers (OBCs) are constrained in their size, and therefore their charging capacity,
due to weight, cost, and space restrictions. Off-board Chargers (OfBCs) are less limited in terms
of size and weight and thus allow for higher charging capacities. OfBCs are currently the standard for
all charging capacities greater than 22 kW.

Life Cycle Assessments (LCAs) have been intensively used in the literature to estimate the
environmental impact of electric vehicles compared to fuel-based vehicles (e.g., [10,16–18]). However,
only a few works deal with the different charging systems of electric vehicles and their environmental
impacts [19–22]. None of the papers compares in detail mutually exclusive AC and DC charging
systems in order to generate findings as to whether one of the two systems should be used preferentially
based on potential ecological and/or economic advantages. We contribute to this research gap by
investigating the potential of DC-based off-board charging technology to reduce the environmental
impact and costs of charging technologies for EVs. We conduct a comparative LCA for both charging
technologies: AC-based on-board charging and DC-based off-board charging. Further, we assess the
systemic impact when upscaling the systems (i.e., larger vehicle stock, more charging infrastructure) as
well as the potential cost savings that come with OfBCs within different scenarios.

Our scenarios as well as some assumptions made for modeling are based on the German
market; however, most of our results possess a high generalizability. Although the electrical charging
infrastructure differs among countries (e.g., different voltage levels) and therefore other components are
used, our relative analysis between the systems will remain valid. Accordingly, it can be assumed that
the basic results of the paper, namely the result of the system comparison, have a high generalizability.

The remainder of our work is structured as follows: In Section 2, we provide an overview of the
materials and methods used and present our systems, our scenarios, and the components modeled for
the environmental assessment. In Section 3, we present the results of our environmental assessment on
a component and system level. Furthermore, we carry out an economic assessment of the systems
on a national level and present the results. Section 4 gives a summary of our paper and states the
limitations as well as an outlook for future research.

2. Materials and Methods

In the following paragraphs, we (1) define the technological systems under investigation and
(2) the scenarios used for their assessment. Then, we (3) provide the goal definition and scoping as
well as the Life Cycle Inventory (LCI) and the Life Cycle Impact Assessment (LCIA) for our LCA.

2.1. Technological Systems

To assess the potential environmental and economic benefits of DC-based charging infrastructure
for battery electric vehicles (BEVs), we define two technological systems:

1. In our AC system, all electric vehicles have an OBC to charge the battery with a power up to
22 kW. Any publicly accessible charging point provides a charging capacity of 22 kW. For charging
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at home, a 3.7 kW charging point (AC) is available. Charging with 3.7 kW requires no additional
power electronics.

2. In our DC system, each electric vehicle is equipped with an OBC with 3.7 kW charging power
that allows for charging at home (AC). Additionally, all electric vehicles can be charged with an
OfBC with 50 kW charging power at publicly accessible charging points (DC).

Please note that the introduced names of our systems are determined by the publicly accessible
charging infrastructure. In the AC system, charging at public charging infrastructure is only possible
with AC; in the DC system, charging at public charging infrastructure is only possible with DC. The AC
OBC with 3.7 kW in the DC system is used for a more realistic representation of the systems, but it
does not constitute the name of the system.

Furthermore, we differentiate between chargers and charging infrastructure (CIS). When talking
about CIS, we consider the connection with the grid, the charging cable, and the housing of the
charging station. The chargers in our study consist of the necessary power electronics and a housing
for the power electronics. The power electronics essentially include the required converters, a filter,
and additional electronic components such as printed circuit boards (PCBs) and busbars. The converters
itself are composed of different electronic components such as diodes, MOSFETs, coils, capacitors,
and transformers.

As indicated in Table 1, the number of components either scale with the number of charging points,
the number of charging stations (which can consist of more than one charging point), or the number
of BEVs.

Table 1. General scaling of components.

AC System DC System

22 kW OBC 22 kW CIS 50 kW OfBC 50 kW CIS 3.7 kW OBC

Number of BEVs x − − − x
Amount of charging infrastructure 1 − x x x −

1 charging infrastructure can rather be a charging station or a charging point.

2.2. Scenarios

To assess potential reductions of the environmental impact of charging infrastructure on a
large scale, we introduce three scenarios regarding the diffusion of BEVs in Germany. Using the Bass
diffusion model [23], we differentiate the following potential diffusion curves:

• In the first scenario (S), the innovation and imitation coefficients of the Bass model are adopted
from [24]. Although [24] data are based on data of global sales of hybrid Toyota vehicles, they are
considered to be sufficiently good estimates. The values for the vehicle stock, the number of
new registrations, and the number of retired passenger cars are taken from [25]. For a near
future distribution, a vehicle stock of 170,000 vehicles is estimated, which seems to be reasonable
(136,617 electric vehicles on 1 January 2020 in Germany [26]).

• The second scenario (M) is based on data by [27,28], who state the objective that road traffic
in Germany should be climate-neutral by 2050. One possibility of how this aim might be
reached is to regulate the registration of new cars so that solely BEVs can be registered. For our
estimation, we assume that as of 2040, only BEVs can be newly registered, which leads to a
vehicle stock of about 220,000 BEVs in the near future. Comparable values can be estimated when
calculating innovation and imitation coefficients based on the vehicle stock [25] and the new
vehicle registrations of electric vehicles [29].

• The third scenario (L) is based on the aim of one million electric vehicles in 2020 [30]. According
to [31] and the actual vehicle stock [26], this target is not realistically achievable for 2020, but experts
assume that the million level could be reached in 2022 [31]. With the assumptions made for the
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market volume, we consider this limit as an intermediate target. We further assume that the vehicle
stock is increasing exponentially up to that limit, resulting in a vehicle stock of 310,000 BEVs in
the near future. Table 2 shows the vehicle stocks in the three scenarios presented.

Table 2. Number of charging points and charging stations in the defined scenarios.

Scenario S Scenario M Scenario L

Vehicle stock 170,000 220,000 310,000

Number of public charging points AC system 14,579 18,867 25,827
DC system 6415 8302 11,364

Number of public charging stations AC system 7290 9434 12,914
DC system 3207 4151 5682

We base the demand for publicly accessible CIS on the electricity demand of the vehicle stock
in each scenario. We calculate this electricity demand considering the number of vehicles in each
scenario derived from the bass diffusion models, the load requirements per BEV, and the share of
at-home-charging (i.e., non-public charging).

To calculate the load requirements for BEVs, we consider the mileage as well as the average
efficiency. To estimate the efficiency of a diverse vehicle stock, we assign the vehicles to three different
classes: small car, compact car, and luxury car (sport cars are also regarded as luxury cars in our study).
We calculate a ratio of the segments on the total stock of 0.28, 0.57, and 0.15 respectively (based on [32])
and also calculate the vehicle stock within each class. Furthermore, we derive average efficiencies
for each class (13 kWh/(100 km), 14 kWh/(100 km), and 21 kWh/(100 km) respectively) based on
current market data [33–41]. We assume these ratios to be constant over time. For the annual mileage,
we assume a constant value of 13,922 km, regardless of the vehicles’ class [42].

We estimate the share of public charging based on various studies [43–47]. Hence, we consider
a share of the total electricity provided by the public charging infrastructure to be 30% of the total
electricity demand for charging. The total energy required by BEVs can either be charged at home
or at a publicly accessible charging infrastructure. In our study, we assume that for both systems,
home charging is possible (with 3.7 kW AC, see Section 2.1). Since a system comparison is intended,
the charging infrastructure required for home charging is not considered. The energy requirements of
home charging are considered only to the extent that they influence the required number of publicly
accessible charging infrastructure. In the following, we focus on the charging infrastructure in the
publicly accessible areas if not stated otherwise.

To derive the number of publicly accessible charging points, the rate of utilization for a charging
point, the efficiency of the charging point, and the number of charging points within a charging station
need to be estimated.

We define the rate of utilization as the ratio of the time a charging point is used to the time a
charging point theoretically can be used. For the theoretically usable time, we assume a theoretically
possible utilization of 12 h a day and 302 days a year. In addition, we assume that each charging
point is directly available to other users as soon as the previous car is fully charged (i.e., no additional
time gaps). In our study, the rate of utilization is 10%, which implies that there are about 12 BEVs
per charging point for the AC system and 27 BEVs for the DC system. This is within the range of the
number of electric vehicles per charging point stated in other studies [48–50].

Data available from manufacturers [51–54] indicate an efficiency for the charging process from 90%
to 95% for their charging stations. Using a conservative estimate, we determine an efficiency of 90%.

With the given data, we calculate the energy provided by each charging point and combine it
with the already determined energy demand. For the amount of charging stations, an average of two
charging points per charging station is assumed [55]. The resulting number of charging points and
charging stations for the scenarios can be seen in Table 2. The formula for the underlying calculations
can be found in Appendix A.
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2.3. Life Cycle Assessment (LCA): Scope and Goal Definition, Life Cycle Inventory (LCI), and Life Cycle Impact
Assessment (LCIA)

Having described the technological systems under investigation and having introduced our
scenarios, we will now summarize relevant materials and methods of the LCA that we have conducted
to assess the environmental impacts of different charging infrastructures. LCA is a commonly used
environmental assessment concept [56]. The structure and methodological aspects of LCA are described
in the ISO 14040 and ISO 14044 standards [57,58]. Each LCA can be sub-divided into four phases:
the goal and scope definition, Life Cycle Inventory analysis (LCI), Life Cycle Impact Assessment
(LCIA), and interpretation.

For our assessment, we use Ecoinvent 3.4 [59] as a database and apply the so-called cut-offmethod.
We incorporate the database into the software openLCA 1.7.2 [60].

2.3.1. Goal and Scope

The goal of this LCA is to determine and compare the systemic environmental impact of the
previously described AC and DC-based charging systems. We distinguish between production,
transport, and use phases. Due to a lack of data on the regarding processes, recycling is not considered.
The functional unit is a kilowatt hour (kWh) that is facilitated by the publicly accessible charging
infrastructure. The components examined can be seen in Figure 1. The assumed lifetime for all
components is 10 years [49,61,62]. Furthermore, we assume that this lifetime applies to all components
so that neither the chargers nor the batteries in the BEVs need to be replaced during the lifetime.
In accordance with the common LCA method, we conduct the assessment with scaling to a functional
unit (i.e., the provision of one kWh charging energy).

 

Figure 1. Overview of the modeled systems. Abbreviations: OBC—On-board charger; OfBC—Off-board
charger; PCB—printed circuit board.

We neglect the additional consumption of fuel due to the weight of the chargers (for an estimation
of weight-related effects, see e.g., [63]) and estimate the life cycle inventories to the extend necessary
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due to the non-availability of data. Furthermore, the assembly of the chargers is not considered in
the production phase. The geographical scope of our analysis is Germany; however, there are few
indications that the findings significantly differ in other countries as discussed in the introduction
section. Further, it is assumed that the rate of utilization is constant over time.

Modular approaches for chargers are often chosen to provide high flexibility and worldwide
network connectivity [54,64–66]. On the one hand, this allows for a better use of economies of scale for
power electronic components; on the other hand, it reduces the maintenance cost and the total failure
times of the charging stations. In addition, the charging infrastructure can be gradually adapted to
changing charging requirements. Moreover, the overall efficiency can be enhanced by modularity.
Therefore, all systems are based on an interconnection of 3.7 kW chargers.

The topologies used for the chargers are mainly based on the work of [67,68]. Therefore, the main
reasons are the possibility of modular connection and the well-documented use of components used.
The chargers are unidirectional.

2.3.2. Life Cycle Inventory (LCI)

In the following, we briefly describe the LCI, starting with the production phase of the chargers’
components. Eventually, we summarize our inventory assumptions for the transport and use phase.
For reasons of brevity, additional assumptions about the components for the LCI can be found in
Appendix B (see Tables A1 and A2).

Production of Components

The components used for the chargers are based on [68,69]. Components for which no sufficient
data are available are replaced by appropriate components for which the corresponding data are
accessible. The main distinction between the 3.7 kW OBC, the 22 kW OBC, and the 50 kW OfBC is the
number of the required components. A general overview of modeled systems in this study can be
found in Figure 1. In the following, we present each component separately.

• Filter

Low-pass filters are a frequently used option for limiting high-frequency oscillations and noise
emissions. Since LCL filters are often used for chargers with a high charging capacity [70–72], we use an
LCL filter in our study. The dimensioning of the filter and its components depends on the associated
rectifier and hence on all downstream components [70,73,74]. In our paper, we base the dimensioning
of the LCL filter on [72,75], respectively. The components used in our study can be found in Table 3.
The number of components is determined by the performance of the chargers, their electrical connection,
and the specifications of the components used. To estimate the environmental impacts of the coils,
the Ecoinvent [59] dataset for inductors is used as a fairly good estimate and scaled with the associated
mass. The production process of the capacitor is modeled using the Ecoinvent [59] dataset “capacitor,
film type, for through-hole mounting”.

Table 3. Components used to model filters.

Component Manufacturer Notation Ref.
Number of Components

3.7 kW 22 kW 1 50 kW 1

Coil
(mains side) Fastron Group TLC/10A-100M-00 [76] 2 4 8

Coil
(inverter side) Fastron Group TLC/10A-471M-00 [76] 2 4 −

Coil
(inverter side) Fastron Group TLC/10A-331M-00 [76] − − 8

Capacitor ICAR MKP-B1X-8-48 [77] 2 4 6
1 The number of components stated for the 22 kW and 50 kW charger is for each phase.
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• AC-DC converter

As for AC-DC converters, we use rectifiers with a downstream power factor correction stage
(PFC-converters). The rectifier bridge is combined with a step-up converter. The components used for
modeling the AC-DC converter can be found in Table 4. MOSFETs and diodes are modeled with the
material data given by the manufacturers and the Ecoinvent production processes for transistors and
diodes. The ceramic capacitor used in [67] is modeled with the mass of the capacitor and the dataset
for the production of capacitors for surface-mounting in the Ecoinvent database.

Table 4. Components used for the modeled AC-DC converter.

Component Manufacturer Notation Ref.
Number of Components

3.7 kW 22 kW 1 50 kW 1

MOSFET Infineon IPW60R045CP [78] 2 2 4
Diode Infineon IDW40G65C5B [79] 6 6 12

Capacitor Murata KC355WD72J474MH01# [80] 2 2 4
Coil Epcos EELP 58 Core [81] 2 2 4

1 The number of components stated for the 22 kW and 50 kW charger is for each phase. AC: alternating current, DC:
direct current.

• DC-DC converter

As for DC-DC converters, a common topology for chargers is the isolated full bridge with phase
shifted operation. By adjusting the voltage of the active side, the voltage can be adapted to the state
of charge of the battery [82,83]. The components used for the DC-DC converter can be found in
Table 5. The MOSFETs are taken from [67]. The material data are given by the manufacturer. For the
production process, we use the Ecoinvent dataset for transistors. For the diodes as well as for the
capacitor, the stated components are used instead of the ones from [67] due to the non-availability
of data. The material data for the diodes are given by the manufacturer; for the production process,
the Ecoinvent dataset for diodes is used. The capacitor is modeled as stated before for the AC-DC
converter. The production process is modeled with the Ecoinvent dataset for inductors.

Table 5. Components used for the modeled DC-DC converter.

Component Manufacturer Notation Ref.
Number of Components

3.7 kW 22 kW 1 50 kW 1

MOSFET Infineon IPW65R045C7 [84] 4 8 20
Diode Infineon IDW40G65C5B [79] 4 8 20

Capacitor Murata KC355WD72J474MH01# [80] 2 4 10
Coil Epcos EELP 64 Core [81] 1 2 5

1 The number of components for the 22 kW and 50 kW charger is for each phase.

The dimensioning of the transformer for galvanic isolation is based on [85]. Elgström and
Nordgren [85] dimensioned the transformer for a load of 5.5 kW, which is a sufficient estimate for
our study. The stated transformer can be used for modular connection as well. Based on the information
on the core [85,86] and the turns ratio, we can calculate the amount of ferrite and copper. For the
production process, the Ecoinvent [59] dataset for wire drawing is used.

• Printed circuit board (PCB), driver board, logic board and busbars

To mount the electronic components, a PCB is used. We estimate the size based on the outer
dimension of the chargers. Details of the calculations can be found in the appendix. For the mounting
of the PCB, we use input and output data from [87].
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We adopt the driver board from [87]. According to Nordelöf and Alatalo [87], the structure of driver
boards for three-phase inverters for the automotive sector vary negligibly with the power in a range
from 20 to 200 kW. We use one of the stated driver boards for each 3.7 kW charging unit. The design of
the logic board is also based on [87], and it is likewise assumed that one logic board is required for each
3.7 kW charging unit. We base the material flows and the production processes on [87].

We base the dimensioning of the busbar on [87,88]. The production process is modeled based on [87].

• Enclosure of electronic components and heatsink.

Based on [67,87,89], we assume that all electronic components share the same enclosure.
According to [90], the majority of enclosures is made of aluminum. The material flows and processes
used for the production phase of the enclosure with an untreated surface are based on [87].

According to Nordelöf and Alatalo [87], the inverter unit considered can be air-cooled for charging
capacities up to 50 kW, whereas higher power needs to be liquid-cooled. According to [91], air cooling
can also be used for charging stations with significantly higher charging capacity. Therefore, we model
an air-cooled heatsink; the material used is aluminum [87]. Process data are taken from [87].

• Charging infrastructure

The modeled CIS consists of a mains cable for each charging station, a charging cable for each
charging point, and a housing for each charging station.

We assume that charging stations with up to 100 kW output can be attached to the low-voltage
grid [66]. A five-core cable is used as a mains cable with the diameter depending on the power supply.
Details of the modeling can be found in the appendix. The length of the mains cable is set to 15 m.

According to [92,93], for a charging power up to 22 kW, a charging cable of the type 5G6 + 1 × 0.5
can be used. The total weight as well as the weight of copper is given in the dataset of [93]. For DC
charging, a charging cable with diameter 3 × 16 mm2 and 3 × 2 × 0.75 mm2 is used [94]. To estimate
the amount of copper, a cable from [95] with 3 × 16 + 3G2.5 is selected. The length of the charging
cable is set to 4 m [92].

For 22 kW, a stand-alone housing made of stainless steel is modeled [96–103]. For the dimension
of the charging stations with two 22 kW charging points, a rounded average of the manufacturers sizes
is used [96–110].

The dimension of the charging station with two 50 kW charging points is taken from [111].
As material for the 50 kW charging station, stainless steel or a material mix with stainless steel is
used [112,113]. For simplification, we model a housing out of stainless steel. Both dimensions are
shown in Table 6.

Table 6. Dimensioning charging stations.

Unit
Charging Power in Kw

22 50

Dimensions
Height m 1.5 2
Width m 0.4 0.85
Depth m 0.24 1

Transport and Use Phase

For transportation, the Ecoinvent dataset for the transportation of electronic products is used [114].
The total mass is composed of the mass of the aforementioned components. Since the sites of the
charging stations are not further specified, the transport of the enclosure, the mains cable, the charging
cable, and the housing are not considered in our assessment.

The use phase considers the provision of one kWh at the publicly accessible charging point.
To estimate the environmental impacts, we consider the low-voltage system from Ecoinvent. The energy
mix can be found in Table A1 in Appendix B [115].
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2.3.3. Life Cycle Impact Assessment (LCIA)

Various characterization models exist for impact assessment. According to [116], CML, ReCiPe,
and TRACI represent examples of selectable models. Deviations between the underlying properties
of these models can affect the LCIA results [117]. Consequently, information about the used LCIA
methodology should be stated. We describe selected methodological aspects subsequently.

In recent years, the damage-based assessment method ReCiPe 2016 [118] has been increasingly
used and is therefore selected for our study. Furthermore, for these LCIA methods, the midpoint and
endpoint level of the environmental impacts can be assessed [119]. Endpoint impact indicators describe
aggregated impacts on “areas of protection” (e.g., human health and the natural environment) [119,120].
Midpoint impact categories are located at an intermediate position of environmental impact cause–effect
chains and consequently before the endpoint categories [119,120]. An advantage of midpoint indicators
in comparison to endpoint indicators is their scientific robustness [121]. We use the Hierarchist perspective
and carry out all evaluations on the midpoint level. With the choice of method, the impact categories,
impact indicators, and characterization models defined in the method are simultaneously chosen.
For the impact categories, we use the abbreviations shown in Table 7.

Table 7. Abbreviations and units for impact categories used.

Impact Category Abbreviation Unit

Water depletion WD m3

Urban land occupation ULO m2a
Terrestrial ecotoxicity TET kg 1,4-DCB-eq.

Terrestrial acidification TA kg SO2-eq.
Photochemical oxidant

formation POF kg NMVOC

Particulate matter formation PMF kg PM10-eq.
Ozone depletion OD kg CFC-11-eq.

Natural land transformation NLT m2

Mineral resource depletion MRD kg Fe-eq.
Marine eutrophication ME kg N-eq.

Marine ecotoxicity MET kg 1,4-DCB-eq.
Ionizing radiation IR kg U235-eq.

Human toxicity HT kg 1,4-DCB-eq.
Freshwater eutrophication FE kg P-eq.

Freshwater ecotoxicity FET kg 1,4-DCB-eq.
Fossil resource depletion FD kg oil-eq.

Climate change CC kg CO2-eq.
Agricultural land occupation ALO m2a

3. Results

Having described relevant materials and methods, we now show our results of the LCA and the
economic analysis.

3.1. Results and Interpretation of the Life Cycle Impact Assessment (LCIA)

We show our results of the LCA first on a component level and then aggregate to a system level.
Then, we scale our results according to our diffusion scenarios. Subsequently, we conduct sensitivity
analyses to account for uncertainties in modeling.

3.1.1. Component-Based Results

In the following, the component level is evaluated to identify individual components with high
optimization potential within the power electronics and the charging infrastructure. This implies that
the environmental impacts specified below apply to one provided kWh by one charger or one public
charging station or one publicly accessible charging point, respectively.
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• Power electronics

We identify the filter to be a main polluter for 3.7 kW chargers as well as for 22 kW chargers.
For 50 kW chargers, the filter as well as the DC-DC converter are main polluters. For all filters,
the inverter-side coils are the main contributors to pollution. In the DC-DC converter, the coils and
transformers are the components with a major influence in all impact categories. The transformers
outvalue the coils when it comes to mineral resource depletion, which can be explained with the ferrite
used for the core. For the AC-DC converter, the coils are main polluters as well, followed by diodes,
MOSFETs, and capacitors. The percentage share of the components can be found in Figure 2, which is
exemplary for the 22 kW charger. See Table A3 in Appendix C for more detailed results.

Figure 2. Percentage share of the electronic components for the modeled 22 kW charger per kWh.

When considering the impact of power electronics and the enclosure, it turns out that for the
22 kW charger, the power electronics account for more than 50% of the environmental impacts for all
impact categories. The enclosure has the main impact for all chargers when it comes to climate change
and the least when considering mineral resource depletion.

• Charging infrastructure (CIS)

As for the CIS, we consider the mains cable, the charging cable, and the housing. For the 22 kW CIS,
the mains cable is the main emitter in all impact categories. The mains cable has the highest impact in
13 out of 18 impact categories (except agricultural land occupation, climate change, fossil resource
depletion, ionizing radiation, and ozone depletion) for the 50 kW charging station. When comparing
the mains cable of the 22 kW CIS and the 50 kW CIS, the mains cable for the 50 kW charging station
has between 72% (fossil resource depletion) and 90% (mineral resource depletion) higher impacts
than the mains cable for the 22 kW charging station. Considering the charging cable, the charging
cable for the 50 kW charging station causes between 39% (fossil resource depletion) and 146% (mineral
resource depletion) higher impacts than the charging cable for the 22 kW charging station. For the
22 kW charging station, the charging cable causes less than 3.2% in all impact categories. For the 50 kW
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charging station, the impact of the charging cable is below 4% in all impact categories. The housing of
the 50 kW charging station causes about three times higher impacts than the 22 kW charging station
for all impact categories. For both charging stations, the housing has the highest impact in the impact
category climate change.

3.1.2. System-Based Results

The following results refer to a system level. The scaling of the components is shown in Table 1.

• Chargers

For the DC system, the total amount of 3.7 kW OBCs (scales with the number of vehicles) leads to
higher environmental impacts (more than 70% for all impact categories) than the sum of the 50 kW
chargers (scales with the number of charging points). The relative impact of the 50 kW chargers is
highest for human toxicity (about 28%). Concerning global warming, the 3.7 kW chargers account for
about 80% of the emitted CO2-eq. (0.07 kg CO2-eq./kWh).

• Charging infrastructure (CIS)

When comparing the environmental impacts of the CIS on a system base, the AC system has
less environmental impacts in 10 out of 18 impact categories when compared to the CIS of the DC
system. We find the most significant difference (percentage wise) to be present in climate change with
additional emissions of 0.7 · 10−3 kg CO2-eq. per kWh when the DC system is used. The environmental
impacts of the charging infrastructure for the AC system and the DC system can be found in Table A4
in Appendix C.

When comparing the environmental impacts of the total number of chargers and the CIS,
chargers account for over 90% of the environmental impacts for all impact categories in the AC system.
For the DC system, the CIS has a more significant environmental impact (percentage wise) than in
the AC-based system. The most significant impact of the CIS in the DC system can be seen in human
toxicity (about 25% or 0.05 kg 1,4-DCB-eq./kWh). The transport only accounts for less than 0.3% of the
emissions in all impact categories; therefore, it is neglected in further examinations.

• Charging infrastructure, chargers, transport, and use phase

When summing up the environmental impacts of the production (chargers as well as charging
infrastructure) and comparing them with the environmental impacts of the use phase (energy provision),
we find that the use phase is responsible for more than 50% of the environmental impacts in 12 impact
categories for the AC system. Only mineral resource depletion, photochemical oxidant formation, natural land
transformation, particulate matter formation, terrestrial ecotoxicity, and urban land occupation predominate
in the production phase. When considering the DC system, solely mineral resource depletion is dominant
during production, while all other environmental impacts are mainly emitted during the use phase.
Referring to global change in the AC system, only about 30% of CO2-eq. are emitted during production;
while in the DC system, it is less than 12%. Due to the scaling to one kWh (i.e., the functional unit) and
the same charging efficiency for all chargers, the same total amount of emissions is emitted during the
use phase in both systems, which also means that changes in the energy mix have the same impact on
the use phase for both systems.

When comparing the overall environmental impacts of the two systems (production, transport,
and use), a reduction of environmental impacts in all 18 impact categories is achieved by the DC
system. Figure 3 shows the results—with the environmental impacts of the AC system scaling to 100%.
We observe the most significant differences in percentage terms in mineral resource depletion (68.11%),
photochemical oxidant formation (48.10%), and natural land transformation (44.77%). The most significant
absolute changes can be observed in the impact categories human toxicity (0.36 kg 1,4-DCB-eq./kWh),
mineral resource depletion (0.19 kg Fe/kWh), and climate change (0.19 kg CO2-eq./kWh).
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Figure 3. Comparison of the environmental impacts of the AC system and DC system. The
environmental impacts of the AC system are scaled to 100%.

For mineral resource depletion (see Figure 4a), power electronics have the most significant impact
(≈68% and ≈90%, respectively). It was shown before that mainly the DC-DC converter and the
filter contribute to that impact. Within the converter and the filter, the coils constitute the main
demand for mineral resources. For natural land transformation (see Figure 4b) in the AC-based system,
the production of power electronics (mainly the filter) could be identified as main contributors (≈55%)
while for the DC system, the use phase is the main contributor. Considering photochemical oxidant
formation (see Figure 4c), in the AC system, power electronics (filter and DC-DC converter) are the
main contributors, while it is the use phase in the DC system.

The most significant absolute changes were observed in the impact categories human toxicity
(0.36 kg 1,4-DCB-eq./kWh), mineral resource depletion (0.19 kg Fe/kWh), and climate change (0.19 kg
CO2-eq./kWh). For human toxicity (see Figure 5a), the use phase has the highest impact followed by
power electronics. Within the power electronics for the 22 kW charger, the main contributor is the
DC-DC converter followed by the filter and the logic board. For climate change (see Figure 5b), the main
source of environmental impacts is the use phase. Within the production of the power electronics, it is
mainly the filter that contributes to climate change for both the 22 kW and the 50 kW charger.

172



Energies 2020, 13, 6508

(a) 

(b) 

(c) 

Figure 4. Mineral resource depletion (a), natural land transformation (b), and photochemical oxidant
formation (c) for AC system and DC system per kWh.

(a) 

(b) 

Figure 5. Human toxicity (a) and climate change (b) for AC system and DC system per kWh.
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3.1.3. Scenario-Based Results

In a next step, we apply our results to the diffusion scenarios that we have introduced in Section 2.2.
Therefore, the analysis is no longer carried out for one kWh of charging electricity (i.e., the functional
unit), but rather based on the stock of BEVs and the regarding charging requirements per scenario.
The absolute environmental impacts for the scenarios can be found in Table A2 in Appendix B. Table 8
describes the absolute reductions of environmental impacts in selected impact categories that could
be achieved by implementing the DC system instead of the AC system with considering a lifetime of
10 years for all components.

Table 8. Absolute reductions for selected environmental impact categories when comparing DC system
and AC system for the modeled scenarios considering a lifetime of 10 years for all components.

Impact Category
Absolute Reductions

Scenario S Scenario M Scenario L

CC 1.95 · 108 2.52 · 108 3.45 · 108

HT 3.78 · 108 4.89 · 108 6.70 · 108

MRD 1.97 · 108 2.55 · 108 3.49 · 108

NLT 3.60 · 104 4.66 · 104 6.38 · 104

POF 1.07 · 106 1.39 · 106 1.90 · 106

In the impact category, climate change of about 20, 25, and 35 mn. kg CO2-eq. yearly can be saved
when implementing the DC system instead of the AC system. That would represent approximately
0.012%, 0.016%, and 0.022% of current annual greenhouse gas emissions in the transport sector in
Germany [7]. The analysis also indicates that the potential for reductions increases as the number of
BEVs increases.

3.1.4. Sensitivity Analyses

To account for data uncertainties in modeling, we conduct sensitivity analyses. Therefore, we vary
the emission intensity of the production of the power electronics. Additionally, we vary the average
utilization of the charging points as well as the efficiency of the charging points and the ratio of home
charging (i.e., non-public charging, see modeling in Section 2.2). We provide an overview of our
parameter variations in Table 9. The investigated parameters represent those with the highest effect
on our results. We conduct the analyses for all 18 impact categories and exemplify it for significant
impact categories.

Table 9. Parameter variation for sensitivity analysis.

Parameter Original Value Interval Iterations Impact On

Emission intensity of the production of
power electronics 100% [80%;120%] 20 Production

Degree of utilization 10% [5%;25%] 20 Production
Efficiency 90% [80%;100%] 20 Production and use phase

Ratio of charging at home/non-public charging 70% [60%;80%] 20 Production and use phase

The variation in the environmental impact of power electronics production results in greater
environmental impacts in the AC system even for the most unfavorable combination for the DC system
(DC system: 120%; AC system: 80%) for all impact categories. As the power electronics have the main
impact in the overall systems in mineral resource depletion (90% in the AC system and 68% in the DC
system), natural land transformation (56% in the AC system and 25% in the DC system), and photochemical
oxidant building (60% in the AC system and 29% in the DC system), the result of the sensitivity analyses
is shown to be exemplary for those impact categories (Figure 6a–c). Additionally, the result for climate
change is shown in Figure 6d. This suggests that even with greater uncertainties in the environmental
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impact of power electronics, the DC system has lower environmental impacts than the AC system in
our model.

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 6. Results per kWh for sensitivity analyses of the emission intensity of the production of
power electronics exemplary for (a) mineral resource depletion; (b) natural land transformation;
(c) photochemical oxidant building; and (d) climate change.

When varying the degree of utilization, the most considerable changes on a percentage basis are
in human toxicity, mineral resource depletion, and terrestrial ecotoxicity (see Figure 7a–c). Again, Figure 7d
shows the result for climate change.
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(a) (b) 

 

(c) (d) 

Figure 7. Results per kWh for sensitivity analyses of the degree of utilization (a) human toxicity;
(b) mineral resource depletion; (c) terrestrial ecotoxicity; and (d) climate change.

The efficiency of the charging process can vary considerably, although charging stations with higher
charging powers usually have a higher efficiency. When comparing the most unfavorable combination
for the DC system (DC system: 80%; AC system: 100%), the AC system has less environmental impacts
in the impact categories agricultural land occupation, freshwater ecotoxicity, ionizing radiation, and water
depletion. The resulting sensitivities for the impact categories are shown in Figure 8a–d. From our
results, we can conclude that although there are cases where the AC system causes less emissions than
the DC system in the above-mentioned impact categories, the mean and median of the DC system are
significantly below the mean and median of the AC system in all critical impact categories.
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(a) (b) 

 

(c) (d) 

Figure 8. Results per kWh for sensitivity analyses of the efficiency for (a) agricultural land occupation;
(b) freshwater ecotoxicity; (c) ionizing radiation; and (d) water depletion.

When varying the ratio of home charging (i.e., non-public charging and therefore the number of
publicly accessible charging stations, see Section 2.1) and evaluating the DC system’s most unfavorable
combination (DC system: 80%; AC system: 60%), the DC-based system has less environmental impacts
in all impact categories, even though the DC system has more charging points than the AC system
in this constellation. The results are shown in Figure 9, which are exemplary for the most significant
changes (on a percentage basis) (Figure 9a–c) as well as for climate change (Figure 8d). However,
it should be noted that the total energy demand does not change if the proportion of home charging is
increased. Since the energy used for home charging is not included in the modeling, there are large
variations in the considered impact categories. This effect would decrease if the energy required for
home charging was included.

Summing up, the sensitivity analyses showed some combinations for which the DC system
has more environmental impacts in some impact categories (i.e., agricultural land occupation,
freshwater ecotoxicity, ionizing radiation, and water depletion; see Figure 8). Nevertheless, the overall
finding, that the DC system has less environmental impacts than the AC system in the modeled system,
seems to be consistent, as this constellation only represents rather unlikely parameter combinations.
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(a) (b) 

 

(c) (d) 

Figure 9. Results per kWh for sensitivity analyses of the ratio of home charging for (a) mineral resource
depletion; (b) photochemical oxidant formatting; (c) natural land transformation; (d) climate change.

3.2. Economic Analysis

We conduct the economic analysis and distinguish between CIS and charging devices. The considered
cost components are shown in Table 10. All estimates are based on [61,122,123]. The costs for the CIS
and the chargers are annualized.

Table 10. Cost listing of the charging stations.

Parameter Unit System

Charging power kW 22 50
Charging points (for each charging station) Pieces 2 2

Hardware EUR 2500 3000
Grid connection cost EUR 2000 10,000

Permission and planning EUR 1000 3000
Montage, construction cost and signage EUR 2000 7000

Total investment cost EUR 7500 50,000
Current cost EUR/a 750 3000
Interest rate % 5 5

Life span a 10 10

Reference: based on [61,122,123].
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We calculate the cost for the CIS for all three diffusion scenarios. Figure 10 shows our results.
Despite the fewer charging stations in the DC system, the higher costs of the charging stations cannot
be compensated. The system costs for the CIS in the DC system are about 180% higher than the system
costs in the AC system.

Figure 10. Cost estimation AC system and DC system.

For the OBC, the cost estimation is based on Mathieu [124], who states about 250 EUR for a 3.7 kW
charger. Due to the modular design in our paper, the cost for the 22 kW chargers results in 1500 EUR.
The costs for the OBCs in the scenarios are shown in Figure 10.

The OBCs have a significant impact for the AC system. About 70% of the total cost for the AC
system arise from the OBCs, while in the DC system, the OBCs are only about 13% of the total cost.
Thus, in total, the AC system becomes more expensive than the DC system. From a system point
of view, in our scenarios, 4.2 mn., 5 mn. and 8.5 mn. euros can be saved annually with the DC-based
charging infrastructure compared to the AC-based system. The analysis also indicates that the potential
for savings increases with the number of BEVs.

4. Conclusions and Outlook

In our study, we analyzed and compared the environmental impacts of different charging concepts
for electric vehicles. Two systems were considered, which essentially differ in the position of the
chargers. When charging with alternating current (AC), an on-board charger is used. In our AC system,
a charging power of 22 kW is considered for the publicly accessible charging infrastructure, and home
charging with 3.7 kW can be conducted without any additional components. Charging at higher
power levels requires an off-board charger. In the DC system, a charging power of 50 kW is assumed.
Additionally, a 3.7 kW on-board charger is designed to allow for AC charging at home (3.7 kW). In our
modeled systems, publicly accessible infrastructure rather solely supports AC charging (22 kW) or DC
charging (50 kW). The calculation of the required charging infrastructure is based on the total energy
demand for charging in the publicly accessible area. We defined three diffusion scenarios to model the
near-future stock of BEVs in Germany and the required amount of charging infrastructure.

According to the goal of our study, we evaluated the environmental impacts of the systems by
conducting an LCA. Our results show that the DC charging system causes less environmental impacts
than the AC system in all impact categories. Even though the use phase has a large impact on the
environmental analysis, it has the same impact for both systems when scaling to 1 kWh due to the
model parameters. For the production, we showed that—on a component level—chargers are the
main contributor in both systems. In the DC system, the sum of 3.7 kW chargers has a greater impact
than the sum of the 50 kW chargers. Within the chargers, we identified the filters as main polluters for

179



Energies 2020, 13, 6508

the 3.7 kW and the 22 kW chargers. For 50 kW chargers, the filter and the DC-DC converter cause
the most environmental impacts. For all filters, the inverter-side coils are the main polluters. In the
DC-DC converter, the coils and transformers are the components with a major influence in all impact
categories. When assigning the results to our scenarios, for global warming, annual emission reductions
of 20 mn., 25 mn., and 35 mn. kg CO2-eq. could be achieved when the DC system is used instead of the
AC system, which represent approximately 0.012%, 0.016%, and 0.022% of current annual greenhouse
gas emissions in the German transport sector [7].

The main reason for the differences in the two systems is the scaling. While in the AC system
each vehicle is equipped with a 22 kW charger (the number of chargers and the corresponding power
electronics scales with the number of vehicles (see Table 1), in the DC system, the users of electric
vehicles share the chargers and the corresponding power electronics in publicly accessible areas
(the 50 kW chargers scale with the number of charging stations (see Table 1)).

Our sensitivity analyses confirmed the advantages of the DC system and showed the robustness
of the results. Even in cases for the most unfavorable combination for the DC system, it causes less
environmental impacts than the AC system.

For our economic analysis, we calculated the cost on a German-national level. Even though the DC
charging infrastructure causes significantly higher cost than the AC charging infrastructure, this becomes
less important when the costs of the OBCs are also considered. In our scenarios, annual savings
of 4.2 mn., 5.4 mn., and 8.5 mn. euros are possible when the DC system is used instead of the AC system.
The reductions of environmental impacts and the cost savings both scale with the stock of BEVs in
our model.

All findings gained should be considered within the model boundaries. First, we want to mention
that even though the Ecoinvent database is commonly used, some generic processes may have changed
over time, so there may be some shifts of the environmental impacts. In addition, the database is often
based on processes from the European area, which should be taken into account when transferring
the results to other countries, although it cannot necessarily be assumed that the processes and
environmental impacts differ significantly. Furthermore, our study is only valid for the modeled
components. If different or additional components are used, e.g., if the charging power is changed,
the resulting environmental impacts of these components must be considered separately. In addition,
the density of the publicly available charging infrastructure is not explicitly investigated. Although the
sensitivity analysis of the utilization shows that even when the DC system has more charging points
than the AC system it causes less environmental impacts than the AC system, this aspect would need to
be investigated further. Another assumption made is that the energy mix stays constant during the day.
As the CO2 intensity of the energy supply differs intraday, considering the charging behavior of users
within the systems is an interesting supplement as well. Nevertheless, the study provides a systems
comparison of AC and DC-based charging and gives an overview of the components that have a
relevant environmental impact and that may need to be modeled in more detail in future considerations.

Based on environmental as well as economic results, our study shows that DC charging offers
both economic saving and environmental reduction potentials. The advantages of the DC system scale
with the number of electric vehicles, so it can be assumed that the findings will become more relevant
as the number of BEVs increases. With the current distribution of charging solutions in Germany,
on-board charging dominates, while off-board charging accounts for about 7% of all public charging
points. The on-board charging capacity of the newly offered vehicles seems to settle at a level of 11 kW.
In order to achieve higher charging performance, off-board charging will be increasingly used.
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Appendix A. Background Information to Section 2.2

The total number of charging stations is calculated as follows:

nCS =

∑
classes S,M,L

(
αPC·amcar·nBEV, class·cBEV,class

)
nCP,CS·UTCP·PCP·ηCP·tPC

(A1)

with
αPC : share public charging [/]
amcar: annual mileage of a car [km]
nBEV, class: number of BEVs in the class [/]
cBEV,class: consumption of BEVs in the class [kWh/km]
nCP,CS: number of charging points per charging station [/]
UTCP: utilization charging point [/]
PCP: power charging point [kW]
ηCP: efficiency charging point [/]
tPC: time for public charging [h]

Appendix B. Background Information for the Life Cycle Inventory (LCI)

In the following, we provide a more detailed description of the components modeled in Section 2.3.2.
The structure of the background information is similar to the structure in in the Sub-Section Production
of Components.

• Filter

For the calculations, we use a maximum current ripple of 15% [70]. For the design of the filter
capacity, we assume that the maximum change in the power factor perceived by the grid is 5%.
The desired attenuation is set to 20%, the switching frequency of 200 kHz and the DC voltage result
from [68,69], respectively. Based on the specified parameters, we select electronic components that
sufficiently fulfill the characteristics, are available on the market, and for which material data are
available. The components used in our study can be found in Table 3.

• AC-DC Converter

Even though the capacitors for surface-mounting in the Ecoinvent database are not specified
in [125], the dataset shows a ratio of 40% ceramics and is therefore considered as the best available
dataset for ceramic capacitors. As an estimate for the mass of the capacitor, a dataset with mass
specification from Murata is used [80]. The coil EELP 58 is used instead of EELP 54 [81]. The mass of
the core is given in the manufacturers’ dataset. For the windings, we assume that 60% of the cores’ air
space is filled with wire. With the density of copper (8920 kg/m3), the mass of copper for the windings
is estimated. The production process is modeled with the Ecoinvent dataset for inductors.

• DC-DC Converter

For the coil core, EELP64 is used. The amount of copper is calculated as shown for the AC-DC converter.
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• Printed circuit board (PCB), driver board, logic board, and busbars

For the size estimation of the size of the PCB, we estimate the outer dimension of the chargers.
Schmenger et al. [68] state the volumes of the modular chargers for different charging powers. Based on
the assumption that the 50 kW charger has the same power density as the 22 kW charger, we estimate
the volume for the 50 kW charger. The ratio of width and height is based on [89]. We assume that the
ratio remains constant over power. Based on the model from [89], we assume that the area of the PCB
is 30% of the area of the charger.

As stated above, we base the dimensioning of the busbar on [87,88]. As stated by Mersen [88],
an ampacity of 5 A/mm2 is considered and a 5% security surcharge is obeyed for each additional
conductor. The minimum cross-sectional area is based on [87]. The maximum current considered
originates from [67,68]. We estimate the maximum current based on the modularity of the charging
unit. For the AC busbars, a quantity of three trace pitches can be assumed [87]. For the DC busbars,
two trace pitches are assumed. We estimate the length of the busbars based on the outer dimensions
of the charger [67]. The production process is modeled based on [87]. The surface of the busbars is
galvanically nickel-plated. With the assumption of a thickness of 1 mm for the bus bars, a thickness of
20 μM for nickel-plating [87] and the density of 8900 kg/m3 for nickel the material flow and process
data are based on [87].

• Enclosure of electronic components and heatsink

To calculate the material flows of the enclosure for electronic components, the dimensions of the
heatsink need to be estimated in a first step. The heatsink for the electronic devices shown in [89] is
liquid-cooled. Based on [87], a thickness of 2.5 cm can be assumed. Under the assumption that the
remaining space is used by electronic devices, we calculate the height of the enclosure for the electronic
components from the dimensions of the charging unit and the height of the heat sink. The heat sink
composes the base plate of the charging unit and is modeled separately. The material flows and
processes used for the production phase of the enclosure with an untreated surface are based on [87].

The size estimations for our air-cooled heatsink are based on the assumption of a forced cooling
with an airflow of at least 7 m/s [87]. We do not model the fan. We determine the mass of the
air-cooled heatsink on the basis of a standard heatsink [126]. In our estimations, the size of the heat
sink matches the base area of the charging unit. With the given ratio of weight and length of the
heatsink [126], we estimate the mass of aluminum. For surface refinement, the surface area of the
heatsink is anodized [87]. We estimate the surface to be anodized by taking the number of lamellas
from [126] without considering the changing number of lamellas with the changing width. Therefore,
each lamella has two sides to be anodized. The side of the heatsink that forms the bottom surface of
the housing is not treated. With the anodizing surface calculated, accordingly, the further process data
is taken from [87].

• Charging infrastructure (CIS)

Based on [127] for a charging station with two charging points at 22 kW, we select the mains cable
by [128] (Type NYY-J 5 × 50 SW) and assume that the difference of the total weight to the weight of
copper is caused by insulation. Due to the fact that the material for the insulation is not differentiated
any further in the dataset of the manufacturer, we base our estimation of the composition of the
insulation and the processes needed for production on the Ecoinvent dataset “cable connector for computer,
without plugs” [125]. For 50 kW charging power, a cross-section of the mains cable of 75 mm2 or
90 mm2 is used [129]. Due to the non-availability of data, we use a 95 mm2 cable for modeling [128]
(Type NYY-J 5 × 95 SW). We calculate the quantity of insulation as described above.

For the charging cable, the insulation is estimated as mentioned above as the difference between
the weight of copper and the total weight. The materials used for insulation as well as the production
processes are based on the aforementioned dataset in Ecoinvent.
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Regarding the housing, the most common stainless steel alloy (steel of grade 304 and 304L which
consists of 18% chrome and 8% nickel and has a density of 8000 kg/m3 [130]) is used. The wall thickness
is set to 2 mm [131]. For its production, the Ecoinvent dataset for sheet rolling is used. According to [96],
the stainless steel is powder-coated. The related process is taken from Ecoinvent.

Table A1. Energy mix considered for modeling.

Energy Source Percentage Share [%]

Coal 43.51
Nuclear 25.05

Natural gas 9.32
Wind power 4.03
Hydropower 3.32

oil 1.47
Hydropower, pumped storage 1.06

biomass 0.57
biogas 0.49

photovoltaic 0.09
Other 11.08

Reference: for detailed information, please refer to [115].

Table A2. Environmental impacts of the AC system and the DC system for modeled scenarios
considering a lifetime of 10 years.

Impact Category

AC System DC System

Scenario
S

Scenario
M

Scenario
L

Scenario
S

Scenario
M

Scenario
L

WD 4.97 · 106 6.43 · 106 8.80 · 106 4.14 · 106 5.36 · 106 7.34 · 106

ULO 8.44 · 106 1.09 · 107 1.49 · 107 5.45 · 106 7.05 · 106 9.65 · 106

TET 6.79 · 104 8.79 · 104 1.20 · 105 4.43 · 104 5.73 · 104 7.84 · 104

TA 4.52 · 106 5.86 · 106 8.02 · 106 3.31 · 106 4.28 · 106 5.86 · 106

POF 2.23 · 106 2.88 · 106 3.94 · 106 1.16 · 106 1.50 · 106 2.05 · 106

PMF 1.46 · 106 1.89 · 106 2.59 · 106 8.65 · 105 1.12 · 106 1.53 · 106

OD 5.20 · 101 6.73 · 101 9.22 · 101 3.84 · 101 4.97 · 101 6.81 · 101

NLT 8.04 · 104 1.04 · 105 1.43 · 105 4.44 · 104 5.75 · 104 7.87 · 104

MRD 2.89 · 108 3.74 · 108 5.12 · 108 9.22 · 107 1.19 · 108 1.63 · 108

ME 8.42 · 105 1.09 · 106 1.49 · 106 6.06 · 105 7.84 · 105 1.07 · 106

MET 4.36 · 107 5.64 · 107 7.73 · 107 3.59 · 107 4.64 · 107 6.35 · 107

IR 1.78 · 108 2.31 · 108 3.16 · 108 1.59 · 108 2.06 · 108 2.82 · 108

HT 1.20 · 109 1.55 · 109 2.13 · 109 8.22 · 108 1.06 · 109 1.46 · 109

FE 1.31 · 106 1.70 · 106 2.33 · 106 1.08 · 106 1.40 · 106 1.91 · 106

FET 4.66 · 107 6.03 · 107 8.25 · 107 3.91 · 107 5.05 · 107 6.92 · 107

FD 2.67 · 108 3.46 · 108 4.74 · 108 2.14 · 108 2.77 · 108 3.79 · 108

CC 9.97 · 108 1.29 · 109 1.77 · 109 8.02 · 108 1.04 · 109 1.42 · 109

ALO 5.93 · 107 7.67 · 107 1.05 · 108 5.03 · 107 6.52 · 107 8.92 · 107
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Appendix C. Detailed Results on Component Level

Table A3. Absolute environmental impacts of the electronic components for the modeled 22 kW charger
per kWh.

Impact Category
AC-DC

Converter
Filter

DC-DC
Converter

PCB
Driver
Board

Logic
Board

Busbars

WD 6.92 · 10−10 2.71 · 10−9 1.07 · 10−9 9.21 · 10−11 6.48 · 10−10 5.58 · 10−10 1.59 · 10−11

ULO 2.12 · 10−9 1.12 · 10−8 3.29 · 10−9 2.18 · 10−10 2.40 · 10−9 2.08 · 10−9 4.44 · 10−11

TET 2.20 · 10−11 6.51 · 10−11 3.95 · 10−11 6.83 · 10−12 2.63 · 10−11 1.63 · 10−11 1.19 · 10−12

TA 1.10 · 10−9 4.26 · 10−9 1.86 · 10−9 8.32 · 10−11 5.77 · 10−10 4.46 · 10−10 5.21 · 10−11

POF 8.54 · 10−10 4.72 · 10−9 1.25 · 10−9 5.18 · 10−11 3.59 · 10−10 3.11 · 10−10 1.07 · 10−11

PMF 5.00 · 10−10 2.24 · 10−9 8.09 · 10−10 3.98 · 10−11 2.75 · 10−10 2.19 · 10−10 1.52 · 10−11

OD 6.89 · 10−15 6.12 · 10−14 1.00 · 10−14 1.19 · 10−15 8.52 · 10−15 8.35 · 10−15 4.34 · 10−17

NLT 2.34 · 10−11 1.63 · 10−10 3.36 · 10−11 2.20 · 10−12 1.64 · 10−11 1.36 · 10−11 2.05 · 10−13

MRD 1.04 · 10−7 9.36 · 10−7 2.81 · 10−7 7.64 · 10−9 7.19 · 10−8 5.54 · 10−8 4.36 · 10−9

ME 1.89 · 10−10 8.76 · 10−10 3.00 · 10−10 1.71 · 10−11 1.27 · 10−10 1.14 · 10−10 4.54 · 10−12

MET 6.58 · 10−9 2.18 · 10−8 1.22 · 10−8 5.29 · 10−10 7.33 · 10−9 8.14 · 10−9 3.88 · 10−10

IR 1.65 · 10−8 7.99 · 10−8 2.40 · 10−8 1.72 · 10−9 1.03 · 10−8 9.12 · 10−9 6.74 · 10−11

HT 3.50 · 10−7 9.26 · 10−7 6.61 · 10−7 2.50 · 10−8 3.79 · 10−7 4.25 · 10−7 2.33 · 10−8

FE 1.99 · 10−10 6.30 · 10−10 3.56 · 10−10 1.65 · 10−11 2.35 · 10−10 2.67 · 10−10 1.05 · 10−11

FET 6.40 · 10−9 1.99 · 10−8 1.17 · 10−8 4.80 · 10−10 7.52 · 10−9 8.62 · 10−9 3.63 · 10−10

FD 3.92 · 10−8 2.18 · 10−7 5.62 · 10−8 3.73 · 10−9 2.38 · 10−8 2.13 · 10−8 1.99 · 10−10

CC 1.43 · 10−7 7.77 · 10−7 2.06 · 10−7 1.37 · 10−8 8.65 · 10−8 7.75 · 10−8 7.88 · 10−10

ALO 7.80 · 10−9 4.03 · 10−8 1.11 · 10−8 4.44 · 10−10 3.02 · 10−9 2.42 · 10−9 7.86 · 10−11

Table A4. Comparison of total environmental impacts and changes in environmental impacts per kWh
when considering the charging infrastructure of the AC system and the DC system.

Impact Category AC System DC System Δ Absolute 1 Δ Relative 1

WD 3.25 · 10−5 3.13 · 10−5 1.14 · 10−6 3.50%
ULO 1.13 · 10−4 1.17 · 10−4 −3.86 · 10−6 −3.41%
TET 2.74 · 10−6 2.51 · 10−6 2.34 · 10−7 8.54%
TA 9.74 · 10−5 8.87 · 10−5 8.69 · 10−6 8.92%

POF 2.70 · 10−5 2.73 · 10−5 −2.79 · 10−7 −1.03%
PMF 3.47 · 10−5 3.55 · 10−5 −7.55 · 10−7 −2.18%
OD 1.74 · 10−10 2.13 · 10−10 −3.92 · 10−11 −22.54%
NLT 5.53 · 10−7 5.78 · 10−7 −2.55 · 10−8 −4.61%
MRD 1.14 · 10−2 1.17 · 10−2 −3.27 · 10−4 −2.86%
ME 1.12 · 10−5 1.08 · 10−5 4.04 · 10−7 3.61%

MET 9.32 · 10−4 8.85 · 10−4 4.67 · 10−5 5.01%
IR 2.25 · 10−4 2.67 · 10−4 −4.26 · 10−5 −18.99%
HT 5.17 · 10−2 4.48 · 10−2 7.00 · 10−3 13.52%
FE 2.35 · 10−5 2.05 · 10−5 3.01 · 10−6 12.81%

FET 8.73 · 10−4 8.33 · 10−4 3.98 · 10−5 4.56%
FD 8.99 · 10−4 1.06 · 10−3 −1.59 · 10−4 −17.66%
CC 3.05 · 10−3 3.79 · 10−3 −7.39 · 10−4 −24.22%

ALO 2.51 · 10−4 2.77 · 10−4 −2.55 · 10−5 −10.13%
1 AC system—DC system.
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Abstract: Electric vehicles represent a necessary alternative for wheeled transportation to meet the
global and national targets specified in the Paris Agreement of 2016. However, the high concentration
of electric vehicles exposes their harmful effects on the power grid. This reflects negatively on
electricity market prices, making the charging of electric vehicles less cost-effective. This study
investigates the economic potential of different charging strategies for an existing office site in Austria
with multiple charging infrastructures. For this purpose, a proper mathematical representation of the
investigated case study is needed in order to define multiple optimization problems that are able
to determine the financial potential of different charging strategies. This paper presents a method
to implement electric vehicles and stationary battery storage in optimization problems with the
exclusive use of linear relationships and applies it to a real-life use case with measured data to prove
its effectiveness. Multiple aspects of four charging strategies are investigated, and sensitivity analyses
are performed. The results show that the management of the electric vehicles charging processes
leads to overall costs reduction of more than 30% and an increase in specific power-related grid prices
makes the charging processes management more convenient.

Keywords: electric mobility; charging strategies; economics; promotion policies; mixed-integer
optimization; flexible systems

1. Introduction

The global warming and the increasing GHG emission challenges in recent years are expected to be
an accelerator for the deployment of electric vehicles (EVs) as a more sustainable alternative for wheeled
transportation around the world [1–4]. The European Environment Agency recognizes transport as
a critical source of environmental pressures in the European Union, and it has a decisive influence
on climate change and air pollution. The transport sector consumes one-third of the final energy in
the European Union and is responsible for a large share of the European’s greenhouse gas emissions.
This makes transport one of the major contributors to climate change [5]. The Intergovernmental Panel
on Climate Change (IPCC) affirms that wheeled transportation produces more than 70% of the overall
greenhouse gas emissions from transport [6]. Because of their significant environmental advantages,
numerous countries are working on different strategies to make EVs monetarily more convenient than
traditional wheeled vehicles [7].

However, as the number of EVs increases, the negative effects of their charging on the power grid
become more evident, especially at the low-voltage level. In fact, high concentrations of EVs have
various harmful effects due to the overlap between EV charging, residential peak loads and renewable
generation [8–10]. For these reasons, the growing number of EVs, in parallel with the growing
penetration of renewable energy sources, leads the power grid facing a challenging future [11,12].
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Charging management systems and different charging strategies of EVs have been extensively studied
in order to reduce the greenhouse gas emissions, to improve the power grid operation and to reduce
the electricity costs for end-users [13–16]. In the last decade, several unidirectional and bidirectional
charging strategies of EVs have been investigated in different contributions [17–20]. Furthermore,
the possibility of combining stationary battery storages (SBSs) with the charging infrastructures has
also been studied in-depth, in order to further reduce the peak load power and the electricity costs and
allow the fast charging of EVs even with low grid connection power [21,22].

The core objective of this study is to investigate the economic potential of different charging
strategies of EVs for an existing office site in Austria with multiple charging infrastructures.
The economic potential is given by trading electricity in the Day-Ahead (DA) spot market considering
the overall power and energy procurement costs of the office site’s charging infrastructures.
Profit opportunities could incentivize the end-users to apply flexible electricity consumption patterns
to their EVs charging schedules, and they could also incentivize the office site to install further SBSs.

In this paper, multiple optimization problems are defined in order to determine the monetary
potential of different operating strategies for managing the EVs’ charging processes. The optimization
approach aims to define the power flows between the EVs, the SBSs and the power grid, in order to
minimize the electricity costs and to best allocate the flexibility of the Austrian office site. However,
a detailed description of the technical operation of the above-mentioned components is needed in
order to implement them in a mathematical model. In this work, the components of the Austrian
office site are described with the exclusive use of linear relationships, which can be implemented
in mixed-integer optimization problems. The optimization problems are modeled using the Python
toolbox Pyomo [23] and solved with the Gurobi solver [24].

The paper is organized as follows. Section 2 provides an overview of the state of the art in the
scientific literature. Next, Section 3 describes the mathematical representation of the Austrian office
site, including the EVs and the SBSs in the optimization problem and its objective function, which aims
to minimize the overall costs. Section 4 illustrates the description of the investigated real-life use case
in Austria with measured data used to simulate the different charging strategies. Section 5 presents
the comprehensive results and sensitivity analyses of the case study. Finally, Section 6 concludes the
paper and discusses possible directions for future research.

2. State of the Art

The growing share of renewable energy sources, such as wind and solar photovoltaic, increases the
volatility of electricity generation in the power grid [25–27]. At the same time, the increasing integration
of high-power consumption loads, such as EVs, are setting new challenges for the distribution system
operators [28,29]. Hence, the active participation of the demand-side can play a crucial role in the
European transition to a carbon-free energy sector [30–32]. For this reason, nowadays, one of the key
challenges is to enhance the use of the potential flexible demand in the power grid. An EV represents
a flexible load type, and the growing number of grid-connected EVs accords to them a growing
flexibility potential for the power grid [33]. Flexibility is the electrical components capability to alter
their scheduled consumption in reaction to external signals, for example, spot market prices or grid
costs [34]. However, an exhaustive mathematical description of the flexible components, such as EVs
and SBSs, is needed in order to efficiently coordinate and aggregate multiple flexible load types.

In several studies, for example [33,35,36], the flexibility of EVs is utilized in order to support
the variable renewable energy injection and minimize the overall system costs. Weis et al. [37]
quantify the benefits of managed charging of EVs achieving 1.5–2.3% cost savings in the simulations.
Sheikhi et al. [38] introduce a charging management strategy for EVs aimed to reduce peak loads.
The benefits and the drawbacks of bidirectional charging of EVs are thoroughly investigated in [39–41].
In several simulations, the electricity cost reductions achieved through the vehicle-to-grid charging
are overcompensated by higher battery degradation costs. If the higher battery degradation costs are
not considered, the overall costs reduction could reach 13.6% [39]. However, managed charging and
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vehicle-to-grid charging of EVs are able to alleviate congestion in the power grid [42]. In the last decade,
different methods were developed in order to mathematically represent flexible loads in optimization
frameworks. In Hao et al. [43], a method to describe the flexibilities of different technologies as
virtual batteries is presented. In this work, flexibilities are represented in a mixed-integer optimization
problem with the exclusive use of linear relationships, which makes the model scalable and able to
handle a growing amount of components.

This paper presents the mathematical implementation of EVs and SBSs in optimization problems,
which aim to minimize the overall costs of their operation, applying peak shaving and load shifting
to aggregated charging infrastructures. Furthermore, in this work different charging strategies are
defined and compared in order to determine the optimal charging strategy for an office site of an
electric utility company in Austria with multiple charging infrastructures. The simulated period covers
the entire year 2019. The main contributions of this paper beyond the-state-of-the-art are as follows.

• Development of a method to implement EVs and SBSs in optimization problems with the exclusive
use of linear relationships,

• Costs comparison of four different charging strategies of EVs,
• Investigation of the potential of coupling charging infrastructures with SBSs,
• Application of the methods to a real-life use case in Austria with measured data.

3. Methods

The real operation of EVs and SBSs is characterized by non-linear relationships, which lead to
non scalability of the calculations. In Section 3.1, a simplified method to implement EVs and SBSs in
optimization problems as linear systems is developed. Moreover, the optimization problem and its
cost function are presented in Section 3.2. Lastly, in Section 3.3, the investigated EV charging strategies
are defined.

3.1. Components

A mathematical description of SBSs and EVs is needed in order to efficiently implement
them in a mixed-integer optimization problem and define the optimal allocation of their power
flows using a linear optimization model. In the following Sections 3.1.1 and 3.1.2, the mathematical
representations of SBSs and EVs are presented. In this work, the time is considered as discrete, and the
optimized time range T is divided into a number of constant time intervals Δt.

3.1.1. Stationary Battery Storage (SBS)

The operation of a SBS is bounded to its physical limits such as power and capacity limits.
The input and output power (pSBS,in

t and pSBS,out
t ) are confined between 0 and the maximum input

and output power (pSBS,in
max and pSBS,out

max ) are specified as follows.

0 ≤ pSBS,in
t ≤ pSBS,in

max ∀ t ∈ T (1)

0 ≤ pSBS,out
t ≤ pSBS,out

max ∀ t ∈ T (2)

The capacity limits bound the state of charge of the SBS (socSBS
t ) between 0 and its nominal

capacity (ESBS) as mathematically described below.

0 ≤ socSBS
t ≤ ESBS ∀t ∈ T (3)
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If the charging and discharging efficiency (ηSBS,in and ηSBS,out) and the standby losses percentage
(ESBS

Loss%) are taken into account, the energy balance of an SBS can be defined in each time period in T
as follows.

socSBS
t = socSBS

t−1 ·
(

1 − ESBS
Loss%

)
+

(
pSBS,in

t · ηSBS,in − pSBS,out
t

ηSBS,out

)
· Δt ∀ t ∈ T (4)

Furthermore, the costs of the operation of the SBS can be implemented in the optimization problem
using the levelized cost of storage (LCOS) method [44]. LCOS can be described as the cost per unit of
charged electricity for a specific storage technology. It can be formally defined as follows.

LCOS =
CSBS

Inv
n · ESBS (5)

where CSBS
Inv indicates the investment costs of the SBS and n the number of charging cycles that the SBS

is able to support before its capacity falls under 80% of its original capacity [45]. Hence, the total costs
of storage CSBS

LCOS within the optimized time range T can be described as the LCOS multiplied by the
SBS’s cumulative delivered electricity and can be expressed as below.

CSBS
LCOS = LCOS ·

T

∑
t=1

(
pSBS,in

t

)
(6)

According to the physical limits and the total costs of storage, the optimization algorithm
determines the optimal input and output power (pSBS,in

t and pSBS,out
t ) and the state of charge (socSBS

t )
of the SBS, hence defining its optimal operation.

3.1.2. Electric Vehicle (EV)

In this paper, we consider different possibilities of charging EVs: managed charging (MC) and
vehicle-to-grid (V2G). The flexibility available from a charging cycle can vary in terms of duration and
amount of energy. In fact, EV batteries are only available for a limited period of time, or rather only
when they are connected to the charging infrastructure. Hence, the operation of a charging cycle is
bounded to its physical limits such as power, capacity and time limits. The time limits are given by
the connection time (SEV) and the disconnection time (DEV) of the EV at the charging infrastructure.
We formally consider the initial state of charge (socEV

SEV) equal to 0, since most of today’s charging
infrastructures do not allow to know the state of charge of an EV when it is connected to one of them.
Formally, the state of charge of an EV is confined as follows.

socEV
SEV = 0 (7)

socEV
DEV = EEV (8)

0 ≤ socEV
t ≤ EEV ∀t ∈ (SEV, DEV) (9)

The input and output power (pEV,in
t and pEV,out

t ) are confined between 0 and the maximum input
and output power (pEV,in

max and pEV,out
max ) as formally described below.

0 ≤ pEV,in
t ≤ pEV,in

max ∀t ∈ (SEV, DEV) (10)

0 ≤ pEV,out
t ≤ pEV,out

max ∀t ∈ (SEV, DEV) (11)
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If V2G is not considered, the maximum output power (pEV,out
max ) is formally set to 0. Moreover,

when the EV is not connected to the charging station, the input and output power is set to 0 as
specified below.

pEV,in
t = 0 ∀t �∈ (SEV, DEV) (12)

pEV,out
t = 0 ∀t �∈ (SEV, DEV) (13)

If the charging and discharging efficiency (ηEV,in and ηEV,out) and the standby losses percentage
(EEV

Loss%) are considered, the energy balance of an EV could be formally defined in the optimization
problem in each time period in T as follows.

socEV
t = socEV

t−1 ·
(

1 − EEV
Loss%

)
+

(
pEV,in

t · ηEV,in − pEV,out
t

ηEV,out

)
· Δt ∀t ∈ (SEV, DEV) (14)

where the AC-DC and the DC-AC conversion losses are included in the charging and discharging
efficiency factors (ηEV,in and ηEV,out). A graphical representation and the associated power flows of
the flexibility of a charging process of an EV are shown in Figure 1.

Flexibility of a Charging Process of an Electric Vehicle

Figure 1. Power flows and available capacity of an electric vehicle during a charging process.

The graphic in Figure 1 shows the upper (green) and lower (red) capacity bounds of a charging
process of an EV. The blue painted area represents the available capacity of a charging process,
where the flexibility can eventually be activated.

Conforming to these formal bounds given by the physical limits of a charging process,
the optimization algorithm determines the optimal operation of a charging process defining the
optimal input and output power (pEV,in

t and pEV,out
t ) and the state of charge (socEV

t ) of the EV.

3.2. Optimization Framework

The optimization framework simulates the DA electricity spot market auctions and coordinates
the power flows of the flexible components in order to minimize the overall costs of the Austrian office
site. The flexible components are connected to a common grid connection point (GCP). The power
passing through the grid connection point (pGCP,Load

t and pGCP,Feed−in
t ) is directly traded in the DA

spot market. A graphical representation of the flexible components and the associated power flows is
shown in Figure 2.
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Figure 2. Flexible components and associated power flows.

The power balance equations of the interconnected flexible components can be formally defined
as below.

pEV,in
t − pEV,out

t + pSBS,in
t − pSBS,out

t = pGCP,Load
t − pGCP,Feed−in

t ∀ t ∈ T (15)

pGCP,Load
t − pGCP,Feed−in

t = pDA,Buy
t − pDA,Sell

t ∀ t ∈ T (16)

Furthermore, the electricity procurement costs are given by the DA spot market costs (CDA) and
the grid costs (CGrid). The DA spot market prices are implemented in the optimization problem as an
exogenous time-series for each time period in T as follows.

PDA
t = (PDA

1 , PDA
2 . . . , PDA

T ) (17)

Hence, the overall DA spot market costs in T are given by

CDA =
T

∑
t=1

(
PDA

t ·
(

pGCP,Load
t − pGCP,Feed−in

t

))
∀t ∈ T (18)

The grid costs (CGrid) are given by three main components that vary according to the grid level,
where the flexible components are connected. The three components are

• A fixed flat rate (CGrid,FR),
• An energy-related component (CGrid,E),
• And a power-related component (CGrid,P).

The fixed flat rate (CGrid,FR) depends on the time of use of the grid connection, while the
energy-related component (CGrid,E) depends on the total amount of electricity passing through the
grid connection point. Moreover, the power-related component (CGrid,P) depends on the power peak
flowing through the grid connection point during the investigated year. The components that form the
grid costs are formally defined below.

CGrid,E =
T

∑
t=1

(
PGrid,E · pGCP,Load

t · Δt
)

∀t ∈ T (19)

CGrid,P = PPower · pGCP,Load
max (20)

CGrid = CGrid,E + CGrid,P + CGrid,FR (21)

PPower and PGrid,E represent the specific power-related-and energy-related grid costs,
which depend on the grid level, where the flexible components are connected.
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Hence, the overall costs are given by the electricity trades in the DA spot market, the grid costs
and the total costs of storage within the time periods in T and are mathematically defined as follows.

COverall = CDA + CGrid + CSBS
LCOS (22)

Lastly, the objective function of the mixed-integer optimization problem is the minimization of
the overall costs and is defined as follows.

min
T

COverall (23)

3.3. Use Cases

In this study, different EV charging strategies are analyzed and compared with traditional
EV charging. In fact, nowadays, EVs are charged as soon as they are connected to the charging
infrastructure. If the maximum capacity of the EV is reached before the disconnection time, then it
remains connected to the charging infrastructure until the disconnection time occurs. At an office site,
EV drivers usually plug in their vehicles at the same time when they start working. Consequently,
unmanaged charging leads to significant peak loads, which have a large potential negative impact
on the grid from a technical, financial and environmental point of view. In the case of MC, the EV is
charged when it is economically more convenient taking into account the grid costs, the electricity spot
market costs and the losses of the EV. Furthermore, the V2G charging strategy allows the EV to reinject
electricity into the power grid at times of high electricity prices in order to achieve lower overall costs.
Moreover, these two different charging strategies are investigated with the further coordination of the
charging infrastructures with stationary battery storage. The investigated use cases in this work are
listed below.

• Baseline (BL): This use case coincides with the unmanaged charging. The EVs are charged as
soon as they are connected to the charging infrastructure and remain connected to the charging
infrastructure until the disconnection time occurs.

• Managed Charging (MC): In the MC use case, the timing of EVs charging is optimized in order
to minimize the overall costs.

• Vehicle-to-Grid (V2G): In this use case, the electricity of the EVs battery can be reinjected to the
power grid. The EVs are charged and discharged in order to minimize the overall costs.

• Coordinated Managed Charging (CMC): In the CMC use case, the charging of EVs is managed
and coordinated with the operation of a SBS.

• Coordinated Vehicle-to-Grid (CV2G): In the CV2G use case, the charging and discharging of EVs
is enabled and coordinated with the operation of a SBS.

In the interests of clarity, charging processes of an EV with MC and V2G are shown and compared
with the BL in Figure 3.

In Figure 3, three different EV charging strategies are observable for the same charging process.
The upper graphic shows the available capacity (blue painted area), the upper (green) and lower
(red) capacity bounds as already shown in Figure 1. The lower graphic in Figure 3 shows a synthetic
time-series of DA spot market prices. Furthermore, the state of charge of an EV applying three
different charging strategies are shown: BL in orange, MC in blue and V2G in black. As illustrated in
Figure 3, when the BL strategy is applied, the EV is charged as soon as it is connected to the charging
infrastructure without taking into account the DA spot market prices (purple). When the MC strategy
is applied, the EV is charged when the electricity prices at the DA spot market are low in order to
minimize the overall costs, despite the standby losses. The V2G strategy enables the reinjection of
electricity into the power grid. As shown in Figure 3, in fact, the electricity is bought at times when
prices at the DA spot market are low and then resold when the prices are high in order to minimize
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the overall costs. Furthermore, charging processes of an EV with coordinated MC and coordinated
V2G are shown and compared with the BL in Figure 4.

Figure 3. Charging processes of an electric vehicle by managed charging and vehicle-to-grid compared
with the baseline.

Figure 4. Charging processes of an electric vehicle with coordinated managed charging and coordinated
vehicle-to-grid compared with the baseline.
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Figure 4 shows the state of charge of the EVs and the SBSs during a charging process by
coordinated MC and coordinated V2G. As in Figure 3, the upper graphic shows the available capacity
(blue painted area), the upper (green) and lower (red) capacity bounds. Moreover, the state of charge
of the EV and the SBS by CMC (blue) and CV2G (black) are illustrated. In these cases, electricity is
bought before the charging process begins at a low price. The electricity bought at a low price at the
DA spot market can be stored in the SBS and further sold at a high price or used to recharge the EV.
The coordination between EVs and SBSs allows the system to use more price signals in order to further
reduce the overall costs.

4. Description of the Case Study

In this work, the parking lot of an office site of an electric utility company in Austria is investigated
(More specifically WEB, Windenergie AG, Pfaffenschlag, Austria with the coordinates N 48.843594,
E 15.200681). The simulated period covers the year 2019. Furthermore, the considered grid tariffs are
those applied in Austria (according to the Austrian electricity regulatory office [46]). The investigated
parking lot has 30 charging infrastructures with different nominal powers; 4 charging stations with a
nominal power of 22 kW, 10 with a nominal power of 11 kW and 16 with a nominal power of 3.7 kW.
This study aims to understand which is the most advantageous charging strategy and how convenient
it is to install an 80 kWh-capacity stationary battery storage. The considered stationary battery storage
consists in a battery pack of lithium-iron-phosphate batteries (model “BYD BATTERY-BOX HV” with
an external inverter). Over the period of one year, 3739 charging processes of EVs take place with a
total of 54.927 MWh. The consumption data of the EVs are actually measured data of the investigated
office site. The European Power Exchange (EPEX) DA spot market prices are considered, available on
the ENTSO-E transparency platform [47]. Table 1 shows the grid costs and the LCOS that are assumed
in the simulations.

Table 1. Assumed grid costs and LCOS in the simulations.

Parameter Value Unit Description

CGrid,FR 1492 [46] e
Year Fixed flat rate of the power grid

PGrid,E 33.1 [46] e
MWh Specific energy-related grid price

PPower 46.725 [46] e
kWP ·Year Specific power-related grid price

LCOS 20 [48] ect
kWh Levelized cost of storage

The objective of this work is to compare the economic potential of four charging strategies
(MC, V2G, CMC, CV2G) with the unmanaged charging of EVs for an existing office site in Austria
with multiple charging infrastructures. It is assumed that the operations of the managed components
are optimized through automated technologies. Furthermore, no communication problems of any
kind between the operating components are considered. Moreover, since this work aims to understand
the potential of the different charging strategies for EVs, the optimization problems are solved under
the assumption of perfect load forecast.

5. Results

In this section, the results of the simulations are presented, and the economic potential of the four
investigated EVs charging strategies of (MC, V2G, CMC, CV2G) are compared with the unmanaged
charging (BL).

The results of the simulations are described and discussed, focusing on quantifying the value of
different charging managements strategies of EVs. Figure 5 shows the results of the investigated case
study and raises the monetary potential of four charging strategies (MC, V2G, CMC, CV2G) compared
with the unmanaged charging of EVs (BL) for the studied office site in Austria.
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Figure 5. Costs and energy consumption in the different charging strategies.

In Figure 5, it is observable that in the BL, the overall costs (in the graph on the left) and
the electricity consumption (in the graph on the right) are higher compared to the remaining four
investigated charging strategies. In the BL, the electricity consumption is higher because the EVs
are charged as soon as they are connected to the charging infrastructure and remain connected to
the charging infrastructure until the disconnection time occurs. This leads to high standby losses.
Consequently, more electricity is needed to reach the required state of charge of the EV’s batteries
when the disconnection time occurs. Therefore, the energy-related grid costs (light blue) are higher in
the BL compared to the other four investigated charging strategies. The costs at the DA spot market
(blue) are mainly higher for two reasons. Firstly, as already mentioned, more electricity is required
and therefore it is necessary to buy more electricity in the DA spot market. The second reason is that
the capacity of a charging process is not utilized (as already shown in Figure 3). In the BL, in fact,
electricity is bought regardless of the DA spot market prices as soon as an EV connects to the charging
infrastructure without applying any load shifting. Furthermore, in the BL, no peak shaving is operated
for the aggregated charging infrastructures. This leads to high power-related grid costs (orange).
The fixed flat rate is the same for all investigated use cases since it depends exclusively on the time of
use of the grid connection, which in this study amounts to one year.

The MC achieves a reduction in overall costs of 30.7% compared to the BL. This is due to the fact
that in this case, the load shifting and the peak shaving are applied with the possibility of charging
EVs when the DA spot market prices are low and avoiding congestion of EVs charging processes.
Congestion of EVs causes the increase in peak power, and consequently of the power-related grid
costs. In fact, the power-related grid costs in the MC use case are reduced by 56.6% compared to the
BL. Moreover, in this case, the electricity is bought when it is economically more convenient taking
into account the grid costs, DA spot market costs and losses of the EV. This leads to a reduction in DA
spot market costs of 21.2% and in the energy-related grid costs of 9% as observable in Figure 5.

Furthermore, the V2G strategy achieves overall costs reduction of 31% compared to the BL.
In this case, the reinjection of electricity from the EVs into the power grid is enabled together
with the possibility to operate load shifting and peak shaving, when it is economically convenient.
The power-related grid costs, in this case, are reduced by 56.6%, the DA spot market costs of 22.6%
and the energy-related grid costs of 8.2% compared to the BL. The possibility to reinject the electricity
into the power grid, in fact, allows the resale of electricity purchased at a low price for a higher price.
Hence, in this case, an increased amount of electricity is consumed, but the costs at the DA spot market
are lower compared to those in the MC use case.
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Moreover, in the CMC and CV2G strategies, the use of the SBS allows achieving further costs
reductions compared to the other investigated use cases. As we can see in Figure 5, the overall cost
reduction in both cases is more than 34%. The DA spot market costs are reduced by 19.7% applying
the CMC and 21.3% in the CV2G use case. The energy-related grid costs are reduced by 8.5% in the
CMC use case and 7.7% applying the CV2G strategy compared to the BL. The operation of the SBS
aims mainly to reduce the power peak in order to reduce the power-related grid costs in both cases,
achieving a reduction of 68.3% compared to the BL.

The high LCOS makes the SBS use very rare for load shifting. For this reason, the SBS is used
more in the CMC than in the CV2G use case, since the possibility to inject the electricity directly from
the EVs to the power grid makes the SBS less useful. In fact, applying the CV2G strategy, the SBS
is charged with an amount of electricity equal to 489.1 kWh, while in the CMC use case the SBS is
charged with 519.7 kWh. The amount of electricity flown in the SBS, as already mentioned, is very
low due to the high LCOS. Section 5.1 presents a sensitivity analysis aimed to determine the effect of
variations in LCOS on the overall costs and battery usage.

5.1. Sensitivity Analysis: Levelized Costs of Storage vs. Overall Costs and Stationary Battery Storage Usage

In an EVs parking lot, the SBS can contribute to the reduction of the overall costs in three ways.

• Through the buying and selling of electricity in the DA spot market, so as to be able to take
advantage of price volatilities,

• applying a further load shifting by buying the electricity needed to charge the EVs when the EVs
are not yet connected to the charging infrastructures,

• by doing peak shaving, thus reducing power-related grid costs. In all three cases, the LCOS costs
play a key role because they determine the monetary convenience of operating the SBS.

In all three cases, the LCOS costs play a key role because they determine the monetary convenience of
operating the SBS. Figure 6 presents a sensitivity analysis, aimed to determine the effect of variations
in LCOS on the overall costs and the SBS usage in the CMC and CV2G use cases.

Figure 6. Levelized costs of storage vs. overall costs and stationary battery storage usage.

As shown in Figure 6, the overall costs of the CMC (light blue) and CV2G (orange) use cases
decrease with the lowering of the LCOS. As the LCOS increases, the overall costs of the CMC and
CV2G use cases tend to the overall costs of the MC (blue) and V2G (red) use cases, as the SBS usage
decreases. The SBS in the CMC use case is utilized more than in the CV2G use case since, with high
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LCOS, it is more convenient to inject and withdraw electricity from the EVs when their capacity is
available. In the CV2G use case, in fact, the SBS is used mostly for peak shaving and less for electricity
marketing and load shifting as we can see from the lower graphs of Figure 6. The use of the SBS, in fact,
decreases with the increase of the LCOS, since it becomes no longer economically convenient to cover
a high number of power peaks and that is why it is preferable not to operate peak shaving and pay a
higher power-related grid rate. Moreover, in Section 5.2, a sensitivity analysis aimed to determine the
effect of variations in specific energy-related grid price on the overall costs is presented.

5.2. Sensitivity Analysis: Specific Energy-Related Grid Price vs. Overall Costs

In this section, it is investigated whether increasing or reducing the specific energy-related grid
price (PGrid,E) can, in some way, incentivize the investigated Austrian office site to apply one of the
studied charging strategies. Figure 7 consists of 5 graphs showing the overall costs as a function of the
specific energy-related grid price for the four investigated use cases and the BL.

Figure 7. Specific energy-related grid price vs. overall costs.

Figure 7 shows that the changes in specific energy-related grid price have a similar influence on
all investigated use cases. This is due to the fact that in all use cases studied, EVs must be charged with
the same amount of electricity. This means that at high specific energy-related grid price, the optimal
solution leads to minimizing the losses, so as to have the least amount of electricity flowing through
the grid connection point. With the increase of the specific energy-related grid price, it does not become
more economically convenient to operate electricity marketing on the DA spot market since the storage
of electricity causes efficiency and standby losses, and also because the electricity purchase price
increases linearly with the specific energy-related grid price. An increase in specific energy-related
grid price, therefore does not make any of the four investigated charging strategies more advantageous
over the other. Even at a very low specific energy-related grid price, the SBS is mostly operated for
peak shaving, as current LCOSs often do not make it convenient to operate electricity marketing in the
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DA spot market. Therefore, in Section 5.3 a sensitivity analysis is presented in order to determine the
effect of variations in specific power-related grid price on the overall costs.

5.3. Sensitivity Analysis: Specific Power-Related Grid Price vs. Overall Costs

As already seen in Figure 5, the power-related grid costs constitute the most expensive cost
component in the BL. Therefore, the four investigated charging strategies aim mainly to reduce the
power-related grid costs lowering the peak power. Figure 8 presents a sensitivity analysis aimed to
determine the effect of variations in the specific power-related grid price on the overall costs.

Figure 8. Specific power-related grid price vs. overall costs.

In Figure 8, it is observable that the overall costs in all investigated use cases increase almost
linearly with the increase of the specific power-related grid price. However, it is evident how the slope
of the total costs as a function of the specific power-related grid price changes in the studied use cases.
The BL has the most significant slope, while the cases where the EVs are coordinated with the SBS the
slope is minor. This is due to the fact that in the CMC and CV2G use cases, there is more capacity
available to perform peak shaving. Again, the difference in overall costs between the MC and the V2G
use cases and between the CMC and the CV2G use cases is minimal, confirming the fact that injecting
electricity into the grid from an EV is rarely cost-effective. In conclusion, it can be demonstrated to the
hand of Figure 8 that an increase in specific power-related grid price would further incentivize the
investigated Austrian office to implement a smart charging strategy and invest in the SBS.

6. Conclusions and Outlook

This paper presents the monetary potential of different EVs charging strategies for an existing
Austrian office site with multiple charging infrastructures. Hence, multiple optimization problems
are defined in order to determine the operation of the investigated components in the different EVs
charging strategies. Various diversities and potentials of different EVs charging strategies are identified
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comparing four use cases for the same case study. Furthermore, the method to implement EVs and
SBSs in optimization problems with the exclusive use of linear relationships is presented.

The simulations have shown that unmanaged charging of EVs leads to high power peaks,
which result in high overall costs. The implementation of a managed charging strategy can lead
the overall costs of the Austrian office site’s parking lot to a reduction of more than 34%. In particular,
the power-related grid costs can decrease by 68% if the charging of EVs is managed and coordinated
with the operation of a SBS. Moreover, the simulations have shown that the charging processes
management leads to less electricity consumption because of the lower standby losses. This results
in reduced energy-related grid costs, which can decrease by 9%. The results highlight the fact that
for an office there is no big difference in overall costs if the V2G is operated. In fact the overall costs
between the V2G and MC use case and between the CV2G and CMC use cases differ only by 0.3%.
This is mainly due to the fact that the connection time of EVs to the charging infrastructures at an
office is not long enough to allow the capture of market price signals and charging the EV at the
same time. In fact, the average connection time of EVs to the charging infrastructures during the year
2019 was 98 min. However, it should be noted that this cannot be ruled out for private end-users,
where the average connection time of EVs is certainly longer and it is possible that the V2G charging is
monetary convenient.

The performed sensitivity analyses show that the SBS at current LCOS operates mostly for peak
shaving and not for marketing electricity in the DA spot market. Marketing electricity in the DA
spot market is economically convenient for the SBS when the LCOS are lower than 0.08 ect

kWh . It has
also been shown that variations in specific energy-related grid price are unlikely to incentivize the
Austrian office site to implement managed charging in their parking lot. Instead, an increase in
specific power-related grid price makes EV’s charging management more convenient and therefore
incentivize the Austrian office site to implement it and also to invest in a SBS. Therefore, one of the
future challenge is to investigate to what extent the specific power-related grid price will increase.
Nowadays, the growing share of renewables in the power grid raised the specific power-related grid
prices in different European countries. Therefore, it is reasonable to assume that in the future the
charging process management of EVs can be further incentivized.
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Abbreviations

The following abbreviations are used in this manuscript:

BL Baseline
CMC Coordinated Managed Charging
CV2G CoordinatedVehicle-to-Grid
DA Day-Ahead
EPEX European Power Exchange
EV Electric Vehicle
GCP Grid Connection Point
IPCC Intergovernmental Panel on Climate Change
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MC Managed Charging
SBS Stationary Battery Storage
V2G Vehicle-to-Grid
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Abstract: Interest in and demand for battery electric vehicles (BEVs) is growing strongly due to
the increasing awareness of climate change and specific decarbonization goals. One of the largest
challenges remains the provision of large-scale, efficient charging infrastructure in multi-apartment
buildings. Successful load management (LM) for BEV charging directly influences the technical
requirements and the economic and environmental aspects of charging infrastructure and can prevent
costly distribution grid expansion. The main objective of this paper is to evaluate potential LM
approaches in multi-apartment buildings to avoid an increase in existing electricity demand peaks
with BEV diffusion. Using our model parameters, off-peak charging achieved a 40% reduction in
the building’s demand peak at 100% BEV diffusion compared to uncontrolled charging and reduced
the correlation between BEV charging and the national share of thermal power generation. The most
efficient charging capacity in the private network was achieved at 0.44 kW/BEV. A verification of
the model results with the demonstration phase of the “Urcharge” project supports our overall
findings. Our results outline the advantages of LM across a large-scale BEV charging network to
control the impact on the electricity system along with the diffusion of e-mobility.

Keywords: electric mobility; charging infrastructure; load management; battery electric vehicle;
urban area; multi-apartment building; zero emission mobility; private charging

1. Introduction

Interest in and demand for battery electric vehicles (BEVs) is growing strongly. Reasons for this
growth include increasing awareness of climate change, as well as the obligation of car manufacturers
to reduce the CO2 emissions of their fleets substantially by 2030 [1]. One of the largest keys to success
associated with this development is the provision of appropriate charging infrastructure (IS) [2].
Since BEV charging currently remains largely connected to single homes with private charging stations
or charging at public stations, large-scale load management (LM) applications are still not commonly
applicable. Major questions include not only where charging can take place (e.g., private and public
charging, charging at work, etc.) and at which charging speed and capacity but also how the potential
temporal distribution of this load behaves. The successful management of BEV charging demand is
directly related to the economic aspects of charging IS installations and distribution grid performance
and expansion requirements. This work is a result of the Austrian research project “Urcharge”, which
aims at an extension of currently available LM functionalities for large-scale private charging IS at
the technical, economic, and customer levels [3,4]. From a technical perspective, Urcharge aims
at substantial enhancements of LM functionalities from a static management across a maximum
of 15 sub-stations towards the dynamic management of more than 150 charging points, including
improved data gathering and analysis, appropriate billing functionalities, and efficiency improvements.
This is one of the few projects globally currently investigating private charging IS on such a large
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scale. Three projects in the US–in San Diego [5], Los Angeles [6] and Columbus–Ohio [7]–and one in
Germany [8] aim at higher availability of BEV charging points in multi-unit dwellings.

For public fast charging, single-family buildings, and small company applications, many projects
have already been conducted, with Hall et al. [9] providing a global best practice overview, IEA [10]
describing the Nordic EV outlook, two projects for BEV charging IS in Denmark [11,12], and Project
Better Energy in the UK [13], as well as one in Germany [14]. Nevertheless, our literature review
reveals that research on large-scale charging IS with optimal load management (LM) in residential
buildings remains scarce. Efficient LM is also referred to as smart charging in the literature, defined as
an adaption of the BEV charging cycle to both the restrictions of the distribution grid and the needs of
BEV users [15]. International Renewable Energy Agency (IRENA) [15] claims that smart BEV charging
enables peak shaving, network congestion management, and reduced grid capacity investments.
Various studies cover research on the electricity demand profiles of BEVs and potential peak increases.
Van Vliet et al. [16] discovered the negative effects of uncontrolled BEV charging on the distribution
grid and found that with a BEV diffusion of 30%, the Dutch peak electricity demand would grow by
7%, and the household (HH) or overall building peak demand would grow by 54%. Several studies
observed the benefit of off-peak charging, in which the base load is increased while the national peak
load remains untouched. While van Vliet et al. [16] highlighted the benefit of off-peak charging for
the energy use cost and CO2 emissions of BEVs, Bitar and Xu [17] suggested a price that decreases
with the deadline that is granted by the user for the completion of the charging process. Limmer and
Rodemann [18] highlighted the cost aspects of peak charging at public stations. They argued that
although the majority of public charging stations for BEVs are presently uncontrolled, controlled
charging should offer a price that decreases with the latest deadline the user allows for charging to
increase the availability of the BEV at the station. From our perspective, however, this pricing-scheme
requires an appropriate interface for the user and would lead to parking lots being blocked for
a considerable amount of time. This scheme, therefore, is designated for applications with an assigned
parking lot.

Several studies on LM for BEV charging widely address pricing mechanisms to limit negative
effects on the distribution grid. Some suggest a time-of-use (ToU) pricing mechanism that incentivizes
off-peak charging with a lower charging price [19,20]. New peaks, however, may still arise if too
much charging power is pushed into off-peak times. Therefore, so-called dynamic load-based pricing
is a potential solution in which charging power decreases with the amount of BEVs charged at
a time [17,19]. Dynamic pricing while the BEV is already plugged in, however, represents high price
uncertainty and would need to be based on a forecast of charging demand. It has to be kept in
mind that such an LM or restrictions on charging power can also be implemented top-down from
the control station across the charging points to guarantee distribution grid performance. On the other
hand, Yan et al. [21] found that traffic jam and weather forecasting can enhance the operation of LM.
Temperatures have an impact on battery performance and heating and cooling demands, while the traffic
conditions influence the electricity consumption of driving.

Recently, an increasing number of studies has been published concerning the impact of e-mobility
on the distribution grid, power quality, and power generation capacities. Crozier et al. [22] observed
that controlled charging has a significant benefit for Great Britain’s electricity network. It can reduce
expansion requirements for electricity generation capacities, as well as investment into the distribution
network. Das et al. [23] focused on the grid integration of BEV charging IS, whereas Khalid et al. [24]
emphasized the power quality aspects in the utility grid and Brinkel et al. [25] analyzed the need for
grid reinforcement because of growing e-mobility. The benefits of controlled charging have also been
discussed within the context of smart grids and smart cities, in which an optimal charging scheduling is
carried out to improve grid system operation, voltage, and efficiency [26,27]. Another paper developed
an optimized charging framework using knowledge of the upcoming trip schedule of the BEVs [28].
However, such detailed information is difficult to obtain.
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Using the battery of the BEV to switch flexibly between charging and providing energy to
the power grid has been analyzed from various perspectives throughout the last decade. Some focus
on the potential of vehicle-to-grid (V2G) for BEV integration into smart grids [29,30] and its impact
on the grid in general [31]. From a user perspective, V2G sometimes is regarded as the potential
missing link for the acceptance of BEVs as a cost-effective support policy. Chen et al. [32], for example,
found that in Nordic countries, V2G capability—apart from charging time—is a technical aspect that
improves BEV adoption. Sortomme and El-Sharkawi [33] studied optimal charging strategies for
V2G application. Various studies, however, analyze the techno-economic feasibility of V2G [34–36]
and find that, economically, this strategy may only be feasible in specific scenarios which highly
depend on the battery degradation costs related to V2G cycling. Noel et al. [37] and Parsons et al. [38]
investigated the willingness to pay for V2G applications and concluded that V2G is only relevant in
countries with higher overall education or knowledge of the technology. Furthermore, the concept
needs to provide a financial incentive for the user to be successful. While Habib et al. [39] studied
the impact of V2G technology and charging strategies on the distribution network, the parker project
represented a field test of V2G infrastructure and found that V2G can be commercialized by providing
frequency containment reserves [40]. Rezania [41] even concluded in a study on Austria that, from
an electricity system point of view, the participation of BEVs can hardly be competitive in the frequency
reserve market. The competition from other providers with technological and cost advantages, such as
heat pumps and pumped hydro, is too strong and the battery degradation cost limits the potential
economic benefit.

Some recent studies also investigate in the ability of LM to reduce greenhouse gas (GHG) emissions
and promote the integration of variable renewable energy (VRE). Apart from the cost and emission
optimization of BEV charging by Brinkel et al. [25], Tu et al. [42] optimized BEV charging to minimize
the emissions from electricity consumption. Additionally, Dixon et al. [43] modelled a BEV charging
schedule that minimizes carbon intensity and seeks to absorb otherwise curtailed renewable electricity.
Their method achieved an average 25% reduction of the CO2/km compared to uncontrolled charging
from Great Britain’s grid.

Nevertheless, despite this technique’s great potential, limited work is available that focuses
specifically on private BEV charging IS and the potential of large-scale LM in multi-apartment buildings.
Lopez-Behar et al. [44] claim that in many cities, most of the residents live in multi-apartment buildings
not yet equipped with proper BEV charging IS. Simulation results based on real-world driving data by
Wang et al. [45] show that home charging is able to meet the energy demands of the majority of BEVs
under average conditions. Kim et al. [46] analyzed residential BEV charging behavior. Additionally,
Yi et al. [20] optimized the charging of BEVs via charging behavior models based on a real-world
data set of a Nissan Leaf during weekdays, measured from thousands of charging points over several
years. The authors found that BEV charging tends to occur together with distribution grid peak loads.
Five different scenarios with varying BEV penetrations were simulated to show the difference between
uncontrolled and controlled charging (Figure 1). Each scenario includes 100,000 HHs and considers
BEV penetrations between 10% and 90%. Jang et al. [47] eventually optimized residential BEV charging
to avoid peak loads and minimize charging cost for the user and Khalkhali et al. [48] investigated
a residential smart parking lot to control grid performance.

The main objective of this paper is to evaluate the potential LM approaches for BEV diffusion
to avoid an increase in existing HH electricity demand peaks in multi-apartment buildings and thus
substantial long-term, system-wide capacity investments and operational costs. While the 6-month
demonstration phase within Urcharge tested LM for 51 BEVs representing 50% E-mobility in this area,
our model provides a framework to analyze the impact on electricity demand profiles up to 100%
E-Mobility. We compare the situation of uncontrolled charging to the results with LM approaches
and address the environmental effects of a substitution of conventional cars with BEVs and their
electricity consumption. Another important goal within this analysis is to define the minimum charging
capacity required for each BEV (kW/BEV) as an indicator for cost-efficient sizing. Once the power
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connection assigned to the area is exceeded by the HH plus BEV electricity demand, substantial costs
occur to reinforce the power cables or even buy additional power capacity from the grid operator.
Our contribution mainly benefits from being embedded in a holistic research project for Austria,
and our model results are verified by experience from the project’s demonstration phase in Section 4.2.

Figure 1. Residential power load for uncontrolled and controlled charging under different plug-in
electric vehicle (PEV) penetration levels (PEVs in the study are all battery electric vehicles (BEVs)) [21].

This paper begins with a description of our methodology, model parameters, and assumptions and
the considered charging strategies. In Section 3, we present the results of this research. We also describe
the existing HH electricity demand, and the impact of E-mobility with uncontrolled BEV charging,
compared with the changes through LM and the minimum required charging capacity for each BEV.
Finally, in Section 4, we carry out a detailed discussion of our modelling results with a verification
using the monitoring data from the project demonstration phase in Section 4.2. The environmental
impact of E-mobility is evaluated in Section 4.3, and Section 5 provides the comprehensive conclusions
of our work.

2. Materials and Methods

To analyze the impact of different LM approaches on the building’s electricity demand, we first
define a yearly HH load profile for a residential area with 106 households. The BEV charging demands
and availability times at home or public charging points, depending on the trip’s start time and length,
are taken from a modeling paper by Hiesl et al. [49] based on an Austrian traffic survey. The approach is
briefly outlined in Section 2.2. Our model coordinates individual passenger BEV charging in the home
network according to the constraints for each charging scenario (Section 2.3.1). The results allow
assessing the impact of LM on large-scale BEV charging on electricity demand peaks and valleys.
The model parameters largely reflect the common technical standards on battery capacity, charging
speed, and efficiency for private stations.

On the one hand, our model analysis is subject to simplifications from more detailed, real-world
technical functionalities to enable more generally applicable conclusions. On the other hand, it helps
us to carry out additional analyses that were not tested throughout the Urcharge demonstration phase
and draw conclusions on the impact of E-mobility toward 100% BEV diffusion. Simplifications to
the model include the operation of the LM optimization model under full information of BEV electricity
consumption and the trip start times across one year, as well as the assumption of one uniform
battery size and uniform technical characteristics for all BEVs. Furthermore, our model operates under
knowledge of the battery’s state of charge, which is currently not the case in a real setting. A detailed
description of the differences between the modeled and real environment in the project, as well as
a verification of the model results, are provided in Section 4.2. The model does not cover any load
flows of the distribution grid or V2G approaches but instead focuses on an analysis of potential LM
approaches to reduce the impact of e-mobility on the overall building load.
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2.1. Household Electricity Demand

For our analysis, the electricity demand profile throughout the day is of greatest importance.
Of course, demand may vary with parameters such as the HH size and the habitants’ ages and types of
profession. Furthermore, the HH electricity demand profile is subject to changes due to increasing
electrification. However, we only considered the relative impact of e-mobility on existing building
electricity demand and did not model any future scenarios.

To determine the aggregate HH electricity demand that largely resembles the demonstration site’s
106 HHs, two weeks of data were measured on-site at the respective building’s power connection.
To achieve a realistic yearly profile for our model, an alternative yearly dataset from a similar project
was used. We extrapolated this alternative yearly dataset to the demand level during the measured
two weeks at the Urcharge demo site such that the average electricity demand during the same
two-week time periods matched. Eventually, the patterns were similar, and the adapted yearly data
were considered feasible for our study. The two weeks of measured Urcharge HH electricity demands
and the aligned yearly data are shown in Figure 2.

For our further analysis, a threshold to differentiate the HH load valleys and peaks using
the 70th percentile (P70) was defined, which is also described in Figure 2. This parameter represents
the threshold that 70% of all HH load values lie below, which is 64.5 kW. Then, the LM approaches
mostly aim at minimizing the impact on the peaks or shifting BEV charging demands in the HH load
valleys. The detailed approaches for LM are described in Section 2.3.1.

Figure 2. Measured household load in the residential area of the Urcharge project (2 weeks data) and
the aligned common yearly household (HH) load profiles with peaks and valleys.

The impact of e-mobility on the existing building electricity demand and the effectiveness of
LM approaches was evaluated according to the specific indicators determined to be appropriate,
as described in Table 1.

Table 1. Important result parameters (see Figure 2).

Parameter Description

Maximum demand (kW) Maximum electricity demand discovered in the year
Minimum demand (kW) Minimum electricity demand discovered in the year

Peak demand volume (MWh) Electricity demand volume exceeding the P70 threshold
Base demand volume (MWh) Electricity demand volume within the HH load valleys beneath P70

2.2. BEV Driving Profiles

To determine common BEV charging demands, the driving profiles according to Hiesl et al. [49] are
applied, which were derived from an Austrian traffic survey [50], as a static input for our optimization
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model. Eight typical driving purposes with the relevant distribution of common distances, related
electricity consumption, and potential start times for urban Austrian car users were applied to
determine when and after which level of energy consumption each BEV is parked and ready to charge
within the private IS [50]. The modeled energy consumption aims at meeting the traffic survey results
for Austrian cities (excluding Vienna) with an average yearly distance traveled by each driver of
12.237 km/a.

BEV consumption is modeled as an interpolation between 15 kWh/100 km in summer and
17 kWh/100 km in winter due to the additional power consumption for heating and the temperature
sensitivity of the batteries [51]. Due to computing performance, the model calculates the distribution
of BEV charging availability for 10 different BEV profiles. Assuming one parking lot for each HH, we
extrapolated these charging profiles to the number of BEVs for specific percentages of BEV diffusion
according to Table 2.

Table 2. Number of BEVs in the modeled multi-apartment building for BEV diffusion.

No. of BEVs BEV Diffusion

11 10%
32 30%
53 50%
80 75%
106 100%

2.3. Optimization Model

The BEV charging demand is controlled within a charging network including one central control
or master station, thereby coordinating charging for each private sub-station in the area (Figure 3).

 
Figure 3. Private charging network: The master station controls all sub-stations.

The maximum charging power of private stations is defined as 3.7 kW, whereas public charging
stations operate at 22 kW. 3-phase charging is not examined, with which a vehicle can charge at a speed
of 11 kW (3 × 3.7) at home, but only 1-phase charging. The battery capacity of the individual passenger
BEVs is set to 40 kWh. We do not aim at modeling a specific vehicle model. The current battery state of
charge is determined by the state at the end of the former time step and the energy consumed and
charged in the current time step.

Our model optimizes private charging in 15 min time-steps based on the full information of
the yearly BEV power consumption, potential charging times, and HH load and is established as
a linear optimization model. The objective function aims at minimizing the costs of BEV charging (cch)
depending on the cost (c) and consumed charging power (p) at the home (h) and public (p) charging
point in each time step t (see Equation (1)). The BEV demand is a static input to this LM model from
Hiesl et al. [49] and depends on the distance traveled for each driving purpose and the respective
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electricity consumption (see Section 2.2). Overall, charging should primarily be carried out within
the private, controlled network, while public charging should only take place at times of urgent need.

min
{pp

t , ph
t }

{cp
t , ch

t }

cch(p, c) (1)

This objective function derives the optimal allocation of charging power across all time steps to
fulfill the BEVs demands within the constraints for each BEV charging scenario described in Section 2.3.1.
This function aims at recharging the BEV before the next journey starts. Obviously, reality this far does
not provide any information on the upcoming consumption of the BEV. Nevertheless, modeling with
full yearly information offers valuable insights into the benefits of exact customer information.

2.3.1. Charging Strategies

The BEV charging strategies represent different approaches for the control of charging power by
the master station top–down across all charging points (Figure 3). We use an uncontrolled charging
scenario, without any control measure, as a reference. This represents the start of charging once the BEV
is plugged in at the home station. Then, these results are compared to the expected improvements
with two LM approaches aimed at a specific distribution of BEV electricity demand. For all charging
approaches, it is assumed that the BEVs are plugged in and available for charging while parked
at home.

The following BEV charging approaches are being analyzed:

1. Uncontrolled charging (UC)
As a reference scenario, there are no LM measures applied.

2. Low charging capacity (LCC) LM approach
The LCC approach refers to slow charging at very low charging power for each BEV to avoid
excessive peaks in charging demand. Charging is operated a high simultaneity rate.

3. Time-of-use (ToU) LM approach
With the ToU approach, the master station shifts BEV charging power from the HH load peaks
into the valleys, as described in Figure 2. The HH load peaks are defined as any value exceeding
the threshold P70 (see Section 2.1).

As important indicators of the impact of different charging strategies on the distribution of
charging power and the length of charging processes, we analyze the simultaneity factor, the average
charging power applied, and the charging time ratio. These factors are also compared to the results of
the project demonstration phase in Section 4.2.

1. Simultaneity factor
The simultaneity factor describes the average amount of vehicles charging at the same time across
the whole year. Therefore, LM approaches that promote longer charging time periods result in
a higher factor of simultaneously charging BEVs.

2. Charging time ratio
This indicator relates the time a vehicle is charged to the time it is parked. This factor is expected
to be much higher for the LM scenarios ToU and LCC than for the uncontrolled approach,
which leads to shorter charging time periods at higher charging power.

3. Average and maximum charging power
The average charging power refers to the average power the BEV is charged at during active
charging. We also analyze the maximum charging power to reveal the charging load peak,
which is an indicator for the speed at which charging is processed. It is assumed that uncontrolled
charging, that does not promote the management of charging power, will lead to a higher average
charging power than the ToU or LCC approach.
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2.4. Minimum Charging Capacity

Determining the charging capacity required for each BEV involves an investigation independent
of the optimization described in Section 2.3. This analysis can reveal the most efficient sizing for
charging capacity down to a level at which there is no flexibility left for load shifting. This means
an operation at the highest simultaneity of charging processes at the slowest possible speed resulting
in the highest distribution of charging power across time.

The cost for charging capacity for the whole area is subject to step fixed costs, which increase
substantially once the regional power connection capacity needs to be expanded. This analysis uses
the objective function described in Equation (2) to minimize the average charging power (ph) consumed
across the number of all charging points (n) in each time step (t). The minimum charging capacity that
needs to be installed for the charging network is derived from the highest charging power consumed
by the sum of all home charging points across a year (see Equation (3)). To eliminate outliers in the BEV
electricity demand from rare very high BEV electricity consumption due to few long-distance trips,
the highest 5% of charging power consumed are removed. Then, this aggregated capacity is divided
by the amount of charging points to arrive at the desired indicator kW/BEV. This indicator represents
the minimum charging power for each BEV required to fulfill the demand throughout the year.

Two modeling approaches representing different levels of information are applied: yearly
optimization with full information and daily rolling optimization. For the daily approach, a higher
required minimum capacity is expected due to the inability to balance charging over more than one day.

min
{ph

n, t}

∑
n

ph
t (2)

caph = max (
∑

n
ph

t ) (3)

2.5. Environmental Impact of e-Mobility

Considering the results of the former analyses, the environmental impact of e-mobility in
the considered residential area are evaluated based on the following aspects:

1. Savings in GHG emissions from the substitution of fossil-fuel-powered vehicles with BEVs

The savings in CO2-eq, particulate matter (PM), and nitrogen oxide (NOx) are analyzed
through the continuous substitution of conventional vehicles using diesel- or petrol-powered internal
combustion engines with BEVs across the whole life cycle from vehicle and battery construction to
energy provision and driving. This is based on the average yearly km traveled by each car from our
model results and the Austrian data on specific emissions for each type of fuel [52]. Scenarios on
the future development of individual transport, such as a shift to public transport or bicycles along
with the energy transition or an increase in BEV use resulting from a rebound effect due to driving
without regret of air pollution are not included. The emissions are based on current measures and
will likely decrease further in the future for conventional and battery-powered vehicles. The CO2-eq
emissions are 178 g/km for diesel and 225 g/km for petrol-powered vehicles. However, diesel includes
much higher amounts of NOx, with 0.385 g/km compared to petrol with 0.162 g/km. PM emissions
amount to 0.021 g/km and 0.024 g/km for diesel and petrol, respectively. The Austrian shares of diesel
and petrol vehicles from the stock of 2019 are applied, whose diesel share of 56% is much higher than
the European average [53].

According to the Austrian climate goals, by 2030, national electricity generation must be 100%
renewable ([54,55]). For our scenario of 10% BEV diffusion, which represents the status in 2020, we,
therefore, use the specific emissions of the current Austrian electricity mix represented in the UBA
scenario “BEV(Aut-Mix)” [52]. Between 30% and 100% BEV diffusion, representing the situation
from 2030 onwards, the electricity consumed is assumed to be almost fully renewable with specific
emissions, as in the UBA “BEV(UZ-46-Mix)” [52] scenario.
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2. Impact of LM on the environmental aspect of the electricity mix consumed for charging

Based on the correlation between the Austrian fossil electricity generation (p f oss) from coal and
gas [56] and the BEV charging power consumption (pch) from the model, we evaluate the potential
effect on the environmental aspect of electricity consumption:

rfoss=
Covpch, p f oss

σpch ,σp f oss

. (4)

3. Environmental impact of E-mobility and LM on potential grid expansion

From the resulting impact of uncontrolled and controlled charging on the maximum and peak
demand, as well as the importance of the minimum charging capacity, conclusions on the consequences
for grid expansion and its environmental effects are derived.

3. Results

The modeling results in this section are structured as follows.
Section 3.1 describes the existing HH electricity demand as a basis to evaluate the impact

of e-mobility on the building load. Sections 3.2 and 3.3 show the effects of BEV charging with
uncontrolled charging and by applying the LM approaches (LCC and ToU). Section 3.4 addresses
the minimum charging capacity that must be available for each BEV. In general, we observe that
throughout the diffusion of e-mobility up to 100%, the model mainly uses the private charging network,
while public charging only fulfills up to 3% of the yearly demand. Therefore, we conclude that
the sufficient availability of efficient private charging IS reduces the need for fast charging options,
at least for common daily business.

3.1. Household Electricity Demand Characteristics

The HH electricity demand is the basis for our analysis of the impact of increasing BEV diffusion
and has a duration curve, as shown in Figure 4. The yearly total demand accounts for 487 MWh,
and the profile shows the characteristics outlined in Table 3.

While the LM approaches aim at minimizing an increase in the building’s maximum and peak
volume demand through e-mobility, a successful shift into the HH load valley will result in an increase
of the minimum and base volume demand (see Figure 2). This will result in a more balanced daily
building demand profile with less variability. On the one hand, this can mean greater predictability
and stability in the building load profile for the distribution grid. On the other hand, the increasing
electrification of a growing number of applications could result in additional or new peaks in the future.
However, the HH load valleys largely coincide with the overall national electricity demand valleys.
Therefore, a BEV load shift into these times may avoid the expansion requirements for the distribution
grid and electricity generation capacities for a reasonable amount of time. The material production,
infrastructure implementation, land-use associated with the installation of power plants and cables,
and disposal obviously entail substantial environmental and economic impacts.

Figure 4. Duration curve for household electricity demands.
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Table 3. Household load characteristics.

Parameter

Maximum demand (kW) 153.8
Minimum demand (kW) 19.2

Peak demand volume (MWh) 49.2
Base demand volume (MWh) 437.6

3.2. Uncontrolled Charging

As explained in the introduction, charging without any load control mechanism increases electricity
demand peaks, showing a strong correlation between the electricity demand for BEV charging and
that for the HHs. Without any LM approach, most BEV users return home during the evenings
and immediately plug in their vehicle for charging. Figure 5 shows the impact of BEV charging on
electricity demands without control for an exemplary day along with the diffusion of e-mobility. In this
uncontrolled scenario, only 50% of all vehicles charge at the same time (simultaneity factor) and on
average, the vehicles only charge 9% of the time they are parked (charging time ratio). The latter
proves the short time period during which charging is completed, which implies high charging
power in the uncontrolled scenario. The average charging power consumed per BEV is 0.40 kW,
and the maximum charging power consumed accounts for 1.80 kW.

Figure 5. Charging profiles and household electricity demands without control (UC).

The impact of uncontrolled BEV charging on the electricity demand peaks becomes even more
visible in the duration curve shown in Figure 6, where the total building electricity demand (BEV
charging plus HHs) is ranked from the highest to the lowest for the highest 4500 h in a year. This curve
reveals a remarkable increase in the building’s maximum and peak volume demand along with
growing e-mobility. Toward 100% BEV diffusion, the maximum electricity demand increases by 72%
from 153.8 kW without e-mobility to 265.2 kW, and the peak volume demand grows almost four-fold.
This increase in peak electricity demand may have severe consequences for the distribution grid and
capacity investment in the area. The minimum electricity demand remains untouched, since charging
usually coincides with higher HH electricity demand. The base volume demand also only increases
by 20% up to 100% BEV diffusion. Therefore, the next section outlines the advantages of the defined
LM approaches.
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Figure 6. Duration curve with uncontrolled charging (UC).

3.3. Load Management Scenarios

LM can have a significant impact on the characteristics and distribution of the BEV electricity
demand profile. If the BEVs are available for charging for a sufficient amount of time, the charging
demand can successfully be shifted away from the HH load peaks into the valleys, as indicated in
Figure 2. The results of the two LM approaches are also compared to uncontrolled charging. A more
detailed quantitative discussion of all charging strategies is provided in Section 4.1.

Figure 7 shows the results for the LCC approach whose slow charging speed leads to a greater BEV
load distribution over time compared to uncontrolled charging. In this scenario, on average, 86% of all
vehicles charge at the same time, and the vehicles charge 16% of the time they are parked. This represents
very long charging times and great simultaneity, though at substantially reduced charging power.
The charging times still correlate with the evening HH load peaks. Nevertheless, the extreme peaks in
the evening times experienced with uncontrolled charging are reduced substantially with the limitations
on overall charging capacity. The duration curve of the building electricity demand in Figure 8 reveals
a much smaller peak increase throughout BEV diffusion with a steadier distribution of BEV charging
power compared to uncontrolled charging.

The ToU approach achieves the best results in shifting the charging demand away from the HH
load peaks (see Figure 9). On average, 81% of all vehicles charge at the same time, which is a bit less
than with the LCC approach, and again the vehicles charge 15% of the time they are parked. For both
LM approaches, the average charging power consumed per BEV is cut down to 0.24 kW; this is only
half of that with uncontrolled charging, and the maximum charging power consumed only accounts for
0.67 kW. This clearly proves the greater distribution of BEV charging power with the LM approaches.
The duration curve in Figure 10 proves the capability of this approach to minimize the impact of
e-mobility on electricity demand peaks in the building. Here, we observe an increase of only 4% in
the yearly maximum demand under the full diffusion of BEVs.

Figure 7. Household load and charging profile applying a low charging capacity (LCC).
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Figure 8. Duration curve applying a low charging capacity (LCC).

Figure 9. Household load and charging profile applying the time-of-use (ToU) approach.

Figure 10. Duration curve applying the ToU approach.

3.4. Minimum Charging Capacity

Using our approach described in Section 2.4, first the minimum charging capacity for each BEV is
calculated applying yearly optimization with full information. The yearly information of charging
demand allows for a very efficient dimensioning of charging capacity. The minimum charging capacity
that needs to be available accounts for 0.44 kW/BEV. However, charging mostly takes place at home,
and only 4% of the BEV power demand is covered by public stations. Figure 11 depicts the resulting
distribution of BEV charging demand, which largely relies on the availability of BEVs over time.

If now daily rolling optimization is applied, charging can only be carried out based on
the information available for one day, without any knowledge of later demand. In our model, less
information leads to a substantially higher minimum charging capacity of 1.3 kW/BEV. This capacity
can result in higher costs for IS implementation. Hence, even foresight into the next day could help
provide more flexible charging and integrate important aspects into the LM process, such as a positive
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weather forecast leading to longer weekend trips or an alignment of charging with renewable power
availability. The efficient sizing of charging capacity reduces the risks and costs associated with
exceeding the available regional power connection and thus guarantees a fair price to the final user for
private charging.

Figure 11. BEV charging demand at the home station under minimum charging capacity.

4. Discussion

In this section, the modeling results are discussed in detail and the environmental implications of
e-mobility and the advantages of LM are evaluated in this context.

4.1. Impact of LM on BEV Charging Profiles

Here, the development of each parameter defined in Table 1 for BEV diffusion under the different
charging strategies (UC, LCC, and ToU) is discussed and the results are compard to the situation
without any e-mobility (see the HH load characteristics in Section 3.1). In general, we find that
the simultaneity of charging, which indicates how many BEVs charge at the same time, increases
from 9% under uncontrolled charging to 16% under both LM approaches. The charging time ratio
increases from 50% to 86% between uncontrolled charging and the LCC approach. Both factors indicate
the ability of LM to achieve longer charging periods at lower charging power.

Figure 12 shows that while uncontrolled charging (UC) leads to a rise in the detected yearly
maximum electricity demand up to 100% BEV diffusion of 72%, reaching 265 kW, a restriction in
the charging capacity with the LCC approach already achieves some reductions. With the LCC
approach, the maximum demand reaches 207 kW with the full diffusion of BEVs—which is an increase
of 35%—but it hardly increases at all until 50% BEV diffusion. The ToU approach almost manages to
keep the electricity demand below the existing HH maximum demand, which only increases by 4%
with full BEV diffusion. This way, e-mobility has hardly any impact on the yearly maximum demand.

Figure 12. Development of the building’s maximum demand.
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The peak volume demand, which represents the sum of the demand above the P70 threshold,
rises exponentially for all charging strategies between 50% and 100% BEV diffusion (see Figure 13).
The uncontrolled scenario leads to a yearly peak volume of 236 MWh up to full BEV diffusion—a fourfold
rise compared to no e-mobility. While the LCC still results in a threefold increase up to 193 kWh,
the ToU approach achieves a successful shift in BEV charging demand away from the HH load peaks,
resulting in a twofold increase in peak volume demand.

Figure 13. Development of the building’s peak volume demand.

Compared to uncontrolled charging, where BEV charging coincides with a higher HH electricity
demand, the LCC approach operates at a slower charging speed, leading to an extension of charging
times into the load valleys. The most successful load shift into the valleys is obviously achieved by
the ToU approach, which is based around this exact objective (see Figure 14). While the demand
minimum does not change through e-mobility in the uncontrolled charging scenario, it increases by
7.5% with the ToU approach. Similar developments can be observed for the base volume demand
below the P70 threshold (see Figure 15). With uncontrolled charging increasing the base volume
demand by 20% toward full BEV diffusion, the LCC approach already leads to an increase of 42%.
The aim of the ToU approach to avoid HH load peaks and shift the demand into the base volume
represents the most successful load shifting measure. As a result, the base volume demand increases
substantially under this LM strategy up to 551 kWh—a 74% increase compared to no e-mobility.

Figure 14. Development of the building’s minimum demand.

Figure 15. Development of the building’s base volume demand.
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If the value of a ToU approach is compared to the situation under uncontrolled charging between
10% and 100% BEV diffusion, we discover a 10–40% reduction in the maximum demand and a 17–39%
reduction in the peak volume demand. Toward full BEV diffusion, the minimum demand rises by 56%
with the ToU approach, and the base volume demand increases by 18% compared to uncontrolled
charging. This is the result of effective load shifting away from existing HH peaks into valleys.
These results represent a substantial reduction in the maximum and peak volume demands caused by
E-mobility and, therefore, they could have significant value related to the sufficiency of the local power
connection, distribution grid performance, and the prevention of IS expansion requirements.

This highlights the importance of LM for the further development of charging solutions.
At the same time, fears of the impact of E-mobility on these aspects or skepticism for the sufficient
availability of charging points in nearby public or, ideally, private environments is often a reason not to
switch from conventional cars to this more environmentally friendly alternative. Therefore, we claim
that proving the ability to control BEV electricity consumption may help legitimate such solutions in
urban, multi-apartment buildings—a decision that needs to be made by the facility owner—and also
promote the acceptance of e-mobility among potential users. Thus, overall, the availability of solutions
for large-scale charging IS may contribute to the goal of zero-emission mobility.

4.2. Verification with Results from Project Demonstration Phase

The demonstration phase of the Urcharge project tested extensions of the LM algorithm over
6 months in a residential area with 50% e-mobility, where 27 BEVs were controlled with LM and 24
were charging uncontrolled. The project mostly included BEVs of the type Renault Zoe, a few Nissan
Leaf, and two Tesla models. Mode 3 charging points with Type 2 chargers were used. Additionally,
the customer perspective was analyzed with surveys and interviews among the participants. In this
real environment, the basic LM approach, which is enhanced by specific technical functionalities,
involves control over the charging capacity across all or single charging stations to avoid exceeding
the building’s available power connection. Therefore, the charging processes of single vehicles are
only interrupted or postponed when the current defined capacity is reached. This largely represents
the LCC approach of our model (see Section 2.3.1). However, the modeled environment cannot fully
depict the reality of the relevant technical functionalities. The main differences are described in Table 4.

Extrapolated to one year, the average distance traveled during the demonstration phase by
the project participants would be 11.100 km, which is slightly below the average of big cities in Austria
(except Vienna) of 12.237 km/a [50]. The analysis of customer perspective within the project, carried
out through surveys, revealed that this result could be due to the Covid-19 restrictions on daily driving
for purposes such as work, visits, and leisure. On the other hand, few have increased their driving to
avoid crowds in public transport. The monitoring shows that with an increasing experience, the user
reduces the frequency of charging at the private station due to increasing knowledge of the BEV’s
charging requirements. The average user plugs in every fourth day for about 14 h. The overall charging
time ratio related to the total plug-in time in the demonstration phase is 50%, whereas the plug in to
parked time ratio is about 45%. This results in a charging time ratio related to the parking time of
22.5%. Our model has an average charging to plug-in time ratio of 9% with uncontrolled and 15% with
ToU charging, which can be explained by the fact that the BEVs are always assumed to be plugged
in while parked (100%). In our model, sometimes, all BEVs are charging at the same time. However,
on average, the uncontrolled scenario leads to 50% of simultaneous charging and the LCC approach
leads to 86%. The project’s demonstration phase showed significantly lower simultaneity and charging
time. At maximum, 12 BEVs were plugged in at the same time, which represents 44% of all BEVs,
and a maximum of 11 BEVs were charging at the same time (41%). The average results were 24% and
only 12%, respectively.

Of course, this is a major difference to our model parameters in which all BEVs are assumed to be
available and plugged in at the charging point during any time while parked at home. The average
amount of energy consumed during each charging session and BEV is 22 kWh. The plug-in times are
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mostly focused between 5 and 7 pm, whereas plug-out times typically range between 6 and 7 am.
This fact supports the assumption of high flexibility due to long charging periods in private networks.
Public charging is used very rarely.

Table 4. Differences between the modeled and the real environment.

No. Topic Model Demo Phase

1
Information on energy
consumption and BEV
charging availability

Full information for LM
optimization (Section 3.3)

Comparison between full and
daily information for minimum
charging capacity (Section 3.4)

No information

2 Battery state of charge Known Unknown

3 Ratio plugged in/time parked 100%, always plugged in
when parked

45% of the time plugged in
when parked

4 Ratio plugged in/charging

Charging takes place during 30%
of the plug-in time for

uncontrolled and 47% for
ToU charging

Charging takes place during 50%
of the plug-in time

5 BEV share analyzed 0–100% 50%

6 LM

Constraints according to
charging strategies in

Section 2.3.1. ToU based on HH
electricity demand

Charging as a system totally
separate from the HH load.
However, the HH load should
be guaranteed. If BEV charging
exceeds the building’s power
connection, charging is
stopped first.

7 Phase charging Each charging point provides
3.7 kW for charging.

1 or 3 phase charging: 1 phase
vehicles currently always block
all 3 phases with 11 kW but only
consume 3.7 (11/3) kW.
The LM algorithm was further
developed in this project to
release the available 2 phases to
other 1- or 2-phase BEVs.
In the future, this will release
a substantial amount of capacity.

Despite the assumptions in the modeled environment, the conclusions from the project’s real
environment support the findings in this study. To test the capabilities of the LM functions and
the minimum required charging capacity to guarantee the fulfillment of the BEV charging demand,
during the demonstration phase, the available charging capacity was reduced several times from 35 kW
for 27 BEVs (1.3 kW/BEV) down to 25 kW (0.9 kW/BEV). Therefore, the required charging capacity
across all charging points could be reduced below the expected level of about 1 kW/BEV, and critical
situations with respect to the power connection capacity would not occur. This matches our analysis
provided in Section 3.4 of the minimum charging capacity, which can have a significant impact on
the cost of charging infrastructure.

Figure 16 shows the BEV charging power with an overall initial charging capacity of 35 kW
together with the number of cars currently plugged in. In this exemplary period, 31 kW was reached
once during the evening, resulting in a significant impact of e-mobility on the overall building load.
On the other hand, Figure 17 shows the situation with a reduced overall charging capacity down
to 25 kW, which results in longer charging periods and significantly limits the electricity demand
peaks. Furthermore, the dependence on the availability of BEVs plugged in at the charging station,
which only accounted for 45% of the parking time in this project, becomes more important under this
situation, since charging operates much slower. The project experience also revealed that a higher
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share of plug-in times would improve LM efficiency. In the first week with 1.3 kW/BEV of charging
capacity, the building’s electricity demand maximum (HH + BEV) increased almost twofold due to
e-mobility. Later, with a reduction down to 0.9 kW/BEV, the LM successfully operated below this
threshold, which reduced this surge.

The users recognized little reduction in charging performance under a reduced capacity.
From the demonstration phase findings, it can be expected that LM will enable the coordination
of 100% e-mobility in the residential area with sufficient comfort for the users and without any
impact on the distribution grid capacity. Our model, as calculated in Section 3.4, determined a
minimum charging capacity of 0.44 kW/BEV under a scenario with full information and 1.3 kW/BEV
with a daily rolling approach, roughly matching the threshold tested in the demonstration phase.
With the phase-dependent charging currently being developed and tested, as explained in line 6 of
Table 4, the capacity gains will lead to more efficient LM in this respect.

Figure 16. Load management with a maximum charging capacity of 35 kW (1.3 kW/BEV).

Figure 17. Load management with a maximum charging capacity of 25 kW (0.9 kW/BEV).

4.3. Environmental Aspects of E-Mobility and Advantages of LM

This section discusses the results for the environmental effects of e-mobility, as well as
the advantages through LM and the efficient sizing of charging capacity. Of course, all the considerations
for minimization of the capacity requirements have not only environmental but also economic aspects.

1. Savings in GHG emissions from the substitution of conventional vehicles with BEVs

In the considered residential area, e-mobility accounts for an increase in the yearly electricity
consumption of 13% with a 30% BEV share and 43% with full BEV diffusion, as shown in Figure 18.
According to our methodology, the development of the yearly CO2-eq and NOx emissions, as well as
particulate matter (PM), under the substitution of conventional cars with BEVs is shown in Figure 19.
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Figure 18. Increase in yearly building electricity demand through e-mobility.

Figure 19. Expected yearly emission development through e-mobility.

All conventional cars in the residential area, considering an Austrian mix of diesel- and
petrol-powered engines, emit 268 tCO2-eq/a. By 2030, Austria aims at a BEV share of 30% representing
a substitution of 32 conventional cars with BEVs in the residential area. This would result in 26%
savings in yearly CO2-eq emissions, accounting for 12 tCO2-eq and 21% NOx savings by 2030. However,
according to the UBA [52], during their life cycles, BEVs emit more PM than diesel- or petrol-powered
combustion engines due to the emissions caused during vehicle and battery construction. This would
lead to a 4% increase in PM emissions for 30% BEV diffusion. The overall 2030 goal in Austria is
a 36% reduction of CO2 emissions in transport [55]. Considering the aim of increasing the use and
decarbonization of public transport, this goal may be achievable if the diffusion of BEVs can be realized
as planned.

2. Impact of LM on the environmental aspects of the electricity mix consumed for charging

Our model provides evidence on the negative environmental impact of electricity demand
increases with respect to the electricity mix consumed at least from the correlation coefficient between
BEV charging and fossil electricity generation (rfoss). Whereas uncontrolled charging shows a very
weak positive correlation with 0.10 according to Pearson [57], the ToU approach results in a weak
negative correlation of −0.24 and therefore seems to increase the use of renewable energy sources.

Furthermore, an analysis of the Austrian national electricity demand and the amount of national
fossil power generation (coal and gas) in 2019 revealed a strong positive correlation between the two
of 0.65. Additionally, an average HH load profile shows a moderate correlation with the overall
national load profile of 0.49. Therefore, we claim that an increase in the building’s electricity demand
peaks due to e-mobility, such as with uncontrolled charging, leads to a negative environmental
impact on the electricity mix consumed. LM can control the distribution of charging power to reduce
the consumption of fossil fuel electricity generation during demand peaks.
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3. Environmental impact of E-mobility and LM on potential grid expansion

The electricity demand profile of BEVs has a widespread impact on the cost and environmental
effects related to the required capacity of power connection, the distribution grid, and even electricity
generation capacities.

A reduction in electricity demand peaks through LM can guarantee the sufficiency of existing
distribution grid capacities and thereby obviate the need for expansion investments [16]. Additionally,
short-term peaks, apart from the described impacts on the electricity mix and use of flexible fossil power
plants, would have an effect on the installed electricity generation capacities. A greater distribution
of the overall electricity demand would yield a flatter demand profile and avoid the significant
investment costs, as well as the associated resource consumption, land-use, and emissions from
component production.

5. Conclusions

Firstly, our modeling results prove that uncontrolled charging results in a correlation between
BEV electricity demand and HH load peaks. This results in a negative impact of growing e-mobility on
distribution grid performance, as well as a negative impact on the environmental aspect of the electricity
mix consumed while charging. Ou that LM is an important solution to control BEV charging demands
and reduce this impact. Under full information, with between 10% and 100% BEV diffusion, an off-peak
ToU approach can achieve a reduction in the building’s maximum electricity demand between 10%
and 40% compared to uncontrolled charging. The peak volume demand—the sum of the demand
exceeding a certain threshold—can be reduced between 17% and 39%. This is partly achieved by a time
shift of charging into valleys and by a reduction in the charging power consumed and an associated
increase in the charging time periods. As a result, the electricity demand that is shifted from the HH
load peaks fills up the load valleys and increases the former demand minimum. This may result in
a modification of known building electricity demand profiles. On the one hand, these profiles could
become more even due to the valleys being filled. On the other hand, increasing the electrification of
a growing amount of applications could result in additional (or new) peaks in the future.

Our study reveals the value of information on user behavior and BEV energy consumption for
LM efficiency. In this study, we calculated the minimum size of the charging capacity required to
fulfill the BEV electricity demands in a private charging network. In a yearly optimization model
with full information and under the assumption that parked BEVs are also plugged in, the minimum
charging capacity is 0.44 kW/BEV. Less information in a daily rolling optimization leads to an almost
threefold capacity requirement of about 1.3 kW/BEV. The Urcharge demonstration phase revealed
that the average user plugs in for charging only every fourth day, reducing the flexibility of LM
in a real environment. In reality, future BEV energy consumption and plug-in times are unknown.
Nevertheless, the charging capacity in the demonstration phase could be decreased to 0.9 kW/BEV,
thereby cutting the demand peaks and reducing the impact on the distribution grid. This study clearly
highlights the benefit of using more information to provide longer foresight and flexibility with higher
predictability for upcoming BEV charging demands.

One way for an electricity provider to collect users’ behavioral information and charging
preferences is via a mobile app. Currently, because the battery’s state of charge remains unknown to
the master station, electricity providers could assign pre-defined charging profiles to single charging
points or groups aligned with the user’s preferences communicated via an app (charging deadlines,
day/night charging, etc.). Efficient LM and charging capacity sizing also have significant positive
environmental effects. While 100% E-mobility increases yearly electricity demands in the residential
area by 43%, the substitution of fossil-fuel-powered vehicles results in significant reductions in
CO2-eq and NOx emissions over a vehicle’s lifecycle. Interestingly, off-peak charging can achieve
a negative correlation between fossil fuel electricity generation and BEV electricity consumption,
thereby promoting the use of renewable energy sources. Without an increase in peak demand
through e-mobility and efficiently sized private charging capacity, not only could the expansion of
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the distribution grid and power generation capacities be avoided, but the emissions associated with
the electricity mix consumed could also be controlled.

In general, our work proves the ability of LM in multi-apartment buildings to solve most of
the common challenges associated with distribution grid performance throughout growing BEV
diffusion. The implementation of this controlled, large-scale, and private charging IS offers vast
economic, technical, and environmental advantages compared to more isolated and uncontrolled
solutions. First, a private charging network offers substantial advantages for LM due to the high
availability of the BEVs at the charging station and the lower time-criticality of charging. Secondly,
LM avoids an increase in electricity demand peaks and thus prevents distribution grid expansion
and the use of thermal power generation. As a result, the total cost of BEV charging, as well as
the environmental impacts, can be managed. In the future, for the benefit of the whole energy system in
terms of costs and environmental effects, regulatory and market frameworks need to be established to
promote the implementation of a charging IS that applies controlled, joint solutions rather than isolated,
fast charging options. LM could be enhanced by research on forecasting the relevant parameters, such
as weather and traffic conditions, and the optimal integration of renewable energy. Eventually, BEV
charging needs to be integrated into an overall system perspective. These are the next steps for future
research and development.
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Abstract: Replacing traditional internal combustion engine vehicles with electric vehicles (EVs)
proves to be challenging for the transport sector, particularly due to the higher initial investment.
As EVs could be more profitable by participating in the electricity markets, the aim of this paper is
to investigate revenue potentials when marketing bidirectionally chargeable electric vehicles in the
spot market. To simulate a realistic marketing behavior of electric vehicles, a mixed integer linear,
rolling horizon optimization model is formulated considering real trading times in the day-ahead
and intraday market. Results suggest that revenue potentials are strongly dependent on the EV pool,
the user behavior and the regulatory framework. Modeled potential revenues of EVs of current
average size marketed with 2019 German day-ahead prices are found to be at around 200 €/EV/a,
which is comparable to other findings in literature, and go up to 500 €/EV/a for consecutive trading in
German day-ahead and intraday markets. For future EVs with larger batteries and higher efficiencies,
potential revenues for current market prices can reach up to 1300 €/EV/a. This study finds that
revenues differ widely for different European countries and future perspectives. The identified
revenues give EV owners a clear incentive to participate in vehicle-to-grid use cases, thereby increasing
much needed flexibility for the energy system of the future.

Keywords: V2G; bidirectionally chargeable electric vehicles; smart charging; unmanaged charging;
spot markets; day-ahead market; intraday auction; continuous intraday trading; mixed integer linear
optimization; revenues potentials of EVs

1. Introduction

The energy system transformation entails structural changes in all sectors. While the electricity
supply sector in Germany has already been subjected to massive adjustments due to the expansion of
renewable energies, the final energy sectors of private households, industry, transport, as well as small
and medium enterprises have been very slow to switch to more climate-friendly technologies.

Emissions from the transport sector in Germany even increased since 1990 [1] and will, therefore,
be unable to contribute to achieving the climate targets for 2020. Switching to electric vehicles (EVs)
is one possible solution for lowering emissions. When comparing the carbon footprint of an EV to
an internal combustion engine vehicle (ICEV), both the production of the battery as well as tailpipe
emissions of the EV depend on the underlying energy system [2]. Due to a targeted reduction of
CO2-emission of the European energy sector by up to 95% [3], at least operational emissions of
EVs resulting mainly from charging electricity will decrease. Consequently, EVs are promising for
lowering CO2-emissions.
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However, due to higher initial investment costs compared to ICEVs, the integration of EVs
proves to be challenging. Investment in EVs could become more profitable by participating in the
electricity markets by smart or bidirectional charging. In this respect, the “Bidirectional Charge
Management” (BCM) project, which was launched in May 2019, focuses on the analysis of revenue
potentials of bidirectionally chargeable EVs in the different electricity markets [4]. The main region of
our investigations is Germany since it is the largest electricity market in Europe that is characterized
by a heterogenic generation portfolio of renewable energy sources as well as conventional power
plants [5]. Due to the German energy transition, volatility in electricity generation will continue to
increase thereby enhancing the potential benefits of bidirectional chargeable EVs. German spot markets
include the day-ahead market (auction at 12 noon one day before delivery), the intraday auction
(at 3 pm one day before delivery) and the continuous intraday trading (starting at 3 pm one day before
delivery) [6]. In addition, the results compare revenue potentials of bidirectionally chargeable EVs in
28 European countries, where findings of the parameter analysis can be generalized to other regions.

The BCM project defined 13 different use cases for bidirectional charging management separated
into the three revenue creation groups: “Vehicle-to-Grid” (V2G), “Vehicle-to-Business” (V2B) and
“Vehicle-to-Home” (V2H) [4]. Two use cases of the V2G use cases group are examined in this paper,
which refer to arbitrage trading in the day-ahead market and the intraday market. Since bidirectionally
chargeable EVs that participate in the spot markets increase the flexibility of the markets and energy
system, these two use cases can have an impact on a cost-effective integration of renewable energies
while providing revenues to the EV owners. The aim of this paper is to show these revenue potentials
for the marketing of EVs in an aggregated pool in the spot markets at the same time ensuring faster
integration of e-mobility into the energy system of the future.

Several scientific publications have discussed the revenue potentials by participation of EVs
in the spot markets [7]. Using smart (but unidirectional) charging, an aggregator can considerably
reduce the costs of charging electric vehicles [8,9]. Such costs can be further reduced and revenues can
be generated by bidirectional charging according to [10]. The studies mentioned above are limited
to marketing in the day-ahead and reserve market. Rominger et al. [11] point out revenues for
intraday trading, but only restricted on flexibilities with constant availability such as stationery storage.
Schmidt et al. [12] consider prices in the day-ahead market and the intraday auction for EV charging,
but is limited to a smart charging process without discharging to the grid. We are thus extending
existing research with a more detailed representation of bidirectionally chargeable EVs participating
in the spot markets by considering day-ahead and intraday trading in a rolling optimization with a
limited time horizon. Another limitation of most studies mentioned is the focus on revenues of EVs
by a fixed EV parameterization. As revenue potentials of bidirectionally chargeable EVs are strongly
dependent on many influencing parameters, this paper points out how a variation of user parameters
like the minimum safety state of charge (SoC), minimum SoCs at departure, plug-in probabilities and
location of charging infrastructure change revenue potentials.

Peterson et al. deal with profits of bidirectionally chargeable EVs using arbitrage trading in
three different US local markets [13]. Pelzer et al. find out that revenue potentials of bidirectionally
chargeable EVs in the US and Singapore markets are highly dependent on spatial and temporal
resolution of market prices [14]. These studies regard battery degradation costs, but are limited
to an EV participation in only one electricity market and modeling without consideration of user
behavior parameters.

Furthermore, several studies investigate the effects of V2G on the electricity markets. The participation
of bidirectional vehicles in the spot market has a smoothing effect on electricity prices. In times of surplus
feed-in by renewable energies, V2G is able to reduce price drops resulting in higher market values of
renewable energies [15]. Rodríguez et al. [16] show a flattening impact of V2G applications on the demand
curve that results in a higher load factor. These findings showing promising effects on the energy system
are expanded by our study to determine whether the vehicle owner can also benefit by participating in
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the electricity market. Since the regulatory framework is of significant importance for the evaluation of
revenues, the influence of additional charges on purchased energy is pointed out.

2. Methods

To determine V2G revenue potentials, we developed an aggregated storage optimization model
that covers the use cases of arbitrage trading in the spot markets. The holistic implementation of all
V2G use cases facilitates the applicability and avoids building several parallel models.

A simplified representation of the modeling process is displayed in Figure 1, where the model
consists of four different parts. Based on a model of the EV’s battery, optimized charging strategies can
be developed for different scenarios depending on charging and discharging restrictions. An uncoupled
aggregated EV pool can be modeled to participate in different markets, where marketing strategies
are optimized with a rolling forecast of market prices. The optimized strategy depends on electricity
prices of the respective energy markets and is based on historical and simulated future market prices.
In addition to bidirectionally chargeable EVs, two reference scenarios are considered that cover smart,
unidirectionally chargeable EVs and simple, directly chargeable EVs. The entire model is implemented
in Matlab, where a CPLEX solver (optimization software package) is used for optimization.

 

Figure 1. Schematic representation of the developed optimization model for Vehicle-to-Grid (V2G) use
cases of bidirectional charging.

2.1. Modeling of Bidirectionally Chargeable Electric Vehicles

Modeling a bidirectionally chargeable EV consists mainly of a model of the electric battery of the
vehicle similar to stationary electricity storage. The EV battery is modeled by the storage equation
displayed below, which relates the state of charge (SoC) of the battery to the different amounts of
electricity charged into or discharged out of the battery:

SoC(t) =SoC(t− 1) + Pcharge(t)·ηcharge·Δt − Pdischarge(t)

ηdischarge
·Δt

+
Pcounter−purchase(t)

ηdischarge
·Δt − Pcounter−sale(t)·ηcharge·Δt

+Pschedule(t)·Δt + P f astcharge(t)·Δt ·ηcharge − Econsumption(t)

(1)

here, t stands for the modeled point in time, Δt is the difference between two points in time and η
represents efficiency, which differs for the charging and discharging process. Pcharge(t) is the charging
power and Pdischarge(t) the discharging power at the modeled time t. The variables are considered on the
alternating current side of the charging station and thus correspond to the amounts of energy traded in
the market. Pschedule is the sum of purchases and sales already made at the modeled time t. Accordingly,
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Pcounter−purchase(t) and Pcounter−sale(t) represent the power which can be purchased or sold in the market
to counteract transactions that have already taken place (countertrading). For example, purchased
energy in the day-ahead market could be sold in the intraday markets resulting in a countertrade
P f astcharge(t) is the power, that can be used to rapidly charge the vehicle if necessary and Econsumption(t)
is the EV’s energy consumption by driving at time t. The limit values of all time-dependent variables
are explained in the following section. Table A1 in the Appendix A provides an overview of all these
variables and their limit values.

2.1.1. State of Charge

SoC(t− 1) represents the battery’s storage level at the point in time prior to the modeled point
in time. The change in capacity of the battery storage corresponds to the difference from SoC(t) to
SoC(t− 1). Due to the limited storage capacity of the electric vehicle and user requirements for a
minimum storage level, the variable SoC(t) can assume a limited range of values.

The maximum storage level of the battery storage is limited by SoCmax. If a value of 100% is set
for this parameter, the entire storage capacity is available for the charging process. The minimum
value SoCmin varies depending on the vehicle’s location status, which is known for each point in time.
Equation (2) summarizes the values that SoCmin can assume:

SoCmin,sa f e for status = connected

SoCmin(t) = SoCmin,dep for status = departure

SoCmin,disconnected for status = not connected

(2)

If the vehicle is connected to the electric grid, SoCmin equals SoCmin,sa f e. The storage level must
not fall below this value or must load onto it as quickly as possible. If the vehicle is connected to a
charging station and is at the point of departure, SoCmin assumes the value SoCmin,dep. Before departure,
the charging strategy is thus optimized in a manner such that the SoC at the time of departure at least
corresponds to SoCmin,dep. If the vehicle is not connected to the electric grid, the value SoCmin,disconnected
results in the minimum SoC.

To ensure that SoC(t) lies between the minimum and maximum possible storage level, Equation (3)
is implemented:

SoCmin(t)· C ≤ SoC(t) + Psupplement(t)·Δt ≤ SoCmax(t)· C, (3)

where C describes the storage capacity of the electric vehicle and Psupplement stands for additional,
theoretical electric power to be charged. Psupplement(t) is incorporated to meet the storage level restriction
in Equation (2) at any time. The possibility that the value of the storage level is below SoCmin exists
even if the EV is connected to the electric grid. This might occur if the storage level is lower than the
minimum SoC when the vehicle arrives at a charging station or if it is not possible to charge to the
minimum SoC before departure because the vehicle has not been connected for long enough. In the
case that the minimum storage level cannot be reached with the charging strategy, Psupplement(t) takes on
a value greater than 0 to simulate a hypothetical charging process. The variable thus can be interpreted
as penalty costs that arise from the driving behavior of a user who disregards the requirements for a
minimal SoC. By introducing Psupplement(t), the model can optimize all driving profiles regardless of
driving behavior or consumption, so that a selection of unsuitable driving profiles does not have to be
made in advance. Psupplement(t) is not taken into account in the storage equation and does not change
the actual storage level.

2.1.2. Charging/ Discharging Power and Already Traded Energy

In the storage Equation (1), Pcharge(t) and Pdischarge(t) describe the purchase and sale of power
and determine the change in storage capacity for each time step. Due to the limited power of any
EV charging station, the variables are limited to the maximum charging and discharging power
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Pcharge,max(t) and Pdischarge,max(t) and to the minimum charging and discharging power Pcharge,min(t)
and Pdischarge,min(t). If the vehicle is connected to a charging station, the EV battery can be charged
with Pcharge,max(t) or discharged with Pdischarge,max(t). If the vehicle is not connected to the electric grid,
both maximum and minimum charging and discharging power become 0.

The boolean variables bcharge and bdischarge describe the state of the battery during charging and
discharging processes. If a charging process takes place, bcharge is true. Analogously, the variable
bdischarge becomes true during discharging. Due to the fact that it is not possible to purchase and feed
electricity into the electric grid at the same time, only one of the boolean variables can assume the
value 1 (= true) at the modeled point in time Equation (4). A simultaneous purchase and sale in the
market is, therefore, excluded.

bcharge(t) + bdischarge(t) ≤ 1 (4)

The resulting constraints regarding these variables are shown in Equations (5) and (6):

Pcharge,min(t)·bcharge(t) ≤ Pcharge(t)

≤
(
Pcharge,max(t) − Pschedule, purchase(t)

)
·bcharge(t),

(5)

Pdischarge,min(t)·bdischarge(t) ≤ Pdischarge(t)

≤
(
Pdischarge,max(t) − Pschedule, sale(t)

)
·bdischarge(t).

(6)

There is a possibility that the storage capacity of the electric vehicle has already been marketed
through previous trading on the electricity markets, for example through consecutive trading on
different spot markets. Such traded power must be taken into account in subsequent storage
optimizations. In Equations (5) and (6), Pschedule, purchase and Pschedule,sale correspond to already made
purchases or sales at the modeled time t. These amounts of electricity reduce the maximum charging or
discharging power in such a way that only the capacity that has not yet been traded can be marketed.
Pschedule can be defined as the difference between Pschedule, purchase and Pschedule,sale Equation (7) and is
included in the storage Equation (1).

Pschedule(t) = Pschedule, purchase(t)·ηcharge −
Pschedule,sale(t)
ηdischarge

(7)

2.1.3. Countertrades

Electricity spot markets in Germany include consecutive day-ahead and intraday trading resulting
in the opportunity to countertrade day-ahead purchases or sells in the intraday market. The model not
only accounts for already marketed storage capacities, it also includes the possibility of compensation
transactions (countertrades) that compensate for the previous trade in the opposite direction. In this regard,
the variable Pcounter−purchase(t) corresponds to a buyback (counter purchase), the variable Pcounter−sale(t)
to a sellback (counter sale) of already traded storage capacities. The volume of a countertrade can at
most assume the previously inversely traded amount of energy. Countertrades do not describe a physical
loading or unloading process. The resulting constraints are shown in Equations (8) and (9):

Pcounter−purchase(t) ≤ Pschedule, sale(t)· bcounter−purchase, (8)

Pcounter−sale(t) ≤ Pschedule, purchase(t)· bcounter−sale. (9)

Similar to the charging and discharging processes, the boolean variables bcounter−purchase and
bcounter−sale describe the state of countertrades. If a counter-purchase takes place at time t
(bcounter−purchase = 1), the EV battery cannot be discharged at the same time. Conversely, no charging
process can be conducted during a counter-sale (bcounter−sale = 1). Equations (10) and (11) show
these constraints:

bcounter−purchase(t) + bdischarge(t) ≤ 1, (10)
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bcounter−sale(t) + bcharge(t) ≤ 1. (11)

2.1.4. Electricity Consumption and Fast Charging

The battery of a vehicle has an electric energy consumption Econsumption(t) at the modeled time t,
which is considered in the storage equation. Due to the foresight of the driving profiles (explained
in Section 2.4), EV consumption is known at all times. Each driving phase of the vehicle results in a
capacity reduction.

Depending on the user’s driving behavior, it might occur that the electricity consumption of an
EV is so high at one point in time that the current storage level is not sufficient to meet the energy
demand, for example if the EV has not been connected to a charging station for too long. In this case,
the fast charging power P f astcharge(t) is utilized to comply with the restrictions of SoCmin(t) and to
avoid a supposed negative storage level. The employment of the fast charging process is accompanied
by an increase in storage capacity. P f astcharge(t) represents the charging power at a public charging
station rather than at a bidirectional charging station. The vehicle user is thus given the opportunity to
charge the vehicle on the road.

2.2. Formulation of Optimization Model

The developed model of a bidirectionally chargeable EVs allows for the implementation of
different optimized charging and discharging strategies, which differ in particular in the structure of
the objective function. For the assessment of the use cases of arbitrage trading on the day-ahead market
as well as on the intraday market, three different charging strategies are implemented: a strategy for
bidirectional charging, a strategy for smart charging, and a strategy for unmanaged charging.

First, the bidirectional charging strategy, which allows for charging and discharging of the EV,
is restricted to the storage equation and its aforementioned constraints. The objective of this charging
strategy is to charge at minimum costs while discharging at maximum revenue. To do so, the objective
function of the optimization model aims at minimizing all costs considered:

min

⎛⎜⎜⎜⎜⎜⎝
T∑

t=1

pmarket,buy(t) ·
[
Pcharge(t) + Pcounter−purchase(t)

]

−
T∑

t=1

pmarket,sell(t) ·
[
Pdischarge(t) + Pcounter−sale(t)

]

+
T∑

t=1

p f astcharge(t) · P f astcharge(t) +
T∑

t=1

psupplement(t) · Psupplement(t)

⎞⎟⎟⎟⎟⎟⎠

(12)

where T corresponds to the number of time steps of the optimization. Depending on the respective
market, traded energy quantities per time step as well as corresponding market prices pmarket,i(t) are
considered. In this regard, pmarket,buy is the price at which electricity is bought and pmarket,sell is the price
at which electricity is sold, where both prices can include respective transaction costs and possibly
additional electricity price components. Charged power corresponds to a purchase transaction and is
associated with costs as is each counter purchase of power. In contrast, discharged power and counter
sales are traded with corresponding revenues, which is why Pdischarge and Pcounter−sale are subtracted.

Fast charging power and supplement power are also included in the objective function. Both fast
charging costs p f astcharge(t) and penalty costs psupplement(t) are fixed to be a relatively high value, so that
only the minimum necessary power is charged to meet the requirements for minimum storage level.
As P f astcharge(t) should only be utilized to the extent that a negative SoC is avoided, p f astcharge(t) should
be selected sufficiently larger than psupplement(t). Thus, the following condition must also be fulfilled to
guarantee a functioning bidirectional charging strategy:

pmarket,i(t) � psupplement(t) � p f astcharge(t). (13)
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Second, the smart charging strategy is implemented as a reference scenario to simulate already
existing smart charging stations. The objective is to minimize electricity purchase costs by intelligent
charging of the EV. Since discharging the EV battery is impossible in this scenario, Equation (14)
is implemented. By eliminating the discharge power, the objective function already defined via
Equation (12) for the bidirectional charging strategy can also be used for the smart charging strategy.

0 = Pdischarge,min ≤ Pdischarge ≤ Pdischarge,max = 0 (14)

Third, the unmanaged charging strategy accounts for today’s most commonly installed simple
charging stations as a second reference scenario, where the EV battery is charged as soon as the vehicle
is connected without an optimized charging control. As with the smart charging strategy, discharging
is not possible Equation (14). The aim of the unmanaged charging strategy is, therefore, to maximize
the storage level that is equal to minimizing the negative value of SoC(t) at all times. The battery
is accordingly charged at maximum charging power until the battery’s storage level corresponds to
SoCmax(t) or until the EV leaves the location. In addition, as for the previously explained strategies,
fast charging costs and penalty costs for an insufficient SoC with regard to the location-based limit
values are included. The resulting objective function is expressed as follows:

min

⎛⎜⎜⎜⎜⎜⎝
T∑

t=1

p f astcharge(t) · P f astcharge(t) +
T∑

t=1

psupplement(t) · Psupplement(t) −
T∑

t=1

SoC(t)

⎞⎟⎟⎟⎟⎟⎠ (15)

2.3. Optimization with Limited Forecast in Consecutive Spot Markets

To investigate the influence of different characteristics and requirements of the considered markets
on revenue potentials of bidirectional charging, optimized trading strategies based on price forecasts
are simulated by a rolling optimization model, where realistic trading behavior results from a limited
foresight of market prices.

Acting in the market under uncertainty is modeled in the same manner as described in [17],
where each day is divided into 8 time slices of three hours each. The model regards real trading times in
the spot markets. Figure 2 illustrates the methodical procedure of consecutive trading in the day-ahead
and intraday markets with rolling price forecast horizons, where each horizontal bar displays the prices
known in the respective optimization run of three hours. At 12 noon of day d, for instance, a market
participant sees averaged continuous intraday prices of the following 12 quarter-hourly products.
At the same time, less precise quarter-hourly prices of the continuous intraday are assumed for the
interval from 3 pm to midnight. For day d + 1, day-ahead market prices are known and for d + 2 a
forecast of the day-ahead market prices is presented. The participant’s trading decision, which is the
optimized marketing strategy, is based on this limited foresight.

As described by the example, foresight of market prices varies for the individual markets. Since
the auction on the day-ahead market takes place daily at 12 noon for the respective following day d + 1,
precise prices forecasts for d + 1 are known shortly before 12 noon on day d. To prevent unrealistic
trading behavior at the end of day d + 1, such as discharging all batteries to maximize revenues,
estimated prices for day d + 2 are included in the forecast horizon, where prices are also presented at
12 noon of day d. The forecast period d + 2 can be one or more days representing a worse or better
foresight and is evaluated in Appendix B. The length of the optimization time steps for day-ahead
trading is 1 h.

For the intraday auction, precise price forecasts of day d + 1 are known shortly before 3 pm of day
d, since the auction takes place at 3 pm. The length of the optimization time steps is 0.25 h.
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relatively precise avg. prices

prices d+1

prices d+1

forecast d+2

less precise avg. prices

Figure 2. Schematic representation of the optimization steps with limited foresight of market prices.

Following the intraday auction, continuous intraday trading starts at 4 pm with quarter-hourly
products, which defines the length of the optimization time steps. Here, a first forecast horizon
of relatively precise prices is set to three hours covering the following 12 quarter-hourly products,
where prices are based on trading transactions of these three hours. For the period following the
three-hour time window, all continuous intraday transactions of this interval are used to calculate a
second forecast price, thereby reflecting the uncertainty of market prices.

Hence, optimization runs before noon include market price information of the remaining day d
and the following day d + 1. The optimization runs from 12 noon on the trading day also include day
d + 2. The total revenue of the marketed EV battery corresponds to the summed costs and revenues of
all traded products (filled areas). The cross-hatched areas in Figure 2 are not regarded as revenues,
since these are only price forecasts serving as reference points for the trading strategy.

If consecutive trading takes place in several markets, storage capacities already marketed must
be taken into account in subsequent optimization runs and can be countertraded as described before.
The storage level at the end of real continuous intraday trading (filled blue area) of each optimization
run determines the actual charging and discharging behavior of the vehicle. This storage level is
applied as the starting value for the subsequent optimization run.

2.4. Input Data and Parameterization of Electric Vehicle (EV) Pool Scenarios

In the model, parameters related to the EV are the battery’s storage capacity C, charging and
discharging power Pcharge/discharge, and different efficiency parameters. To investigate the range of
revenue potentials in detail, three different sets of EV parameters are implemented: First, a currently
common-sized EV is modeled (EV1), comparable to a 2018 BMW i3 [18] and a 2018 Renault Zoe [19],
using realistic values regarding storage capacity, charging and discharging power and efficiencies.
Second, a relatively large EV and a highly efficient charging station are defined representing a future
EV (EV2). Third, a set of ambitious, yet plausible future values is selected to model maximum revenue
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potentials (EV3). These parameter sets were discussed and agreed upon within the research project
BCM. Table 1 summarizes the chosen parameter values for the three sets of EV models.

Table 1. List of relevant electric vehicle (EV) parameters and chosen set of parameter values.

Parameter EV1 EV2 EV 3

Storage capacity C 38 kWh 100 kWh 100 kWh
Charging power Pcharge 11 kW 11 kW 22 kW

Discharging power Pdischarge 10 kW 11 kW 22 kW
Charging efficiency (AC-DC) ηcharge 92.5% 94.5% 95.0%

Discharging efficiency (DC-AC) ηdischarge 92.0% 94.5% 95.0%
Roundtrip efficiency (AC-AC) ηroundtrip 85.1% 89.3% 90.3%

All losses and efficiencies considered in the model are based on discussions and on the consultation
with experts from the BCM project. Other studies assume roundtrip efficiencies that are similar to
EV1 [13] or slightly lower [14]. Constant values are set for the efficiencies in order to allow for a
linear optimization problem, which results in much faster optimization times and thus enables many
more optimization runs, i.e., more results. In real operation, however, efficiencies follow a declining,
non-linear course for decreasing charging power. Hence, resulting revenue potentials of the presented
model overestimate real revenues of bidirectional charging.

The user parameters result from characteristics, requirements and behavior of the vehicle user.
In contrast to a large-scale stationary storage system, the battery of an EV is not continuously connected
to the grid. The availability of an EV battery for V2G use cases largely depends on the individual
driving profile of the user, the location of an appropriate charging station and the probability that the
user has connected the vehicle to this charging station.

As a detailed representation of the driving behavior of the user, vehicle-specific driving profiles
describe the EV’s whereabouts as well as its energy consumption while driving in a chronological
sequence. Based on data regarding household and route information as well as individual user
logbooks from the “Mobility in Germany 2017” study [20] and a methodology first developed in
the MOS 2030 [21] project, annual driving profiles of various EVs are created that are available as
Supplementary Materials (see Section 6). Each profile meets the following standards:

• A change of location is always accompanied by a driving phase.
• During each driving phase, the EV has discrete consumption, which leads to a reduction of the

storage level.
• The EV can be located and connected either at the place of residence, the place of work or the

public space

The temporal resolution of the driving profiles is quarter-hourly intervals. For each profile, the energy
consumption is calculated based on information regarding driving speed, outside temperature and
vehicle type.

The basic data is additionally used to cluster these driving profiles into user groups to further
analyze the influence of user behavior on revenue potentials resulting in a set of commuter groups
which display typical commuter behavior, and a set of non-commuter groups with homogeneous
behavior different to commuter behavior. The commuter set consists of 12 commuter groups. These are
defined by the time of arrival of the vehicle at the place of work and the distance traveled from the place
of residence to the place of work. The non-commuter set is made up of three user groups, which are
determined by age and number of persons in a household. The number of created commuter and
non-commuter profiles per group reflects the real distribution within the German vehicle fleet [22].
Since revenue potentials are strongly related to driving behavior, these two different pools of driving
profiles are defined as input for the model:

• a commuter pool consisting of representatives of all 12 commuter groups;
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• a non-commuter pool consisting of representatives of all 3 non-commuter groups.

Table 2 summarizes the characteristics of the two pools of driving profiles including the probability
of the EVs’ whereabouts, which is the averaged probability of the EV’s location at any given point
in time. The sum of probability of all three locations apart from the driving phase is 94.5% for the
commuter pool and 96.8% for the non-commuter pool, which represents the theoretical availability
for bidirectional charging management if an appropriate charging station is installed at their location.
To analyze the influence of possible charging station locations on revenue potentials of the discussed
V2G use cases, the charging point location parameter can be flexibly selected in the model for each
individual EV, where the distinguished three locations can be individually defined as available for
bidirectional charging or not available.

Table 2. Characteristics of user pools.

Pools of
Driving Profiles

Probability of Whereabouts Averaged
Consumption
(kWh/100 km)

Averaged
Driving

Distance (km/a)
Place of

Residence
Place of

Work
Public
Space

Driving
Phase

Commuter
Pool 68.8% 22.1% 3.6% 5.5% 17.4 13,600

Non-commuter
Pool 87.5% 1.4% 7.9% 3.2% 17.4 8300

The probability of each individual EV user to plug the vehicle into an available bidirectional
charging station upon arrival determines the plug-in probability, where the expected value of a
normally distributed probability is defined as a parameter. A higher plug-in probability results in a
greater availability of the EV for V2G use cases. The parameter can be set flexibly to any value between
0% and 100%. As users will most likely be rewarded in some way for plugging in their EV, the plug-in
probability is expected to be very high, up to a 100% certainty.

The parameter SoCmin,safe states the minimum storage level not to be undercut when the EV is
connected to the electric grid, which guarantees a certain safety range in the event of an unscheduled
departure. This parameter can be set flexibly to meet the requirements of users. The storage level
that must be reached at the time of a scheduled departure, SoCmin,dep, should be adjustable by the
user according to his/her preferences in a real implementation. In the model, the parameter can be set
between 0% and 100%.

The charging and discharging behavior model is determined in particular by the time series
of market prices. For the use cases of arbitrage trading, actual price time series of day-ahead and
intraday markets from 2019 are used to represent price forecasts of a maximum of two and a half
days [23,24]. For trading in the day-ahead and the intraday markets, corresponding auction prices of
2019 are used. Regarding the continuous intraday market, real prices are bilaterally determined for
each transaction, where buy and sell orders are constantly matched. Thus, two representative forecast
prices are determined. For the relatively precise forecast of the next three hours after modeling time t,
ID3 is calculated, which is the volume-weighted quarter-hourly price of all transactions in the market
for the last three hours, where market liquidity is sufficient to determine a representative market price.
For the more uncertain time beyond three hours after modeling time, IDAvg is used, which is the
volume-weighted quarter-hourly price of all transactions for this forecasted time horizon.

The regulatory framework for bidirectional charging applications is not yet fully defined to the
point that simulated revenue potentials might determine what kind of regulatory incentive or obstacle
enables or respectively prevents the considered V2G use cases. A market design with a reduction
of different electricity price components such as grid fees and taxes would decrease the marginal
costs of the EV accordingly and thus lead to an increased discharging behavior. To incorporate this
highly important role of the market design in the model, various values are assigned to the additional
charges on purchased energy parameter and resulting differences in revenues are assessed. The applied

244



Energies 2020, 13, 5812

additional charges on purchased energy range from 0 €/MWh, which corresponds to a complete
exemption from all additional electricity price components, to 234 €/MWh, which reflects the amount
of all electricity price components for households in Germany in 2019, excluding electricity purchase
prices [25].

3. Results

For the following investigations, user and EV parameters that are introduced in Section 2.4 are
combined to form six EV pool scenarios (EV1, EV2, EV3 each for commuters and non-commuters).
Displayed revenues of bidirectional or smart charging EVs always refer to the difference of these
revenues to revenues of the unmanaged charging scenario. As long as there is no presentation
explicitly showing single profile revenues, displayed revenues always refer to mean revenues of the
considered EV pool scenario. User, modeling and regulatory parameters are set to the values shown in
Table 3. The process of determining suitable parameters is further discussed in Section 3.3 as well as
Appendices B and C.

Table 3. Fixed user, modeling and regulatory parameters for the investigation of revenue potentials.

Parameter Value Type
Further Discussion of
Parameters’ Influence
on Revenue Potentials

Minimum SoC at
departure 70% User Section 3.3.1

Minimum safety SoC 20% (EV1 and EV2)
30% (EV3) User Section 3.3.1

Plug-in probability 100% User Section 3.3.1
Charging point location At place of residence User Section 3.3.1
Additional charges of

purchased energy 0 €/MWh Regulatory Section 3.3.2

Forecast period 1 day Model Appendix B

EV pool size Commuter: 50
Non-commuter: 75 Model Appendix C

3.1. Revenue Potentials for Vehicle-to-Grid (V2G) Use Cases

All resulting datasets in Section 3.1, individual revenue potentials depending on EV pool scenario,
and driving profiles, have been made freely available (see Section 6). The following analysis shows
average revenue potentials and thus represents an aggregated extract of the provided result data.

3.1.1. Revenue Potential in the German Spot Market

The German spot market is divided into the day-ahead auction with hourly products, the intraday
auction with quarter-hourly products, and the continuous intraday trading offering quarter-hourly and
hourly products. Figure 3 shows the revenue potentials for the EV pool scenarios considered in the different
markets with a separate participation in the markets compared to consecutive marketing. In comparison,
the revenue potential of smart charging is shown in red bars. For commuters, smart charging is more
attractive than for non-commuters because of the higher annual driving and thus the higher need for
charging. However, for both commuters and non-commuters arbitrage trading with bidirectional charging
leads to much higher revenues compared to smart charging. Revenues of non-commuters are slightly
higher than revenues of commuters due to the higher availability at the place of residence.

For trading in the day-ahead market, revenues range from almost 200 €/EV/a (EV1) to 600 €/EV/a
(EV3). Quarter-hourly intraday trading leads to higher revenues due to the higher volatility in prices.
Consecutive trading in the day-ahead market, the intraday auction and continuous intraday trading
results in best-case revenues of 400 €/EV/a (EV1) to 1300 €/EV/a (EV3). Comparing the EV1 to EV2
pool, the 2.6 times higher capacity of EV2 implicates higher flexibility for charging and discharging
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times. Therefore, revenues of EV2 are 200 €/EV/a higher than the revenues of EV1. EV3 almost
doubles the revenues of EV2 due to doubled charging and discharging power. The increase of
charging and discharging power is, thus, even more relevant for revenue potentials than the increase
of battery capacity.

 
Figure 3. Revenues for bidirectionally chargeable and smart charging EVs participating in different
spot markets in Germany.

3.1.2. Revenue Potential in European Markets

Since the energy systems change to a volatile and renewable production in most European
countries, flexibility will be needed to cover the demand at any particular time. Therefore, bidirectionally
chargeable EVs are a possible flexibility option in all European countries. To quantify revenue potentials
in European countries other than Germany, we use entso-e data (European Network of Transmission
System Operators for Electricity) of electricity day-ahead prices for 2019 as an input for the developed
optimization model [24].

Figure 4 shows the resulting revenues for bidirectionally chargeable EVs compared to unmanaged
charging for 28 European countries for commuters and non-commuters. Revenues are the highest in
Ireland, Romania, Bulgaria and Hungary. These countries had scarcity prices of more than 100 €/MWh
during approximately 200 h to go along with a high standard deviation of electricity prices in 2019,
giving bidirectionally chargeable EVs an opportunity to use arbitrage trading more profitably. On the
other hand, the revenues are the lowest for Norway and Sweden. High capacities of hydropower and
some nuclear power plants in Sweden characterize the energy system in those countries [26] with
almost constant marginal costs, resulting in barely volatile electricity prices.

In other countries, like Germany, Austria and France, bidirectionally chargeable EVs generate
medium revenues in arbitrage trading. These energy systems are more heterogenic with some volatile
renewable production as well as gas-fired, coal-fired or nuclear electricity production. Revenues in this
group of countries are still varying. For example, nuclear power plants with almost constant marginal
costs dominate electricity production in France [27] resulting in narrow price spreads. As another
example, Austria’s energy system shows high capacities of pump storage facilities [26] resulting
in flattened electricity prices. These structural characteristics lead to slightly lower revenues for
bidirectionally chargeable EVs for the year 2019. On the other hand, Germany has a heterogenic
production portfolio of volatile wind and solar generation as well as conventional power plants with
widely varying marginal costs. Price spreads and the resulting revenues for bidirectionally chargeable
EVs are thus higher there.
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Figure 4. Revenues for bidirectionally chargeable EVs in different European day-ahead markets for
market prices of 2019.

The structure of the energy system is consequently crucial for revenue potentials for bidirectionally
chargeable EVs. In European countries, structural characteristics of electricity production differ a
lot. In regard to energy transition in Europe accompanied by a shift to different volatile renewable
production technologies, revenue potentials could vary even more in the future. For this reason,
future revenue potentials in Germany are quantified and discussed in the following section.

3.1.3. Revenue Potential for Future Day-Ahead Market Prices

In addition to an assessment of current revenue potentials, future revenue potentials are also
important for an investment in a bidirectionally chargeable EV and corresponding EV supply equipment
(EVSE). For an estimation of the changed revenues, price time series for future years from the DYNAMIS
project are used [28] (see Section 6). The DYNAMIS project performs a dynamic and intersectoral
evaluation of measures for the cost-efficient decarbonization of the energy system. The multi-energy
system model ISAaR (Integrated simulation model for unit dispatch and expansion with regionalization)
determines the design of the future energy system in a model-based way to be able to evaluate the
measures [29].

Based on the multi-stage, exploratory assessment of measures and packages of measures, a climate
protection scenario has been developed that aims to reduce greenhouse gas emissions by 95% by
2050. This scenario is characterized on the supply side by a cost-optimized provision of energy
sources and on the application side takes into account the technology- and sector-specific boundary
conditions and restrictions. The expansion of renewable energies is the most important measure.
Green fuels (including all solid, liquid and gaseous fuels produced from biomass, renewable electricity
or a combination of both) will increasingly be used from 2040 onwards in applications that can only be
electrified at considerable expense. Domestic power-to-x technologies increase the available flexibility
in the electricity system due to the good storage capacity of green fuels. Bidirectionally chargeable
electric vehicles are not yet modeled in this scenario path and, therefore, their effects on the energy
system could not be investigated there either.

One output of the model are hourly marginal costs representing day-ahead electricity prices
for the years 2020 to 2050. The mean annual day-ahead price and its daily standard deviation are
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shown in Table 4. It can be seen that the level and in particular the standard deviation of the electricity
price increases sharply. This is mainly due to the severely changed energy system that includes high
capacities of renewable energies resulting in production surpluses. This results in increasing times
with electricity prices of 0 €/MWh. On the other hand, rising fuel and carbon prices many times lead to
very high electricity prices due to the unavoidable use of power plants with expensive marginal costs.

Table 4. Modeled mean day-ahead prices and standard deviation of day-ahead prices for the years
2020 to 2050 in Germany [28] compared to empirical prices in 2019 [23].

Year
2020

(Modeled)
2030

(Modeled)
2040

(Modeled)
2050

(Modeled)
2019

(Real Prices)

Mean day-ahead price
in €/MWh 46.3 61.2 63.8 80.4 37.7

Daily standard deviation
of day-ahead price

in €/MWh
5.0 8.7 15.8 25.9 9.0

The hourly price time series are transferred as input into the optimization model for bidirectionally
chargeable EVs to estimate future revenue potentials in the day-ahead market. Figure 5 shows the
revenues from 2020 to 2050 as a box plot. The black cross shows the mean revenues for the EVs
considered. The top and bottom edges of the blue boxes indicate the 25th and 75th percentiles.
The whiskers show the lowest and highest revenues, excluding outliers. Outliers that represent values
that are 1.5 times bigger than the interquartile range are illustrated as red plus signs. Comparing the
revenues of 2020 to those pointed out in Section 3.1.1 for 2019, mean revenues for the modeled prices
are much lower than the mean revenues for the empirical data. Modeled electricity prices of energy
system models often tend to be less volatile than real prices [30]. Consequently, lower price spreads
lead to lower revenues.

Regarding modeled electricity prices for future years, mean revenues of bidirectionally chargeable
EVs compared to unmanaged charging EVs increase by a factor of 5 to 6. This is mainly due to the
future structural change of production units to renewable volatile production in combination with high
carbon and fuel prices leading to many low electricity prices around 0 €/MWh and many high electricity
prices. Bidirectionally chargeable EVs can harvest the resulting high price spreads to generate revenues.
Another interesting aspect is the range of revenues within a user group that increases considerably
in future years, showing higher uncertainty of revenue potentials. For non-commuters in particular,
there is a heterogenic distribution of revenues.

The results for future electricity prices show a much higher revenue potential than for current
electricity prices. Regarding these results, one has to keep in mind that there are many uncertainties
about the design of the future energy system and the resulting electricity prices. Furthermore,
bidirectionally chargeable EVs will have a retroactive effect on electricity prices, reducing price spreads
and revenue potentials. Nevertheless, the use case of arbitrage trading for bidirectional EVs will most
certainly get more attractive in future years.
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Figure 5. Revenues of bidirectionally chargeable EVs compared in accordance with future hourly
day-ahead market prices.

3.2. Effect of V2G Use Cases on Full Cycles and Operating Hours

3.2.1. Effect of Unrestricted Trading in the Electricity Markets

The V2G use case of arbitrage trading leads to higher usage of the battery of the EVs and relevant
supplying equipment as well as information and communication technology. Relevant parameters that
show the additional charge of EVs are full battery cycles and total operating hours. High yearly full
cycles and operating hours in particular mean a faster ageing of the battery. For the revenue modeling
in Section 3.1, we deliberately applied no restrictions on cycles or operation hours. In the BCM project,
a separate model will be used for evaluation of the impact of V2G use cases on EV components.

Table 5 shows the impact of the EV operation in Section 3.1.1 on the EV parameter full cycles,
revenues per full cycle and operating hours. For arbitrage trading, a strong increase in full cycles by
100–500 full cycles/a and in operating hours by 1500–5000 h/a is determined. Revenues per full cycle
are around 1 to 3 €/full cycle for arbitrage trading.

If one sets the highlighted parameter values in relation to currently warrantied lifetime values
of lithium-ion batteries (e.g., 5000 to 6000 full cycles for residential storage systems [31,32] and a
typical 10,000 operating hours in automotive applications [33]), it becomes clear that strong, relevant,
additional loads of the battery arise for the use cases of arbitrage trading. These additional loads are
significant, yet the use cases can still become economic without overloading the battery. Since large
battery systems (as in EV2 and EV3) do not have many full cycles from driving, an alternative usage of
the battery is a logical addition.
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Table 5. Impact of V2G use cases on EV’s full cycles, revenues per full cycle and operating hours.

Market Modeling Affected EV
Parameter

Commuters Non-Commuters

EV1 EV2 EV3 EV1 EV2 EV3

Reference
Unmanaged charge

Full cycles 60 25 25 35 15 15
Operating Hours 400 400 340 250 250 190

Arbitrage:
Day-ahead market

Full cycles 230 210 300 320 270 400
Revenues/Full cycle 0.8 1.7 1.7 0.6 1.5 1.5

Operating Hours 1860 3900 2920 2710 5070 3930

Arbitrage: Intraday
auction

Full cycles 490 270 490 640 340 630
Revenues/Full cycle 0.7 2.0 1.9 0.7 1.9 1.7

Operating Hours 3760 4880 4660 4890 6180 5970

Arbitrage:
Continuous

intraday trading

Full cycles 450 250 470 590 320 600
Revenues/Full cycle 0.8 2.2 2.0 0.7 2.0 1.9

Operating Hours 3450 4670 4450 4490 5950 5680

Arbitrage:
Consecutive trading

Full cycles 440 240 450 570 300 570
Revenues/Full cycle 1.0 2.6 2.5 0.9 2.4 2.3

Operating Hours 3280 4350 4110 4340 5590 5310

3.2.2. Effect of Restricted Trading in the Electricity Markets

Since modeled full cycles and operating hours in the previous section could critically decrease
the lifetime of the EV’s battery and power electronics, a minimum spread of electricity prices as a
limit value for arbitrage trading could lower the EV’s operation while still generating high profits.
The minimum spread refers to the spread of sold to purchased energy. Consequently, the selling
price for these simulations has to be lowered by the minimum, modeled price spread divided by the
roundtrip efficiency.

Figure 6 illustrates the effect of a minimum price spread of 0 to 50 €/MWh on full cycles and
operating hours compared to revenues of EV2. Revenues refer to the difference of revenues of
bidirectionally chargeable EVs to the revenues of smart charging EVs to show only the added benefit
by bidirectional charging. The decrease of full cycles and operating hours is displayed in percentage
referring to the simulation with no minimum price spread. The maximum decrease of full cycles
and operating hours arises when increasing the minimum price spread from 0 to 5 €/MWh, whereas
revenues do not decrease significantly for this change. For a minimum price spread of 10 €/MWh,
additional full cycles for bidirectional charging of EV2 decrease by more than 50% to 95 full cycles
per year for commuters and to 125 full cycles per year for non-commuters. For the same restriction,
additional operating hours for bidirectional charging of EV2 also decrease by more than 50% to
1800 operating hours per year for commuters and to 2400 operating hours per year for non-commuters.
For a minimum price spread of 10 €/MWh, revenues for both commuters and non-commuters decrease
by only 20% to 240 €/EV/a and to 310 €/EV/a, respectively. By applying higher minimum price spreads,
full cycles and operating hours further decrease and both the revenue per full cycle rate and revenue
per operating hour rate increase. Full data for full cycles and operating hours of all EV scenarios is
attached in Appendix D.

As a result, applying a minimum price spread is an effective method of limiting full cycles and
operating hours while maintaining adequate profits. Even though revenues are generally decreased,
this approach leads to an increase of the revenue per full cycle rate and revenue per operating hour rate
and might thus represent a practicable approach for a future operation of bidirectionally chargeable EVs.
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Figure 6. Effect of restricted minimum price spread on revenues, full cycles and operating hours of
EV2 for commuters (a) and non-commuters (b).

3.3. Analysis of User Parameters and Regulatory Framework on Revenue Potentials of V2G Use Cases

The revenues of bidirectional charging are determined by a multitude of input parameters. We use
German day-ahead prices in 2019 (Sections 3.3.1 and 3.3.2) as well as German intraday auction prices in
2019 (Section 3.3.2) to show the influence of user and regulatory parameters on the revenue potentials
of bidirectionally chargeable EVs.

3.3.1. Influence of User Parameters

Minimum SoC at Departure

The user parameter SoCmin,dep describes the minimum battery storage level that has to be reached
at a scheduled departure. Considering this restriction, a higher minimum SoC at departure leads to a
reduction of flexibility regarding the bidirectional charging strategy due to the smaller range between
SoCmax and SoCmin,dep in which the storage level can vary. This reduces the extent to which profitable
price spreads and thus a revenue-maximizing discharge behavior can be used. The effects of different
parameterization of SoCmin,dep on the revenue potential in the day-ahead market are shown for the
six different EV pool scenarios in Figure 7a. Potential revenues with SoCmin,dep of 10% to 100% are
compared to a reference of no minimum SoC at departure (SoCmin,dep = 0%).

All scenarios show an exponential decrease in revenues with an increasing SoCmin,dep. If flexibility
is gradually increased starting from a SoCmin,dep of 100% up to a SoCmin,dep of 0%, the impact on
revenues is highest at the first adjustment from 100% to 90%. This is because with this first increase in
flexibility, the highest electricity prices present at the considered time can be used to discharge at great
profit. As low prices are used for charging, a great specific profit can be made. As flexibility is further
increased due to a lower minimum SoC on departure, lower spot prices are also increasingly used for
discharging. The price spread between charging and discharging decreases, which means that specific
profits are reduced and revenues change less. Consequently, if an EV user can define the parameter
himself, he/she should choose the lowest possible minimum SoC on departure to maximize revenues.
In particular, users should avoid selecting an unnecessarily high SoCmin,dep. For investigations in this
paper, a realistic minimum SoC of 70% at departure is assumed after consultation with the project BCM.
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(a) (b) 

Figure 7. (a) Influence of a minimum SoC at departure on revenue potentials of bidirectionally
chargeable EVs using arbitrage trading; (b) influence of a minimum SoC at the place of residence on
revenue potentials of bidirectionally chargeable EVs using arbitrage trading.

Minimum Safety SoC

The user parameter SoCmin,sa f e describes the minimum battery storage level that an EV always
should have when connected in order to guarantee a drive to the hospital or other relevant short-distance
routes at any time. If an EV arrives at a charging station with a lower SoC than SoCmin,sa f e, it will start
charging immediately until it reaches the minimum parameterized SoC. A higher minimum safety
SoC alike a higher minimum SoC at departure leads to a reduction of flexibility, since the useable
capacity for marketing in the spot markets of SoCmax − SoCmin,sa f e decreases as the minimum safety SoC
is increased. To quantify the impact of a minimum safety SoC, revenues with varied parameterization
of SoCmin,sa f e are compared in Figure 7b showing the relative decrease of revenues compared to a
reference with no safety SoC.

There is an exponential decrease of revenues for all EV pool scenarios depending on the minimum
safety SoC. EV1 and EV3 have similar functions, while EV2 has a much smaller gradient for low safety
SoCs and a steeper gradient for higher safety SoCs. This is due to the large battery capacity of EV2
and the fact, that the capacity of the charging/discharging power ratio (E/P) is much higher for EV2 at
around 9, compared to the ratios of EV1 and EV3 at 3.5 and 4.5, respectively. A large battery capacity
of the EV in combination with a fixed SoC on departure makes it less likely that the vehicle comes back
with a low SoC on arrival and thus it is less limited by a low safety SoC than an EV with a low capacity.
A low E/P ratio, on the other hand, means that EV batteries can be charged and discharged quickly
with a great cycle depth, which is limited even with a low safety SOC. EV2 rarely gets these low SoCs,
so a low safety SoC has little effect.

Consequently, users with EVs that have a low E/P ratio should care more about a parameterization
of a very low safety SoC than users that own an EV with a higher E/P ratio. In the investigations in this
paper, a minimum safety SoC of 30% for EV1 representing the status quo for BMW electric vehicles
and a lower safety SoC of 20% for EV2 and EV3 representing future electric vehicles are assumed.

Plug-in Probability

An EV user has the possibility to connect his vehicle to a charging station upon arrival at a location
where a charging station is available. The probability that the user connects his vehicle to the charging
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station is called plug-in probability. There are several factors influencing plug-in probability. First,
there is the incentive for a user to plug in his/her EV. Most importantly, the user is motivated to charge
his EV for the next driving phase, where the desire could be to charge the EV directly or the possibility
of smart or bidirectional charging. Since the incentives for EVs using bidirectional charging have
hardly been investigated yet, there are no data on the plug-in probability of those EVs. Therefore,
Figure 8a shows the influence of a changed plug-in probability on revenue potentials.

(a) (b) 

Figure 8. (a) Influence of plug-in probability on revenue potentials of bidirectionally chargeable EVs
using arbitrage trading; (b) influence of charging point location on revenue potentials of bidirectionally
chargeable EVs using arbitrage trading.

In all EV pool scenarios, there is a positive, approximately linear relationship between the plug-in
probability and the revenues. If the EV is connected to a bidirectional charging station more frequently,
a discharge process that maximizes revenues can be carried out more often. The gradient of the curves
differs in the various scenarios. The increase in revenues in this investigation varies between 2 € for EV1
and 5 € to 6 € for EV3 with a 1% increase in the plug-in probability. Hence, for bidirectionally chargeable
EVs participating in the spot markets, a higher plug-in probability means equally higher revenues.
For investigations in this paper, a plug-in probability of 100% is assumed under the assumption that
using bidirectional charging for arbitrage trading is profitable and users are incentivized to plug-in
their EVs.

Charging Point Location

A bidirectional charging management system can only be operated if a bidirectional charging
station is available at the EV’s location. In accordance with the driving profiles from Section 2.4, possible
locations for the EV are the place of residence, the place of work and the public space. An extensive
expansion of bidirectional charging stations in public spaces is unlikely since the main reason for using
public charging stations is the fast charging of the EV. Further analysis, therefore, concentrates on
charging points at the place of residence and the place of work.

Figure 8b shows the revenue potentials of bidirectionally chargeable EVs depending on the
charging point location. Comparing mean revenues at the place of residence and the place of work,
there is a much higher incentive even for commuters to use bidirectional charging at the place of
residence for the use case of arbitrage trading. This is due to the shorter period of time spent at the
place of work while restrictions for minimum safety and departure SoC still have to be regarded.
EVs can be discharged profitably less frequently than at the place of residence. In the non-commuter
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pool, 55% of the driving profiles are never located at a place of work, which is why an evaluation is not
appropriate for these vehicle pools. If charging points are located both at the place of residence and at
the place of work, revenues are slightly higher than if a charging point is only available at the place of
residence. Compared to total revenues, the increase is quite low.

Consequently, the revenue potential of bidirectional charging at the place of work as opposed to
the place of residence is low. Bidirectional charging should, therefore, be prioritized for EV users who
are ready to install a bidirectional charging station at the place of residence. In the investigations within
the framework of this paper, a charging station located at or near the place of residence is assumed.

3.3.2. Impact of Regulatory Framework on Revenue Potentials

Bidirectionally chargeable EVs are a new technology whose regulatory framework conditions
have not yet been developed at the European Union (EU) level [34]. An essential question is whether
bidirectionally chargeable EVs are classified as storage devices and, consequently, what additional
charges they have to pay for charged electricity that is discharged later.

In Germany, the wholesale market price of electricity accounts for just around 15% (around 40
to 50 €/MWh) of the price of electricity for households. The other 85% (around 260 €/MWh) of the
price is accounted for by additional charges such as the EEG surcharge (surcharge of electricity for
remuneration of renewables) and grid fees as well as distribution [25]. Pumped storage facilities on
the other hand are exempted from most of the EEG surcharge, grid fees and other levies, so that only
additional charges of around 18 €/MWh have to be paid on electricity purchases [35], which can lead
to a profitable arbitrage trading for storage facilities. As most of the exemptions refer to electricity
purchases, storage losses are included [36].

For the use case of arbitrage trading, Figure 9 shows the influence of additional charges for
purchased energy in the day-ahead or intraday market on revenue potentials of bidirectionally
chargeable EVs for commuters and non-commuters. The solid lines represent revenues of bidirectionally
chargeable EVs compared to unmanaged charging EVs and the dashed lines show revenues of smart
charging EVs compared to the unmanaged charging ones. The diagram makes clear that possible
revenues are strongly dependent on the regulatory framework. Starting from mean revenues with no
additional charges at around 550 to 600 €/MWh for intraday auction trading, the revenues decrease
by over 40% for additional charges of only 10 €/MWh. Non-commuters have an even sharper
decrease since the starting revenues are a bit higher and the minimum revenues representing smart
charging are lower. Revenue potential of smart charging is higher because of the increased annual
driving the associated increase in the annual charging demand. If a bidirectionally chargeable EV
is regulatory-equal to a pumped storage facility with additional charges of 18 €/MWh on purchased
electricity, mean revenue of non-commuters will decrease by over 60%, and commuters will have less
than 50% revenue. For additional charges of more than 50 €/MWh, the added revenue of bidirectionally
chargeable EVs compared to smart charging EVs is less than 20 €/EV/a.

Consequently, the future regulatory framework will decide if there is a chance for profitable
arbitrage trading for bidirectional EVs. In investigations in this paper, additional costs are set to zero
€/MWh to show the potential revenues for bidirectionally chargeable EVs.
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Figure 9. Influence of additional charges for purchased energy on revenue potentials of bidirectionally
chargeable EVs compared to revenues of smart charging in the day-ahead market and intraday auction
for commuters (a) and non-commuters (b).

4. Discussion

Bidirectionally chargeable EVs can use arbitrage trading to generate revenues for a potential
improvement of their economic efficiency. Section 3.1 pointed out that revenues differ widely depending
not only on the EV pool scenarios but also on the considered markets and the years under review.
For an evaluation based on empirical prices of 2019 in Germany, revenues by bidirectional arbitrage
trading range from 200 to 1300 €/EV/a depending on EV pool and market participation. Profits on
other European day-ahead markets compared to the German day-ahead market vary between +70%
and –90% and are, therefore, highly dependent on the structure of the considered energy system.
For future electricity prices, there is high revenue potential for bidirectionally chargeable EVs, which is
pointed out by revenues for arbitrage trading in 2050 up to six times as high as the revenue potentials
determined for 2020.

Most V2G related studies in literature refer to profits in reserve markets [37–39]. However,
some studies deal with V2G profits of arbitrage trading. Peterson et al. point out revenues of 140
to 250 US$/EV/a (120 to 210 €/EV/a) for 16 kWh EV batteries in local markets in three US cities [13].
Pelzer et al. determine 60 to 300 US$/EV/a (50 to 250 €/EV/a) depending on spatial and temporal variation
in US and Singapore markets under consideration of battery degradation costs [14]. These revenues
have a similar level as our calculated EV1 revenues for day-ahead trading in Germany in 2019. We do
not consider battery degradation costs but show the maximization of revenues by consecutive trading
in day-ahead and intraday markets and the crucial influence of user parameters and regulatory
framework on revenue potentials.

Concerning analyzed user parameters, our results confirm those of Szinai et al., who found that
smart charging value at residential locations is much higher than at work or public locations [40].
In addition, we found this to also be true for bidirectionally chargeable EVs. Geske et al. indicate that
the minimum range and range anxiety are the most important determinants for users participating
in V2G use cases [41]. In this regard, we show the quantitative effect of the parameters ‘minimum
SOC at departure’ and ‘safety minimum SOC’ on the revenue potentials of bidirectionally chargeable
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EVs, thereby addressing the minimum range and range anxiety. Increasing these parameters leads to
an exponential decrease of revenues depending on the EV type. Hence, a tradeoff exists between the
users’ range anxiety and potential revenues.

With regard to the indicated high future revenues for arbitrage trading, one has to consider the
retroactive effects that bidirectional EVs participating in the considered markets will have on market
prices. As for arbitrage trading, where EVs charge when spot prices are low and discharge when
spot prices are high, a flattening impact on spot prices is foreseeable. From a spot market perspective,
offers of electric energy increase during times of high spot prices, and the demand for electricity
increases during times of low prices, leading to higher prices when prices are low and lower prices
when prices are high. These retroactive effects will lower revenue potentials if significant quantities
of bidirectionally chargeable EVs participate in the markets. For quantitative evaluation of these
retroactive effects, an energy system model is needed that models the supply and demand curves and
thus can model price changes attributable to bidirectionally chargeable EVs. This additional research
will be addressed by the BCM project in a following publication.

For an assessment of the impact of bidirectionally chargeable EVs in the markets, Table 6 shows the
market volumes of considered and relevant markets and fitting EV quantities with 10 kW bidirectional
charging station that would cover the market completely. Regarding the table and considering
Germany’s aim of 10 million EVs by 2030, the probable retroactive effect in the markets can be derived.
If a significant quantity of those EVs will have a bidirectional charging station and use V2G, there will
be a high impact on prices in the intraday auction, and the quarter-hourly and the hourly continuous
intraday trading market. A lower retroactive effect will occur for day-ahead prices in the German
spot market.

Table 6. Average market volumes and fitting EV quantities for complete covering of considered and
relevant German markets.

Market
Average Market Volume in

Germany 2019

EVs with 10 kW Charging
Station to Completely Cover

the Market

Day-ahead market 26,000 MW (EPEX Spot) 1

58,000 MW (German demand) 2
2.6 mil (EPEX Spot)

5.8 mil (German demand)
Quarter hourly intraday auction 800 MW 1 80,000

Hourly continuous intraday trading 4500 MW 1 450,000
Quarter hourly continuous

intraday trading 800 MW 1 80,000

1 Average power trading based on data of EPEX Spot [23]. 2 Average demand calculated by net consumption in
2019 of 512 TWh [42] divided by 8760 h.

Besides restrictions of market volumes, Section 3.2 points out the effect of V2G use cases on
full cycles and operating hours of the EV’s battery storage. For the use case of arbitrage trading,
there is a high increase in battery usage resulting in an accelerated ageing of the battery. Although
warranties for the full cycle lifetime of battery systems increase, the additional charge on the battery will
reduce the use case’s economic efficiency. However, in Section 3.2.2, we point out that both full cycles
and operating hours can be decreased significantly, while revenues are still high by implementing a
minimum price spread for arbitrage trading. In the BCM project, a detailed battery-ageing model is
used for evaluating the impact of V2G on the battery and power electronics of the EV.

Another important restriction is the regulatory framework. Section 3.3.2 has shown the immense
effect of additional charges on the profitability of the use case of arbitrage trading. It will be decisive if
bidirectionally chargeable EVs are regulatory classified as a storage and if so, which additional charges
will arise.

Regarding model limitations, constant values are set for the efficiencies of charging and discharging
in order to achieve much faster optimization times. For arbitrage trading, charging and discharging
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processes usually use the highest possible power as price signals express either purchasing, selling or
doing nothing. In a following publication in the BCM project, revenues of vehicle-to-home (V2H) use
cases are compared by using constant and non-constant efficiencies, in which it is pointed out that
modeling a non-constant efficiency for V2H use cases is necessary.

For the use case of arbitrage trading, we model revenues without perfect foresight for a rolling
horizon of two to three days. The implemented market prices are real and not forecasted prices,
which are used for real trading. On the other hand, it can be assumed that price forecasts over- and
underestimated actual market prices to the same extent and on an average alignment with real market
prices resulting in a realistic modeling of revenues for bidirectionally chargeable EVs.

Finally, for the evaluation of the economy of V2G use cases, additional costs have to be considered.
The main additional hardware costs result from a bidirectional charging station. Currently, the cost
for the only bidirectional charging station soon available in the German market is around 6000 € [43].
Medium-term cost projections in the project BCM for a bidirectional charging station is around 2000 €.
In regard to the current stage of the BCM project, cost projections for additional hardware and operating
costs are not defined, and the economic efficiency of the use cases can, therefore, not yet be evaluated.

5. Conclusions

Based on the developed aggregated storage optimization model, revenues of bidirectionally
chargeable EVs have been calculated for the V2G use case arbitrage trading. As a detailed description
of optimization constraints and input data are provided, readers are able to reconstruct the indicated
revenues of bidirectionally chargeable EVs. The major findings of this research are:

• We developed a rolling optimization model that regards real trading times of European spot
markets and allows countertrading in consecutive traded markets while considering user behavior
parameters leading to a realistic representation of revenue potentials of bidirectionally chargeable
EVs using arbitrage trading.

• Revenues of bidirectionally chargeable EVs are dependent on user parameters. An increase of
the safety minimum SoC at the place of residence or the minimum SoC at departure leads to an
exponential decrease of revenues for bidirectionally chargeable EVs.

• For a participation of bidirectionally chargeable EVs in the German spot markets in 2019, potential
revenues range from 200 to 1300 €/EV/a depending on the modeled EV pool scenario under the
assumption of no additional charges for purchased electricity.

• Revenues of currently available EV models participating in the day-ahead market are comparable
to findings of other literature, while our research shows a significant increase in revenues for
consecutive trading in all spot markets.

• The regulatory framework concerning additional charges of purchased energy is the most decisive
parameter for the potential revenues of bidirectionally chargeable EVs.

• Considering additional charges amounting for example to the payments of a pumped storage
facility for bidirectionally chargeable EVs results in a decrease of revenues by 50% to 60%.
Thus, if V2G arbitrage trading is supposed to give flexibility to the future energy system,
the market regulator will have to exempt bidirectionally chargeable EVs from the major part of
additional charges.

• Unrestricted arbitrage trading of bidirectionally chargeable EVs results in a sharp increase of full
cycles and operating hours by 200 to 600 full cycles/a, respectively, by 2000 to 6000 h/a resulting in
much faster battery degradation. Restricted arbitrage trading with a minimum price spread can
lower this additional load for EV and EVSE. For a minimum price spread of 10 €/MWh, operating
hours and full cycles decrease by 50% while revenues only decrease by 20%.

• Revenues of bidirectionally chargeable EVs differ widely depending on the electricity production
structure of the energy system. European day-ahead market revenues for EV2 in 2019 range from
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50 €/EV/a in Norway to 700 €/EV/a in Ireland. Modeled potential future revenues are 2 times
higher in 2030 and 5 to 6 times higher in 2050 than modeled revenues in 2020.

In general, potentially high revenue opportunities are identified for bidirectionally chargeable EVs
in the electricity markets. Thus, participating in V2G use cases could promote electric mobility and,
thereby, provide the flexibility needed for the energy system of the future. For future profitable usage
of V2G use cases, the design of the regulatory framework and battery lifetime are decisive. For further
investigations, especially retroactive effects of bidirectionally chargeable EVs on market prices and
resulting decrease of revenue opportunities is of interest.

6. Data Availability

The driving profile data are available in Supplementary Materials ‘input and results data\driving
profiles’. The modelled future electricity prices are available in ‘https://openenergy-platform.org/
dataedit/view/scenario/ffe_dynamis_emission_factors_marginal_cost’.

In Section 3.1 which analyzed revenue potentials of individual EVs for German spot market prices,
European day-ahead market prices and future day-ahead market prices are available in Supplementary
Materials ‘input and results data\revenues_Section_3_1’.

Supplementary Materials: The following are available online at http://www.mdpi.com/1996-1073/13/21/5812/s1,
Driving Profiles data: 50 commuter and 75 non-commuter driving profiles including quarter-hourly resolved time
series for location and consumption of individual EVs: http://opendata.ffe.de/dynamis-emission-factors, Revenues
Section 3.1: Individual user revenues depending on driving profiles as additional data for shown aggregated
revenues in Section 3.1.
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Appendix A

Table A1. List of time-dependent variables of the storage equation and their respective limit values.

Time-Dependent Variables
Minimum

Value
Maximum

Value

State of charge SoC SoCmin SoCmax
Charging power Pcharge Pcharge,min Pdischarge,max
Discharging power Pdischarge Pdischarge,min Pdischarge,max
Discharging boolean bcharge 0 1
Charging boolean bdischarge 0 1
Counter purchase power Pcounter−purchase 0 Pschedule, sale
Counter sale power Pcounter−sale 0 Pschedule, purchase
Counter purchase boolean bcounter−purchase 0 1
Counter sale boolean bcounter−sale 0 1
Supplementary power Psupplement 0 ∞
Fast charging power P f astcharge 0 ∞
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Appendix B

Influence of Forecast Period

For modeling realistic revenues of bidirectionally chargeable EVs, a rolling, limited time horizon
is implemented. The selected limited time horizon is important for two reasons. Firstly, market prices
are perfectly forecasted, which leads to a perfect EV charging strategy for the considered time horizon.
As an example, if there are very low prices 10 days ahead of the starting point, the EV may shift its
charging in the future. In reality, the low prices may depend on renewable energies that cannot be
forecast 10 days in advance accurately. Secondly, EV driving behavior is perfectly forecast. In reality,
regular driving (e.g., commuting to work) can be predicted most of the time, whereas more spontaneous
driving (e.g., for free time activities) is much more uncertain. In this regard, it is hard to declare a
realistic horizon for forecasting in the model.

The upper diagram in Figure A1 illustrates the effect of an adapted forecasting period on revenue
potentials of bidirectionally chargeable EVs with no additional charges on purchased energy. Starting
from a forecast horizon of ten days going down to four days, there is no change in revenues. A shorter
forecast period results in slightly decreased revenues, but the impact of the forecast period on revenues
is very low. This is mainly due to daily characteristics of the electricity price. Price spreads are used
to charge with low prices and discharge with high prices with just a slight dependence on future
departures or future electricity prices. Depending on the regulatory framework, additional charges
can arise for purchased energy. The bottom diagram shows the effect of a varied forecast horizon on
the revenues with additional charges of 100 €/MWh on purchased energy. There is huge decrease of
revenues even resulting in negative revenues for short forecast periods, since EVs often do not know
a future departure and consequently discharge although the future charging price is much higher.
Only for forecast periods of 7 days and longer are revenues relatively stable compared to a horizon of
10 days.

The forecast horizon is mainly applied to prevent unrealistic future trading after the optimized
period that is remunerated. For simulations with no additional charges, the rolling optimization is still
necessary as it allows consideration of real sequential market trading. Consequently, for investigations
in this paper a short forecast period of one day is defined. For an evaluation of the regulatory framework
in Section 3.3.2, a longer forecast period of seven days is applied to prevent unrealistic discharging
although charging prices are higher.

Figure A1. Influence of forecasting horizon on revenue potentials of bidirectionally chargeable EVs for
the use cases of arbitrage trading with no additional charges (top) and additional charges of 100 €/MWh
(bottom) on purchased energy.
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Appendix C

Determination of a Realistic Pool Size

The modeling of a realistic vehicle pool is characterized by the EV pool size. The revenue potential
of bidirectional charging of a single vehicle depends strongly on the individual driving profile of
the user. In order to show a meaningful average revenue potential for different EV pool groups,
a relevant number of vehicles must be determined for the model calculations. As computational time
is linearly dependent on the number of profiles considered, a trade-off has to be faced. The aim of the
investigations is to identify a pool size at which the addition of further vehicles has a low influence on
revenues compared to the higher computational time. For all evaluated EV pool scenarios, the revenue
potential on the German day-ahead market in 2019 was investigated for different pool sizes. For 5
to 150 profiles, a random drawing of 50,000 profile groups leads to a statistically significant analysis.
Figure A2 shows the maximum revenue deviation for different numbers of profiles compared to the best
case of 150 profiles. The maximum number of individual profiles is 150 in order to limit computational
time. If all 150 profiles are drawn, there will be no revenue deviation to the best case of 150 profiles.

 
(a) (b) 

Figure A2. Maximum revenue deviation for a varying number of profiles compared to the best case of
150 profiles for a drawing of 50,000 EV profile groups for commuters (a) and non-commuters (b).

The more vehicles that are modeled, the less is the maximum revenue deviation. A relevant pool
size for the EV pool scenarios can be determined by the revenue difference falling below a defined
threshold value. A maximum deviation of less than 5% per vehicle per year is assumed to be sufficiently
accurate while limiting computational time. This results in a relevant pool size of 50 vehicles for a
commuter EV pool. A representative non-commuter EV pool needs a number of 75 vehicles. Revenues
of non-commuters are more heterogenic than revenues of commuters because commuters have a more
regular driving profile during weekdays.
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Appendix D

Table A2. Revenues, full cycles and operating hours for all EV scenarios (difference of bidirectional
charging to smart charging) with restricted minimum price spread.

EV1—Commuter

Minimum
Price spread
in €/MWh

Revenues in
€/EV/a

Full Cycles
per Year

Operating
Hours per

Year

Average Price
Spread in
€/MWh

Revenue/
Full Cycle in €/

Full Cycle

Revenue/
Operating Hour
in €/Operating

Hour

0 125.1 231.0 1898 14.2 0.54 0.07
5 117.7 166.7 1363 18.6 0.71 0.09
10 97.8 102.9 841 25.0 0.95 0.12
15 75.5 60.4 494 32.9 1.25 0.15
20 59.7 38.7 319 40.6 1.54 0.19
25 46.2 25.6 210 47.4 1.80 0.22
30 37.1 18.6 153 52.6 2.00 0.24
35 27.7 13.1 109 55.7 2.12 0.25
40 17.2 8.0 67 56.8 2.16 0.26
45 6.6 2.8 24 62.9 2.39 0.27
50 2.7 0.9 7 77.2 2.93 0.35

EV1—Non-Commuter

Minimum
Price Spread

in €/MWh

Revenues in
€/EV/a

Full Cycles
per Year

Operating
Hours per

Year

Average Price
Spread in
€/MWh

Revenue/
Full Cycle in
€/Full Cycle

Revenue/
Operating Hour
in €/Operating

Hour

0 173.3 324.2 2737 14.1 0.53 0.06
5 162.5 226.7 1911 18.9 0.72 0.08
10 135.6 139.5 1173 25.6 0.97 0.12
15 107.1 85.0 712 33.2 1.26 0.15
20 86.1 56.1 472 40.4 1.54 0.18
25 68.7 38.8 327 46.6 1.77 0.21
30 56.5 29.0 245 51.3 1.95 0.23
35 44.2 22.1 189 52.7 2.00 0.23
40 33.7 16.5 140 53.9 2.05 0.24
45 19.9 10.1 87 51.9 1.97 0.23
50 10.8 5.5 48 51.4 1.95 0.23

EV2—Commuter

Minimum
Price Spread

in €/MWh

Revenues in
€/EV/a

Full Cycles
per Year

Operating
Hours per

Year

Average Price
Spread in
€/MWh

Revenue/
Full Cycle in
€/Full Cycle

Revenue/
Operating Hour
in €/Operating

Hour

0 296.1 211.4 3963 14.0 1.40 0.07
5 278.2 150.5 2819 18.5 1.85 0.10
10 236.1 96.8 1815 24.4 2.44 0.13
15 187.3 59.9 1123 31.3 3.13 0.17
20 152.5 41.3 766 37.0 3.70 0.20
25 125.0 30.3 561 41.3 4.13 0.22
30 102.1 23.5 434 43.4 4.34 0.24
35 77.2 17.5 322 44.0 4.40 0.24
40 50.3 11.9 216 42.3 4.23 0.23
45 22.9 5.2 93 44.3 4.43 0.25
50 8.6 1.6 30 52.9 5.29 0.29
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Table A2. Cont.

EV2—Non-Commuter

Minimum
Price Spread

in €/MWh

Revenues in
€/EV/a

Full Cycles
per Year

Operating
Hours per

Year

Average Price
Spread in
€/MWh

Revenue/
Full Cycle in
€/Full Cycle

Revenue/
Operating Hour
in €/Operating

Hour

0 383.4 270.7 5113 14.2 1.42 0.07
5 361.0 192.5 3645 18.8 1.88 0.10
10 307.0 125.4 2383 24.5 2.45 0.13
15 245.0 78.7 1498 31.1 3.11 0.16
20 200.7 55.2 1045 36.4 3.64 0.19
25 167.5 41.9 795 40.0 4.00 0.21
30 142.8 34.5 654 41.5 4.15 0.22
35 117.1 28.5 541 41.0 4.10 0.22
40 88.6 22.8 429 38.9 3.89 0.21
45 58.5 15.9 299 36.8 3.68 0.20
50 34.7 9.3 174 37.3 3.73 0.20

EV3—Commuter

Minimum
Price Spread

in €/MWh

Revenues in
€/EV/a

Full Cycles
per Year

Operating
Hours per

Year

Average Price
Spread in
€/MWh

Revenue/
Full Cycle in
€/Full Cycle

Revenue/
Operating Hour
in €/Operating

Hour

0 451.2 301.4 2994 15.0 1.50 0.15
5 430.6 227.5 2243 18.9 1.89 0.19
10 369.2 151.5 1487 24.4 2.44 0.25
15 290.4 92.4 898 31.4 3.14 0.32
20 231.8 60.6 582 38.3 3.83 0.40
25 187.6 42.6 402 44.0 4.40 0.47
30 152.0 31.9 297 47.7 4.77 0.51
35 123.6 24.5 227 50.4 5.04 0.54
40 85.1 17.1 156 49.8 4.98 0.55
45 41.7 8.5 75 49.2 4.92 0.55
50 16.7 2.8 25 59.1 5.91 0.66

EV3—Non-Commuter

Minimum
Price Spread

in €/MWh

Revenues in
€/EV/a

Full Cycles
per Year

Operating
Hours per

Year

Average Price
Spread in
€/MWh

Revenue/
Full Cycle in
€/Full Cycle

Revenue/
Operating Hour
in €/Operating

Hour

0 574.6 397.5 3979 14.5 1.45 0.14
5 545.8 291.1 2913 18.8 1.88 0.19
10 466.9 191.4 1916 24.4 2.44 0.24
15 370.3 118.3 1188 31.3 3.13 0.31
20 298.4 79.2 795 37.7 3.77 0.38
25 243.9 56.8 568 42.9 4.29 0.43
30 202.6 44.2 444 45.9 4.59 0.46
35 171.8 36.2 365 47.5 4.75 0.47
40 132.8 28.4 287 46.7 4.67 0.46
45 92.3 20.7 211 44.6 4.46 0.44
50 56.0 12.7 128 44.1 4.41 0.44
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Abstract: The increasing penetration of electrical vehicles (EVs), on the way to decarbonizing the
transportation sector, presents several challenges and opportunities for the end users, the distribution
grid, and the electricity markets. Uncontrollable EV charging may increase peak demand and impact
the grid stability and reliability, especially in the case of non-interconnected microgrids such as the
distribution grids of small islands. On the other hand, if EVs are considered as flexible loads and
distributed storage, they may offer Vehicle to Grid (V2G) services and contribute to demand-side
management through smart charging and discharging. In this work, we present a study on the
penetration of EVs and the flexibility they may offer for services to the grid, using a genetic algorithm
for optimum valley filling and peak shaving for the case of a non-interconnected island where the
electricity demand is several times higher during the summer due to the influx of tourists. Test
cases have been developed for various charging/discharging strategies and mobility patterns. Their
results are discussed with respect to the current generating capacity of the island as well as the future
case where part of the electricity demand will have to be met by renewable energy sources, such as
photovoltaic plants, in order to minimize the island’s carbon footprint. Higher EV penetration, in the
range of 20–25%, is enabled through smart charging strategies and V2G services, especially for load
profiles with a large difference between the peak and low demands. However, the EV penetration
and available flexibility is subject to the mobility needs and limited by the population and the size
of the road network of the island itself rather than the grid needs and constraints. Limitations and
challenges concerning efficient V2G services on a non-interconnected microgrid are identified. The
results will be used in the design of a smart charging controller linked to the microgrid’s energy
management system.

Keywords: electric vehicles; genetic algorithm; V2G services; valley filling; peak shaving; flexibility

1. Introduction

Electric vehicles (EVs) have an important role in the transition towards a low-carbon
economy and, more specifically, in the decarbonization of the transportation sector, which
is responsible for 22% of total EU-28 greenhouse gas emissions, excluding international
aviation and maritime emissions [1]. The increasing penetration of electric vehicles (EVs)
reflects the technological advances in electromobility as well as the impact of the policies
implemented at the EU and national levels. As a result, the market of electromobility has
been growing at an accelerating pace: in 2018, the global electric vehicle fleet exceeded
5.1 million, up two million from the previous year, with the number of new electric vehicle
registrations almost doubling [2].

The increasing penetration of EVs presents several challenges to and opportunities
for the operation of the power grid and the electricity markets as well as to the end users.
The additional electricity needed for charging the EVs could mitigate the environmental
benefits if the power generation mix is fossil fuel-oriented [3]. If, however, this additional
electricity demand is met by increasing the share of renewables (e.g., solar and wind
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power), it has been shown that increased penetration levels of EVs lead to a lower carbon
footprint than conventional vehicles [3,4].

Uncontrolled charging, based solely on the needs of the EV user, may lead to higher
peaks in electricity demand stressing the capacity limits of the distribution grid [5–7],
especially in small, isolated grids such as those of small non-interconnected islands which
are also popular tourist destinations, as is the case of Greek islands.

The distribution grids of these islands rely on diesel autonomous power stations
(APSs) which are progressively complemented by renewable energy sources (RESs), mainly
photovoltaic (PV) plants and wind turbine (WT) parks. Due to the lack of interconnections
with other electrical systems or the country’s transmission system, non-interconnected
islands have an increased cost of electricity generation, while they are more affected by load
disturbances resulting in a greater risk for power quality problems, such as voltage and
frequency stability, black-outs, and load rejection [8]. In addition, due to high fluctuations
of demand on a daily and monthly basis and the seasonal peak demand due to the touristic
period, there is the need for each electrical system to operate with an excessive power
capacity in order to meet peak demands [9]. Note that the influx of tourists during the
high season is several times that of the population. The integration of RESs in a small
standalone system decreases the cost of electricity generation and the carbon footprint of
the island, but the intermittent nature or solar or wind power may prove challenging for
the stability of the microgrid. Electrical storage is one way to increase RES penetration,
optimize the generation of the thermoelectric power plant, and address stability and power
quality issues [10].

The transition towards “green” islands requires that the electricity demand is met
mainly by RESs and that mobility relies mostly on EVs. This means that the power system
of the island must meet the additional energy required by the island’s EV fleet and any
demand-side management strategies and policies must take into account the EV charging
rate, stations’ distribution, mobility patterns, etc. [11]. To achieve that, smart EV charging,
adaptable both to the operation of the power grid and the EV users’ preferences, is required.
In contrast to uncontrolled charging, smart charging allows a certain level of control over
the charging process [12]. A simple approach is that end users alter their charging behavior
and shift the charging of their EVs from peak hours to off-peak hours (load shifting) in
response to price signals or incentives [13].

A more advanced approach is a direct control mechanism, via an intermediate market
entity such as an aggregator, that optimizes EV charging schedules in real time based on
the needs of the power grid, the signals from the electricity market, and the preferences of
the end users [12]. Scheduling EV charging so that the aggregated power demand from
EVs fills the overnight valley reduces the daily cycling of the thermoelectric power plant
and the operational cost of utilities [14].

On the other hand, EVs, acting as controllable and distributed storage, may be used to
offer Vehicle to Grid (V2G) services and actively contribute to demand-side management.
Cars, including EVs, spend the majority of their lifetime (95% on average) parked. In these
periods of inactivity, EVs could charge their batteries when demand is low (valley-filling)
and send power back to the grid (discharge) when demand is high (peak shaving) [15], thus
becoming part of the solution and curtailing the need for costly infrastructure upgrades.
V2G services may include also ancillary services (spinning reserve), active power support,
and reactive power compensation [16]. In grid-connected EVs, available energy can be used
as additional generation capacity in order to support the power grid in case of generation
outages (spinning reserve). Furthermore, the capability of EVs to channel reactive power to
the grid can be beneficial to the grid operation [17]. It has been shown that smart charging
improves the saturation of grid transformers for the same number of EVs and can decrease
reverse power flows from distributed generation to the transformer [12]. An overall smart
and flexible management of a fleet of EVs has the potential to shave peak demand, flatten
the load profile, and allow higher shares of renewable energy while accommodating more
EVs to the power grid [12].
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In this paper, we study the effect of EV penetration on the electricity demand of a
non-interconnected island powered by a diesel-fueled autonomous power station (APS)
and the flexibility offered by their storage. We use a genetic algorithm (GA) to calculate
the optimum EV penetration level for the valley filling and peak shaving of electricity
demand curves during both the low and high seasons. Four test cases of charging strategies
are studied, taking into consideration random and specific mobility patterns, in order to
evaluate the impact of the level of EV penetration on the APS generation levels and to
examine the potential of EVs for flexibility services. Furthermore, according to the National
Plan for Energy and Climate in accordance with the UN Agenda 2030, “for islands that
are not expected to be interconnected, a significant reduction in the use of diesel for power
generation is also being promoted, with the setup of state-of-the-art RES plants combined
with storage technologies” [18]. To address this, we repeat the calculations for the case
where the APS is complemented by a PV plant.

The structure of the paper is as follows: Section 2 gives a summary review of the
relevant literature while Section 3 focuses on the formulation of the optimization problem.
The GA developed to solve the problem is presented and discussed in Section 4. Section 5 is
dedicated to the simulation experiments and their results, which are discussed in Section 6.
Section 7 summarizes the main conclusions.

2. Literature Review

The aim of this literature review is to establish a knowledge base concerning the
factors that affect EV penetration on autonomous microgrids, such as the distribution
grids of small, non-interconnected islands and the charging strategies to be considered
in a smart charging controller embedded or linked to the energy management system of
the microgrid.

Research on the topic has focused mainly on interconnected power systems with the
capacity to host large numbers of EVs. Results such as those in [19] show that a large
deployment of EVs could result in violation of supply/demand matching and statutory
voltage limits as well as power quality problems and voltage imbalance under certain
operating conditions. It is, therefore, necessary to design charging strategies and apply
charging schedules as EV penetration increases. The flexibility offered to the grid by
the energy management of EV batteries is enhanced when discharging to the grid is
also allowed.

Several approaches have been proposed for optimum charging and discharging strate-
gies and schedules. The optimal charging scheduling of electric vehicles proposed in [20]
employs a genetic algorithm-based optimization routine, where thermal line limits, the
load on transformers, voltage limits and parking availability patterns were considered to
establish an optimal load pattern for EV charging-based reliability. The results showed
that a smart charging schedule for EVs led to a flattening of the load profile, to peak load
shaving and to the prevention of the aging of power systems’ elements. A similar approach
has been adopted in [21] where an adaptive discharging and smart charging management
scheme for peak shaving and load leveling in a residential distribution grid is introduced. A
reference operating point is considered to flatten the load curve on a 24-hour basis by using
the EV mobility characteristics and the non-EV base load. A particle swarm optimization
algorithm was developed in [15] for the smart, centralized scheduling of optimum EV
charging/discharging of plug-in electric vehicles in order to achieve peak shaving and
valley filling of the grid load profile. Smart charging compared to uncontrolled charging is
superior in terms of voltage drop and maximum loading. On the other hand, optimizing
the charging cycles of an electric car in [22] using demand-side management achieves
financial savings, increased demand on renewable energy, reduced demand on thermal
generation plants and reduced peak load demand.

A distributed iterative algorithm for the management of the charging/discharging
set-points of an EV fleet is proposed in [23], which is designed to optimize the profits
of the aggregator based on the day-ahead energy forecast. The optimization problem is

267



Energies 2021, 14, 1337

formulated as a mixed-integer quadratic problem. A cost-effective and an eco-friendly
scheme for the centralized management of plug-in hybrid electric vehicles (PHEVs) are
compared in [24]. Representative hourly driving patterns and electricity data from eight
North American Electric Reliability Corporation (NERC) regions were leveraged to examine
the results of the proposed schemes. The findings indicate that the management schemes
proposed result in very different charging schedules: optimal cost-effective charging
should take place very early in the morning and optimal eco-friendly charging later in the
afternoon. As the number of PHEVs increases, charging control becomes more cost-effective
and environmentally friendly. The variation in charging patterns among plug-in electric
vehicle (PEV) owners as a function of charging location and charging level is studied
in [25]. The results showed that the use of home, work and public charging infrastructures
is interconnected, highlighting the importance of having an integrated infrastructure
investment plan for different locational charging patterns among PEV owners. A study on
the existing and potential charging infrastructure for PEVs in the USA [26] showed that
the potential for future residential infrastructure is limited by the availability of dedicated
parking locations where chargers could be installed, acting as a barrier to mainstream EV
penetration. An algorithmic framework was presented in [27] for the joint optimization
of the routes and charging schedules of a fleet of self-driving EVs providing on-demand
mobility, taking into account the battery energy level of each vehicle and the power grid
needs and constraints. The results verified the near optimality of this method, while
suggesting that through vehicle to grid (V2G) operation, a 100% penetration of renewable
energy could be enabled and still provide high quality mobility services.

For charging schedules and services procurement to be efficient, coordination is
needed between the EV Aggregator and the System Operator [28]. Results have shown
that when coordination over the charging schedule of EVs is performed, the system can
accommodate a higher share of EVs without any infrastructure upgrade. The results
reported concern mainly valley-filling services.

Formulations of the less-studied problem of discharging through the grid are offered,
but the results refer to large, interconnected power grids with the capacity to host large EV
fleets, and coordination is necessary to avoid stability and power quality problems.

Problems related to EV penetration, energy management, charging scheduling or
routing also refer mainly to distribution grids connected to transmission grids. Limited
results exist for EV penetration on non-interconnected grids, such as those of islands or
other isolated RES microgrids. EVs are studied as a means to reduce CO2 emissions and
lower energy costs in isolated regions, as in Sao Miguel, Azores [29], where three scenarios
of EV penetration have been studied. It was concluded that if at least 15% of the fleet
is replaced by EVs, significant reductions in fossil fuel use and energy can be expected.
However, smart charging and V2G services have not been considered. Furthermore, 15% of
the fleet is very small compared to the target of the nearly 100% electrification of the
transportation sector on “green islands”.

According to a recent study on the potential of islands to serve as testbeds for inno-
vative solutions [30], it is stressed that in order to enable higher penetration levels while
minimizing the impact on an autonomous microgrid, an EV control system with smart
charging, metering and billing functionalities must be embedded in the energy manage-
ment system linked to the island’s distribution grid. Such a system would aggregate the
response and interface with the EVs and the grid to manage the aggregated flexibility,
send messages and price signals to the EV users and offer services to the grid. It is also
stressed that it is necessary to study the impact of the scaling of several existing pilot
implementations which currently concern only a small number of EVs.

The main contributions of this work consist in studying the impact of EV penetration,
controlled charging and V2G services on the electricity demand of a non-interconnected
island, where the high-season demand is several times that of the low-season demand,
and the contribution of electromobility towards the decarbonization of the island through
gradually phasing out thermoelectric generators and replacing them with RESs. The results
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will be used in the design of a smart charging controller interconnected with or embedded
in the island’s energy management system. Limitations and challenges concerning efficient
V2G services on a non-interconnected microgrid are identified.

3. The Optimization Problem

The optimization problem solved in order to study the effect of a fleet of N EVs on the
load demand of a non-interconnected microgrid is the optimum energy available for valley
filling and peak shaving for various charging schemes and EV penetration levels.

The assumptions concerning the mobility patterns and demand profiles are based on
actual data from a Greek island which is normally populated by a few hundred people
but in the summertime receives an influx of several thousands of tourists. As a result, the
electricity demand during the summer months is several times higher than during the
rest of the year (Figure 1). The peak demand in the summertime approaches 1.0 MW with
the base load around 0.5 MW in the high season. On the other hand, the consumption for
the rest of year is in the range of 0.2 to 0.5 MW. The load data have been provided by the
Hellenic Distribution Network Operator (HEDNO) Islands Directorate.

Figure 1. Hourly electricity demand for the winter, spring, summer and fall months for 2018.

The island is powered by diesel generators of approximately 1.5 MW total installed
capacity [31]. The region does not have a considerable wind potential, so any RESs for
electricity generation would have to rely on solar power [32]. According to a recent decision
of the Greek Regulatory Authority for Energy, which, taking into account grid stability
issues, redefined the renewables penetration margins in non-interconnected islands, the
maximum power output from an installed PV plant on the given island has been set to
150.0 kW. Respecting this limit, a 140.0 kWp PV plant has been considered for the output
curve (Figure 2) obtained for one typical winter day and one typical summer day, using
PVGIS [32].
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Figure 2. Output power curve of a 140.0 kWp photovoltaic (PV) plant for a typical summer and winter day.

In order to study the EV fleet impact on the electricity demand and APS output
required, with and without PV generation, taking into account valley filling and peak
shaving, the following assumptions are made.

The EV fleet consists of N vehicles, of which kN cars are for private use, charged at
home or at public parking lots, and mN are rental cars used mostly during the tourist
season, also charged in a parking lot, with 0 < m < 1 and k = 1 − m. The mobility patterns
considered in the test cases and simulations are dictated by the island’s road network
constraints. Because the island has a road network of less than 30 km, it is reasonable to
assume that the kN EVs used by permanent residents will be charged, at most, once a day
and mostly during the night, while the mN rental EVs may be used for valley filling or
peak shaving, during idle times at the rental service parking lot, based on a smart charging
schedule. According to the IEC61851-1 standard and the existing regulatory framework,
the “slow” charging Mode 3 AC supported by a 55 FkVA low-voltage power supply is
used in all charging facilities. This is a reasonable assumption since on small islands,
due to zoning laws, even privately owned cars are parked in public parking lots. This
implementation allows the aggregation of demand and flexibility offered by EVs via a
functionality of the central energy management system, as proposed in [30]. Because we
assume that EV charging and discharging take place at a relatively slow rate, their impact
on the load flow or the stability of the grid is not taken into consideration in this study.
However, the genetic algorithm developed for the optimization problem presented in the
remainder of the section is designed in such a way so as to allow for load flow constraints,
price signals and user preferences to be taken into account.

The optimization problem aims to flatten the demand curve.
To achieve valley filling, the batteries of N EVs are fully or partially charged. The

objective function given in (1) aims to minimize the difference between average daily
demand, μ, and the power that needs to be supplied by the APS to meet the demand
through management of the energy flowing in or out of the EV batteries over a given time
interval Δtt [21,33]. If a PV plant supplies a portion of the required energy, the energy that
needs to be generated by the APS decreases:

minimize f =
T

∑
t=1

(
N

∑
i=1

PEV
i,t + Dt − PPV

t − μ)2 (1)

s.t. ∑T
t=1 PEV

i,t Δtt − (1 − SOCin,i)
Eb
ηc

= 0 (2)

(SOCi,t+1 − SOCi,t)
Eb
ηc

− PEV
i,t Δtt = 0 (3)
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(SOCi,t+1 − SOCi,t)
Eb
ηc

− [Dt − μ] Δtt ≤ 0 (4)

∣∣∣PEV
i,t

∣∣∣− Pch ≤ 0 (5)

0.20 ≤ SOCi,t ≤ 0.80 (6)

where PPV
t is the power generated by the PV plant at every time step Δtt, Dt is the demand

at a given time step Δtt,Dt is the power absorbed by the battery (positive sign) of the i-th
EV at time step Δtt, SOCi,t is the state of charge of the battery of the i-th EV at time step
Δtt, Eb and ηc are the storage capacity and charging efficiency of the battery, respectively,
and Pch is the power rating of the charging facility. The state of charge of each battery
is assumed to be independent of the open-circuit voltage, the charging (or discharging)
efficiency is assumed to be equal to 1 and the power rating of the charging facility depends
on the charging mode following IEC61851-1.

The optimization routine is executed for a period T, i.e., for a daily demand profile
with hourly data T = 24 and Δtt = 1 h.

The N EVs are assumed to enter the charging facilities in a consecutive manner. The
i-th EV enters the charging facility with the available remaining charge in its battery
denoted by SOCin,i. SOCin,i depends on the mileage di of the i-th EV before connecting
to the charging facility and the maximum number of kilometers Ri that the EV can travel
without recharging:

SOCin,i =

(
1 − di

Ri

)
100% (7)

where di is a random variable and Ri is the range given by the manufacturer of the i-th EV;
in this study, the specifications of all EVs are considered identical and match those of a
commercially available medium-sized EV.

The first constraint (2) ensures that the energy absorbed by or provided to the i-th
battery during the total charging interval will not exceed the capacity allowed by SOCin,i.
The second constraint (3) controls the charging of the i-th EV; the amount of energy
absorbed by the battery determines the change in the SOC between two consecutive time
steps. The third constraint (4) prevents the i-th EV from charging to its maximum capacity if
the remaining storage capacity of the i-th EV at time t is larger than the difference between
the demand Dt and the average value μ in order to ensure the flattening of the curve. The
fourth constraint (5) ensures that the PEV

i,t , which is the power absorbed or delivered by the
battery of the i-th EV, cannot exceed the power rating of the EV charging facility, Pch. The
fifth constraint (5) imposes lower and upper limits to the SOC as suggested in [34–36] for
longer battery lifetime.

To achieve peak shaving, the problem is similar to (1)–(6), with constraints (2) and (3)
being adjusted as follows and ηd being the discharging efficiency:

T

∑
t=1

PEV
i,t Δt − SOCin,iEbηd = 0 (8)

(SOCi,t+1 − SOCi,t) Ebηd − PEV
i,t Δt = 0 (9)

4. The Genetic Algorithm

The optimization problem, as described by (1)–(6), is a quadratic programming prob-
lem (QP) which can be efficiently solved with a QP solver. However, a genetic algorithm
(GA) [37] has been used instead to allow for future problem formulations, with non-linear
constraints, user-generated data, price signals, etc.

The GA uses tournament selection and applies a penalty when a solution violates a
constraint. This way, no solutions are discarded but those violating one or more constraints
are less likely to be chosen. In the pseudocode of the GA given below, G is the number
of generations, P is the populations, l is the chromosome length, px is the probability of
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crossover, pm is the probability of mutation and k is the number of solutions selected as
parents each time in the tournament selection:

Set random SOCin,i for N EVs, gc = 1 (generations counter) and pc = 1 (population counter)
For i in range (Vehicles), 1 < i < N:
For t in range (Hours), 1 < t < T:
1. Set G, P, l, px, pm, k
2. If (P/2) ! = 0 P = P – 1
3. Generate P of l-sized strings
4. Select 2 parent solutions through tournament selection
5. Apply crossover px to obtain children solutions
6. Apply mutation pm to children solutions
7. While pc < P:
Repeat steps 5 to 7 P/2 times, pc = pc + 1
8. Get a new generation
9. While gc < G:
Repeat steps 5 to 9 G times, gc = gc + 1
10. Choose the optimum solution in each generation, min (f)
t = t + 1
Obtain SOCi,t+1
i = I + 1
Update Dt after i-th EV has been charged

The fitness value is given as in [38]:

Q
(→

x
)
=

⎧⎨
⎩

F
(→

x
)

if
→
x is a feasible solution

F
(→

x
)
+ C

(→
x
)

if
→
x is unfeasible

(10)

→
x =

[
PEV

1 , PEV
2 , . . . , PEV

N
]

is the power absorbed or delivered by each EV car.

C
(→

x
)

is a penalty imposed to any solution violating one or more constraints.
For the results shown below: P = 40, G = 20, l = 5, k = 3, px = 1, pm = 0.35.

Indicative execution times in the offline mode, using a computer equipped with an Intel
Core i7-6700HQ CPU 2.60 GHz processor, 16 GB DDR4 RAM, Windows 10, range from
300 to 480 s based on the size N of the EV fleet.

5. Simulations and Results

All simulations were based on the hourly demand data of 2018. Two demand curves
were used: LC1, corresponding to a typical winter day, and LC2, corresponding to a
summer day, with sharp fluctuations of demand.

Four test cases have been developed reflecting various charging/discharging schemes:
(a) valley filling; (b) valley filling and peak shaving with random EV mobility patterns; (c)
valley filling and peak shaving with both random and predefined EV mobility patterns; (d)
valley filling at predefined hours and peak shaving with random EV mobility pattern.

The size N of the EV fleet ranged from 25 to 150 vehicles for the winter curve LC1
and 50 to 250 vehicles for the summer curve LC2. The corresponding EV penetration
level was calculated as the ratio of the total energy capacity of the N EVs over the total
energy demand of the demand curve in each case. k, the fraction of EVs used by permanent
residents, was set to 0.3, and m, the fraction of rental EVs, was set to 0.7 for all simulations.

All EVs were considered to be identical and their specifications correspond to a specific
commercially available medium-sized EV: Eb = 23.80 kWh, R = 145.00 km. The charging
rate was also assumed to be the same for all charging facilities and set to Pch = 7.40 kW.

5.1. Valley Filling

The first test case allows for valley filling when the demand falls below μ.
Two cases were examined:

272



Energies 2021, 14, 1337

(a) EVs enter the charging facility randomly during the day. Charging can take place
anytime during the day, as long as Dt − μ ≤ 0. During the winter period (LC1, Figure 3),
valley filling is achieved with a fleet of 75 EVs, while during the summer period (LC2,
Figure 4) the same result is obtained with a fleet of 150 EVs. Further increasing the number
of vehicles would not affect the results, due to (4).

Figure 3. The effect of charging on load curve 1 (LC1) when N = 25, 50 and 75 cars are used for valley
filling anytime during the day.

Figure 4. The effect of charging on load curve 2 (LC2) when N = 50, 100 and 150 cars are used for
valley filling anytime during the day.

(b) All N EVs (rental and privately owned) may be charged only during a specific
time interval t1 ≤ t ≤ t2. For the results shown here, charging is allowed only for
23 : 00 ≤ t ≤ 07 : 00. During the winter period (LC1, Figure 5), valley filling is partially
achieved with a fleet of 75 EVs, while during the summer period (LC2, Figure 6), the same
is achieved with a fleet of 150 EVs. Further increasing the number of vehicles would not
make a significant difference because of the restricted hours for charging. This charging
schedule offers less flexibility.
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Figure 5. The effect of charging on LC1 when N = 25, 50 and 75 cars are used for valley filling
between 23:00 and 07:00.

Figure 6. The effect of charging on LC2 when N = 50, 100 and 150 cars are used for valley filling
between 23:00 and 07:00.

5.2. Valley Filling and Peak Shaving with Random EV Mobility Patterns

The second test case allowed for both valley filling and peak shaving to be performed
at random hours of the day and in a random manner. To accomplish that, the algorithm
randomly assigned a binary p value of 0 or 1 to each EV for each hour of the day: an EV
with p = 1 at a given time interval Δt corresponds to an EV that is parked and, thus, is
available for charging or discharging via the grid, while a vehicle with p = 0 corresponds to
an EV that is moving and, therefore, unavailable for the specific time t. In this latter case,
the SOCι of a moving EV decreases according to the energy consumption rate and range R
of the car. The assumption in this case is that the EV owners, following signals issued by the
energy management system, will opt to charge their EVs anytime during the low-demand
time and discharge to the grid anytime during high-demand time. Furthermore, they are
not allowed to do the opposite.

During the winter period (LC1, Figure 7), valley filling is achieved with a fleet of
merely 25 EVs. Peak shaving is observed around noon, but there is not much energy
available overall for V2G services. During the summer period (LC2, Figure 8), valley filling
and maximum peak shaving are achieved with a fleet of 100 EVs.
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Figure 7. The effect of charging/discharging on LC1 when N = 25 and 50 cars with a random mobility
pattern are used for valley filling or peak shaving.

Figure 8. The effect of charging/discharging on LC2 when N = 50 and 100 cars with a random
mobility pattern are used for valley filling or peak shaving.

5.3. Valley Filling and Peak Shaving with Random and Predefined EV Mobility Patterns

In the third test case, both valley filling and peak shaving are allowed, but the N EVs
are now divided into two subgroups of populations, kN and mN. The first subgroup follows
a predefined mobility pattern, as in test case 1: such is, for example, the case of permanent
residents or workers in an office building who regularly work at predetermined hours.
The predefined mobility pattern of the kN EVs, e.g., of the permanent residents, is largely
shaped by the daily needs of their users: EVs are parked from 18:00 to 08:00 and are allowed
to charge their battery, while in the remaining hours, they are assumed to be on the move
and, therefore, unavailable. The second subgroup of mN EVs are allowed to charge or
offer V2G services whenever they are parked, according to the random mobility pattern
described in test case 2.

During the winter period (LC1, Figure 9), valley filling is achieved with a fleet of
50 EVs and peak shaving is only observed around noon. During the summer period (LC2,
Figure 10), valley filling and maximum peak shaving are achieved with a fleet of 100 EVs.
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Figure 9. The effect of charging/discharging on LC1 when a fleet of N electric vehicles (EVs) is
divided into subgroups of different mobility patterns and used for valley filling or peak shaving:
N = 25 and 50; k = 0.3 N, m = 0.7 N.

Figure 10. The effect of charging/discharging on LC2 when a fleet of N EVs is divided into subgroups
of different mobility patterns and used for valley filling or peak shaving: N = 50 and 100, 150; k = 0.3 N,
m = 0.7 N.

5.4. Valley Filling at Predefined Hours and Peak Shaving with Random EV Mobility Pattern

The fourth test case dictates that all EVs must be fully charged during the hours at
wich the demand is at its lowest, e.g., evening hours. This case has been designed in such
a way so as to test whether the strategy of having all EVs fully charged at the beginning
of each day would yield better results for peak shaving. To implement this scenario, the
randomly assigned p-values, also used in the second test case, were activated: the EVs are
assumed to be parked from 23:00 to 07:00, which means that p = 1 for these hours. During
this time interval, they can either charge their battery or inject power into the grid. After
07:00, the status of the EVs, as parked or moving, is allowed to change: it is either randomly
set to p = 0 and they are not available for charging or discharging or it remains as p = 1 and
they can either charge their battery, inject power into the grid or move.

During the winter period (LC1, Figure 11), valley filling is achieved with a fleet of
75 EVs but there is little energy available for peak shaving. During the summer period
(LC2, Figure 12), valley filling is achieved with a fleet of 150 EVs and maximum peak
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shaving is achieved for a fleet of 250 EVs. Overnight charging maximizes the flexibility for
V2G services during the peak demand.

Figure 11. The effect of charging/discharging on LC1 when N cars have a custom mobility pattern
for valley filling and random EV mobility pattern for peak shaving: N = 25, 50 and 75.

Figure 12. The effect of charging/discharging on LC2 when N cars have a custom mobility pattern
for valley filling and random EV mobility pattern for peak shaving: N = 50, 100, 150, 200, 250.

5.5. The Effect of PV Penetration on the Power Generated by the Island’s APS

The above test cases were also used to study the effect of a 140.0 kWp PV plant on
the power that needs to be supplied by the island’s autonomous power system (APS).
Although the maximum yield of the PV plant (Figure 2) does not coincide with the peak
demand of either the winter or the summer day, its operation significantly reduces the APS
power output during daytime and allows for more flexibility in the shaping of the supply
curve through the demand.

In test case 2, EVs have random mobility patterns and are not allowed to charge
during the peak demand or discharge through the grid during the low demand. For the
winter day LC1 (Figure 13), the energy generated by the PV plant enables EV charging
to take place for the biggest part of the day, which also allows for more flexibility in V2G
services. For the summer day LC2 (Figure 14), optimum valley filling and maximum peak
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shaving are achieved with a fleet of 150 EVs. More EVs are accommodated and peak
shaving is enabled.

Figure 13. Autonomous power system (APS) output required in the presence of a 140.0 kWp PV
plant for test case 2 and LC1.

Figure 14. APS output required in the presence of a 140.0 kWp PV plant for test case 2 and LC2.

In test case 4, where all EVs are assigned random mobility patterns but must be fully
charged during the night, peak shaving is achieved with a fleet of 75 EVs for the winter day
LC1 (Figure 15). For the summer day LC2 (Figure 16), both valley filling and maximum
peak shaving are achieved with a fleet of 200 EVs.
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Figure 15. APS output required in the presence of a 140.0 kWp PV plant for test case 4 and LC1.

Figure 16. APS output required in the presence of a 140.0 kWp PV plant for test case 4 and LC2.

In the case of random charging during the day (test case 1a), a larger EV fleet may
be charged, taking advantage of the PV energy; furthermore, a smaller number of EVs
end up partially charged (Table 1). In test case 3, where the EV fleet is divided into two
subgroups, one with a predefined mobility pattern and one with a random mobility pattern,
the increased demand for EV charging is partly covered by PV generation and there is
energy available for peak shaving services.

Table 1. Partially charged EVs for test cases 1a and 1b.

Load Curve 1 (Winter)

Number of EVs (N) 25 50 75 100 150

Partially charged EVs (1a) 0 0 11 40 74

Partially charged EVs (1a) w/PV 0 0 0 0 43

Partially charged EVs (1b) 0 0 21 55 81

Partially charged EVs (1b) w/PV 0 0 24 45 93
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Table 1. Cont.

Test Case 1—Load Curve 2 (Summer)

Number of EVs (N) 50 100 150 200 250

Partially charged EVs (1a) 0 0 6 41 101

Partially charged EVs (1a) w/PV 0 0 0 37 85

Partially charged EVs (1b) 0 0 4 70 113

Partially charged EVs (1b) w/PV 0 0 16 55 122

6. Discussion

The genetic algorithm developed and implemented for optimum valley filling and
peak shaving using the storage capacity of an EV fleet on a non-interconnected Greek
island has highlighted some of the factors determining the optimum penetration level of
EVs and the flexibility offered by them. The simulation experiments performed assumed
various cases of mobility and charging patterns. The effect of PV generation has also been
studied. In the following discussion, we first examine the case where all electricity on the
island is supplied by the diesel autonomous power station (APS), and next, the effect of
the PV plant.

In the first case of valley filling, which allows the EVs to charge anytime during the
day, the demand curve is flattened at 22% and 28% EV penetration for the winter and
summer periods, corresponding to 75 and 150 EVs, respectively. Considering that there are
approximately 500 inhabitants, this level of penetration is reasonable. Increasing the size
of the EV fleet will leave a number of cars partly charged (Table 1) if charging is allowed
only during low-demand periods (valley filling). The presence of a PV plant allows for a
larger EV fleet to be accommodated with relatively good quality of service, since the excess
energy required for EV charging is supplied by the PV plant.

If a predefined time interval for charging is set, e.g., 23:00–7:00 (test case 1b), a large
number of EVs will either be charged below the upper SOC limit or will not be charged
at all (Table 1) if the average demand level μ, above which charging is not allowed, is not
increased. Therefore, setting time restrictions for EV charging overnight is not advisable,
especially when PV energy is available during the daytime.

In the second case, both peak shaving and valley filling services are offered with
random EV mobility patterns. EV users, reacting to signals or pre-announced pricing
options, may charge their EVs anytime during low-demand periods and discharge to the
grid anytime during high-demand periods, but they are not allowed to do the opposite.
Valley filling is achieved at merely 7% and 19% EV penetration for the winter and summer
periods, corresponding to 25 and 100 EVs, respectively, which are reasonable numbers for
the size of the island. Peak shaving, on the other hand, is not easily attainable due to the
small number of EVs and the resulting storage capacity. In the wintertime, the available
energy in EV batteries is not enough to both cover the EV owners’ needs and offer services
to the grid. In the summertime, the larger EV fleet allows some flexibility for peak shaving,
with the maximum observed from 10:00 to 14:00 h, for N = 100 EVs; the demand peak is
decreased by 6% of the original peak and the corresponding energy fed into the power grid
is 0.10 MWh. The power supplied by a PV plant allows for more EVs to be accommodated
and the flexibility offered by the EV storage is enhanced.

In the third test case, the EV fleet is divided into two subgroups, one with a random
mobility pattern and one with a predefined mobility pattern. Valley filling is achieved
at 15% and 19% EV penetration for the winter and summer periods, respectively. In the
summertime, the larger EV fleet allows for some peak shaving, similar to the second
test case.

To facilitate V2G services, the strategy proposed in the fourth test case was designed:
EVs are fully charged overnight when demand is low in order to increase the EV capability
for peak-shaving services when demand is higher. The potential for peak shaving is higher
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in the summer case, since a total of 0.47 MWh may be offered to the grid when N = 250.
The maximum power shaved is 0.18 MW, which amounts to 20% of the peak demand. The
flexibility for V2G services is significantly enhanced when PV generation is available.

For the case of an autonomous grid with low mobility and a restricted road network,
such as the one studied here, the EV penetration level for optimum flexibility management
is determined mainly by the difference between the low- and high-demand values of the
demand profile.

In any case, the electricity required to charge the EVs increases the power that needs
to be supplied by the island’s fossil-fueled APS. However, replacing conventional cars by
EVs and shaping the demand curve through valley-filling and peak-shaving operations
partly counterbalances the environmental footprint of the increased APS supply.

On the road towards “green” islands, in order to phase out the local fossil-fueled
power plants in favor of RESs, it is necessary to complement any RES generation with
electrical storage. Except from absorbing any excess energy, electrical storage may be used
to effectively shape the demand curve and minimize the energy required from the APS,
leading to additional fuel and CO2 emissions savings. However, the storage offered by EVs
increases the demand and does not suffice for effective V2G services, but an appropriate
charging and, when possible, discharging schedule may optimize the overall electricity
demand profile.

For the case studied here, in the absence of EVs, a PV plant significantly reduces the
power that needs to be supplied by the APS during daytime. However, in the evening
hours, the APS must ramp up significantly to meet the high demand. In the presence
of EVs, charging may be used to flatten the demand curve around a given value, thus
allowing a more efficient operation of the APS even if it needs to generate more energy.
The energy supplied by the PV plant contributes further towards that direction, favoring
peak shaving and increasing the flexibility offered by the EV storage.

Based on the above results, a plausible strategy for EV charging and V2G services
on non-interconnected islands is to either issue recommendations and price signals to EV
users, using hourly forecasts and a tool such as the one depicted in Figure 17, or design
daily schedules for EV charging and V2G services using day-ahead load forecasts and a
tool such as the one shown in Figure 18.

Figure 17. Genetic algorithm for online operations.

Figure 18. Genetic algorithm for offline operations.
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These may be applied to all EV users regardless of their profile or, when profiling is
possible, they may be adjusted to respective profiles’ mobility patterns in order to enhance
the impact of demand–response mechanisms.

The last part of the discussion is dedicated to the GA developed for this work. It has
been designed so that it can be used in both an online and offline mode. In the online mode
(Figure 17), it receives a signal from the grid every time a car is connected to it for charging
or discharging (V2G) and retrieves all required data, such as SOC, energy balance and
other grid-related data, from the EV battery controller and the energy management system
linked to the grid. In future versions, the GA will be coupled to power flow equations and
will be more detailed, AI-based and data-driven SOC models will be used. The output
of the GA is signals to the driver and/or the EV battery controller, for fully automated
systems, and data to the energy management system.

In the offline mode (Figure 18), the GA may be used to run simulations and design
charging strategies and pricing schemes for the management of a given fleet of EV cars
using next-day load forecasts or other data available in the database.

An overarching remark for the microgrid studied in this work is that increasing the
EV fleet can offer more flexibility for demand-side management, but ultimately, the EV
penetration levels should be subject to the mobility needs of the island and not the energy
management system operations. In other words, the size of the EV fleet is limited by the
population and size of the island itself. Moving towards carbon-free islands, electromobility
relying on private or rental cars should not be encouraged. Instead, a strategy of small-scale
mass electromobility [3], e.g., offered through frequently running minibuses, should be
designed, which would serve both the locals and the visitors. In that case, the charging
strategy would need to adjust accordingly, since the routes and charging schedules could
be co-optimized as in [27].

7. Conclusions

The flexibility offered by an EV fleet on a Greek non-interconnected island in the
Aegean Sea has been studied using a genetic algorithm to shape the demand curve and
reduce the energy required of the autonomous power plant of the island. The EV flex-
ibility is managed by an intermediate entity, e.g., an aggregator, or an energy manage-
ment system linked to the distribution grid, which issues signals to EV owners or the EV
battery controller.

Two operations were studied: charging for valley filling and discharging to the grid for
peak shaving. The optimum size of the EV penetration which corresponds to the number
of EVs participating in these two operations has been determined for four test cases with
various mobility and charging patterns. Two demand curves have been examined: one for
a winter day and one for a summer day, which typically has a much higher demand due to
the influx of tourists.

The simulations show that time limits do not lead to better valley-filling services.
Instead, more dynamic charging/discharging schemes are encouraged. The use of EVs
as flexible loads and storage can flatten the demand curve, but peak shaving requires
higher EV penetration levels so that the EVs have enough energy stored to also offer to
the grid. The flexibility services depend on the size of the EV fleet. However, a larger
EV fleet increases the total daily energy required. A PV plant allows for higher EV pen-
etration levels and increases the peak-shaving capacity and flexibility for demand-side
management operations.

Ultimately, the size of the EV fleet is subject to the mobility needs on the island and
is, therefore, limited by the population and size of the road network itself. A strategy
for optimum electromobility using small-scale mass transportation, such as frequently
running minibuses with co-optimized routes and charging/discharging schedules, as part
of a holistic approach towards “green” islands will be studied next. Certain assumptions
made will be relaxed in future works to allow for the effect of time-dependent charging,
pricing signals, battery degradation as well as uncertainties introduced by the stochastic
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nature of RESs to be studied. Load forecasting will be coupled to the genetic algorithm
presented here in order to develop a tool for the design of charging schedules.
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Abstract: Battery-powered electric mobility is currently the most promising technology for the
decarbonisation of the transport sector, alongside hydrogen-powered vehicles, provided that the
electricity used comes 100% from renewable energy sources. To estimate its electricity demand
both nationwide and in individual smaller communities, a calculation based assessment on driving
profiles that are as realistic as possible is required. The developed model based analysis presented
in this paper for the creation of driving and thus electricity load profiles makes it possible to build
different compositions of driving profiles. The focus of this paper lies in the analysis of motorised
private transport, which makes it possible to assess future charging and load control potentials in a
subsequent analysis. We outline the differences in demand and driving profiles for weekdays as well
as for Saturdays, Sundays and holidays in general. Furthermore, the modelling considers the length
distribution of the individual trips per trip purpose and different start times. The developed method
allows to create individual driving and electric vehicle (EV) demand profiles as well as averaged
driving profiles, which can then be scaled up and analysed for an entire country.

Keywords: motorized private transport; electric mobility; modelling electricity demand; driving
patterns; battery electric vehicle; electricity demand profile

1. Introduction

The energy transition is widely seen as a shift in the energy sector from fossil-fuel
towards renewable energy sources. Therefore, it is clear that all sectors and especially
the transport sector also need to be decarbonised. Battery-driven electric mobility, along
with hydrogen-powered vehicles, currently are the most promising technologies for the
decarbonisation of the transport sector, as long as the electricity used is generated from
100% renewable energy sources. However, in the future, it will be necessary to rely, not only
on a technological change, but also on alternative transport concepts, a different modal
split, and public transport to achieve the emission targets, and avoid further congestion
on the roads. Nevertheless, private transport will continue to represent a large share
of the traffic volume in the future. The share of electric vehicles, which include battery
electric vehicles (BEVs) and plug-in hybrid electric vehicles (PHEVs), is increasing steadily
in the EU. While, in 2010 only 700 electric vehicles were newly registered, this figure
increased to 550,000 vehicles in 2019. However, this still only represents a 3.5% market
share of newly registered passenger cars of which about 2% were BEVs and 1% were
PHEVs. The frontrunners in new registrations are Norway with 56% electric vehicles as
measured by total newly registered vehicles, followed by the Netherlands with 18.53%
and Iceland with 16.06%. Austria is in the middle of all EU countries with 3.43% of newly
registered electric vehicles [1]. Regardless of current growth rates, a study by Eberhard and
Steger-Vonmetz [2] outlines that, by 2050, the entire vehicle fleet in Austria will be electric.

To estimate the electricity demand that goes along with the substitution of fossil
fuel-based private motorised transport with battery-driven electric mobility analysis on
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both, nationwide scale and in individual smaller municipalities, appropriate modelling
requires reliable data regarding the driving behaviour.

This paper shows a method for estimating the actual demand profile of individual
traffic at various detail levels. To provide optimal solutions for the interaction of EVs with
the electricity grid it is important to design effective charging strategies.

These need some knowledge on driving behaviour. The core objective of this paper is
to model driving patterns and electricity demand profiles of (future) electric mobility based
on a survey on current mobility behaviour in Austria. Typical starting times, path lengths
and trip purposes are considered. It also takes into account the differences in mobility
behavior between weekdays and Saturdays and Sundays. Regional distribution of electricy
demand caused by electric mobility, as well as effects of e-mobility on the electricity grid
are not the focus of this paper. Also, the analysis of the electric vehicle charging behavior
itself is not part of this paper.

Since e-mobility has played a significant role in discussing climate-friendly transport
for quite some time [3,4], there is a broad selection of literature available dealing with
different approaches to model BEV load and charge profiles.

Daina et al. [5] analyse different methodologies to model load and charge profiles of
electric mobility. The models are categorized according to the time scale of the electric
vehicle (EV) usage patterns and according to significant methodological differences that
are applied. The modelling is broken down into travel statistics models, which are based
on data from conventional vehicles. Further classifications range from activity-based
approaches as daily or multi-day profiles derived from differences in lifestyle and activities
to Markov Chain models. A Markov model is a stochastic model used to model changing
systems randomly. It assumes that future states only depend on the current state, not on
the events that occurred before. Considered states of a vehicle can include driving, parking
in a residential area, parking in a commercial area and parking in an industrial area. The
authors conclude that there is an urgent need to develop new modelling frameworks to
take into account both, long-term strategic decisions of consumers and short-term decisions
on EV use, as well as the design of price and non-price incentives for behavioural change.
Activity-based modelling offers an attractive starting point to achieve this goal.

The paper by Pareschi et al. [6] deals with the question whether travel surveys provide
a good basis for modelling EV driving patterns. The paper shows that existing Household
Travel Surveys (HTS) and other travel diaries usually provide sufficiently accurate and
abundant empirical information. However, they state that there is more uncertainty
regarding the future role of EVs and critical parameters in the analysis like charging losses,
charging rates and powertrain design. The paper concludes that conventional HTSs are a
suitable basis to generate EV insights with some critical parameters to be considered.

A further Markov chain tool to estimate EV charging behaviour is presented by Sokorai
et al. [7]. This tool enables the modelling of the stochastic nature of a charging station’s
day-to-day usage if precise datasets of the driving behaviour are available. In addition,
a case study to verify the algorithm is conducted. This study concludes that if adequate
datasets on travel patterns with appropriate PEV statistics and real probability values are
available as a model input, the algorithm can provide valuable stochastic information
about electricity consumption at a given location.

Other papers based on the methodology of the Markov chain are presented by Schlote
et al. [8] and Fischer et al. [9]. This paper presents a stochastic bottom-up model to evaluate
the impact of EV’s on load profiles at different parking places and their potential for load
management systems. This paper also considers socio-economic, technical and spatial
criteria that influence the charging of electric vehicles. The model is used to analyse the
effects of uncontrolled charging of EVs on the load profile of households. They find that
uncontrolled charging causes a peak load increase up to a factor of 8.5 depending on the
charging infrastructure.

The work carried out by Hu et al. [10] investigates the challenges that EVs add to the
electricity grid at different penetration levels, taking into account the uncertainties caused
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by the stochastic charging and discharging behaviour. To cope with these uncertainties, a
Monte Carlo-based simulation is used to generate EV charging and discharging profiles.
The results in this paper show that the specific electricity grid studied can accommodate a
high penetration of EVs by limiting charging to off-peak times. Lojowska et al. [11] also
propose a Monte Carlo-based methodology in their paper for estimating the demand for
electric vehicles based on a stochastic approach to modelling transport patterns. The focus
of this paper is on the scenario of mainly domestic charging availability. The Monte Carlo
simulation was performed for 1000 EVs and then scaled to a region with one million EVs.
The authors conclude that total demand can increase if there are no incentives to spread
the charging demand of EVs.

The work of Paevere et al. [12] presents a methodology to obtain spatial and temporal
projections of the retail electricity demand of EVs, their load shift potential and the impact
on household peak loads. The paper focuses on the territory of the State of Victoria,
Australia and discusses differences in the potential for EV diffusion in different regions. In
addition, regional statistics are used for the length of trips and arrival times and on this
basis, EV charging and discharging is calculated. They conclude that the form and extent
of EV demand profiles are subject to geographical variations. Areas where commuting is
dominant generally have higher peak load demand, due to relatively longer trip distances
and less diversity in home arrival times.

An agent-based approach using the established modelling tool NetLogo is applied
in the paper of Chaudhari et al. [13]. The aim is to closely mimic the human aggregate
behaviour and its influence on the electricity demand due to EV charging. The model
implemented in this paper simulates and defines each EV by its charging characteristics,
mobility behaviour and vehicle type. This creates an environment in which decision-
making and various circumstances are taken into account to predict the charging behaviour
of individuals as well as groups. The simulations in this paper were performed over a
period of 24 h and for several days. The individual and total power demand of electric
vehicles were determined for different scenarios. In addition, this model should allow
for both commercial and private EVs with their different driving purposes. The authors
conclude that the results highlight the practical applicability of the ABM-based approach
to calculate the charging demand of EVs. Another agent-based approach to estimate EV’s
charging demand is outlined by Lee et al. [14]. In this paper, an agent-based EV model is
evaluated against real data observed during the “My Electric Avenue” project. The main
finding is that, within the constraints of the available trial data, the agent model is able to
replicate dominant charging pattern features.

Forecasting the electricity demand of EV’s is performed in the work by Moon et al. [15],
Lopez and Fernandez [16], as well as in Cama-Pinto et al. [17] and Zhang et al. [18]. The
latter was conducted for autonomous vehicles. Forecasting electricity demand using big
data technologies is discussed by Arias and Bae [19]. Furthermore, charging EV’s in the
smart city [20] and an empirically validated methodology to simulate electricity demand
for electric vehicle charging are outlined in [21].

A user equilibrium model is discussed in [22]. In this paper, an approach is proposed
that extends the User Equilibrium (UE) principle in order to determine, besides the flow
over the network links, the service requests from the drivers to the various service stations.

In addition, there are several related publications that deal with similar topics. On-
road charging of electric vehicles [23] using Contactless Power Train (CTP) where the
total power demand for all the passing-by vehicles using the system is calculated and the
possibility of powering the EVs directly from renewable energy sources is discussed. In [24],
the optimal schedule of the charging behaviours of EVs with distinct energy consumption
preferences in Smart Communities (SC) is outlined. In this paper, the authors propose a
contract-based energy blockchain for secure EV charging in SC. An agent-based approach
is proposed in [25] and discussed for EV deployment policies in Luxembourg. Day ahead
bidding strategies for electric vehicle aggregators in uncertain electricity markets are
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outlined in [26], while in [27], the effects of electricity prices on the integration of high
shares of photovoltaics are analysed.

The paper by Ramsebner et al. [28] directly builds on the methodology of this paper.
The disaggregated demand profiles, as well as driving and parking times, were used as
input for a linear optimisation model. This optimisation model aims to charge electric
vehicles in a cost-optimal way, taking into account the SoC and considering different
charging strategies.

As can be seen from the literature described, there are many different ways to model
the demand and charging behaviour of electric mobility. Depending on the application
and the systemic framework on micro or macro level, the models are able to answer a
broad range of research questions. As already concluded in [5], modelling the driving
behaviour of electric mobility on the basis of traffic surveys is agreed to be quite useful and
sufficiently accurate. Therefore, the methodology presented in this paper is appropriate for
our objectives and is also applied in the Urcharge project.

The main contribution of this paper lies in the transparent and straightforward mod-
elling of load profiles, the easy calibration for different mobility behaviour, based on traffic
surveys and in the high time resolution of the load profiles as a quarter of an hour.

The proposed methodology makes it possible to generate demand patterns for indi-
vidual vehicles, different driving purposes but also for an aggregated average demand
pattern including all driving purposes, which are scalable according to the share of EV’s
in a region or in a whole country, in this paper, demonstrated by the example of Austria.
Furthermore, different regional parameters can be applied to analyse demand patterns in
different seasons or to distinguish between urban and rural areas. In addition, various
distributions of routes and travel times within the driving purposes, as well as the mix
of driving purposes on weekdays and weekends are taken into account. By focusing on
individual vehicles and driving purposes, a holistic bottom-up analysis can be carried out
on an aggregated level. The methodology presented in this paper strictly distinguishes
between driving demand profile and charging profiles. The latter will not be discussed
further in this paper. The strict separation between the generation of demand profiles and
a subsequent generation of charging profiles allows the analysis of the effects of different
charging management approaches. For example, uncontrolled charging, cost-minimized
charging via a linear optimization model and corresponding pricing or the evaluation of
load shifting potentials on different levels of aggregation.

The remainder of this paper is organized as follows. In Section 2, we introduce the
methods of modelling the stochastic distribution of starting times as well as path lengths
according to the trip purpose. Furthermore, we present the assumptions on the electricity
consumption in winter and summer seasons as well as the composition of trips on different
types of days. Section 3 shows model results and differences between driving purposes
and between individual demand profiles and average demand profiles. Section 4 discusses
and concludes the paper.

2. Materials and Methods

Basically, the model is developed to analyse individual demand profiles on the one
hand and aggregated or average load profiles on the other hand to estimate the electricity
demand by EVs.

The fundamental procedure for creating an average load profile that can be scaled
up to a municipal and countrywide level is described in Figure 1. First of all, the start
times of the outward and return journey are calculated on a daily basis for different
driving purposes, see Table 1, whereby, a minimum time between these two times is spec-
ified, in order to guarantee a certain parking time. These start times are then assigned
to different routes associated with route times and assumed grid-to-wheel consumption
based on the calculated distance per route. The daily starting times and the resulting
consumption are compiled into an annual driving profile. The calculation of the an-
nual profiles is carried out in quarter-hourly resolution. This results in a vector of the size:
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35,040 (24 h/day × 4 quarter hours/hour × 365 days) × number of calculated
vehicles × number driving purposes (eight for the case of Austria) (see Figure 2).

Figure 1. Fundamental methodology for creating detailed, as well as an average electricity demand
profile for EV’s.

Table 1. Driving purpose and type of the day used for modelling e-mobility demand pattern.

Weekday Saturday Sunday

To the workplace/commuter
Drop-off and pick-up routes

Leisure
Business
Shopping

Visit
School/Education

Errand

This vector could then serve as input for a subsequent linear optimization model,
which aims at charging the vehicles at minimal cost. The electricity demand at each time
step is combined to an average total load profile based on the shares of the individual
driving purposes, resulting in a vector of 35,040 time steps and x number of EVs. Finally,
an average load profile is calculated across the number of vehicles, which can then easily
be scaled with the EV penetration rate assumed. If the consumption of individual driving
purposes is to be analysed, this can be done before averaging and by restricting the
consumption vector.
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Figure 2. The resulting demand matrix considering a time resolution of a quarter of an hour, X
driving purposes and N vehicles.

2.1. Differentiation between Driving Purpose and Type of the Day

In order to generate load profiles for Austria, we use the latest traffic survey from
2014 [29]. This traffic survey examined and recorded the entire mobility behaviour for
Austria divided into urban and non-urban regions. In addition, a distinction was made
between working days, Saturdays and Sundays and seasonal differences. The study
shows that in Austria about 104 billion kilometres are driven per year, with motorised
private transport accounting for about 76 billion kilometres. Public transport represents
approximately 21 billion kilometres, with 11 kilometres covered by railway. Pedestrian and
bicycle traffic sum up to about 4 billion kilometres.

For the calculation of demand profiles for Austria, we assume that the essential
parameters such as starting times, distance travelled and the parking times for e-mobility
do not change significantly and use the following data and estimations for motorised
individual transport to model the demand profiles.

According to the study [29], the following driving purposes are used for modelling,
see Table 1:

As outlined in Table 1, eight driving purposes have been identified for Austria in
general. The composition of the total trips from these eight driving purposes is different
for weekdays, Saturdays, Sundays and public holidays, as shown in Section 2.4.

2.2. Stochastic Distribution of Starting Times

The different driving purposes also show different distributions of the start times,
which have to be considered in the modelling. Figure 3 shows the start time distribution of
the respective trip purposes for the outward and return journey, which are modelled as
Gauss curves in a next step.
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Figure 3. Distribution of starting times for outward and return journey and for different driving
purposes. Reproduced from [29], Bundesministerium für Verkehr, Innovation und Technologie: 2016.

We use the Gauss distribution for a simple reproduction of the start time distribution
for both the outward and return paths. For an even more precise reproduction of the curves,
a superposition of several Gauss curves can be used.

The Gauss distribution is defined in Equation (1),

f (x|μ, σ2) =
1√

2πσ2
e−

(x−μ)2

2σ2 , (1)

using the variables:

μ Average value
σ2 Variance
x Random value

As illustrated in Figure 4 for commuters, the actual distribution of starting times
depends strongly on the number of vehicles calculated. The more vehicles are calculated,
the more the starting times actually match the applied distribution. For a realistic represen-
tation of the distribution in an overall load profile, a relatively large number of vehicles
must therefore be calculated per trip purpose. With a time resolution of a quarter of an
hour and a calculation of 1000 vehicles (representing 1000 battery storage systems with
different State of Charge (SoC)) per driving purpose, this results in—35,040 (time steps per
year) × 1000 (vehicles) × 8 (driving purposes)—over 280 million calculation points.
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Figure 4. Modelling of starting times using Gaussian distributions for different numbers of vehicles.
Comparison of perfect Gaussian curve (green line) and reproduction with different number of vehicles
(blue) from top left to bottom right (a–d): 10 vehicles, 100 vehicles, 500 Vehicles, 1000 Vehicles.

Just as for commuters, for all other driving purposes, mean value and variance or
standard deviation are defined to determine Gauss distributions for the start times of the
outward and return journey. The derived parameters are listed in Table 2. The mean start
time is given as a time of the day, in the model this time as well as the variance is converted
into quarter-hourly values. For example, 6 a.m. is converted to the 24th quarter-hour value
of the day (6 h × 4) and a standard deviation of 2.4 h is rounded to 10 quarter-hours.

Table 2. Expected value and variance of the norm distributions of the start times of the individual
routes per driving purpose.

Driving Purpose Route One Route Two

To the workplace/Commuter μ = 7 : 30 am
σ = 1 h

μ = 4 : 00 pm
σ = 2.88 h

Drop-off and pick-up routes μ = 8 : 00 am
σ = 0.75 h

μ = 3 : 30 pm
σ = 2.88 h

Leisure μ = 10 : 00 am
σ = 2.5 h

μ = 7 : 00 pm
σ = 1.5 h

Business μ = 10 : 00 am
σ = 1.5 h

μ = 3 : 00 pm
σ = 3.13 h

Shopping μ = 10 : 30 am
σ = 1.5 h

μ = 5 : 00 pm
σ = 2.5 h

Visit μ = 11 : 00 am
σ = 2 h

μ = 5 : 30 pm
σ = 4.25 h

School/Education μ = 8 : 00 am
σ = 1.5 h

μ = 3 : 30 pm
σ = 4.25 h

Errands μ = 10 : 30 am
σ = 1.5 h

μ = 4 : 00 pm
σ = 2.5 h
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2.3. Distribution of Driving Distances

In order to take into account the fact that not all trips are of the same length, we also
introduce a statistical distribution of the distances travelled depending on the purpose of
the trip, based on the original data.

The analysis of the empirical data results in different distributions of the distances
travelled depending on the purpose of the trip and the day of the week. For the sake
of simplicity, all trips per purpose of the trip were summarised and analysed according
to their distribution, regardless of the type of the day. To reproduce the distribution as
precisely as possible, the distances were divided into 200 classes of 1 km each, see Figure 5
as an example for the distribution of trip lengths for commuter traffic.

Figure 5. Probability function and distribution function for the purpose “to the workplace/commuter”
Reproduced from [29], Bundesministerium für Verkehr, Innovation und Technologie: 2016.

The actual length of each route per driving purpose was then based on the class
average. For the class between zero and one kilometre for example the actual length is
0.5 km. The maximum driving length was limited to 200 km because the analysis of the
data showed that only few trips (e.g., 0.16% in the case of commuters) exceeded 200 km.

Since the discrete distribution of the trip lengths was determined, the multinomial
distribution was chosen as a function to model the statistical allocation of the trip lengths
to the individual daily trips.

The multinomial distribution is a generalisation of the binomial distribution. If
mutually exclusive results are possible for a random process m and the random process is
repeated n times independently, the probabilities can be calculated using the multinomial
distribution. Each possible event x1, . . . , xk has a probability of occurrence of p1, . . . ,
pk. The probability of the occurrence of a certain distance is known. The n-repeats are
recalculated for each day according to the number of cars. In this way, each trip gets
assigned to a random length according to the distribution.

The multinomial probability distribution is defined as follows; see Equation (2),

f(n1, . . . , nk|N; p1, . . . , pk) =
n!

n1! . . . nk!

k

∏
i=1

pni
i ,

k

∑
i=1

ni = n ,
k

∑
i=1

pi = 1 (2)

n Number of vehicles
k Number of path length
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p Probability of occurrence of path length

According to the study, the average annual distance travelled by car is 13,300 km/a.
With an average distance of 16 km for individual motorised traffic per trip, this means that
an average of 2.28 trips are made per day.

Since we assume only 2 trips per day in the modelling, the return path is assigned
the same distance as the outward path. This results in an average length of 16 km across
all driving purposes. In order to be able to represent the average driving performance of
13,300 km per year, the average annual route length and thus all route lengths need to be
scaled up by a factor of 1.14.

2.4. Share of Driving Purposes on Overall Trips

Although the driving purposes and start times remain the same for working days,
Saturdays, Sundays and holidays, the respective shares vary considerably. For example,
the share of commuter traffic on the overall trips on a working day is much higher than on
a Saturday or even a Sunday or public holiday. This shift in the shares of driving purposes
results in different demand profiles for weekdays, Saturdays, Sundays and holidays.

In order to calculate the respective shares of the driving purposes, one must first
consider the total routes for all transport modes and then break them down to motorised
individual traffic, which, however, is not outlined directly in the statistics.

Based on the number of trips per trip purpose from Table 3, the average trip length of
16 km for motorised private transport is used to calculate the kilometres travelled per day.
However, since the trips are only partially covered by private motorised transport, the total
distance covered per day must be aligned with the respective shares, see Table 4, in order
to be able to derive the kilometres driven per day, see Equation (3). As the traffic-survey
does not show whether the distribution differs between Saturdays, Sundays and holidays,
the same distribution as on working days is used for the calculation of kilometres travelled.

D = N × s × l (3)

D Distance travelled by vehicle and day [km]
N Total number of trips completed per day [1]
s Share of motorised individual traffic in total number of trips travelled [1]
l Average distance travelled per trip by motorised individual traffic [km]

Table 3. Number of total routes and share of driving purposes in total route.

Trip Purpose Working Day Working Day Saturday Saturday Sunday Sunday

Share of total
trips [%] Number of trips Share of total

trips [%] Number of trips Share of total
trips Number of trips

Total trips/day 100 22,090,000 100 19,851,000 100 14,885,000
of which

To the work-
place/Commuter 26 5,743,400 7 1,389,570 5 744,250

Drop-off and
pick-up routes 7 1,546,300 5 992,550 5 744,250

Leisure 15 3,313,500 29 5,756,790 47 6,995,950
Business 5 1,104,500 2 397,020 2 297,700
Shopping 16 3,534,400 29 5,756,790 3 446,550

Visit 8 1,767,200 15 2,977,650 26 3,870,100
School/Education 8 1,767,200 0.5 99,255 0.5 74,425

Errands 13 2,871,700 12 2,382,120 11 1,637,350
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Table 4. Kilometres per day and respective share of motorized individual traffic on total trips.

Trip Purpose Working Day Working Day Saturday Saturday Sunday Sunday

Share of
motorised
individual

transport in
total trips [%]

Distance [km]

Share of
motorised
individual

transport in
total trips [%]

Distance [km]

Share of
motorised
individual

transport in
total trips [%]

Distance [km]

Kilometres/day
individual
transport

162,299,648 137,003,662 95,537,884

of which

To the work-
place/Commuter 60 55,136,640 60 13,339,872 60 7,144,800

Drop-off and
pick-up routes 67 16,576,336 67 10,640,136 67 7,978,360

Leisure 30 15,904,800 30 27,632,592 30 33,580,560

Business 70 12,370,400 70 4,446,624 70 3,334,240

Shopping 45 25,447,680 45 41,448,888 45 3,215,160

Visit 45 12,723,840 45 21,439,080 45 27,864,720

School/Education 9 2,544,768 9 142,927 9 107,172

Errands 47 21,595,184 47 17,913,542 47 12,312,872

From the distribution of kilometres per driving purpose for individual traffic, the
shares of the respective driving purpose are deducted, see Table 5. In the end, these shares
serve to generate an average demand profile for one vehicle.

Table 5. Share of driving purposes in the total routes of motorised individual traffic in %.

Trip Purpose Working Day Saturday Sunday

Share of individual transport per day 100.0 100.0 100.0
of which
To the workplace/Commuter 34.0 9.7 7.5
Drop-off and pick-up routes 10.2 7.8 8.4
Leisure 9.8 20.2 35.1
Business 7.6 3.2 3.5
Shopping 15.7 30.3 3.4
Visit 7.8 15.6 29.2
School/Education 1.6 0.1 0.1
Errands 13.3 13.1 12.9

As can be seen from Table 5, commuter traffic dominates on working days, followed
by shopping and private errands. On Saturdays, shopping dominates with over a third of
the trips made, followed by leisure trips and private visits. On Sundays, on the other hand,
leisure trips are at the top of the list almost the same as visiting trips. See also the graphical
visualization in Figure 6.
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Figure 6. Share of driving purposes in the total routes of motorised individual traffic,
graphical visualisation.

2.5. Electric Vehicle Consumption

The grid-to-wheel consumption of the vehicles in this paper is assumed to be the
same for all driving purposes and vehicles. Even if there certainly are differences in the
consumption of individual vehicles, as well as different routes, it seems justifiable for the
present modelling to assume these as average consumption, as this would also be averaged
in the large number of vehicles calculated. However, it is not the aim of this study to
analyse the consumption of different vehicle models. Nevertheless, we consider the fact
that consumption tends to be higher in winter than in summer as also outlined in the study
of the American Automobile Association (2019) [30] and Iora and Tribioli (2019) [31]. These
studies do not focus specifically on Austria, but on the differences in the electricity demand
of electric vehicles in summer and winter. Since, to the best knowledge of the authors, there
is no representative study for Austria, an average pattern was assumed, which is believed
to represent the climatic conditions and circumstances in the western federal provinces
with their alpine character, as well as in the eastern regions with a rather mild climate and
the different types of vehicles.

For this reason, consumption throughout the year is interpolated between a maximum
of 17 kWh/100 km in winter and a minimum of 15 kWh/100 km in summer, see Figure 7.

Figure 7. Development of EV grid-to-wheel consumption throughout the year. NOTE: For reasons of
visualisation, the y-axis was limited between 14.5 kWh/km and 17.5 kWh/km.
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3. Results

As already discussed in the previous chapters, this methodology provides an excellent
starting point to answer many different research questions, especially regarding optimal
load management. On the one hand, it is possible to analyse single trip purposes, single
vehicles, and groups of vehicles regarding their quarter of an hour, daily or yearly electricity
demand, driving distances, starting times, or even standing times at home or away from
home. On the other hand, it is possible to analyse average load profiles for specific trip
purposes, mixed trip purposes, and an average overall load profile that can easily be
scaled up for a whole region or country, in this case Austria. In the following chapter, the
modelling results are presented by means of individual and average load profiles. For this
purpose, 1000 individual vehicle demand profiles were created for each trip purpose.

3.1. Individual Demand Profiles versus Average Demand Profiles

From the methodology chapters, it is quite clear that the individual driving profiles
change in length per trip and the starting times, depending on the driving purpose. How
this affects load profile modelling is analysed in more detail in the following sections.

Annual aggregated and averaged model results based on the input data already
discussed show that the distances travelled and the annual consumption per trip purpose
vary enormously (see Table 6). The shortest distance of a single-vehicle is observed for
drop-off and pick-up routes with 5476 km/a, whereas the longest distance is observed for
business routes (23,674 km/a). The modelled average distance per trip of 16 km is precisely
in line with the study results [29]. The large number of vehicles calculated (1000) results in
a relatively good statistical distribution of both the start times and the trip lengths. The
annual consumption of individual vehicles varies between 690 kWh/a and 3711 kWh/a,
and the variation of annual consumption depends not only on the route length but also on
the different grid-to-wheel consumption in summer and winter. The average consumption
per trip is 3 kWh across all driving purposes.

Table 6. Model results for eight driving purposes considering the underlying 1000 randomly generated profiles.

Trip Purpose

Min.
Distance

of Vehicles
[km/a]

Max.
Distance

of Vehicles
[km/a]

Average
Distance

of Vehicles
[km/a]

Average
Distance
per Trip

[km]

Min.
Demand of

Vehicles
[kWh/a]

Max.
Demand of

Vehicles
[kWh/a]

Average
Demand of

Vehicles
[kWh/a]

Average
demand
per trip
[kWh]

to the work-
place/commuter 10,430 16,080 12,973 17.8 1627 2509 2032 2.79

drop-off and
pick-up routes 5476 9426 7246 10 854 1477 1135 1.56

Leisure 8422 14,750 11,338 15.6 1320 2315 1776 2.44
Business 13,600 23,674 18,228 25 2135 3711 2855 3.92
Shopping 4442 7234 5581 7.7 690 1134 874 1.2

Visit 9526 17,332 12,806 17.6 1497 2744 2006 2.76
School/Education 13,508 21,420 16,993 23.3 2113 3362 2662 3.66

Errands 6006 11,006 8152 11.2 942 1714 1277 1.75

Depending on the analysis and the kilometres driven, these results must be adjusted
or scaled to the respective regional conditions. In our case, as we will see later, we will
adapt these results specifically to Austria, also considering the type of the day as an input
parameter. Since we have simulated only 2 instead of 2.28 routes per day for simplicity,
there is a deviation in the average annual kilometres driven (11,665 km calculated vs.
13,300 km [29]), and thus, also in the annual average consumption. If individual vehicles are
to be analysed, it is possible, on the one hand, to select the vehicle (from the 1000 calculated)
that comes closest in terms of distance, or on the other hand, to scale it with the number
of kilometres required. If driving purposes are to be analysed more precisely, the average
demand profile must be scaled with the actual distance driven or the actual consumption.
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In the following, the results at vehicle level are compared to the mean value of the
total calculated vehicles per trip purpose. For reasons of clarity, only the “shopping routes”
and “business routes” are compared. In Figures 8 and 9, the green and blue lines represent
a vehicle’s consumption per day and year respectively. The orange line represents the
average value per 1000 vehicles per trip purpose. The y-axes on the left side represent the
demand of the individual vehicles while the y-axes on the right side of the graph represent
the average vehicle’s demand. The two individual vehicles were selected out of 1000 in
such a way that the vehicle with the overall lowest annual consumption (green line) and
the vehicle with the overall highest annual consumption (blue line) are evaluated in order
to get a feeling for the differences in the respective peaks and in the frequency of the peaks
that occur.

Figure 8. Electricity demand of two individual vehicles (green, blue) compared to the aver-
age demand of the respective trip purpose (orange) for an exemplary day. (a) business routes;
(b) shopping routes.

Figure 9. Electricity demand of two individual vehicles (green, blue on left axes) compared to the
average demand of the respective trip purpose (orange on right axes) for an exemplary year. (a)
business routes; (b) shopping routes.

The electricity demand during the trip is only assigned to one quarter of an hour
in the model. However, the previously calculated distance and the average speed of
60 km/h result in corresponding trip times of one minute per km. Together with the
electricity demand, the length of the journeys and the times when the vehicle is on the
road, the parking times at home and away from home are calculated and assigned to the
individual vehicles.

Figures 8 and 9 show how individual demand profiles and averaged demand profiles
behave within a day and over a year. The daily perspective shows that due to the distribu-
tion of the start times and the distribution of the path lengths, the averaged load profile
for a trip purpose has a significantly different characteristic than the individual vehicle. It
becomes clear that the peak load of a vehicle can be significantly higher than the peak load
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of an average load profile. The average load profile tends to follow a continuous load curve,
whereas an individual vehicle’s profile is limited to a few points in time during the day.
The peaks of individual vehicles at individual points in time are no longer as significant
in an average load profile. In addition, it can be seen that a vehicle with a low annual
consumption also has higher peak loads on some days than a vehicle with a generally
higher annual load profile due to the distribution of the path lengths, as compared with
Figure 8a. Figure 8 also shows that the heights of the peaks, as well as their occurrences,
can vary greatly. In the comparison between business trips and shopping trips, it becomes
clear that peaks are significantly higher in the business profile and also occur significantly
more frequently. This is also reflected in the average profile, which is significantly higher.
It is important to note that the current analysis does not take into account differences in
weekdays and weekends. These differences will be identified in the next section.

The advantage of disaggregated modelling of demand profiles lies precisely in the
fact that it is possible to extract any information about a vehicle at any time, e.g., current
consumption, driving, parked at home and parked away. No information about demand
peaks is lost. For subsequent precise analysis of the charging behaviour, a disaggregated
demand profile is necessary to be able to calculate the individual charging power at vehicle
level depending on the SoC of the battery and afterwards aggregate the total charging
power of a vehicle pool. This is difficult to do with an aggregated calculation because
the detail of the information is already missing and an average load profile only offers an
aggregated representation. However, it is not always necessary to provide all information
at a disaggregated level. It is not possible to include several 1000 individual EV demand
profiles per country in large energy system models. In such cases, it definitely makes sense
to use an aggregated profile.

3.2. Yearly Average Demand Profile for Austria Considering Different Types of Days

In Section 3.1, the different load profiles were presented based on the trip purpose
and on individual and average load profiles.

For the analysis of the electricity demand of many vehicles in urban sections, cities or
rural areas and on country level, it makes sense to create an average annual load profile,
which consists of all trip purposes. Since the shares of driving purposes differ for weekdays,
Saturdays and Sundays (see Section 2.4), the total demand profile also differs on these
types of days.

Figure 10 shows the consumption of an average day for the different trip purposes on
the left side individually and not specifically for weekday, Saturday and Sunday. In the
morning, school and commuter trip drop-off and pick-up routes dominate, which of course,
correlates with the selected start distribution and the path length distribution modelled
according to Figure 3. We now combine the individual distributions of the individual trip
purposes’ load profiles, taking into account the shares from Table 5 and obtain different
averaged load profiles for weekdays, Saturdays, and Sundays, see Figure 9b. Due to
commuter dominance with about 34% in the morning, there is an apparent increase on
weekdays compared to Saturdays or Sundays. As mentioned previously, the parking
times at and away from home are calculated at vehicle level based on the start times and
route lengths. This information is required to know when and for how long the vehicle
is available for subsequent analyses regarding the charging management of individual
vehicle groups.
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Figure 10. Average day for an average vehicle for all driving purposes; and (a) average profile over
all driving purposes for weekday, Saturday and Sunday considering the respective share on overall
daily trips (b).

For the visualisation in Figure 11, however, an aggregated form of the parking times
was chosen to clarify how the entirety of the vehicles behaves concerning typical park-
ing times.

Figure 11. Simultaneity of parking times of the calculated vehicles for weekdays, Saturdays
and Sundays.

As can be seen in Figure 11, there are slight differences in the availability of vehicles
while parked at or away from home. On weekdays, there is a peak around lunchtime in
the simultaneity of vehicles parked away from home. The gradient is also slightly higher
than on Saturdays, Sundays and public holidays due to commuting. Especially in the
evening and at night, almost all vehicles are parked at home. As can be seen in Figure 10,
by summing up the curves at and away from home, the vehicles are parked mostly either
at home or away from home, e.g., at the workplace. Only very few times a day, the vehicles
are actually in motion.

The individual days’ composition into a continuous annual load profile leads to an
annual mileage of approx. 10,570 km/a, which is significantly lower than the mileage of
an average vehicle in Austria. Furthermore, it is also less than the average distance of the
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combined consideration of the different path purposes in Table 6. This can be explained by
the fact that the length distribution and the different shares of the path purposes in the total
profile compose different shares. Therefore, the length also deviates from the previously
calculated length where only an average of all path purposes was calculated. To create an
Austria-wide aggregated load profile and scale the load profile for different EV penetration
rates, this average load profile must first be calibrated to a travelled distance of 13,300 km.
Therefore the load profile is calibrated with the factor 1.26 (13,300 km/10,570 km), resulting
in the load profile in Figure 12.

Figure 12. Average load profile of an EV considering different driving purposes, weekdays and
calibrated to a distance of 13,300 km/a.

Based on this load profile, different scales can now be applied to answer different
(research) questions for different regions. From the authors’ point of view, the aggregated
model results serve mainly as input for system modelling where no detailed individual or
disaggregated analysis of demand or driving behaviour is required.

As already outlined, for detailed modelling of individual vehicles or vehicle networks’
charging behaviour, the disaggregated output of the model should serve as input for further
analyses. Such an analysis was implemented, for example, by Ramsebner et al. [28] where
the disaggregated demand profiles, as well as driving and parking times, were used as input
for a linear optimisation model. This optimisation model aims to charge electric vehicles in a
cost-optimal way, taking into account the SoC and considering different charging strategies.
To calculate this cost-optimal charging, a disaggregated, high-resolution demand profile is
needed as input, which was created by the methodology presented in this paper.

4. Discussion and Conclusions

The methodology, presented in this paper, aimed at modelling and calibrating high-
resolution EV demand profiles based on traffic surveys and at making these profiles
versatile in application. These demand profiles should then be available as input parameters
for energy system models.

The results presented show, that EV demand profiles can be created and evaluated
in high temporal resolution per vehicle and trip purpose or on aggregated level as an
average load profile. The advantage of the high resolution, disaggregated use of the load
profiles is primarily that the information about individual load peaks is maintained and
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that start, travel and arrival, and parking times can be mapped with quarter-hour accuracy.
In addition, the bottom-up approach has the advantage that a wide variety of aggregated
load profiles can be created, which is de facto not possible in the other direction.

In addition, the calibration and creation of these load profiles can be conducted with
other country or regional data. As we have seen, the decisive parameters are, on the one
hand, the starting times, the distribution of the trip lengths, and, on the other hand, the
shares of the different trip purposes among the trips per day. The more precise these data
are available, the better the reality can be reproduced in the load profiles.

In order to reproduce this methodology for other countries or regions, the following
data is required:

• A breakdown on the driving purpose as precise as possible
• Data on the starting times of the individual routes as accurate as possible
• Data on the distribution of trip lengths as accurate as possible
• Shares of trip purposes on different days

Alternatively, this data could be generated beforehand, or assumptions on average
trip lengths must be made. If the data on starting times cannot be modelled using Gaussian
distributions, for example, a different, e.g., discrete, distribution can be used to model the
trip lengths.

The division of the path lengths into path classes and their distribution must also
be adapted to the respective data situation. Often, only rugged ranges of the trip length
distribution are given in evaluations. In this case, the path class width, as well as the
path class centre must be adjusted accordingly and the trip length calculated accepting
higher inaccuracy.

In any case, it is important to analyse the data in advance in order to choose the right
type of distribution and to assess possible limitations of accuracy due to assumptions
and data inaccuracies. The computing time and computing capacity must be taken into
account. This means that it is not always possible and reasonable to calculate 1000 vehicles
per trip purpose to resolve 35,040 time steps. The high time resolution as well as the
amount of vehicles results in more than 280 million data points that have to be calculated.
This may be necessary and feasible for the calculation of an average load profile. On a
disaggregated level, for example in a subsequent linear optimisation model, the calculation
of so many data points, however, reaches the limit of the computational capacity. When
simultaneously calculating the cost-optimal charging of 8000 storage units with different
SoC’s and a resolution of 35,040 time steps, taking into account additional constraints, the
calculation time can be exorbitantly high or no solution to the problem can be found. In
particular, two things have to be considered before selecting the appropriate method. What
purpose do the created demand profiles serve and what data is available. Furthermore, the
quality of the input data plays an important role. Depending on the type and accuracy of
the available data, the methodology presented here can directly be used. The probability
that not all data are available on this level of detail for every analysis is high, and thus, in
the case of any data gaps, corresponding assumptions or simplifications must be made, for
example concerning the start times or the path length distribution.

Finally, it can be concluded that in order to develop effective charging strategies to
reduce the pressure on the electricity grid and to effectively use renewable generation,
electrical load profiles for EVs are needed. The methodology presented in this paper
provides an excellent opportunity to establish such demand profiles on different levels
of detail. Based on this paper, we find a need for future research in the consideration of
plug-in hybrid vehicles, different charging strategies, as well as Vehicle to Building (V2B)
and Vehicle to Grid (V2G) applications, to achieve an optimal integration of electro mobility
into the energy system and use the available flexibility options efficiently.

External effects that would also change user behaviour were not taken into account in
this paper. However, it is evident that the Covid pandemic and the associated lockdowns,
for example, have changed mobility behaviour. This is perhaps less true for the distribution
of starting times than for the average distances and lengths of trips. Due to lockdown

302



Energies 2021, 14, 1577

restrictions, many people switched to home office, and commuters drive to work less
frequently. Private visits and shopping trips are also limited. If one also assumes that the
modal split will change in the future and public transport will be increasingly expanded
and incentivised, the average distances travelled by car will tend to shorten. This will lead
to a general reduction in peak loads for EV electricity demand, fewer kilometres driven,
and a subsequent reduction in annual electricity demand.
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Katarzyna Turoń 1,* , Andrzej Kubik 1,* and Feng Chen 2

��������	
�������

Citation: Turoń, K.; Kubik, A.; Chen,

F. Electric Shared Mobility Services

during the Pandemic: Modeling

Aspects of Transportation. Energies

2021, 14, 2622. https://doi.org/

10.3390/en14092622

Academic Editor: Robert H. Beach

Received: 2 February 2021

Accepted: 30 April 2021

Published: 3 May 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Department of Road Transport, Faculty of Transport and Aviation Engineering,
Silesian University of Technology, 8 Krasińskiego Street, 40-019 Katowice, Poland
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Abstract: The global spread of the COVID-19 virus has led to difficulties in many branches of the
economy, including significant effects on the urban transport industry. Thus, countries around
the world have introduced different mobility policies during the pandemic. Due to government
restrictions and the changed behaviors of transport users, companies providing modern urban
mobility solutions were forced to introduce new business practices to their services. These practices
are also apparent in the context of the electric shared mobility industry. Although many aspects and
problems of electric shared mobility have been addressed in scientific research, pandemic scenarios
have not been taken into account. Noticing this research gap, we aimed to update a previously
developed model of factors that influence the operation of electric shared mobility by incorporating
aspects related to the COVID-19 pandemic and its impact on this industry. This article aims to identify
the main factors influencing the electric shared mobility industry during the COVID-19 and post-
lockdown periods, together with their operation areas and the involved stakeholders. The research
was carried out on the basis of expert interviews, social network analysis (SNA), and the use of
the R environment. The article also presents sustainable transport management recommendations
for cities and transport service operators, which can be implemented after a lockdown caused by
an epidemic. The results in this paper can be used to support transport modeling and the creation
of new policies, business models, and sustainable development recommendations. The contents
will also be helpful to researchers worldwide in preparing literature reviews for articles related to
sustainable management in the COVID-19 pandemic reality.

Keywords: COVID-19 pandemic; electric mobility; transportation modeling

1. Introduction

The spread of the SARS-CoV-2 virus has significantly influenced users of transport
services. With the threat posed by the pandemic, the number of trips has decreased
significantly, which has reduced the demand for transport. Data published by Apple
showed that fewer individuals requested travel options and directions to a given place
between the end of March and May 2020 compared with January, with the following
average decreases [1]:

• 54% in Italy,
• 51% in the United Kingdom,
• 8% in Germany,
• 14% in the United States of America.

The implementation of restrictions on public transport has significantly reduced its
use around the world. For example, in Poland, the number of available buses, trams,
and trains decreased by 50% [2]. In the United States of America and Germany, it decreased
by 34% and 42%, respectively [2]. These restrictions and fear of contracting the virus
from public transport have meant that society is much more inclined to choose a car for

Energies 2021, 14, 2622. https://doi.org/10.3390/en14092622 https://www.mdpi.com/journal/energies

305



Energies 2021, 14, 2622

everyday travel. Simultaneously, however, problems arose for service providers of vehicles
for shared transport, i.e., all forms of so-called shared mobility solutions (rental offices
that provide short-term rentals of different kinds of vehicles) and ride-sharing solutions
(such as Uber or Grab).

On the one hand, many residents who did not have private vehicles wanted to
use shared transport services; on the other hand, they were afraid to do so because of
sanitary and safety issues. There were also issues related to the approaches taken by
local and government authorities with respect to shared mobility vehicles. New mobility
service providers were forced to adapt their business practices to the new market situation.
Furthermore, these circumstances also had a strong impact on the shared electro-mobility
market. Some forecasts even indicated that the pandemic would end the development of
electric mobility and destroy practices in the field of sustainable urban mobility created
over the years [3,4]. As a result, there was considerable chaos worldwide in the electric
and traditional shared mobility industries.

The changing needs of society have led to the emergence of new or improved services
offered in electric shared mobility systems. All of these changes were the result of improved
business models. We identified a gap in the current research related to changes in services
offered during a pandemic. From a scientific point of view, we identified a need to update
the model describing factors that influence the development of shared mobility services
because many aspects, problems, and challenges defined before the pandemic have now
changed. This article aims to identify the main factors influencing the electric shared
mobility industry during the COVID-19 and post-lockdown periods, as well as their
operation areas and involved stakeholders. The research was carried out on the basis
of expert interviews, social network analysis (SNA), and the use of the R environment.
The article also presents sustainable transport management recommendations for cities
and transport service operators, which can be implemented after a lockdown caused by
an epidemic. The results in this paper can be used to support transport modeling and the
creation of new policies, business models, and sustainable development recommendations.
The contents will also be helpful to researchers worldwide in preparing their literature
reviews for articles about sustainable management in the COVID-19 pandemic reality.

2. Theoretical Background

Electric shared mobility services can be analyzed from many different perspectives.
This type of analysis is often used to model new services or optimize services currently
offered in urban transport systems [5–11]. These factors describe elements that are taken
into account at different stages of the electric shared mobility service life cycle [12–14].
These stages include the planning, implementation, operation, and maintenance of the
service. This type of approach is used for a variety of electric shared mobility services
available on the market, such as e-bike-sharing, e-scooter-sharing, and e-car-sharing ser-
vices. A literature analysis shows that the main factors related to electric shared mobility
services are fees, parking, fleets, costs, types of systems, and electric vehicle power supply.
However, there are more detailed subfactors depending on the kind of system [9–30].
Following a literature review, a summary of previous research is presented in Table 1.

Table 1. Factors for modeling and optimizing electric shared mobility systems.

System Type Aspects Literature

Electric bike-sharing system

Basic costs of electric bike-sharing systems
(operational, infrastructure) [9,10]

Electric bike parameters (cost of purchase, safety, range) [9,11]

Location of the station (bike, docking) [11,13]

Weather conditions [5]
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Table 1. Cont.

System Type Aspects Literature

Electric scooter and moped-sharing system

Basic costs of electric scooter- and moped-sharing systems
(operational, infrastructure) [15,16]

Weather conditions [5]

Electric bike parameters (cost of purchase, safety, range,
battery capacity) [18,19]

Charging and docking station (location, policy, battery
charging speed) [19]

Weather conditions [5]

Electric car-sharing systems

Basic costs of electric car-sharing systems
(operational, infrastructure) [6,12]

Electric bike parameters (cost of purchase, fleet size, safety,
range, battery capacity) [14,20,21]

Charging and parking locations (location, policy, battery
charging speed) [22–30]

Models of systems (rental rules, vehicle relocation time) [29,30]

From the perspective of sustainable transport development, the best services rely on
electric vehicles or encourage drivers to transition from owning a vehicle to using a shared
car. Until the coronavirus pandemic outbreak, services relied heavily on the demand for
mobility and the provision of transport alternatives within urban areas. Most improve-
ments to sustainable transport services focused on aspects such as replenishing fleets and
introducing an appropriate environmental management policy (recycling and storage of
batteries from electric vehicles, recycling of unused vehicles) or on social issues in terms of
eliminating transport barriers and social discrimination resulting from a lack of available
vehicles or lack of funds for their purchase or maintenance [31,32]. Such changes are
usually derived from appropriate transport modeling for locating or relocating vehicles,
optimizing their routes, or optimizing fleets [33–36], as these factors have emerged as the
main aspects of planning transport systems based on shared mobility services. However,
the outbreak of the epidemic led to significant and unexpected changes in the city logistics
market. For example, in [37], the authors reviewed articles on the COVID-19 epidemic
and found that issues related to rethinking and redesigning business models for sustain-
ability are still under-researched. Other authors [38–41] emphasized that an appropriate
multicriteria analysis of implemented policies (including those related to corporate social
responsibility [32]) for sustainable development is key when designing new services for
the public and ensuring appropriate resilience. In turn, transport analyses in the context of
COVID-19 have mainly focused on issues related to the social approach and the changing
transport behaviors of passengers [40,41], unprecedented changes in travel habits [42],
and technical issues related to passenger flows [42]. However, there has been a lack of
focus on holistic approaches to studying aspects associated with modeling electric shared
mobility after COVID-19; for this reason, comprehensive analyses were performed in
this study.

3. Materials and Methods

The steps of this study included conducting qualitative research (expert interviews),
performing social network analysis (to produce a network of factors analyzed in the context of
the COVID-19 pandemic), analyzing results, and providing proposals and recommendations.

The first step was to refer to a list of aspects that affect the development of electric
shared mobility services, as previously proposed by the authors in [43]. The list of factors
influencing shared mobility services resulted from an international workshop on electric
shared mobility, and it was used to develop a mathematical model for e-shared mobility
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services. The list of factors that influence electric shared mobility systems is presented
in Table 2.

Table 2. Aspects (problems) that affect electric shared mobility.

Aspects Abb. Aspect Characteristics

P1 Vehicles in the system operation zone (designation of the system operation area, vehicle fleet size)

P2 Application for system users: availability and possible functions offered to the user

P3 New user data verification process (through traditional customer service and through the application)

P4 Rules for renting vehicles: types of payments for trips made (i.e., subscription, payment after each trip,
non-cash payments via the application)

P5 Laws and regulations on the movement of individual types of vehicles available under the shared
mobility system

P6 Parking spaces: location, number of dedicated spaces for the electric shared mobility system, possible fees

P7 Technical condition of the fleet (indicators describing the vehicle’s reliability, the process of its wear)

P8 Security and monitoring of vehicles (the type of antitheft security measures used, vehicle monitoring via
GPS, vehicle equipment with recorders that enable video and sound recording)

P9
User safety: the safety level of vehicles offered in the system (i.e., according to European New Car

Assessment Program (NCAP)), maintenance of the vehicle’s appropriate technical condition by the service
operator, eco-driving bonuses

P10 Infrastructure for electric vehicles: number of chargers, number of possible simultaneous vehicles charging
via the charger, number of parking spaces under the charger

P11 User data security: user data security, payment data security, mobile application use security

P12 Weather conditions: variability in weather conditions, the possible occurrence of weather anomalies

P13 Cost of use: available subscriptions, account activation, prepayment, available discounts, possible fines
(e.g., for traffic offenses), payment method

P14 Maintaining the system’s profitability: relocation of vehicles, number of employees, required education,
employee qualifications

P15 Operators: cooperation with a local government entity

P16 Privileges for operators: possible reductions in local taxes and the elimination of some or all local
government fees

P17 Integration of electric shared mobility systems with currently available city systems, creation of a unified
system (a mobile application for all available services)

P18 Technical safety of vehicles: monitoring drivers’ driving and the control of trips made

P19 Basic data on system operation: the area of system operation, number of available vehicle types, number of
possible operation zones for the system

Source: [43].

The list presented in Table 2 was developed as a holistic set of factors for modeling
transport systems. These factors were taken into account prior to the outbreak of the
COVID-19 pandemic. The list of factors was used as an element of the questionnaire used
during expert interviews. Forty-six representatives of co-mobility service providers were
invited to participate in the research project “New mobility and the COVID-19 pandemic”.
The project included 20 meetings with representative stakeholders of the shared mobility
industry. The meetings were organized and moderated by scientists from the Faculty of
Transport and Aviation Engineering of the Silesian University of Technology. Meetings were
held in December 2020 via the Internet. Of the 46 invited guests, 20 respondents accepted
the invitation. The 20 shared mobility operators represented five e-bike suppliers, three e-
scooter suppliers, four e-moped suppliers, and eight e-car-sharing providers. The operators
who participated in the survey offer their services in the largest Polish urban centers, i.e.,
in Warsaw, Katowice, Kraków, and Gdańsk.
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This research was carried out using deliberate sampling. The use of a nonrandom
selection of respondents for the study was based on the desire to learn the opinions of
enterprises representing the shared mobility industry.

The qualitative component of the study was conducted through individual in-depth
interviews (IDIs). Interviews were conducted in face-to-face meetings with scientists
acting as moderators and interviewers, and meetings were taped. Following the research
technique, an interview scenario was developed to gain in-depth knowledge of the impact
of COVID-19 on various aspects of shared mobility services. The purpose of conducting in-
depth interviews was to eliminate the influence of group members and obtain information
that was unaffected by interactions with other people, especially because they performed
the same industry activity.

Moreover, the use of individual interviews was motivated by the significant possibility
that respondents had formed personal views on the COVID-19 pandemic. Furthermore,
individual interviews allowed for the relatively free expression of controversial issues,
especially for such a personal issue as the impact of the pandemic on the company’s
suitability and profitability. The study aimed to elicit answers regarding the specific
operation areas of shared mobility systems during the pandemic. The goal was not to
extract creative solutions or concepts from participants but to obtain answers to update the
mathematical model.

The research sample size was confirmed to be statistically representative. The mini-
mum number of respondents Rmin necessary to perform expert-based research was deter-
mined using Equation (1) [44].

Rmin = 0.5 ∗
(

3
s
+ 5

)
= min. 18 respondents (1)

where s denotes statistical compliance and has a value of 10%.
The interviews were structured according to a specific scenario with the goal of an-

swering questions about the impact of the COVID-19 pandemic on the electric shared
mobility industry. The qualitative research in this study used the method of field reconnais-
sance, which allowed the main aspects of the process to be selected, and the quantitative
part was based on the assignment of relevant aspects to the areas of system and stake-
holder operations. During the research, the LearningApps computer application was used,
which is a program for designing games. The application of supporting and projection
techniques using visual materials through games allowed for a thorough interpretation of
the respondent’s statements. Furthermore, the techniques enabled respondents to answer
questions in a more accessible and pleasant way and prevented their fatigue.

The steps of the in-depth interview process and the interview scenario are presented below.
Steps of in-depth interviews:

1. Definition of the study group (operators of electric shared mobility services);
2. Planning of the research setting (online meetings using the widely available

Zoom platform);
3. Development of an in-depth interview scenario;
4. Recruitment of participants by sending e-mails, including reminders, about the meeting;
5. Performance of interviews;
6. Transcription, transfer of notes, and information digitization;
7. Analysis of the obtained data.

The in-depth interview scenario was divided into three parts: introduction, main ques-
tions, and summary. A detailed interview scenario is included in Appendix A.

On the basis of the respondents’ answers, a list of factors influenced by the COVID-19
pandemic was compiled. Interestingly, the indicated factors were the same for all types of
electric shared mobility services. A summary of responses is presented in Table 3.
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Table 3. Electric shared mobility aspects during the COVID-19 pandemic.

Aspects COVID-19 Influence

P1. Location of vehicles

P2. Mobile apps -

P3. Registration process

P4. Rental process

P5. Legal requirements

P6. Location of parking spaces

P7. Fleet condition

P8. Security of vehicles -

P9. Safety of users

P10. Infrastructure -

P11. User security -

P12. Weather -

P13. Prices

P14. Vehicle replacements

P15. Privileges for operators

P16. Surcharges for operators

P17. Urban traffic accessibility -

P18. Serviceability safety

P19. Rental area

The next step was to identify and describe new services that have been implemented in
the represented companies in response to the COVID-19 pandemic. The identified practices
were assigned to relevant factors (designated P1–P19). The responses are summarized
in Table 4.

Table 4. The list of business practices introduced during the COVID-19 pandemic by electric shared mobility operators.

System Type Practice Description Aspects

Electric bike-sharing systems

Offered free memberships to essential workers 13, 15

Replaced docking stations near hospitals 14, 15, 19

Implemented antibacterial handlebars and provided additional
disinfection of bicycles 7, 9

Electric scooter and moped sharing

Offered long-term rentals, for example, daily 13

Offered new locations where the vehicle can be returned 14, 19

Implemented antibacterial grips and handlebars in vehicles,
provided additional disinfection of vehicles 7, 9

Introduced additional disinfection in the form of vehicle cleaning,
ozonation, and foil coating on the steering wheel or seats 7, 9

Electric car-sharing systems

Increased the number of cars 1

Launched services in new cities 19

Offered long-term rentals, for example, weekly or monthly, for up
to 3 months 13

Offered the choice of kilometer or minute-kilometer systems 13

Strengthened cooperation with business-to-business partners 13
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After collecting all of the respondents’ answers, the social network analysis (SNA)
method, which describes an individual’s behavior at the micro and macro levels and the
interactions between them, was used [45–47]. This method enables the comprehensive anal-
ysis of interactions by assessing the relationship between different entities. This method
was invented and used by Moreno as early as the 1930s [45–47]. SNA is used in many
research disciplines (e.g., social sciences, computer science, technology forecasting, produc-
tion) [48–52]. SNA characterizes network structures in terms of nodes with connections
and indicates the direction of each relationship by arrows between nodes [47]. Relation-
ships between nodes in SNA may show linkages and indicate the influence of individual
elements or a combination thereof [48–52]. The features of network structure elements
are described by the power of the interaction between elements and the frequency and
nature of the relationship [47]. The main determinant is the place occupied by an element
in the network structure, as it reflects the status of individual units [52–55]. The strength
of the SNA method is its ability to visualize complex dependencies in the phenomenon
under consideration. SNA can be used to determine the influence of particular groups of
elements on processes taking place in the analyzed network [56]. Detailed stages of the
analysis are presented in the next chapter of the article.

According to the principles of SNA, we identified the main groups of stakeholders
who represent the electric shared mobility market. Three groups of stakeholders were
taken into account [57–59]:

• Electric shared mobility users, “U”: a group that includes all individual users of shared
mobility services, both active participants of the journey and passive participants
registered in the service provider’s data systems;

• Decision-makers, “G”: a group that includes local, regional, central, and international
authorities who have an impact on decisions made regarding the development or
recession of shared mobility services;

• Electric shared mobility service providers, “O”: a group that includes all providers
of electric shared mobility services, including operators of e-bike-sharing, e-scooter-
sharing, e-moped-sharing, and e-car-sharing services.

The three defined stakeholder groups have the greatest impact on electric shared
mobility [57–59]. Identifying the interactions between the selected stakeholder groups
can improve the current situation of the electric shared mobility market. Furthermore,
they may also have a substantial impact on the development of electro-mobility and
sustainable urban mobility plans or the development of regulations to create new mobility
services [57–59].

Following the SNA method, the next step was to define key areas that are directly
related to the electric shared mobility market, from the service development stage to their
operations on the market. According to the interview responses of experts, the following
four areas were defined [43]:

• Area 1: Development of electric shared mobility services;
• Area 2: Market introduction of electric shared mobility services;
• Area 3: Operation of the electric shared mobility services market;
• Area 4: Administration and management of electric shared mobility services.

The indicated areas are related to the life cycle of electric shared mobility services on
the market, from the concept of its planning to its operation with appropriate management
and administration or marketing of the services offered. These areas are always considered
when developing business plans or performing risk analyses for the operation of shared
mobility services.

On the basis of the list of problems that occur in electric shared mobility presented
in [43], the respondent’s task in the expert interview was to define the relationship between
problems and the stakeholders and areas under consideration. After determining the
factors influenced by the COVID-19 pandemic (Tables 2 and 3), they were summarized,
as presented in Table 5.
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Table 5. Electric shared mobility influencing factors (problems) with corresponding stakeholders
and areas.

Stakeholder Node-Aspect Number Area Number

U-P1 A3

U-P3 A3

U-P4 A3

O-P5 A4

U-P5 A4

G-P5 A4

O-P6 A4

U-P6 A4

G-P6 A4

O-P7 A1

U-P7 A1

O-P7 A2

U-P7 A2

O-P7 A3

U-P7 A3

U-P9 A4

O-P13 A1

U-P13 A1

G-P13 A1

O-P13 A3

U-P13 A3

G-P13 A3

O-P14 A3

U-P14 A3

G-P14 A3

O-P15 A4

O-P16 A4

G-P16 A4

O-P18 A3

U-P16 A3

U-P19 A1

U-P19 A2

4. Results

The results were analyzed using the R software and the igraph library. The generated
network of connections was made up of 22 nodes with 56 connections. The topography of
the created network is shown in Figure 1. The objects labeled “U”, “O”, and “G” represent
categories of stakeholders, and those marked “P” represent problems. The arrows that
connect the individual nodes indicate a relationship between a pair of stakeholders and
aspects. The direction of the arrow characterizes the relationship between a pair of nodes.
The aspects that affect a greater number of links are situated in the center of the network
under consideration. Conversely, nodes with fewer links are near the edge of the network.
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Figure 1. The structure of stakeholder-associated aspects, where P1–P19 are analyzed aspects
(see Table 3); “O” denotes electric shared mobility operators, “G” denotes decision-makers, and “U”
denotes e-shared mobility users.

The network overview allows for identifying relationships between stakeholders and
problems in the network under study and selecting the main problems in the network
topography. Problems that have many connections (Figure 1) reflect their multifactorial
nature and the multiple stakeholders that are affected by these relationships. Changing one
aspect changes the rest of the network structure, as well as stakeholder relationships.
Table 6 summarizes the number of output connections for each aspect.

Table 6. The number of output connections with related aspects.

Aspects The Number of Output Connections

“P1” 1

“P3” 1

“P4” 1

“P5” 3

“P6” 3

“P7” 6

“P9” 1

“P13” 6

“P14” 3

“P15” 1

“P16” 2

“P18” 2

“P19” 4
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The proximity centrality values of the individual network elements were successively
calculated. Centrality is a measure of the importance of nodes in the network and identifies
the most closely related nodes.

The centrality value can be used for the following purposes:

- Assessment of a node’s impact on other nodes in the network;
- Identification of the nodes that are most influenced by other nodes;
- Observation of the flow or spread of something in the network (information,

objects, phenomena);
- Analysis of the effectiveness with which phenomena spread in the network via indi-

vidual nodes;
- Identification of nodes that block or prevent the spread of phenomena.

C(x) =
1

Σyd(x, y)
= 0.339 (2)

The values for each aspect are shown in Table 7. Values greater than the calculated
value of C(x) highlight the aspects that have the greatest impact on the network under
investigation. An aspect whose value is lower than C(x) is of less significance and will not
affect the operation of the entire network. The calculated values highlight the network’s
complexity and the aspects that need to be considered first to ensure the network’s effective
operation during the COVID-19 pandemic. Aspects whose nodes are located in the center
of the network need to be considered simultaneously.

Table 7. The average node distances between aspects.

Aspects Average Node Distances

1 0.172

3 0.172

4 0.172

5 0.376

6 0.376

7 0.686

9 0.172

13 0.970

14 0.515

15 0.125

16 0.250

18 0.343

19 0.436

The values of individual aspects (see Table 7) indicate that the most important problem
is aspect 13, followed by aspects 7, 14, and 19, which obtained the next highest values.
These results identify aspects that are of particular importance when modeling an electric
shared mobility system. Problems P18, P5, and P6 obtained similar values, and they should
be considered a common group of factors that influence the network. All other issues,
the values of which are less than C(x) = 0.339, are of very little statistical importance; thus,
they can be omitted during modeling. On the basis of these research results, a new network
structure was developed, which indicates links between areas and stakeholder problems
during the SARS-CoV-2 pandemic. The network structure is shown in Figure 2.
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Figure 2. The new network for the four main areas, where O/U/G-P1–P19 are analyzed aspects
(see Table 5); “O” denotes electric shared mobility operators, “G” denotes decision-makers, and “U”
denotes e-shared mobility users.

Knowledge of the network topography allows for much more effective management of
individual elements in the network during the COVID-19 pandemic. The size of the circle of
an individual aspect in SNA indicates the scope of the problem associated with it (Figure 2).
Areas 3 (operation) and 4 (governance) have the greatest impact on the whole network.
Nevertheless, without area A1 (planning), areas 3 and 4 cannot appropriately manage their
activities, which is shown directly in the structure nodes. Area 2 (implementation) has a
small impact on the network’s structure. An essential observation is that only aspects 19
and 7 directly affect area 2. Figure 3 shows the number of connections of each area.

 
Figure 3. The number of output degrees for the area.
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Knowing how specific aspects are linked to areas will allow for appropriate and effec-
tive management of the electric shared mobility system during the COVID-19 pandemic.

5. Discussion

The analyses performed using the SNA method made it possible to identify the most
important aspects affecting the operation of the electric shared mobility network during
the COVID-19 pandemic. Additionally, the areas that need to be given the most attention
for the system to function optimally were determined. Table 6 details the most important
aspects, such as prices, vehicle replacement, operation area, legal requirements, location of
parking spaces, and serviceability safety.

The results obtained on the basis of the SNA method are applicable to the entire
electric shared mobility market. According to the performed analysis, it can be concluded
that, despite the use of various types of vehicles in electric shared mobility systems,
aspects related to management and functionality obtain similar values. It should be
emphasized that the research carried out was representative of the business practices
used by the entire electric shared mobility industry. The use of the R language enabled
a graphical representation of the network structure (SNA) and the visualization of the
final results.

As can be seen from the results, the aspect that has the greatest impact is aspect 13, i.e.,
price. The importance of this factor is widely understood in the market reality. The business
practices of service providers of electric shared mobility indicate that operators focused on
developing new pricing schemes during the pandemic [60]. First, they started to offer more
packaged services, for example, long-term packages (weekly or monthly). Importantly,
the ability to rent a vehicle for a longer period of time has also become available for scooter
rental services. The added scooters were only available at “per minute” rates. During the
pandemic, a 24 h or, for example, 3–5-day rental system was introduced [61]. In addition,
the price of using the “stop” function was reduced. Special discounts were also introduced
for people delivering food with shared mobility vehicles, as well as special rates for doctors
and social assistance for people infected with COVID-19 [60,61]. Interestingly, in the service
model developed before the COVID-19 pandemic [43], pricing issues were not the decisive
factor that needed to be taken into account. It is also worth noting that the price factor in the
P13 problem (price) has a much higher C(x) value relative to the others. Therefore, there is
a need to conduct research on the economic aspects of transport changes in electromobility
during the COVID-19 pandemic.

Aspect 7, which describes the technical condition of the fleet, is also important. This as-
pect is particularly important given that, in the transport models presented in the literature
thus far, only the number of vehicles, not their technical condition, was taken into account.
The fleet’s technical condition is also of particular significance for protecting against the
pandemic and other viruses. Of particular importance are all actions taken to disinfect
strategic places in vehicles, such as the protection of the steering wheel, gearshift lever,
and door handles by wrapping them [60,61].

The other two aspects are P14 (vehicle replacement) and P19 (rental area). These as-
pects are closely related not only thematically but also in terms of the value of the analysis.
From a practical point of view, it is worth mentioning that, during the COVID-19 pandemic,
the business models of electric shared mobility systems have changed. Many service
providers have incorporated new business concepts into their services, e.g., the ability to
prebook a vehicle, additional relocation, replacement of the vehicle in the door-to-door
system, and changes in system operations [60,61]. Interestingly, many service providers
have also expanded their zones of operation to include additional cities or districts that
were previously excluded from these systems. Such solutions have enabled it to become
an alternative to public transport, as well as allowed increasing social distance in the
vehicle. Notably, in the previous transport model, which does not take the pandemic
into account [43], these were not the primary determinants of the efficient operation of
the system.
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In further analysis of the results, it is worth focusing on aspects that should be regularly
updated, such as local policy (aspect 5), parking spaces (aspect 6), and the technical safety
of vehicles (aspect 18). Due to their similar values, these aspects should be considered
together. During the pandemic, many local legal restrictions had a strong impact on the
development of electromobility. After analyzing the recommendations of city authorities
regarding mobility during and after the COVID-19 pandemic, it can be concluded that all
suggestions are focused on cycling and walking [62,63]. Recommendations for bicycles
include ensuring the ability of individual users and users of shared bicycles to navigate
bicycle paths. Local authorities do not place great emphasis on car-sharing services,
and very little attention is paid to shared mobility and electromobility services in their
decisions [64,65].

Other transport services with negligible effects are taxis; however, they are strictly
a substitute for traveling in individual vehicles. In our opinion, the practices introduced
by electric shared mobility providers constitute the most comprehensive solutions imple-
mented during the pandemic in urban transport. By excluding new mobility services from
health and safety recommendations, society is losing a network of improvements that
has been built over the years in furtherance of urban resilience and sustainable transport
mobility. Moreover, strategies for the development of electromobility in different types of
urban areas are not reflected in the current mobility recommendations; such actions may
lead to a recession in the market position established by electromobility in recent years.

Aspects 1 (location of vehicles), 3 (registration process), 4 (rental process), 9 (safety of
users), 15 (privileges for operators), and 16 (surcharges for operators) identify problems
that slightly disrupt the system network, and they can be taken into account at a later stage
of further analysis. It should be noted that no studies were found that specifically dealt with
the subject of modeling transport services during a pandemic, which would be based on a
similar type of research and network analysis. The analyzed articles on transport during
the pandemic focused on various topics related to shared mobility services; for example,
in [58], the authors analyzed the movement patterns of a population in Sicily. The results
showed that the surveyed part of the population traveled via shared mobility much more
often than walking or cycling. Respondents positively assessed the operation of electric
shared mobility during the COVID-19 pandemic [66].

Hungary is another example where shared mobility was further developed during the
pandemic. Research carried out in Budapest clearly showed that bike sharing increased
significantly [67]. The author stated that this development was influenced by the fact that
users were looking for a safe means of transport to avoid the COVID-19 virus.

The results of another study indicated that bike sharing is now more likely to become
the preferred mobility option for people who have previously commuted in private cars as
passengers and those who were already registered users of bike sharing [68]. The research
results highlighted how important it is for the system to function during the COVID
pandemic to raise public awareness and promote alternative transport, such as e-bikes and
e-scooters [68].

From the transport administration perspective, during the pandemic, approaches
to restrictions varied greatly from country to country. For example, [69] showed that
there is no clear-cut approach to leadership. Many transport issues have been treated
very generally by placing limitations on all individuals and their daily lives. There is
also an ill-considered approach to energy issues, including electromobility, and disregard
for specific stakeholder groups [69]. As emphasized in [70], the shared economy sector
has been left most exposed to the COVID-19 pandemic. The author further emphasized
that the constraints on the sharing economy may be deliberate, and cities affected by the
pandemic may impose new regulations and taxes on shared mobility services to protect
public transport [70]. In turn, in [71], the authors suggested that governments gain a better
understanding of transport behavior and effective transport planning, as this would allow
for better organization of both public transport and shared mobility services. Moreover,
as discussed in [72], changes in business models after the COVID-19 crisis will be directed
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toward digital, automatic, and contactless activities. All activities in the field of shared
mobility fit perfectly into this context.

Our research had some limitations, and the results presented in this article suggest
directions for further analyses. The materials that we collected were sourced from dif-
ferent electric car-sharing service providers. Their number and opinions are statistically
representative; however, it should be emphasized that the obtained results came from
companies operating in Poland. Although these companies maintain standards in line with
foreign trends, there may be slight differences related to the operation of the system and,
for example, local legal requirements in the field of electromobility.

6. Conclusions

In summary, this article identified aspects and areas that should be considered in the
context of a pandemic when modeling and optimizing energy services for shared mobility.
The authors aimed to show differences between the classical transport models developed
before the pandemic and the situation after its occurrence. The approach proposed in the
article fills the research gap resulting from missing guidelines for electromobility transport
models during a pandemic. The article highlights the possibilities of using the SNA
method as an essential tool in the process of designing and operating an electric shared
mobility system during the COVID-19 pandemic. The SNA method is used to determine
the importance of individual nodes making up a network. As shown in Table 6, mean node
distances greater than the value of C(x) indicate problems outside the area of proximity
centrality. Aspects with values greater than the calculated range disturb the effective
operation of the network. These values indicate that the network is extensive and that the
factors are closely related. This method is a simple approach to creating and presenting the
topography of an analyzed network. The results presented in this article show that this
technique can perfectly complement the conducted research and can significantly facilitate
a multi-aspect analysis of the considered phenomenon.

The analyses showed that the most important factors in the operation of the electric
shared mobility market are prices, the condition of the fleet, the replacement of vehicles,
rental area, legal requirements, the location of parking spaces, and operational safety.
The results presented in this article can support both transport modeling and the creation
of new policies or restrictions related to the pandemic. The developed approach can also
be used by electric shared mobility service providers to update their business models and
develop new practices.

The added value of using the SNA method to model transport processes is that the results
can be taken into account during the transformation of electric shared mobility systems.

These results can be used to support scientists who need clearly defined factors as
input values when building models and conducting analyses from a scientific point of view.
The results of this article can, therefore, contribute to any sustainable transport plan.

In future research, we plan to conduct detailed analyses of electrical shared mobility
service business models following the second wave of COVID-19. The obtained data can
be compared with the implications indicated in this study. The next phase of research and
further SNA analyses will update the proposed model for the transport of electric shared
mobility services in the post-pandemic period.
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Appendix A

Appendix A.1. Introduction

• Self-introduction of the researcher.
• Open conversation (goal: relaxation of the respondent).
• Thank you for finding time (goal: positive emotions).
• Informing what we want to find out.
• Information that the answers are anonymous.
• The question of whether we can record an interview for our scientific needs.
• Asking if the participant has additional questions about the study.

Appendix A.2. Main Part

• Warming up: What electric shared mobility services does your company provide?
How long has your company been operating on the Polish market?

• Opening up: How has the COVID-19 pandemic overall affected your company’s
market situation?

• Development (from general to detail): Has the pandemic affected the following 19
aspects (presented in the Table 2)? In order to get to know the aspects better, each of
them was discussed with the respondent. Then, the element of the wheel of fortune
was used. All 19 aspects were randomly selected, and the respondent’s task was
to answer whether a given aspect of his company’s operation was affected by the
COVID-19 pandemic. After determining which aspects were affected by the pandemic,
the following questions were asked: How? What has been limited? What was
minimized, and what was maximized? A fragment of the game during the interviews
is presented in Figure A1.

Figure A1. Fragment of the wheel of fortune game using during the interviews.
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• Next, the respondents were asked to indicate which of the 19 aspects presented
in Table 2 are considered the most important for the functioning of services in the
business arena. For this purpose, the LearningApps application was used, where the
respondents sorted the problems from the most important to the least important
in their company. An exemplary view of the LearningApps application is shown
in Figure A2.

The researchers asked for a list of the most important factors so that, in the next
step, it would be easier for respondents to consider what types of electric shared mobility
services were implemented due to the COVID-19 pandemic.

• The last step was to assign the practices provided by the respondent to the list of 19
aspects of electric shared mobility systems’ functioning.

 

Figure A2. An exemplary view of the LearningApps application.

Appendix A.3. Summary

Emphasize that the researcher has no more questions. Is there anything else you
would like to say? Would you like to highlight something before we finish?

Thank you for your time. Your answers will greatly help us when modeling new
mobility services during the COVID-19 pandemic.
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Abstract: Current mobility trends indicate that the popularity of privately-owned cars will decrease
in the near future. One reason for this development is the diffusion of mobility services such as
car or bike sharing, or Mobility-as-a-Service (MaaS) bundles. Especially, MaaS bundles have the
potential to respond to environmental issues and provide reliable mobility to users, thus illustrating
the possibilities of being mobile without owning a car. Most of the past research on MaaS bundles,
however, has focused on bigger cities that already have good infrastructural bases. Building on
previous work in the MaaS field, we conducted a choice-based conjoint survey (n = 247) in Austria to
investigate consumer preferences for MaaS packages in a suburban area. Further, we gathered data
on the consumers’ willingness to pay, especially for including electric vehicles in the form of e-car
sharing and e-scooter sharing in MaaS packages. The results highlight the importance of package
price as the attribute with the highest impact on purchase intention. Further, participants in our
study most preferred MaaS packages that included e-car sharing to ones with e-scooter sharing.
Using latent class analysis, we classified the respondents into three different segments with varying
preferences for MaaS bundle features, and conducted market simulations.

Keywords: mobility-as-a-Service; electric vehicles; e-car sharing; e-scooter sharing; sustainable mobil-
ity; suburban area; choice-based conjoint; latent class analysis; willingness to pay; market simulations

1. Introduction

Currently, the majority of cars in use are household owned. However, on average,
these cars are parked 92% of the time, therefore their capacity is not nearly optimally
used [1]. Although the mobility sector is rapidly changing and the trend is to move away
from car ownership, it is still unclear how this market will develop [2]. Car sharing, as
an alternative to car ownership, is gaining momentum [3,4]. Generally, according to a
recent market forecast, the car sharing business will grow at an annual rate of more than
24% between 2020 and 2026 to more than USD 9 billion [5]. Besides the urban context,
more marginal suburban locations are showing the same trend [6]. Another trend likely
to have a high impact on future transport systems, is electrification [7]. Largely, electric
cars appear to be taking the lead as a green alternative to private cars [8,9]. Overall,
several studies indicate that electric vehicles (EVs) can positively address environmental
concerns e.g., [10–12]. Thus, new mobility services that build on sharing and electric
mobility such as Mobility-as-a-Service (MaaS) offerings could potentially provide green
and non-ownership alternatives to meet future customers’ estimated mobility needs [13].
One way of fostering MaaS adoption is to combine different mobility services (e.g., PT, car
sharing, bike sharing) in so-called “multimodal mobility or MaaS packages” to increase,
e.g., convenience, flexibility and cost reduction for customers e.g., [13–15]. Combining such
sustainable mobility solutions, Gould et al. [16] see MaaS as an opportunity not only to
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decarbonize the transport sector, but also to foster the diffusion of EVs by including such
alternative means of transport in multimodal mobility bundles/MaaS packages [17]. In
the context of MaaS, Karlsson et al. [18], and other researchers [2,19] pointed out that to
meet users’ needs, more studies on large-scale implementation and detailed analysis of
potential users’ preferences regarding MaaS are essential. All pilot projects and studies
regarding MaaS packages to date have been conducted in big cities like Amsterdam,
Helsinki, London and Sydney [14,20–25]. Additionally, extant research has dedicated more
attention to studying best practices than to following a “bottom-up approach” that could
identify potential users’ preferences e.g., [26–28]. Our research aims to contribute to the
discourse on MaaS and attempts to close the research gap by identifying preferences related
to multimodal mobility packages’ features and respondents’ willingness to pay (WTP) in
less densely populated suburban districts. To reach this goal, we conducted a choice-based
conjoint (CBC) study (n = 247) including latent class analysis (LCA) and market simulations
(sensitivity analysis) to investigate potential consumers’ preferences for MaaS packages
in a suburban district of Klagenfurt, the capital of the Austrian federal state Carinthia. In
Klagenfurt’s Harbach district a real estate project for residential living, “hi Harbach”, is
currently being developed with a new multimodal mobility point (“hi MOBIL”; the project
“hi MOBIL—Multi-modal mobility node Klagenfurt-Harbach” is funded by the Austrian
Ministry for Transport, Innovation and Technology. Project leader: City of Klagenfurt;
other project partners: Diakonie de la Tour, Family of Power, Klagenfurt Mobil GmbH,
Landeswohnbau Kärnten, Vorstädtische Kleinsiedlung; Duration: 10/2018–09/2021.), the
first of its kind in Klagenfurt and in Carinthia. Once implemented, it will provide residents
with MaaS offerings. To our knowledge, only a few studies so far have analyzed consumer
preferences regarding multimodal mobility packages in similar contexts, i.e., in a suburban
area and/or residential settlement [29–31]. Besides this general aspect, our study is the
first to analyze EV inclusion, i.e., e-car sharing and e-scooter sharing, in MaaS packages.

The remainder of this paper is organized as follows: after briefly introducing the topic
in Section 1, Section 2 gives an overview of the scientific literature focusing on service
bundling in the mobility sector and related to MaaS. Section 3 introduces the sample and
the research method, and Section 4 provides the results. Finally, Section 5 discusses the
results, draws conclusions and suggests potential future research topics.

2. Literature Review

2.1. Service Bundling in the Mobility Sector

As new transportation modes (e.g., electric cars, e-scooters) and concepts (shared
mobility, MaaS) enter the market, their diffusion can be stimulated by bundling. Originally
developed in Helsinki [32], such MaaS packages or bundles are seen as a promising new
mobility concept that, in recent years, especially practitioners have given much attention.
The main idea of MaaS is to fulfil public mobility needs without people needing to own
a private car. An associated key issue to be addressed in MaaS relates to various kinds
of travel cards issued by different public transport (PT) companies or mobility service
providers [13,33]. Combining different transport modes and services within one journey,
i.e., using more than one of the PT, car sharing, ride sharing, taxi and bicycle options,
is not a new idea. However, with the most advanced and integrated form of MaaS the
whole package can be booked and (pre-)paid with, e.g., only one mobile application or
one card [2]. In the context of the above-mentioned trends, digitalization plays a central
role as it provides enhanced interconnectivity and gives users additional benefits, such
as saving time by giving alternative transport possibilities in organizing a trip. Further,
the new concept should not only facilitate the use of existing transport modes; it should
offer additional value, e.g., by simultaneously providing a higher service level or a lower
price [33].
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2.2. Overview of MaaS Initiatives, Concepts and Projects

Sweden and Finland with UbiGo and Whim, have acted as pioneers in introducing and
developing MaaS. UbiGo, a project piloted in Gothenburg, Sweden, in 2013 is often referred
to as the first real-life MaaS demonstration [34]. At the time, they offered 151 pilot users a
mobility package with several transport modes integrated in a single subscription [34–36].
By the end of the pilot project almost all participants expressed an interest in using UbiGo.
Reportedly, the trial users also developed more negative attitudes towards private car use,
and became more positive towards alternative modes of transport [37]. Further, Whim,
developed and launched in Finland in 2016, is operated as a MaaS initiative [38]. At Whim,
customers can choose between three types of bundles: the classic “pay-as-you-go” option,
the “Whim Urban” (€49 per month) that includes unlimited urban PT and discounted taxi
prices, and the “Whim Unlimited” (€499 per month) that offers unlimited access to PT,
taxis or a (shared) car. Besides these two promising MaaS concept implementations (UbiGo
and Whim), there are multiple other (pilot) MaaS projects that have been launched, espe-
cially in Europe, but also further afield. [23] provide a good overview of different studies
summarizing the features of and lessons learnt from integrated mobility solutions focusing
particularly on practice examples [39–42]. For instance, they mention Schad et al. [41]
whose work shows that multimodal mobility packages help people to change their habits
and rethink their mobility behavior. Nearly 90% of all users in their study’s sample started
using their own car less.

We took Kamargianni et al. [23] as a basis for this study, specifically the index (the
MaaS integration index) they developed, which enables a comparison between different
MaaS initiatives, concepts and projects. The index has three levels of integration related
to the different transport modes that are part of a MaaS package. The first level is ticket
integration which refers to the number of modes that can be accessed via a single ticket
or smart card. The second level is the integration of information and communication
technologies (ICT) via an application or online interface that can relate to two different
functions: journey planning and booking. The third level includes full integration of
the mobility modes in one single package where customers do pre-payment, thereby
purchasing a combination of mobility services for a specific amount (time or distance).
According to this MaaS integration index the two above-mentioned initiatives, UbiGo and
Whim, achieved the highest scores. Another initiative that scored highly on this index is
SHIFT. Initiated in 2013 in Las Vegas, SHIFT includes shuttle buses, bike sharing, car rental,
car sharing, and a valet service. In contrast to UbiGo and Whim, SHIFT is completely
institutionally integrated, offering unique mobility packages to customers. Further, SHIFT
owns all its vehicles, many of which are EVs, thereby following not only the sharing
concept, but also the electrification trend, on which our study also focusses.

Further, Kamargianni et al. [23] provide a good overview of different integration forms
in the personal mobility sector. They distinguish two levels of integration in their review,
namely partial integration and advanced integration (with or without mobility packages).
The partial integration category is illustrated by a system introduced in Belgium, built on a
concept developed in Brussels. The car-sharing company, Cambio, cooperates with STIB
(Société des Transports Intercommunaux de Bruxelles), a multimodal mobility operator for
PT, bike sharing and taxi services. The two service providers (Cambio and STIB) designed
a common smart card for users of both systems. Additionally, Cambio members enjoy
discounts if they subscribe to the STIB service. However, payments are not integrated, nor
is the ICT. To illustrate advanced integration, in Germany a few different concepts were
similarly brought together as mobility services: Qixxit, Moovel and Switchh. Qixxit has
included rail, urban PT, car sharing, car rental, bike sharing and taxi services, as well as
flights and coach trips on a national level. Through a smart app the user has access to
different services such as planning, booking, real-time information, and personalized trip
advice. Moovel, another national mobility integration service, in contrast to Qixxit, gives
ICT integration. Moovel’s single smartphone platform provides booking and payment for
nearly all services, which include PT, car sharing, bike sharing, national rail, taxi services,
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etc. [23]. Although, Switchh, developed for Hamburg (Germany), also represents advanced
integration in relation to the other two concepts, it still has potential for further integration
because currently it has no single invoice for payment of the services.

The advanced integration level includes the same basic components as those in the
mobility solutions identified as having partial integration; additionally, it has three particu-
lar identifying elements: ticket sales, payment options, and ICT integration. To illustrate,
Hannovermobil (2.0) provides a service in which users receive one bill that integrates all
the mobility services they used at the end of each month. A similar solution introduced
in Montpellier (France), is known as EMMA (EMMA is an integrated mobility platform
in the city of Montpellier, France. Transports de l’Agglomération de Montpellier (TAM)
is the key operator of EMMA services.). However, in contrast to Hannovermobil (2.0),
EMMA users can also purchase monthly or annual mobility contracts (including all the
TAM services). Depending on their needs, or their affiliation to different user groups, con-
tracts have different designs and payment structures (e.g., EMMA Young, EMMA Senior)
incorporating all three above-mentioned elements of advanced integration [23]. In addition
to these examples, the Netherlands has developed different concepts (e.g., Mobility Mixx,
NS-Business Card), as have different German speaking countries; however, they are still
in a research phase (Austria/Vienna: Smile; Germany/Berlin: BeMobility). The MaaS
concepts Kamargianni et al. (2016) have classified as offerings with the highest level of
integration are the ones already mentioned: UbiGo (Gothenburg), Whim (Helsinki) and
SHIFT (Las Vegas).

2.3. Consumer Preferences toward MaaS Packages

Huwer’s study [43] represents one of the first studies related to the subject of MaaS.
Very recently, scholars e.g., [2,19,21,44,45] advanced this field in studies on potential con-
sumers’ preferences towards services included in MaaS packages and their characteristics.
Methodologically, most of these studies used stated preference experiments, as does this
study [21,22,25,45–47].

Matyas and Kamargianni [24,47] conducted the first study in this field that used a
stated preference experiment to investigate consumer preferences for features of MaaS
bundles. They collected preference data in the Greater London area for different types of
MaaS subscription plans; fixed and flexible ones, the latter with a menu option to configure
mixed bundles. The bundles included PT, bike sharing, car sharing and taxi services, as
well as additional features such as bike sharing rental time of up to 60 min at a time or a
pooled taxi as an option. Their findings reveal that the type and number of transport modes
in the plans are important determinants of users’ willingness to subscribe to such plans.
Specifically, the respondents preferred PT to the other transport modes (e.g., bike sharing or
car sharing) in their plans. However, their preferences for sharing options were moderated
by their previous use of such services. Kamargianni et al. [23] and Guidon et al. [45] also
showed a high preference for PT in MaaS packages. To elaborate, [23] revealed the highest
preference for PT in combination with e-car sharing, on demand busses, and e-bike sharing,
in that order. In contrast, they found that potential customers showed less preference for
PT bundled with taxi services, ride sharing, and car rental services. Guidon et al. [45]
found the highest WTP for bundles that include complementary mobility services related
to PT such as car sharing and park-and-ride services. Ho et al. [22,46] report on two stated
preference studies relating to MaaS subscription plans conducted in Sydney, Australia, and
Tyneside, UK. These studies’ key findings include that individuals are not willing to pay
for bike sharing as part of MaaS packages, and that overall, discounts should be offered on
the bundled mobility services to increase MaaS package adoption. Further, the high impact
of subscription price on users’ purchase intention has also been shown by [21,25]. Mulley
et al. [25] reveal that what users are willing to pay for MaaS bundles is even lower than the
providers’ unit costs of providing the service included in the bundle. More generally, [21,22]
report a rather low overall intention of their respondents to subscribe to MaaS offerings. In
this regard, scholars show that habit (e.g., daily car or public transport usage) has a strong
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impact on users’ willingness to subscribe to MaaS offerings e.g., [21,22,48], which is also
reflected in general literature on transport mode choice and modal diversion e.g., [49,50].

Our literature review on consumer preferences and WTP for MaaS bundles using
stated preference experiments highlights that nearly all earlier studies are focused on urban
areas. To the best of our knowledge only a few studies so far have analyzed consumer pref-
erences regarding MaaS packages in suburban areas and/or residential settlements [29–31].
Wright et al. [31], for instance, investigated MaaS bundles including PT and carpooling
services in four European suburban regions or areas (Canton Ticino, Brussels, Zagreb and
Ljubljana). The study was based on a pilot project called ‘RideMyRoute’, which included
an application to help users better plan their journey involving PT as well as carpooling.
In this study with relatively limited focus, surveys were administered before and after
the pilot project. Further, none of the studies we found in the literature investigated the
inclusion of EVs as part of MaaS bundles, such as e-car sharing or e-scooter sharing. Thus,
considering these research gaps, we seek to answer the following research questions:

• Research Question 1: What are the most attractive attributes of MaaS bundles in
suburban areas/residential settlements?

• Research Question 2: How high is the potential users’ purchase intention of MaaS
bundles that include EVs (i.e., e-car sharing and/or e-scooter sharing)?

• Research Question 3: What differences regarding respondents’ socio-demographic
(e.g., gender, age, income), psychological (e.g., climate change concerns) and behav-
ioral (e.g., car usage) characteristics can be identified between (non-)adopter groups
in suburban areas/residential settlements?

3. Methodology and Data

3.1. Data Collection and Sample

This paper builds on a web-based survey (n = 247) conducted in Austria in 2019
in course of the research project “hi MOBIL—Multi-modal mobility node Klagenfurt-
Harbach”. The hi MOBIL project’s goal is to install a multimodal mobility point as part of
the real estate project “hi Harbach” in Klagenfurt, Carinthia, that will provide residents
with MaaS offerings. Our sample consists of individuals who, at the point of testing, were
registered at the two involved real estate companies as prospective hi Harbach residents
and current residents in the Harbach district, which would also have the possibility of
using the multimodal mobility point (At the point of testing, 600 prospective residents of
hi Harbach were registered with the real estate companies. Due to data privacy issues the
real estate companies sent out the survey invitation (as well as two reminders) per email.
Of the prospective residents, 149 participated in our survey, which was a response rate of
24.8% for this subgroup of the sample. The residents in the Harbach district within a radius
of 1 km of the hi Harbach project (approx. 5943 individuals) were invited to participate in
the survey via mass mailing (including the survey link, which was directly indicated in the
text and alternatively accessible via QR code). Of these residents. 98 participated in the
survey, which was a response rate of 1.6% for this subgroup of our sample. We checked
for statistically significant differences in preferences between these two subgroups but
did not find any.). The questionnaire included a section on travel behavior and a conjoint
experiment to investigate preferences and WTP for different features of the multimodal
mobility offering, which included transport modes (e.g., PT, e-car sharing), contract termi-
nation modes, modes of access to the MaaS offering, and price per month. To incentivize
survey participation, the respondents could be included in a raffle offering prizes such as a
hotel voucher.

3.2. Choice-Based Conjoint

To identify the relative importance of the factors included in the study testing the
willingness to purchase MaaS bundles, we used conjoint analysis, or specifically, a CBC
experiment. This method is widely used in marketing research and practice (e.g., studying
product design or pricing; conducting market segmentation based on stated preference
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data, etc.) [51]. It counts as mainstream in research on decision-making [52,53] especially
due to its indirect approach to determining preferences for specific decision attributes
and attribute levels. The indirect questioning approach consists of several choice tasks
where respondents have to choose one of a number (typically 3 to 4) of alternative options
(e.g., existing or hypothetical products or services). The respondents’ choices are taken
as the dependent variable in the estimation model. The options in the choice tasks are
described along a set of pre-defined attributes with levels varying on a random basis
between the options within and between the choice tasks. These attributes and attribute
levels are treated as independent variables for which part-worth utilities are estimated
based on the assumption that these part-worth utilities add up to the overall utility of
the product or service [52–54]. This indirect, decompositional approach to measuring
preferences has several advantages over other methods (e.g., interview, survey). For
instance, CBC allows for a real-time collection of data and, thus, for a more direct and
accurate investigation of consumer decision models, which deals with issues typically
associated with methods based on self-reports such as social desirability and hindsight
biases e.g., [55]. Further, this research method is highly suitable for products or services
that are not in the market yet or of which the market diffusion is still limited [56,57]. This
is the case in our research context where we study preferences for MaaS bundle features
in Austria.

3.3. Survey Design

The survey consisted of two parts. First, we administered a questionnaire assessing
the mobility behavior of respondents (asking, e.g., “How often do you use the following
transport modes?”) and collecting data on their socio-demographic (e.g., gender, age, in-
come) and psychological (e.g., climate change concerns) characteristics (see Tables 1 and 2).
Second, we included the CBC experiment in the survey. Before the CBC experiment started,
the respondents received an introduction which gave them details on the attributes and
attribute levels that described the MaaS bundle options in the choice tasks (e.g., different
transport modes, modes of access) and provided an illustrative example (see Figure 1). The
study was pre-tested with the hi MOBIL project partners, experts from the mobility sector,
and potential users. Table 1 below summarizes the selected attributes and attribute levels
we used in this study.

                                                       

 

Transport modes
PT + bike-sharing

Contract termination 
modes
Half-yearly

Modes of access
Credit or debit card

Price (per month)
€30

Transport modes 
PT + bike- + e-car- + e-
scooter-sharing

Contract termination 
modes
yearly

Modes of access
200 m (approx. 3 min)

Price (per month)
€120

I would choose 
none of the 
presented options.

Transport modes 
PT + bike-sharing + e-
scooter-sharing

Contract termination 
modes
flexible

Modes of access
Stadtwerke Klagenfurt user 
card

Price (per month)
€90

Figure 1. Example of choice tasks.
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Table 1. Attributes and attribute levels included in the choice-based conjoint (CBC) experiment.

Attributes Description Levels

Transport modes
Transport modes included in the package
(incl. a specific number of free hours or

mileage 1)

PT + bike sharing
PT + bike sharing + e-scooter sharing

PT + bike sharing + e-car sharing PT + bike
sharing + e-car sharing + e-scooter sharing

Contract termination modes Possibility of changing the package or
cancel the contract

Annually
Bi-annually

Monthly
Flexible

Modes of access
Possibility of activating the individual

mobility offers for use

Mobility card 2 Stadtwerke Klagenfurt user card
Credit or debit card
Credit or debit card

Smartphone (via app)

Price (per month) Total monthly cost for all transport
modes included in the package

€30
€60
€90
€120

1 PT: Includes all busses of the Klagenfurt Mobil GmbH within the Klagenfurt central traffic area. Bike sharing: Only valid for the services
offered by nextbike within Klagenfurt. The bundle includes the basic tariff (€4/month). The first 30 min are free of charge for each rental;
each additional 30 min are charged with a €1 tariff. The 24 h-tariff starts with the 5th rental hour and will be charged at €9. E-car sharing:
Only valid for the services offered by FAMILY OF POWER. The bundle includes 10 h/month. Each additional hour will be charged at
€4.80. E-scooter sharing: Valid for all services offered by a specific provider (not defined yet at the time of data collection). The bundle
includes up to 10 rides (incl. unlocking) and max. 200 min/month. For additional services, unlocking will be charged at €1, and at €0.15 per
additional minute. 2 An own mobility card for using the MaaS bundle services independent of any specific service provider.

To investigate the impact of including EV sharing modes (i.e., e-car sharing and/or
e-scooter sharing) in MaaS bundles on the potential users’ purchase intention we used
the following four levels for the attribute transport modes: (1) PT + bike sharing (baseline
offering), (2) PT + bike sharing + e-scooter sharing (package that includes e-scooter sharing
only to determine part-worth utility for this specific EV sharing mode), (3) PT + bike sharing
+ e-car sharing (package that includes e-car sharing only to determine part-worth utility for
this specific EV sharing mode), and (4) PT + bike sharing + e-car sharing + e-scooter sharing
(package that includes both e-scooter sharing and e-car sharing, to determine part-worth
utility for combining these two EV sharing modes).

The conjoint experiment comprised 12 choice tasks, which is in line with other studies
in this field e.g., [58–60]. In general, the recommended number of choice tasks depends
on different parameters such as the number of attributes and attribute levels or the tar-
geted sample size [61]. Each of the choice tasks in this study comprised three options
of hypothetical MaaS bundles described by our four pre-defined attributes. In order to
mirror real purchase situations, we added a fourth alternative to each choice task, i.e., a
so-called “none option”, that respondents could choose if they did not prefer any of the
other three presented options (see Figure 1). In each choice task, the respondents had to
select which option of the four they preferred most. We designed our CBC experiment by
following a full-profile approach (all attributes were shown in each of the choice tasks) and
a balanced-overlap design strategy (balanced level of overlap of attribute levels between
alternatives within choice tasks) [61,62].

3.4. Data Analysis

We used Sawtooth Software’s Lighthouse Studio to design the CBC experiment and
to analyze the stated preference data. We applied a hierarchical Bayes (HB) model imple-
mented in Lighthouse Studio to estimate the part-worth utilities for the overall sample. The
HB procedure estimates robust part-worth utilities on an individual level, which makes it
superior to alternatives such as multinomial logit models that only estimate utilities on an
aggregated level [63,64]. For more details on the HB estimation procedure see [61]. We used
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the average root likelihood (RLH) value (geometric mean of all predicted probabilities) as
a measure of the goodness of fit of our model [61]. The average RLH value for our model
was 0.67, which means that our model was 2.7 times better than the chance model (0.25,
i.e., the predicted probability of randomly choosing one of the four options (1/4) within
each choice task).

Further investigating the results from the HB estimation, we used another well-
established method, LCA, that clusters the overall sample (n = 247) into largely homoge-
neous groups to gain more insight on the preference heterogeneity among respondents and
to identify different customer segments [65,66]. As LCA uses different starting points at
each computation, [66] recommends re-running the model several times and estimating a
number of different group solutions. Following this advice, we estimated two-group to
five-group-solutions and retained for each group solution the estimate with the highest
chi-square score. Besides the chi-square score, we also used other quality criteria—percent
certainty and the Consistent Akaike Information Criterion (CAIC)—to identify the best
segmentation result (see Table 2).

Table 2. Summary from latent class analysis highlighting best replications.

Groups Percent Certainty CAIC Chi-Square

2 36.43 5467.10 2993.70
3 40.45 5262.61 3324.11
4 42.79 5196.31 3516.33
5 43.89 5232.10 3606.46

The scores for percent certainty and chi-square can be interpreted as “the higher, the
better” as they indicate how much better a solution is in comparison to a “no segments”
solution. CAIC, on the contrary, needs to be minimized [67,68]. Table 2 shows that percent
certainty and chi-square advocated for a five-group-solution, but CAIC was at its minimum
with a four-group-solution. However, in order to define the optimal number of segments,
we additionally checked the group sizes (very large and very small groups should be
avoided), as well as the interpretability of the part-worth utilities and relative importance
scores of the groups, checking whether the groups and differences between them can be
described meaningfully, as the literature recommends [66]. Thus, the model we finally
chose was the three-group-solution (for further details on the customer segments, see
Section 4.3).

Further, we conducted a sensitivity analysis based on market simulations using part-
worth data by assessing different variations of MaaS bundles. We applied a randomized
first choice model to estimate the share of preference per customer segment for each of the
MaaS bundle scenarios [69].

4. Results

4.1. Part-Worth Utilities and Relative Importance Scores

In this section, we present the results regarding the relative importance of attributes
included in the CBC experiment (e.g., transport modes, price (per month)) and the part-
worth utilities per attribute level. The relative importance scores were determined by the
difference between the highest and lowest part-worth utility per level for each attribute
and represent the attribute’s impact on the dependent variable, i.e., purchase intention.
Due to standardization over all attributes the scores sum up to 100% making it possible
to compare the scores between attributes. Our results showed that the attribute price (per
month) was the most important consideration for the respondents in our sample (49.10%).
After price of the package, in terms of importance ranking, respondents rated transport
mode (27.28%), contract termination mode (13.19%), and modes of access (10.42%). These
findings indicated that monthly price had the largest effect on the overall utility of the
MaaS bundles and, thus, on respondents’ purchase intention. The attributes termination
mode and modes of access each had a relatively marginal effect on purchase intention.
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Further, Table 3 gives an overview of the part-worth estimation results per attribute
level with corresponding standard deviations and 95% confidence intervals. The part-
worth utility of an attribute level can only be compared to those of other levels of the
same attribute. It represents the desirability of a specific attribute level for the respondents
(e.g., the higher the utility score, the more positive its effect on the intention to purchase
the MaaS bundle). The attribute levels with the highest utility scores per attribute were as
follows: €30/month (lowest bundle price), bundles including all offered transport modes
(PT + bike sharing + e-car sharing + e-scooter sharing), flexible cancellation options, and
the Stadtwerke Klagenfurt user card as mode of access to the MaaS services. That the
respondents in our sample preferred the highest service for the lowest bundle price with
flexible cancellation options seems obvious. However, that the respondents preferred the
PT user card instead of an app was an interesting finding. In the questionnaire used in
the survey, we also directly asked the respondents to indicate their most preferred level
for each of the attributes (except for monthly price, of which the direct WTP was assessed
in a separate question) included in our conjoint design (build-your-own (BYO) exercise).
The results of the BYO exercise (see Table 7) show that direct preference for an app is twice
as high as for the Stadtwerke Klagenfurt user card (These different results of the direct
and indirect questioning approaches might be explained by this attribute, modes of access,
having the lowest relative importance (10.42%). This typically happens when respondents
do not pay close attention to variations related to an attribute in the choice tasks.). For the
other attributes, the BYO showed results similar to the CBC analysis.

Table 3. The hierarchical Bayes (HB) model estimation of mean utility values and mean relative importance scores (n = 247).

Attributes and Attribute Levels Mean Standard Deviation Lower 95% CI 1 Upper 95% CI 1

Transport Modes (m = 27.28; SD = 12.69)

PT + bike sharing −45.12 39.10 −49.99 −40.24
PT + bike sharing + e-scooter sharing −18.92 32.14 −22.93 −14.91

PT + bike sharing + e-car sharing 26.50 42.70 21.18 31.83
PT + bike sharing + e-car sharing + e-scooter sharing 37.54 28.92 33.93 41.14

Contract Termination Modes (m = 13.19; SD = 5.69)

Annually −22.51 20.62 −25.08 −19.94
Bi-annually −4.57 16.40 −6.62 −2.52

Monthly 11.33 14.47 9.52 13.13
Flexible 15.75 14.86 13.90 17.60

Modes of Access (m = 10.42; SD = 6.14)

Mobility card −0.16 21.52 −2.84 2.52
Smartphone (via app) −1.37 19.65 −3.82 1.09
Credit or debit card −3.83 15.29 −5.73 −1.92

Stadtwerke Klagenfurt user card 5.35 16.18 3.33 7.37

Price (per Month) (m = 49.10; SD = 13.62)

€30 101.62 44.88 96.02 107.21
€60 25.23 20.11 22.72 27.74
€90 −37.97 26.62 −41.29 −34.65
€120 −88.88 28.87 −92.48 −85.28

None 111.13 141.74 93.46 128.81
1 Confidence interval.

4.2. Willingness-to-Pay

To define the respondents’ WTP for the different attributes of MaaS packages included
in our CBC experiment, we transformed the part-worth utilities per attribute level into
monetary values. As we treated all independent variables (attribute levels, including the
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levels of the price attribute) as categorial variables in our estimation [70], we determined
the WTP for this part-worth model using the following formula [71,72]:

WTP (uij) = (uij − uij Default) ∗
pmax − pmin

upj max − upj min
(1)

This formula defines WTP as the difference between the part-worth utility (uij) of an
attribute’s (i) level (j) and a default part-worth utility (uij Default) (i.e., the least preferred
attribute level in the same attribute) multiplied by the price of one utility unit (i.e., difference
between the highest (pmax) and lowest (pmin) level of the price attribute divided by the
utility difference between the highest and lowest price level (upj max–upj min)). Figure 2
shows the WTP values indirectly calculated based on the results of the CBC experiment.
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Figure 2. Indirect willingness to pay (WTP) for attribute levels of Mobility-as-a-Service (MaaS) packages (relative to default).
Note: Bike sharing (BS), e-car sharing (ECS), e-scooter sharing (ESS), Stadtwerke Klagenfurt (STW).

In order to provide additional insight on the respondents’ WTP, we also included a
question in the questionnaire part of the survey asking directly how much the respondents
would be willing to pay for a MaaS package that meets their preferences. Overall, the
results indicated that study participants, if directly asked, were willing to pay approx. €52
for such a MaaS package. Figure 3 shows, based on the answers to this open question, how
many respondents in our sample (in percentage) were willing to buy a MaaS package at a
given price level. For instance, the market potential of a product with a price of €25 would
be 79%.
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Figure 3. Direct WTP and market potential for MaaS packages.

4.3. Customer Segments

In a further step, we applied LCA to further explore the heterogeneity of preferences
in the study sample. As described in Section 3.4, we chose a three-group-solution as our
final segmentation result applying multiple criteria. Tables 4 and 5 give detailed overviews
of the differences in the part-worth utilities as well as relative importance scores of the
attributes and attribute levels between the three customer segments. Building on insights
presented in the tables, we labelled these segments as convenience seekers, price-sensitive
worriers, and non-adopters.

Considering the respondents’ stated preferences on segment level, we labeled the first
potential adopter group convenience seekers (n = 77, 31.2% of the respondents). In general,
they rated price as the most important attribute (57.1%), as did respondents in the other two
segments. The attribute they rated as second most important, is transport modes (31.0%).
Considering the part-worth utilities for that attribute we found that the respondents in this
segment most preferred offerings including PT + bike sharing + e-car sharing + e-scooter
sharing. Contrary to the other two segments, this group preferred an own mobility card
to other modes of accessing the mobility services included in the bundle. Investigating
socio-demographic differences between the segments showed that convenience seekers
were significantly younger than non-adopters (p = 0.004) (see Tables 1 and 3). Regarding
household income (net/month) this group indicated the highest value on average (€2664.8);
however, their differences to the other two groups were statistically not significant. Further,
almost all respondents in this group (93.5%) owned at least one car which, compared to
the other segments, costed the most per month (approx. €260 for fuel, insurance, etc.).
In comparison to the other groups, a higher share of respondents in this segment used
their car on a daily basis (13% versus 9.7% of the price-sensitive worriers and 2.6% of
the non-adopters; see Tables 1 and 4). This group generally was the most interested in
and willing to adopt multimodal services, i.e., more than 71.4% of the respondents in
this segment indicated that they (most) likely would purchase a MaaS bundle that meets
their preferences. This was also reflected in the negative value of the none option in our
part-worth model (−150.90). Their directly indicated WTP for a MaaS package that met
their preferences was the highest among the three groups, i.e., €62.3, on average. In this
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regard, the convenience seekers significantly differed from the price-sensitive worriers
(€54.8, p < 0.001) and the non-adopters (€38.0, p < 0.001). Finally, the results showed
a significant difference regarding the subjective norm (peer group effect) between the
segments (p < 0.001). Regarding this variable, the convenience seekers (3.13) significantly
differed in relation to the other two segments, i.e., the non-adopters (2.61, p < 0.001) and
price-sensitive worriers (2.73, p = 0.004).

Table 4. HB model estimation of mean utility values per segment.

Segment 1:
Convenience Seekers

Segment 2:
Price-Sensitive Worriers

Segment 3:
Non-Adopters

Segment size n = 77 (31.2%) n = 93 (37.6%) n = 77 (31.2%)

Transport Modes

PT + bike sharing −63.41 −52.83 5.44
PT + bike sharing + e-scooter sharing −33.47 −25.11 −40.48

PT + bike sharing + e-car sharing 36.18 40.29 1.10
PT + bike sharing + e-car sharing + e-scooter sharing 60.70 37.65 33.95

Contract Termination Modes

Annually −7.23 −22.18 −75.28
Bi-annually −11.31 −0.17 −6.97

Monthly 8.02 12.30 25.09
Flexible 10.53 10.05 57.16

Modes of Access

Mobility card 18.02 −0.72 −6.04
Credit or debit card −7.69 −2.41 −5.58

Smartphone (via app) −6.61 −7.88 −0.83
Stadtwerke Klagenfurt user card −3.72 11.01 12.45

Price (per Month)

€30 106.25 131.43 116.19
€60 50.60 35.75 −58.44
€90 −34.78 −45.10 −17.18

€120 −122.08 −122.08 −40.57

None −150.90 114.21 353.73

Table 5. Attribute importance scores per segment.

Segment
Segment 1: Convenience

Seekers
Segment 2: Price-Sensitive

Worriers
Segment 3:

Non-Adopters

Segment size n = 77 (31.2%) n = 93 (37.6%) n = 77 (31.2%)
Transport modes 31.0 23.3 18.6

Contract termination modes 5.5 8.6 33.1
Modes of access 6.4 4.7 4.6

Price (per month) 57.1 63.4 43.7
Total 100% 100% 100%

The second potential adopter segment was labeled price-sensitive worriers (n = 93,
37.6%). The respondents in this group paid the most attention of all groups to the monthly
price of the bundles in the choice tasks (63.4%). Further, they most preferred a monthly
contract termination mode in comparison to the other two groups that preferred a flexible
one. Regarding the mobility services included in the bundle, they most preferred a combi-
nation of PT + bike sharing + e-car sharing; rather than a package with the largest range
of services, i.e., one also including e-scooter sharing, they preferred the slightly reduced
choice, although the difference between these two part-worth values was small (40.29
and 37.65, respectively). These findings are in line with the results of our BYO exercise,
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which shows that this group found no added value if e-scooter sharing was included in
the package. Regarding age, the price-sensitive worriers were significantly younger than
the non-adopters (p = 0.001). Further, they expressed a significantly higher willingness to
adopt MaaS packages (61.3%) than the non-adopters group (36.4%, p < 0.001).

We labeled the third adopter segment non-adopters (n = 77, 31.2%). Our part-worth
estimates revealed the highest value of the none option in this group (353.73), indicating
that these respondents most often chose the none option in the choice tasks, i.e., they did not
prefer any of the three presented MaaS bundle variations. Further, in our direct question
on the general willingness to adopt MaaS bundles, this group was the least likely of all
three segments (approx. 36%) to adopt a MaaS package. They also showed a significantly
lower directly indicated WTP in relation to the other two segments (convenience seekers
p = 0.001; price-sensitive worriers p = 0.023). Although, this segment scored the lowest on
the willingness to adopt MaaS bundles, some other relevant criteria were insightful and
distinctive. This group stood out regarding the relatively high importance it assigned to
the attribute contract termination modes (33.1%) and its desire for flexibility in contract
termination. In contrast to the other segments, this group’s respondents were significantly
older (p < 0.001), with an average age of 52.2. Overall, compared to the other two segments
this group had the lowest share of car owners (83.1%), those who did own cars use them
the least often (only 2.6% indicated using their cars on a daily basis), and, apparently due
to low mobility needs, had the lowest monthly costs for a car (approx. €226), which might
partly explain their low interest in MaaS bundles.

4.4. Sensitivity Analysis on Segment Level

Building on the LCA results, we conducted a sensitivity analysis to test for differences
in the segments’ preferences (randomized first choice) regarding variations in the MaaS
bundle features. Following here, we present the results of four market simulations and
graphically summarize these results in Figure 4, below.
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Figure 4. Summary of market simulations on segment level (% of respondents).
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4.4.1. Simulation 1: Transport Modes

For the first simulation we designed MaaS packages to evaluate the effect of different
transport mode combinations on the segments’ choice. All created packages differed
only regarding the transport mode attribute: (1) PT + bike sharing, (2) PT+ bike sharing
+ e-scooter sharing, (3) PT+ bike sharing + e-car sharing, and (4) PT+ bike sharing + e-
car sharing + e-scooter sharing. The other attributes were held constant at an annual
subscription, an own mobility card as access mode, and a price of €30 per month (This
price level seems to be realistic for a baseline offering of mobility services (i.e., PT + bike
sharing) as a monthly ticket at the Stadtwerke Klagenfurt would cost a city of Klagenfurt
resident €25 (see https://www.stw.at/privat/mobilitaet/tickets-tarife-und-abos/#30-tag
e-karte-umweltschutz), while they charge €4 per month for using nextbike’s bike sharing
services. An annual subscription mode would allow for lower prices per month if more
transport modes were added to the bundle, and an own mobility card for accessing the
services would allow a higher level of independence from only one provider.). The results
showed that the largest share of respondents in the convenience seekers’ segment (96%)
would prefer a bundle that includes PT+ bike sharing + e-car sharing + e-scooter sharing,
all else being equal. However, the difference between the most and second most preferred
levels (PT+ bike sharing + e-car sharing) was quite small (1.1 percentage points), which
suggested that e-scooter sharing provided these respondents only marginal value. Overall
this segment showed a very high preference (> 85% of the respondents in this segment
would choose this bundle in the market) for each of the bundle combinations, which
underlined their high willingness to adopt MaaS offerings. The group of price-sensitive
worriers most preferred a package including a combination of PT+ bike sharing + e-car
sharing as mobility services (65.1%). In contrast, the non-adopters showed consistently low
preference for all the package combinations in this first simulation (< = 3.9%).

4.4.2. Simulation 2: Contract Termination Modes

In the second simulation, we tested for preference share sensitivity regarding the
contract termination mode. We varied the attribute according to its four levels (annually,
bi-annually, monthly, flexible), while other dimensions were held stable as in the first
simulation (the attribute transport modes remained constant at PT + bike sharing). The
second simulation results revealed similar tendencies to those of the first simulation.
The convenience seekers most preferred a package with a flexible contract termination
mode and the price-sensitive worriers one with a monthly subscription. However, the
difference between the most and the second most preferred levels of the convenience
seekers (88.1% and 87.8% respectively) and the price-sensitive worriers (39.3% and 38.4%,
respectively) groups was only marginal. Again, this second market simulation highlighted
the significant willingness of respondents in the convenience seekers segment (>85%) to
adopt a MaaS package.

4.4.3. Simulation 3: Modes of Access

For our third simulation we varied the modes of access (mobility card, app, credit or
debit card, and Stadtwerke Klagenfurt user card) to our baseline MaaS offering, keeping all
other attributes stable. The results indicated that the mobility card was the most preferred
access mode among the respondents of the convenience seekers segment (85.8%), which
was the access mode we chose for our baseline MaaS bundle. The price-sensitive worriers
most preferred the Stadtwerke Klagenfurt user card, where 29.5% would be willing to
buy a MaaS package with such an access mode. The BYO exercise disclosed that the
most attractive access mode for all groups, would be the app. If the mode of access were
switched to this level (app), then the two likely adopter groups’ share of preference would
drop to 82.5% and 24.5%, respectively.
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4.4.4. Simulation 4: Price (Per Month)

The last sensitivity analysis varies the price level (€30, €60, €90 and €120), keeping all
other variables equal. This simulation reflected the tremendous importance of price for
the respondents in our sample. Specifically, the convenience seekers’ share of preference
for our baseline product (85.8%) would significantly drop to nearly half of its value, i.e.,
41.8%, if the price were to increase from €30 to €120. However, compared to the other two
groups, this segment remained the one with the highest willingness to pay in monetary
terms, as even at a price level of €120, a share of more than 40% of the respondents in this
sample would opt for such a MaaS bundle. The share of price-sensitive worriers would
drop from 25.2% for the reference product to 4.0% if the price of the MaaS package were
doubled to €60.

4.5. Insights on Electric Vehicles as a Part of the MaaS Packages

Besides considering the respondents’ preferences for various features of MaaS pack-
ages, this study took a closer look at the role of EVs, i.e., e-car sharing and e-scooter sharing,
in MaaS bundle adoption. Our CBC experiment’s results suggest that the respondents
in our sample strongly prefer a MaaS package including e-car sharing to one including
e-scooter sharing. The differences between the part-worth utilities of the transport mode
levels clearly suggested this in that, compared to PT + bike sharing (reference level) utility
increased by 26.20 points if e-scooter sharing was added to the bundle (see Table 3), whereas
it increased by 71.62 points if e-car sharing was added. Additionally, the difference between
the level PT + bike sharing + e-car sharing and the level which included all transport modes,
was only 11.03 utility points. This finding was also reflected in our CBC experiment’s
segment level results for our two potential adopter groups. For the price-sensitive worriers,
part-worth utility even decreased from 40.29 to 37.65 (see Table 4) if e-scooter sharing was
added to a bundle that has PT + bike sharing + e-car sharing. The results of the BYO
exercise provided an even clearer picture (Table 7): 14.6% of the respondents would opt
for a bundle including PT + bike sharing + e-scooter sharing and about one third (34.8%)
would opt for the same bundle that had e-car sharing, instead.

Further, we asked the respondents in the questionnaire part of our survey to indicate
what transport modes they would include in a MaaS bundle. The survey participants rated
several transport modes on a scale ranging from 1 = “should not be included at all” to
4 = “should definitely be included”. Table 6 below shows the share of respondents that
selected each of these scale values, and Table 6 gives an overview of the rating means of
the segments compared to the overall sample. In the last column of this table, we summed
up the shares for the two highest preference levels (should definitely be included and
should be included). The results show that e-car sharing was selected by 68.8% of the
respondents to be (definitely) included in a MaaS bundle, and thus ranked third after two
modes representing PT. Respondents preferred e-car sharing even more than conventional
car sharing (63.2%). Interestingly, bike sharing and e-bike sharing were equally preferred
(58.3%). Of the respondents, 43.3% selected e-scooter sharing to be included in a MaaS
bundle, whereas only 27.5% of the respondents selected e-load-cycle sharing that we had
also included in the list.
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Table 6. Results for direct question on preferred transport modes to be included in MaaS bundle.

Should Definitely
Be Included

Should Be
Included

Should Not
Be Included

Should Not Be
Included at All

Sum of Columns “Should
(Definitely) Be Included”

PT (e.g., bus, tram, metro) 78.14% 14.57% 2.43% 4.86% 92.71%
Train (e.g., regional train) 42.11% 30.77% 14.57% 12.55% 72.87%

E-car sharing 38.06% 30.77% 11.34% 19.84% 68.83%
Car sharing 33.20% 29.96% 15.38% 21.46% 63.16%
Bike sharing 29.55% 28.74% 15.38% 26.32% 58.30%

E-bike sharing 29.55% 28.74% 14.98% 26.72% 58.30%
Micro-PT 21.86% 22.27% 19.84% 36.03% 44.13%

E-scooter sharing 23.08% 20.24% 15.38% 41.30% 43.32%
Taxi 19.84% 18.62% 15.38% 46.15% 38.46%

E-load-cycle sharing 12.15% 15.38% 22.27% 50.20% 27.53%
Other 4.17% 5.56% 6.94% 83.33% 9.72%

5. Discussion and Conclusions

Based on the fact that the transport sector is the highest contributor to greenhouse gas
emissions [73], Collins et al. (p. 640, [74]) noted that selecting travel modes is “among the
most environmentally-significant decisions faced by individuals”. Thus, in the context of
the present study and following recent calls in the literature e.g., [21,45], we investigated
individuals’ preferences for MaaS bundles that include more sustainable transport modes
(i.e., PT, bike sharing, e-car sharing, e-scooter sharing) with the ultimate goal of decreasing
individual car ownership and usage. In contrast to existing studies that have mainly
focused on urban areas, we aimed to gain insight on potential adopters’ preferences for
MaaS packages in sub-urban areas. Further, the study intended to shed light on the impact
EVs, i.e., e-cars and e-scooters, included in MaaS bundles would have on the adoption of
such multimodal mobility services.

5.1. Discussion of Results and Implications

The study’s findings highlight the importance of a MaaS bundle’s price regarding its
acceptance, as other researchers have shown in the past, studying different geographical
contexts e.g., [21,22,25,46]. The CBC results reveal that price contributes nearly 50% (49.10%)
to the overall utility of the average respondent in our sample. Directly asked, the average
study participant would be willing to pay approx. €52 for a MaaS package that meets
their preferences. Although the LCA results show that there are differences between the
segments in the relative importance values they assign to the price attribute, they are still at
a high level (e.g., the lowest relative importance value is 43.7% for the non-adopters group).
The convenience seekers segment shows the highest WTP in both the CBC analysis and the
direct question implemented in the questionnaire part of the survey. The differences in the
part-worth values for the levels €30 (106.25) and €60 (50.60) for the convenience seekers
is much smaller (55.65 utility points) than for the other potential adopter group, i.e., the
price-sensitive worriers, (95.67 utility points). The differences between the two groups are
quite similar in the part-worth utilities for the higher price levels. This group difference
in price sensitivity is also reflected in the simulation results. Moreover, average direct
WTP indications significantly differ (p < 0.001) between the convenience seekers (€62.3)
and the price-sensitive worriers (€54.8). The implications of these findings are that MaaS
package providers need to consider varying WTP thresholds between different potential
user segments, such as offering price-differentiated bundles (e.g., services or features that
are included or excluded in the different bundles). Further, MaaS bundles’ price could
be decreased by government subsidies (e.g., for using PT, as is already the case in Vienna
where an annual PT pass at €365 costs comparatively much less than a 24 h-ticket at €8, and
as is currently under discussion for roll-out in a similar way nationally, as the 1-2-3-ticket).
However, recent scholarly work suggests that price sensitivity related to MaaS adoption
is more pronounced in the early stages of market diffusion and might decrease with the
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maturity of the market and MaaS technology (e.g., an app) due to commuters’ increased
experience with the new offerings [75].

The findings regarding the overall price the respondents in our study are willing to
pay for MaaS services are related to the question of what the respondents are willing to pay
for specific features of a MaaS offering. Our findings show that the second most important
attribute in our stated preference analysis is transport mode (27.28%), i.e., what (type and
quantity) of mobility services are included in the MaaS bundle. Overall, our analysis shows
that the respondents prefer larger bundles (i.e., highest part-worth utility for PT + bike
sharing + e-car sharing + e-scooter sharing; 37.54 part-worth utility) to smaller bundles (i.e.,
PT + bike sharing; −45.12 part-worth utility). On a more detailed level, our results suggest
that the respondents do not perceive as much value in e-scooter sharing as in e-car sharing.
If asked directly, almost 70% of the respondents in our sample would choose e-car sharing
while only about 43% would choose e-scooter sharing as a basic component of MaaS
packages they would purchase. Besides the fact that e-car sharing is a better substitute to
private car ownership than e-scooter sharing, we found three reasons to be quite plausible
explanations of these findings. First, e-scooter sharing is still quite novel in Austria, and
more so in Klagenfurt. Although literature on product or service bundling suggests that
product spill-over effects from more mature to less mature products or services increase the
acceptance of the overall bundle [76–78], we cannot find such an effect in our survey results.
Generally, the experience with sharing services is rather low in our sample, although the
experience with (e-)scooter sharing is comparatively higher than for the other sharing
modes (see Table 5). Second, an explanation for the lower preference for e-scooter sharing
might be that e-scooters suffer from the same disadvantages as bikes such as in being
dependent on weather conditions. Thus, as bike sharing, together with PT, was already
included as baseline elements of the MaaS bundle, the respondents in our sample might
not have perceived additional value in the mobility services provided by e-scooter sharing.
Third, research on product/service bundling emphasizes the importance of value-adding
complementarity of the products or services in the bundles, because otherwise consumers
are more likely to purchase the products or services separately e.g., [77,79]. This agrees with
Guidon et al.’s [45] findings, which showed that complementary mobility services such
as PT and car sharing achieved the highest WTP among their respondents. The particular
reasons at play regarding the lower preference for e-scooter sharing and similar transport
modes (e.g., e-bike sharing) does, however, need further research. Nevertheless, these
findings have important implications for the configuration of MaaS packages.

We found the other attributes we included in the CBC experiment (contract termi-
nation modes, modes of access) of marginal relative importance regarding respondents’
willingness to adopt MaaS bundles (13.19% and 10.42%, respectively); however, we noticed
some interesting differences between the three segments. For instance, one third (33.1%) of
the overall utility of the average respondent in the non-adopters group can be attributed
to the contract termination mode. This segment specifically prefers flexible cancellation
options, which could be a potential lever to convince current non-adopters to try out MaaS
offerings, as they would be able to terminate the subscription easily and on short notice if
they do not find it useful or practical. Further, the mode of access seems to be of marginally
higher importance to the convenience seekers who would prefer an own mobility card
rather than the Stadtwerke Klagenfurt user card, which was the most preferred level among
the respondents of the other two groups. However, as we found contradictory results in our
BYO exercise revealing the highest preference for accessing the services via a smartphone
app (43.7% of the respondents), we encourage scholars to conduct further research in
this field.

Overall our results show that the willingness to adopt MaaS bundles is rather high
in our sample (56.7% indicate that they would (very) likely adopt a MaaS bundle that
meets their preferences). However, whether the respondents in our sample would actually
decrease individual car usage by adopting MaaS packages, remains an open question,
which can only be answered in a real-life setting and by applying a longitudinal study
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design. Studies that investigated the success of MaaS pilot projects report that, at least, the
immediate effects on the reduction of car usage are positive e.g., [41], but the sustainability
of such behavioral changes is still unclear. Further, our study confirms the high preference
for PT to be included in MaaS packages, as other scholars have also found in the past
e.g., [21,24,45,47]. For instance, 92.7% of the respondents indicated that PT (e.g., bus, tram,
metro) and 72.9% indicated that trains (e.g., regional trains) should (definitely) be included
in a MaaS bundle.

Finally, we also tested for differences between the identified segments in socio-
demographic, behavioral (mobility behavior), and psychological characteristics. Surpris-
ingly, we did not find statistically significant differences between the two potential adopter
groups and the non-adopters regarding sustainability-related psychological or behavioral
variables investigated in our study, such as climate change concern, pro-environmental
attitude or energy-saving behavior. This finding seems to refer to the often cited “attitude-
behavior gap” or “attitude-intention-behavior gap” (for a recent literature review see
e.g., [80]), explaining why pro-environmental attitudes often do not transform into pro-
environmental behavior, or in our case, into purchase intention of environmentally friendly
products. Further, in line with our results, Schikofsky et al.’s [81] qualitative study reports
that pro-environmental attitudes are of “subordinated relevance” for the intention to adopt
MaaS packages. However, they found that psychological needs such as autonomy, com-
petence and relatedness to a social peer group are good predictors of the intention to use
MaaS offerings. Thus, future research might further investigate the socio-psychological de-
terminants of the intention to adopt MaaS offerings, as such insights could have important
implications for how service providers should design offerings and marketing campaigns
and what motives and attitudes of potential adopters they seek to address.

5.2. Limitations and Further Research

As with any research, the results of our study are subject to some limitations. First,
it is important to mention that we drew the study sample from a sub-urban district in
Klagenfurt, Carinthia. Thus, our analysis is limited to a specific regional section of the
Austrian population. In future, research should test our findings in other (sub-urban)
regions in Austria and in different demographic and cultural contexts. Second, looking
more closely at methodological limitations, although the MaaS packages we tested were
developed to be as realistic as possible, respondents’ decisions would still not be the
same as real-life decisions in purchasing such packages and actually paying for these
services. Future studies could compare stated preference data, like ours, with revealed
preferences for MaaS offerings actually implemented in the market. Third, in the conjoint
part of our study only a limited number of attributes and attribute levels were included.
Building on a literature review, as well as on interviews with experts, stakeholders, potential
adopters and the likes, there is a wide pallet of factors potentially influencing travel
mode choice generally, and affecting purchase intention of MaaS packages, specifically
(e.g., availability of transport modes within a certain distance to home/work, transfer time
between modes, employers’ financial support of MaaS bundles, etc.). Further, we would
encourage future research that combines preference data with data from secondary sources,
such as transport sector-related characteristics of the cities or rural areas the respondents
live in. For instance, [30] used local characteristics of 15 European cities, such as weather, PT
satisfaction, density, city structure and the likes, to design multimodal mobility packages
customized to the particularities of the cities. Additional analyses could further investigate
potential supply-side effects of different local or regional MaaS offerings (e.g., implications
for raw material and energy demand, settlement and housing patterns, etc.) [82]. Finally,
although, we included a few psychological variables in our study, this still represents
only a fraction of the individual characteristics that could be important for understanding
potential MaaS package adopters’ preferences and for distinguishing between potential
adopters and non-adopters. Future research should take this into account, and could use
this study as a point of departure, considering a range of other factors not included here
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but found to be relevant in general literature on travel mode choice (e.g., affective factors
such as comfort, symbolic factors such as status and prestige, etc.). For instance, we would
anticipate that respondents who pay high attention to status symbols are less likely to
adopt MaaS packages e.g., [83].
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Appendix A

Table 1. Description of the sample and the segments.

Variable Sample Convenience Seekers Price-Sensitive Worriers Non-Adopters

Demographic Variables
Age 46.6 44.47 43.68 52.21

Gender (man) 34.0% 32.5% 35.5% 33.0%
Education

Compulsory school 6.1% 5.2% 2.2% 11.7%
Vocational training 39.3% 44.2% 39.8% 33.8%

High school 25.5% 24.7% 26.9% 24.7%
Collage/university 29.1% 26.0% 31.2% 29.9%

Income €2513.1 €2664.75 €2601.24 €2255.12

Mobility Behavior Related Variables

WTP for MaaS €51.88 €62.32 €54.77 €37.95
WTA 1 MaaS ((most) likely) 56.7% 71.4% 61.3% 36.4%

Car ownership (at least one car) 89.5% 93.5% 91.4% 83.1%
Daily car usage (as driver) 8.5% 13% 9.7% 2.6%
Cost for car (per month) €238.52 €257.38 €230.42 €225.94

Socio-Psychological Variables

Climate change concerns 3.86 3.87 3.88 3.82
Pro-environmental attitude 3.36 3.40 3.30 3.41

Values (Schwartz’s value scale) 3.80 3.95 3.72 3.74
Energy-saving behavior 3.02 3.07 2.97 3.03

Subjective norm 2.82 3.13 2.73 2.61
Intention towards using PT 2.63 2.78 2.60 2.52

1 Willingness to adopt.
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Table 3. ANOVA summary table of differences between segments 1,2.

Source Sum of Squares df Mean Square F p

Age a,b 3565.88 2 1782.94 8.12 0.000
WTA c,d 32.86 2 16.43 12.04 0.000
WTP e,f 24,124.66 2 12,062.33 7.09 0.001

Values g,h 2.73 2 1.36 5.56 0.004
Subjective

norm i,j 11.25 2 5.62 8.94 0.000

a Convenience seeker vs. non-adopters—p = 0.004, b Non-adopters vs. price-sensitive worriers—p = 0.001,
c Convenience seeker vs. non-adopters—p = 0.000, d Non-adopters vs. price-sensitive worriers—p = 0.001,
e Convenience seeker vs. non-adopters—p = 0.001, f Non-adopters vs. price-sensitive worriers—p = 0.023,
g Convenience seeker vs. non-adopters—p = 0.023, h Convenience seekers vs. price-sensitive worriers—p = 0.006,
i Convenience seeker vs. non-adopters—p = 0.000, j Convenience seekers vs. price-sensitive worriers—p = 0.004.
1 Post hoc test after Turkey HDS. 2 Variables not listed in this table did not reveal statistically significant differences
between the segments.

Table 4. Summary table for usage frequency of different transport modes (% of the respondents).

Usage Frequency of Different Transport Modes Daily
Min. Once

a Week
Min. Once a

Month
Few Times

per Year
Rarely or

Never

Car (as driver) 8.5 20.6 6.5 12.6 51.8
Car (as co-driver) 4.9 12.6 11.3 17.8 53.4

PT (e.g., bus, tram, metro) 12.6 8.9 17.8 27.9 32.8
Train (e.g., regional train) 1.2 2.0 12.1 33.6 51.0

Motorbike 1.2 4.0 3.2 2.0 89.5
Bike 25.9 21.9 12.1 16.2 23.9

E-bike 2.0 2.8 1.2 2.8 91.1
Walking 59.5 23.5 10.1 2.0 4.9
Micro-PT − − − 5.3 92.7

Taxi − 0.8 6.1 38.5 54.7
(E-)load-cycle − - - 1.2 98.8

(E-)scooter − 1.6 3.6 6.1 88.7

Table 5. Summary table for usage frequency of different sharing modes (% of the respondents).

Usage Frequency of Different Sharing Modes Daily
Min. Once

a Week
Min. Once a

Month
Few Times

per Year
Rarely or

Never

Car sharing 0.8 0.8 2.0 3.6 92.7
E-car sharing − − − 2.0 98.0
Bike sharing − − 1.6 2.8 95.5

E-bike sharing − − − 1.6 98.4
(E-)load-cycle sharing − − 0.4 − 99.6

(E-)scooter sharing − 0.8 3.2 4.5 91.5

Table 6. Results for direct question on preferred transport modes to be included in MaaS bundle (mean).

Sample Convenience Seeker Price-Sensitive Worrier Non-Adopter

PT (e.g., bus, tram, metro) 3.68 3.57 3.78 3.65
Train (e.g., regional train) 3.03 2.88 2.91 3.42

E-car sharing 2.88 2.90 2.83 2.94
Car sharing 3.08 3.18 3.06 2.96
Bike sharing 2.79 2.76 2.99 2.52

E-bike sharing 2.81 2.83 2.87 2.69
Micro-PT 2.37 2.32 2.27 2.60

E-scooter sharing 2.07 1.88 2.09 2.31
Taxi 1.99 1.96 1.92 2.15

E-load-cycle sharing 2.39 2.49 2.53 2.02
Other 1.30 1.41 1.29 1.20
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Table 7. Results of BYO exercise (% of the respondents).

Attributes Sample Connivence Seekers Non-Adopters Price-Sensitive Worriers

Transport Modes

PT + bike sharing 23.9 23.4 37.7 12.9
PT + bike sharing + e-scooter sharing 14.6 18.2 10.4 15.1

PT + bike sharing + e-car sharing 34.8 28.6 28.6 45.2
PT + bike sharing + e-car sharing +

e-scooter sharing 26.7 29.9 23.4 26.9

Contract Termination Modes

Annually 5.7 6.5 6.5 4.3
Bi-annually 8.9 10.4 3.9 11.8

Monthly 35.6 35.1 31.2 39.8
Flexible 49.8 48.1 58.4 44.1

Modes of Access

Mobility card 20.6 22.1 22.1 18.3
Smartphone (via app) 43.7 46.8 33.8 49.5
Credit or debit card 13.8 14.3 13.0 14.0

Stadtwerke Klagenfurt user card 21.9 16.9 31.2 18.3
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Abstract: This study introduces e-mobility for humanitarian purposes and presents the first
investigation of innovative e-mobility transport solutions (e.g., e-bike, e-stretcher, and drone)
for mountain rescue. In practice, it is largely unclear which e-mobility transport solutions might
be suitable and what selection attributes are to be considered. The subsequent study supports
the technology selection process by identifying and measuring relevant selection attributes to
facilitate the adoption of e-mobility in this domain. For the purpose of this study, a multi-method
research approach that combines qualitative and quantitative elements was applied. In the first step,
results of a systematic search for attributes in literature were combined with inputs gained from
unstructured expert interviews and discussions. The perceived importance of the identified selection
attributes was then measured by analyzing survey data of 341 rescue workers using the best-worst
scaling methodology. Finally, the results were reiterated in another expert discussion to assess
their overall validity. Study results indicate that e-mobility transport solutions need to primarily
enhance operational performance and support the safety of mountain rescue personnel. Surprisingly,
economic and sustainability aspects are less of an issue in the process of technology selection.

Keywords: e-mobility; mountain rescue operations; emergency response; multi-method-research;
best–worst scaling

1. Introduction

E-mobility, which includes every means of transport powered by an electric powertrain [1],
has recently been gaining momentum due to its promising potential for tackling the ecologic problems
of today’s society. It has the capability to reduce greenhouse gas emissions, increase energy efficiency,
and foster renewable power production, which are well-recognized properties by governments and
policymakers [2]. European countries regularly play a leading role in the wide-ranging implementation
of e-mobility [3]. This trend is slowly taking hold on a global scale. Various countries and organizations
pursue an intensified adoption of e-mobility, which is not only limited to automobiles. In many other
application areas, performance gains can also be achieved in terms of logistics and transportation due
to novel e-mobility transport solutions [4]. In this regard, the fields of disaster relief and humanitarian
logistics are focused on not only harnessing the ecologic benefits of e-mobility but also creating entirely
new technological solutions to improve their performance when supporting people in need [5–7], as do
mountain rescue (MR) services.

MR services are the primary responders in accident cases in alpine areas as well as in humanitarian
disasters, where they become an integral part in the alleviation of human suffering. Prominent examples
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of such cases are earthquakes, such as the Amatrice earthquake in 2016 [8], large-scale avalanches,
landslides and floods. During their operations, the MR services are often exposed to a multitude of
challenges when taking care of and evacuating patients from remote locations. Relevant operations
include patient localization and transportation, which regularly take place in isolated and potentially
dangerous terrains and under harsh weather conditions [9]. These challenges negatively affect
the overall logistics and transportation performance of MR services, often resulting in relatively
time-consuming ascents and descents to the prior location of the patient [10]. Furthermore, no two
emergencies are the same; rather, they can be described as heterogeneous and dynamic in nature,
involving numerous and varied combinations of actors, skills, equipment, and environmental conditions.
With the equipment currently available, rescue services often reach their operational limits when it
comes to efficiently handling these drivers of complexity [11]. Additionally, alpine leisure activities are
rising in popularity due to increased accessibility to remote mountainous areas [12]; thus, they now
attract millions of people annually [13]. This growing enthusiasm for active pursuits in mountainous
areas, in turn, leads to an even steeper increase in related accidents [14]. The corresponding logistical
challenges are highly diverse and tackling them demands scientific assessments and the implementation
of novel approaches. Therefore, modern technology is investigated and applied in most professional
MR services [15].

The implementation of e-mobility transport solutions may be a viable option to achieve required
performance gains. In the case of MR services, electric drones are a sound alternative for the emergency
transport of medical equipment [16,17], and several other approaches, such as e-bikes and e-stretchers,
also exist. E-bikes (i.e., bicycles with an additional electric propulsion) can be used for performing
reconnaissance, locating patients, or getting faster access to emergency sites. Similarly, e-stretchers also
make use of electric propulsion technology and are a variant of the common stretchers used to transport
patients or operational equipment. Here, in particular, differences in the altitude and distance between
an accident site and emergency vehicle can be more easily overcome. Furthermore, this technology
positively affects the stabilization of the stretcher, ensuring safer transport conditions for patients while
sparing the physical strength of the mountain rescuer [18].

The starting point of this scholarly effort is ascertaining that practitioners and various other
stakeholders involved in MR cannot fully rely on the decision-making experience with respect to novel
transport modes and technologies. Thus, it is largely unclear which e-mobility transport solutions
might be suitable and what attributes are to be considered when selecting an adequate e-mobility
transport solution, in accordance with the requirements of the MR services. As public views on
e-mobility and new modes of electric transportation for civilian and commercial purposes have been
evaluated in recent years, it follows naturally that their application to other purposes should come
under consideration too. According to [19], technology transfer in humanitarian emergencies is a
critical issue, but, so far, no conclusive investigation has been undertaken regarding the applicability of
e-mobility transport solutions in humanitarian logistics. The study at hand aims at extending scientific
knowledge to the relatively new sphere of e-mobility for humanitarian purposes and offers a first
exploration in that direction based on the case of MR services. With a special focus on the technology
selection process, we formulated the following research questions (RQs):

- RQ1: What are the decision-relevant attributes for selecting e-mobility transport solutions for
mountain rescue personnel?

- RQ2: What is the perceived importance of the identified attributes for selecting e-mobility
transport solutions for mountain rescue personnel?

The research questions were formulated during the course of the joint Interreg project Smart
Test for Alpine Rescue Technology (SMART) involving Italian and Austrian MR services. For the
corresponding analysis, a multi-method research approach consisting of qualitative and quantitative
elements was chosen. Firstly, results of a systematic search for attributes in literature were combined
with inputs gained from unstructured expert interviews and discussions with representatives of
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the participating MR services. Then, the perceived importance of the identified selection attributes
was measured by analyzing survey data of 341 MR personnel using the best–worst scaling (BWS)
methodology. Finally, the results were reiterated in another expert discussion to assess their overall
validity. The applied research approach as well as the achieved results can provide a good orientation
for both academics and practitioners in the context of transport technology assessment in (mountain)
rescue operations and related fields. The article continues with the setting of the scientific background
by analyzing the existing body of knowledge in the field. Then, the applied research methods are
described, and the results of the analysis are presented and discussed. The article concludes with an
overview about the limitations and implications of this study and potential future lines of research.

2. Related Work

Due to the novelty of the topic under consideration, specific research in the field of e-mobility for
MR is sparse. Consequently, this section instead offers a general outline of the present study’s scholarly
context where we first delve into the current body of knowledge regarding the general adoption of
e-mobility transport solutions. Then, closing in on the core topic of the present study, we present
literature on the selection of e-mobility for various purposes and then connect this literature to the
MR context, illustrating scholarly work that discusses the selection of equipment in this domain. This,
consequently, guides us to the apparent gap in the existing body of knowledge that lays the foundation
for subsequent analysis.

In recent years, various studies on the adoption of e-mobility for different applications have been
published. A comprehensive overview about recent literature in that regard is presented by [20].
Here, special attention is dedicated to papers that assess factors that are linked to the successful
adoption of electric vehicles. Papers in this research domain, for instance, have investigated the
impact of innovation policies on the future development of international electric vehicle industries
and markets [21,22]. Research results reveal that purchase subsidies, purchase restrictions and driving
restrictions are the most effective policies to push e-mobility adoption. Ref [23] provided insights
into incentives that promote the purchase and use of electric vehicles in the Norwegian market.
The authors pointed out that the diffusion of electric vehicles is largely driven by economic incentives
(e.g., exemption from toll charges) set by the government. Filtering adequate policies and incentives
is only one of the many possible ways of guaranteeing an accelerated transition towards e-mobility.
Similarly, quantitative modelling studies by [24,25] have underlined the importance of policies that
address the visibility and familiarity of e-mobility in society and thus lead to increased acceptance
and adoption of e-mobility transport solutions. As market penetration of e-mobility increases, a range
of studies clearly shows that selection processes will extend beyond the above-mentioned mostly
economical aspects to include considerations of environmental aspects and sustainability [26–34]. It is
not surprising to find that the list of relevant aspects to be considered in the adoption of electric vehicles
will obviously include the characteristics of the vehicles themselves. In this respect, ref [35] were
able to show that the price and range of electric vehicles have an impact on the adoption of this
technology, whereby price is a more significant barrier than vehicle range. This then inevitably links to
perceptions of the individual, as not all features of an electric vehicle might be of the same importance
to prospective consumers.

Several studies have investigated individual level predictors of the selection process with respect
to electric vehicles. For example, ref [36] investigated customers’ evaluations of electric vehicles for
daily use. They found that human–machine interaction (i.e., design of displays and charging systems),
traffic and safety implications and ecological aspects play an important role in the evaluation of
electric vehicles. Ref [37] analyzed the factors that influence the selection process of an individual with
certain technical background or knowledge when adopting electric vehicles. They found that general
interest in technology, the distance driven, appreciating both the looks and environmental qualities
of an electric vehicle positively affected the intention to adopt, while perceptions of electric vehicles
being slow were negatively associated with the intention to adopt. Another study focusing on the
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perceptions of passengers towards electrified buses is presented by [38]. Through an online survey
and subsequent BWS analysis, the authors found that safety, eco-friendliness, and ride comfort are
important when using electrified buses. Extending this research beyond certain features of an electric
vehicle, scholars have included personal variables such as attitudes and social determinants relying
on social-psychological theories. Ref [39], for example, have analyzed personal factors that influence
the selection of electric vehicles using the theory of planned behavior, finding that subjective norms
and attitudes towards technology are significant drivers. Other studies by [40–44] provided a deeper
analysis of the critical personal dimensions that impact the selection of e-mobility transport solutions
from the customers’ perspective, underlining the importance of individual attitudes, experience,
information level, acquisition costs and social environment (e.g., family and friends) in the process of
e-mobility selection.

Only a handful of scientific articles have provided insights into the selection of equipment in
the MR domain. Through surveys, ref [45] analyzed the equipment of medical backpacks in MR
operations and pointed out several important selection criteria, with a special focus on equipment
properties and quality standards. Others have further recognized equipment weight as important in
this context [46–48]. In detail, ref [46] assessed MR casualty bags using an experimental evaluation
process with a special focus on applicability in cold and windy environments. According to the authors,
the equipment selection process is not only restricted by weight and bulk of the used equipment but
also by the necessity to withstand extreme climatic conditions. Ref [47] conducted a usability trial
(including focus groups and surveys) of MR stretchers. Aside from the light weight, the equipment
should furthermore be easy to use and be able to transport and feature a high payload. In the usability
assessment of specialized medical equipment, ref [48] identified, through questionnaire analysis,
the weight of the equipment and the time taken to apply it as important factors for an eventual
equipment selection.

Combining the literature on the adoption and selection of e-mobility concepts and that of
equipment for MR organizations, this study, to the best of our knowledge, is the first to address the
selection of e-mobility transport solutions for MR. Our study is unique in the sense that it is the first
that introduces e-mobility to the MR domain. With this, we aim to add to the establishment of a new
strain of research by studying the applicability of e-mobility for humanitarian purposes.

3. Study Context and Methodology

The study at hand was conducted as part of the joint Interreg START project with Austrian and
Italian MR services. The main objective of the project is to strengthen tactical cooperation and improve
coordination between MR services in cross-border emergencies. Aside from this, the project pursues
the objective of identifying, evaluating and implementing innovative e-mobility transport solutions
that offer potential approaches to enhance the operational performance of MR teams in challenging
response missions [49]. Driven by the novelty of electrification in the MR domain, key decision makers
require support in the selection of suitable e-mobility transport solutions. Here, special interest lies in
e-mobility transport solutions that facilitate easier access of MR teams to isolated patient locations while
sparing the physical strength of the rescue personnel. Furthermore, e-mobility transport solutions
should speed up the transportation of injured people, keeping in mind the environmental aspects.

3.1. Research Design

A multi-method research approach was employed for this study, combining qualitative and
quantitative empirical research methods under the methodological guidance of Louviere and Islam [50].
This method allows for a comprehensive, bottom-up approach involving practitioners’ perspectives,
with the aim of providing applicable insights guided by the exigencies of the targeted stakeholder group.
To answer the first research question (RQ1), attributes for selecting e-mobility transport solutions for
MR services had to be identified. Therefore, as is visible in the process map depicted in Figure 1,
we started our research with a systematic search for attributes in literature to elicit already documented
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attributes that are relevant in the context of e-mobility and mountain rescue. The identified attributes
were then used in unstructured interviews with two MR experts to gather feedback from their applied
perspectives and further elaborate on the evaluation attributes. A subsequent expert discussion
reversed the initial broadening scope in an effort to arrive at a shortlist of attributes, which were then
quantitatively tested using a BWS survey in the fourth and penultimate empirical phase, aiming to
answer RQ2. This collection of primary data becomes, according to [51], increasingly important
in the context of humanitarian research. Returning to a qualitative level of analysis, the last
methodological step reiterated the results obtained from the previous steps in another expert discussion.
The following paragraphs provide an in-depth look at the methodological aspects of these concatenated
methodological components.

Figure 1. Process map of the applied multi-method research approach.

3.2. Systematic Search for Attributes in Literature

While Section 2, “Related Work”, served to position our paper in the research landscape and
to justify our research aim, we now start out with the systematic search for attributes in literature,
as the second stage of the applied methodology. Ref [52] recommends starting a systematic search by
designing a search string to develop a reproducible and transparent mode of finding relevant literature
sources. In the case of this systematic search, literature concerning the assessment of e-mobility
transport solutions as well as that focusing on technology assessment in the MR domain was scanned
to find characteristic attributes. As scientific literature specifically focusing on MR is sparse, the search
was expanded to include literature regarding other rescue services as well. Therefore, we identified
adequate search terms and combined them using Boolean operators (e.g., “AND”; “OR”) as suggested
by [53] to form the final search string as shown in Appendix A. A systematic article title search
(denoted by “TI” in the search string) of the “Web of Science” database, concluded in September 2019,
yielded 128 articles.

After the initial search, all article titles and abstracts were scanned for their suitability to the
subject under review and to eliminate irrelevant articles, as recommended by [54]. Ref [55] explained
that clearly defining inclusion criteria helps to transparently identify relevant literature during a
systematic search process. The applied inclusion criteria for this study are likewise listed in Appendix A.
Articles that did not fit these inclusion criteria were subsequently excluded. Examples of excluded
articles encompass but are not limited to those focusing on route selection problems for e-vehicles,
charging station location optimization problems or biological articles that were inadvertently found by
the search string (i.e., six articles including the biologic terms “entomobryidae” or “elasmobranch” that
will also be returned by the search term “e*mob*”). This step was independently performed by two
researchers to reduce bias, as recommended by [56]. After the independent evaluation of the articles,
inconsistencies were jointly assessed, and the corresponding articles were reexamined to arrive at a
pre-ultimate list of the 50 articles that remained.

Then, we expanded this limited body of literature with further peer-reviewed articles published
in contextually relevant journals, a strategy that was previously applied by [57] as well as [58] who
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have also conducted systematic searches in the realm of humanitarian logistics and supply chain
management. Therefore, journals such as “High Altitude Medicine & Biology” and “Wilderness &
Environmental Medicine” were explicitly scanned for technology selection articles from the mountain
rescue domain. This resulted in nine additional articles being considered for the identification
of the evaluation attributes. The final 59 articles were subjected to a full-text analysis to extract
decision-relevant attributes concerning the technology selection process. Based on this body of sources,
a list of 28 attributes was generated, 14 of which were related to e-mobility and 14 to (mountain)
rescue operations.

3.3. Unstructured Expert Interviews and Discussion

Similarly to [59], the next step served to collect feedback on and expand the list of attributes.
Therefore, unstructured expert interviews and open discussions were held with two representatives
from the MR services. The interviews and subsequent discussions lasted for approximately three hours
and were conducted in the campus of the university at the end of September 2019. One of the involved
experts was the head of operations of the local MR service for 40 years and the other one held a leading
position within the service and was responsible for new technology implementation at the national
level since 2005. Both have long-term experience in the MR domain and are still involved in response
missions on the ground. Furthermore, both experts have been actively involved in the work package
“E-mobility”, led by the research team as part of the project described above. It is, therefore, safe to
assume that both experts were highly knowledgeable in the study context and, as involved partners,
were motivated to contribute to the study to the best of their abilities. The interviews were conducted
by two researchers and held separately with each expert. Initially, the interviewees were introduced to
the study’s background, aims and research design. After this first input from the research team, the
list of 28 attributes obtained from the systematic search for attributes in literature was handed out in
printed form. The experts were invited to review the attributes in sequence and share their individual
judgments and opinions with respect to their relevance for the selection of e-mobility concepts for MR
services. In addition to commenting on the list of attributes, they were further invited to manually
extend or reduce the list if necessary, according to their evaluation. In case the expert pointed to a yet
undocumented attribute, this new attribute was noted, and the expert was asked to describe it in more
detail. Both experts independently mentioned further MR-specific relevant attributes that were not yet
included in the list. In total, 17 additional attributes (5 attributes for e-mobility and 12 for MR) were
added, resulting in a total of 45 attributes.

Following these independent assessments, the two experts then joined a discussion with
the two researchers to critically re-evaluate the 45 attributes from scientific as well as applied
perspectives. This helped us arrive at the condensed final list of attributes to be presented to
the survey participants involved in the next methodological phase. Specifically, the aim was to
arrive at a list composed of decision-relevant attributes that are fully understandable, relevant,
clearly delimited and completely evaluable. A reflection on the individually contributed attributes
from the experts should therefore guarantee that every respondent had the same understanding of the
presented attributes [60]. Every attribute was scrutinized taking these requirements into consideration;
upon that, decisions were made concerning which attributes should be included, merged, or excluded.
Attributes that were merged are for instance, “Environmental footprint” and “CO2 emission” to
“Enhances sustainability”; “Topography”, “Disposition” and “Infrastructure” to “Applicable in every
terrain”; “Lighting conditions” and “Usable at day and night” to “Applicable under all light conditions”;
or “Low basic training effort” and “Low post-implementation training effort” to “Low training effort”.
Some attributes, such as “Recharging infrastructure”, were deemed irrelevant, as the MR personnel
transports all the necessary equipment to the operation site and back. Therefore, recharging can easily
be performed at the base-station of the MR unit. Furthermore, the establishment of recharging stations
in high alpine environments seems impractical. Through the joint re-evaluation, the initial 45 attributes
were reduced to a total and final list of 22 attributes (see Table 1) that formed the basis for the BWS
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in the next research stage. The involved researchers acted as moderators and documented relevant
statements accordingly.

Table 1. Relevant attributes as identified in scientific literature and expert discussion sessions.

Category Attribute Description Source

E-mobility High range
A high distance range that can be covered
with the e-vehicle; subject to technologic,

communication or legal limitations.
[20,61–64]

High payload
A high amount of payload that can be

transported or towed as well as seating
capacity and trunk space.

[65,66]

Long battery life High battery capacity and long runtime
with one charging. [63]

Low purchase costs Costs associated with purchasing
e-mobility transport solution are low. [20,65–68]

Enhances sustainability

The applied e-mobility transport solution
enhances sustainability related aspects.

Especially concerning the CO2 emissions
and raw material sourcing.

[62,64,66],
[67,69–73]

Low noise generation Noise emission generated during the usage
of the e-mobility transport solution is low. [63,64]

Conforms to legal requirements

Legal frameworks and (developing)
requirements for the application of

e-mobility transport technology
are conformed.

Expert discussion;
[45]

Mountain rescue service Light weight Weight of e-mobility transport solution. [45–48]

Low training effort
Amount of training effort associated with
acquiring skills to handle new e-mobility

transport solutions.

Expert discussion;
[20,63]

Ready-to-use

E-mobility transport solution can be used
spontaneously. There is no need for

expansive planning before usage during
actual response missions (e.g., due to

charging or assembly).

Expert discussion;
[20,47,62]

Meets quality certification E-mobility transport solution meets quality
certification requirements (e.g., CE or ISO). Expert discussion

High application variety E-mobility transport solution can be used
for multiple application purposes. Expert discussion

Easy to transport Transportability of e-mobility
transport solution. [45,47]

Long usability
The duration the e-mobility transport

solution can remain in use in the mountain
rescue service (i.e., product-life-cycle).

Expert discussion

Easier access to remote locations E-mobility transport solution facilitates the
access to remote locations. [74]

Applicable in every terrain E-mobility transport solution can be used in
challenging terrain.

Expert discussion;
[66]

Applicable under all
weather conditions

Technological reliability of the e-mobility
transport solution in challenging

weather conditions.
[46,66]

Applicable under all
light conditions

E-mobility transport solution is applicable
under all light conditions.

Expert discussion;
[75]

Supports safety of MR personnel
Safety impacts for mountain rescue

personnel concerning operational activities
as well as technological aspects.

Expert discussion;
[63,64]

Provides speed advantage Acceleration and speed of e-mobility
transport solution. [61]

Supports mission
documentation

The e-mobility transport solution enables
enhanced documentation efforts during

mountain rescue missions.

Expert discussion;
[76]

Compatible with
other equipment

E-mobility transport solution is compatible
with already existing equipment. Expert discussion
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3.4. Best–Worst Scaling Survey

To facilitate a discussion of the above-listed evaluation attributes and answer RQ2, a survey
following the BWS approach was conducted. BWS is applied in a wide range of different research areas,
including marketing [77], health care [78] and international business research [79]. However, in the
context of transportation and logistics, BWS can be regarded as a fairly new research approach [80].
Ref [60], for example, used it to analyze attributes that customers prefer from a third-party logistics
provider, while [81] applied BWS to measure the relative importance of the six initially equally weighted
logistics performance indicators introduced by the World Bank in 2007. Based on the BWS results,
significant differences in attribute importance were found.

BWS is underpinned by the random utility theory, which assumes that an individual’s relative
preference for object A over object B is a function of the relative frequency with which A is chosen as
better than or preferred to B [82]. This methodology involves a cognitive process by which respondents
repeatedly choose, from varying sets of attribute combinations, the attributes that they believe exhibit
the largest perceptual difference in an underlying continuum of interest [83]. This is performed by
observing the best and worst choices in a set of multiple options by repetitively combining the two
choices. In a simple example of three choices “A”, “B” and “C”, “A” can be considered the best and “C”
the worst. This ranking implies that “A” should be chosen for the pairs “AB” and “AC”, and “B” should
be chosen for the third pair “BC”. Thus, the best and worst choices provide information that can be
expanded to several pairs of choices [77]. This approach is called the case 1 BWS [84] and has previously
been applied in the e-mobility domain in a study conducted by [85], wherein BWS was used to assess
the importance of complementary mobility services to consumer behavior. Although contextually
different, the study served as methodological guidance for the BWS analysis as presented in this article.
Additionally, we followed the BWS steps as proposed by [86]. Accordingly, the first step comprised the
setting of the study context followed by the identification of attributes. Then, the experimental design
was formulated, and a survey was created and conducted. Ultimately, the acquired data were analyzed.

To answer RQ2, an online questionnaire comprising the 22 identified attributes, which is a
reasonable number of attributes for a BWS according to [77], was developed using the software
Sawtooth. The design of the German language questionnaire included 14 sets, each displaying six
attributes in varying combinations. We showed each attribute 4 times per respondent (n = 4) in order
to ensure that every attribute is visible to the respondent with the same frequency. The number of sets
was calculated following Equation (1), where K is the total number of attributes (K = 22) in the survey
and k is the number of items (k = 6) per set [87].

Number o f sets = n× K
k

(1)

The selection of attributes for each set is not conducted manually, instead the design algorithm
of the software follows predefined guidelines, which assure that all of the attributes appear in
combinations that serve as reliable representations of all possible combinations [87]. We distributed
the survey to the personnel in the MR service of Tyrol (Austria), Carinthia (Austria) and South Tyrol
(the northernmost Italian–German speaking province of Italy). The Tyrolian MR service is divided into
91 subdivisions with independent administration, the Carinthian MR service into 19 subdivisions and
the MR service of South Tyrol into 35 subdivisions. The BWS survey (for an example, see Figure 2)
was sent to each head of operations. In addition to answering the survey themselves, the heads of
operations were asked to function as contact persons and pass on the survey to their respective group
of mountain rescuers. After an interval of 14 days, the data acquisition was concluded following a
predefined closing date; in summary, 341 completed questionnaires were collected. The group of
respondents was composed of 319 (93.5%) male and 22 (6.5%) female MR personnel. They were,
on average, 42.6 years old (Standard deviation (StdDev) = 13.4; min = 18, max = 79) and have been
working in MR for 16.8 years on average (StdDev = 14.1; min ≤ 1; max = 60). Regarding their position
within the MR service, 45 (13.2%) were in training and education, 181 (53.1%) were general operational
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staffwithout leading positions and 115 (33.7%) were in leading operational positions. Here, a person
in a leading position takes over coordinative activities and the communication with representatives
of other rescue organizations in large-scale operations (i.e., head of operations, officer-in-charge).
Furthermore, they perform administrative tasks, which involve organizing training, negotiating annual
budgets, processing internal settlements, and communicating with externals (such as local authorities).
Non-leading personnel are not directly involved in such processes but have a consulting role in the
decision making of leading personnel. Furthermore, non-leading personnel constitute the main body of
active members that execute the operations on the ground. To ensure representativeness of the sample,
we gathered data on the average age of the rescuers’ population in the three regions, which closely
matched the age structure represented in the sample.

Figure 2. Example of the best–worst combination.

4. Results and Discussion

For the purpose of preliminary analysis, ref [84] recommend calculating the so-called best–worst
scores to gain an initial understanding of the survey results. Therefore, for each option, the number of
times it was chosen as best in the study minus the number of times it was chosen as worst are divided
by the total number of options that appeared (Equation (2)).

Best−Worst Scores =
Times(Best) − Times(Worst)

Number o f option appears
(2)

According to [83], one of the main advantages of BWS, as compared to other common rating-based
evaluation methods, is that it also accounts for information about negative evaluations. Hence, a positive
best–worst score means that an attribute was evaluated as the most important attribute more often than
it was as the least important, while the inverse leads to a negative best–worst score. The best–worst
scores were calculated for the leading and non-leading rescue workers (rescue workers in training
and general operational staff) separately in order to gain an initial idea about potential differences in
attribute selections. A graphical representation of the survey results featuring the best–worst scores
can be found in Figure 3.
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Figure 3. Graphical representation of the best–worst scores.

Several interesting implications can be derived from the calculation of the best–worst scores,
we start by analyzing the results of the entire sample (“All”). First, the safety of the MR personnel
is by far the most important attribute when assessing e-mobility transport solutions (best–worst
score = 0.512). This means that the attribute “Supports safety of MR personnel” was chosen as most
important in three out of four relevant attribute combinations. This seems intuitive, but previous
studies have not paid too much attention to this aspect to date. Hence, the identification of the
requirement for an e-mobility transport solution to actually support the safety of the MR personnel can
be regarded as a major finding of this study. The next main implication is that the MR personnel regard
it as highly important that the e-mobility transport solution is applicable under different conditions,
because “Applicable in every terrain” (best–worst score = 0.387), “Applicable under all weather
conditions” (best–worst score = 0.327) and “High application variety” (best–worst score = 0.294) were
the next most important attributes. This desire might be grounded in the circumstances that MR
operations often take place in harsh conditions, and that predictions about the terrain, the weather
conditions or the actual intended use of the technology are hard to make in advance. The two attributes
“Easy to transport” (best–worst score = 0.187) and “Light weight” (best–worst score = 0.108) are
highly correlated (Correlation (corr) = 0.87 at p < 0.001), and they are both well-established factors
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in the realm of equipment assessment for (mountain) rescue services. Attributes related to technical
specifications of e-mobility transport solutions are, according to the results, less important when
compared to the operational attributes described above. Here, the attributes “Long battery life”
(best–worst score = 0.102), “Compatible with other equipment” (best–worst score = 0.077) and “High
range” (best–worst score = 0.033) are of lower relative importance when it comes to the selection
process of adequate e-mobility solutions. On the other end of the table of best–worst scores, it is
interesting to find that “Low purchase costs” (best–worst score = −0.380) is the second least important
attribute. This contradicts the common picture of MR services (and other voluntary organizations)
facing limited financial resources that might impede costly investments. Considering this, the results
point towards the conclusion that attributes relevant to rescue operations are far more important than
possible economic considerations. The same holds true for sustainability aspects that are somehow
related to the core benefits of e-mobility. Both “Low noise generation” (best–worst score = −0.596) and
“Enhances sustainability” (best–worst score = −0.302) also rank at the bottom of the list of attribute
importance. This finding indicates that the ecological advancements of e-mobility (e.g., lower CO2

emissions), which, according to [80], actually represent one of the main sales arguments for commercial
applications, are not critical drivers for selection in the context of MR. Surprisingly, this points out that
the actual project intention to also meet ecological dimensions when implementing e-mobility transport
solutions is less important than initially expected. Concerning the differences between leading and
non-leading MR personnel, it is surprising to observe in Figure 3 that results are rather homogeneous.
To better assess potential variations among the groups concerning significance, the subsequent analyses
provide more detailed insights.

In consequence, survey results were used to identify attribute weights [50,85]. For this task,
the hierarchical Bayes (HB) approach was applied as supported by the Sawtooth software package,
which was used to create and conduct the survey at hand. During the application of Bayes’ rule,
posterior probabilities are produced by updating prior probabilities with likelihoods obtained from the
data [88]. This means that, instead of estimating each respondent’s utilities individually, the algorithm
estimates how different each respondent’s utilities are from those of the other respondents in the study.
It estimates the average utilities for the entire sample and then uses the respondent’s individual data to
determine how each respondent differs from the sample average. The algorithm then adjusts each
respondent’s utilities so that they reflect the optimal mix of the individual respondent choices and
sample averages [89]. This procedure is conducted in a hierarchical manner with two levels: on the
higher level, the individual’s parameters are described by a multivariate normal distribution, and on
the lower level, the individual’s parameters are governed by a particular model, such as multinomial
logit or linear regression [90]. The HB approach has to be run over multiple iterations, as every time
the individual utilities are updated, the sample average needs to be updated as well until the model
converges at the final values [89]. Table 2 shows the results of the HB analysis for the entire sample
as well as separately for leading and non-leading personnel, comprising 30,000 iterations applied
to the collected survey data. Table 2 further indicates whether differences between the leading and
non-leading MR members regarding attribute weights are statistically significant, reporting t- and
p-values for mean comparisons. t-tests were conducted by applying boot strapping with bias-corrected
accelerated confidence intervals.

Results indicate that most attribute weights did not differ significantly between leading
and non-leading personnel. The only two significant differences were found for “High range”
(t(256.64) = 2.74; p = 0.01) and “Conforms to legal requirements” (t(187.38) = −2.48; p = 0.02). For the
attribute “High range”, non-leading personnel yielded a higher average attribute weight (M = 3.91,
SE = 0.16) than leading personnel (M = 3.20, SE = 0.20). The opposite was true for “Conforms to legal
requirements”, where, on average, attribute weights were higher for leading personnel (M = 1.17,
SE = 0.17) than for non-leading personnel (M = 0.69, SE = 0.09). Furthermore, in the HB analysis,
the attribute importance rankings did not change considerably compared to the best–worst score
ranking. The computed attribute weights, however, were found to yield great benefits when intending
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to work with these results in potential future practical or scientific undertakings. They can be used for
the actual assessment of e-mobility transport solutions for MR practitioners, serve as input variables
for related simulation studies or even offer guidance for similar studies in related fields.

Table 2. Comparison of average attribute weights as derived from hierarchical Bayes (HB) analysis
of the online best–worst scaling (BWS) survey between leading and non-leading mountain rescue
(MR)-members including t-statistic and p-value.

Attribute Weights Mean Difference

Attributes All Columns Graph Leading
Non−

Leading
t p

Supports safety of MR personnel 11.51 11.54 11.49 −0.12 0.91
Applicable in every terrain 10.6 10.6 10.6 0 1

Applicable under all weather conditions 9.33 8.91 9.54 1.78 0.08

High application variety 8.62 8.91 8.47 −1.1 0.29

Easier access to remote locations 8.08 7.94 8.16 0.53 0.58

Easy to transport 6.67 6.92 6.54 −0.97 0.34

Ready-to-use 5.67 5.53 5.75 0.68 0.48

Provides speed advantage 5.59 5.28 5.75 0.95 0.36

Light weight 5.17 5.34 5.08 −0.62 0.52

Long battery life 4.97 4.52 5.19 2 0.05

Compatible with other equipment 4.8 4.9 4.75 −0.36 0.72

High range * 3.67 3.2 3.91 2.74 0.01

Applicable under all light conditions 3.08 2.98 3.13 0.48 0.66

Low training effort 3.01 3.6 2.71 −1.83 0.06

Long usability 2.97 2.85 3.04 0.72 0.47

High payload 1.41 1.33 1.44 1.15 0.28

Meets quality certification 1.29 1.62 1.12 −1.54 0.11

Enhances sustainability 1.13 1.03 1.17 0.64 0.55

Supports mission documentation 0.95 1.16 0.84 −1.56 0.12

Conforms to legal requirements * 0.85 1.17 0.69 −2.48 0.02

Low purchase costs 0.51 0.55 0.49 −0.66 0.54

Low noise generation 0.14 0.13 0.14 0.51 0.62

Total 100 100 100

* Attributes differ significantly at p < 0.05.

To further deepen our understanding of the achieved results, correlations between the attributes
were analyzed using the programming language “R”. In Figure 4, a correlation matrix of the six
most important attributes according to the BWS analysis and three attributes concerning participant
characteristics can be found. The circle size stands for the magnitude of the correlation, and the hue
indicates if it is positive or negative.

In Figure 4, we included the attribute “Gender”, and a negative correlation (corr = −0.25 at
p < 0.001) between this attribute and the position within the MR service exists. This means that women
are more likely to be in a lower ranking position within the MR service than men. Taking a closer look
at this, however, reveals that women only have a “Service Time” of 5.2 years on average, while their
male counterparts have been in MR for 17.3 years on average. In this context, it has to be pointed out
that, in the sample, there were only 22 female respondents, and 13 of them were relatively new to
MR (service time ≤ 3 years). Additionally, of interest is the position of the “Supports safety of MR
personnel” attribute. The applicability of the e-mobility transport solution in every terrain correlates
(corr = 0.39 at p < 0.001) with the perceived safety support. Additionally, “Easier access to remote
locations” (corr = 0.24 at p < 0.001) features a similar relationship. Another interesting finding from
analyzing attribute correlations is that “Position” and “Conforms to legal requirements” (corr = 0.28 at
p < 0.001) are positively correlated. This means that personnel in leading positions assign more value
to this attribute than the operational staff or the personnel in training.
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Figure 4. Correlation matrix of most important attributes and participant characteristics.

Expert Discussion

The final methodological step comprised a second expert discussion with experts familiar with
the topic under study to collect feedback on the results of the BWS and to assess the validity of the
overall findings [91]. Special attention was dedicated to gathering insights on the appropriateness and
applicability of the findings from the practitioners’ points of view. During practical tests for drone
technology at the end of July 2020 at Brenner Pass (Austria), the research team arranged for a group
of five high-ranking functionaries from the MR services of South Tyrol and Tyrol. It comprised the
head and deputy head of the MR service of South Tyrol, two heads of MR bases and the chief financial
officer of the MR service of Tyrol. All of them have long-term experience in the MR domain and have
been substantially involved in the development of the respective MR services including technological
advancements and purchasing decisions. They are still involved in response missions on the ground.
The involved researchers acted as moderators and documented the relevant statements. The expert
discussion opened with the researchers giving a comprehensive overview of the BWS and the HB
results. Then, the experts were asked for their opinion on the fact that the attribute “Low purchase
costs” was ranked as the second least important. According to the experts’ statements, costs are less
of an issue in the equipment selection. This was underlined by one expert mentioning, “. . . if the
technology supports safety, is applicable in every terrain and under all weather conditions, offers a high application
range and enables easier access to remote locations, then costs are completely irrelevant”. This indicates that
the findings of the BWS exactly reflect the real situation and can therefore adequately explain this
observation. Furthermore, the experts are highly aware that equipment in the context of MR is not mass
produced, preventing potential lower purchase costs. Additionally, MR services receive ample annual
budgets, which allow them to make equipment decisions relatively independently from monetary
dimensions. As this is, to a certain degree, in contrast to other humanitarian organizations that often
face resource constraints, a reflection of potential contextual factors revealed two possible reasons. First,
the study regions in Italy and Austria are economically dependent on mountaineers and a safe alpine
environment. This is of high relevance for the responsible authorities, which therefore commonly
provide sufficient financial support. Second, due to the perceived importance of MR services in
the focal regions, voluntary financial support is common. In the region of Tyrol alone, more than
25,000 private individuals donate to the local MR service on an annual basis, which might stem from a
living culture surrounding alpine life and mountaineering. As a reference, the regarded e-mobility
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solutions range in price from EUR 400–3000 for standard portable drones and EUR 15,000–60,000 for
high-quality and high-performance drones with specialized equipment such as night vision or thermal
cameras. The considered e-bikes, which were specifically designed for MR operations, have a starting
price of EUR 6000. The e-stretcher is more expensive than a standard wheel-bearing stretcher but when
considering rescue costs, it yields the potential to even decrease costs overall.

The discussion was then continued with a reflection on why “Provides speed advantage” is not
among the most important attributes. Two experts pointed out that, aside from speed gains provided
by a new technology, the safety and applicability of the technology still have top priority in response
missions. The general perception is that safety and high applicability to different circumstances will
always outweigh speed advantages. This shared culture may also explain the relative unimportance
of the attribute “Enhances sustainability” compared with other attributes. In this regard, one of the
experts stated that “sustainability can only be considered, when there is no negative impact on the performance
of the entire rescue mission”. Another expert concurred and added that “emergency organizations’ main
objective should not be put on sustainability, but on efficiently designing response operations”. Next, the experts’
attention was steered to the differences between leading and non-leading personnel in the evaluation
of the attributes “Conforms legal requirements” and “High range”. Concerning the legal requirements,
the experts were in complete agreement that the difference basically stems from the lower level of
involvement and responsibility of the operational staff in associated administrative and organizational
activities, which are generally the subjects for leading personnel. The difference in the attribute weight
of “High range” can, according to the expert judgment, be explained by the more intense involvement
of non-leading personnel in the actual handling of technologies during response missions.

Afterwards, the experts were asked about the appropriateness of the results. Overall,
they confirmed the appropriateness of the results; however, one expert noted that costs do still
play a role, especially for investments at the national level. Neglecting costs is, according to his
opinion, only reasonable when comparing and selecting among specific technological solutions. Finally,
remarks concerning the applicability of the findings in practice and other decision-making problems
were collected. While for one expert the results were rather specific in the context of e-mobility transport
solutions, others pointed towards their generalizability and adoption to alternative decision-making
contexts. As a whole, they saw the list of attributes and corresponding weights as transparent and
objective support in their decision making, which was up to now mainly driven by intuition and
personal experience.

5. Conclusions and Future Research

In this study, decision making in the selection process of e-mobility transport solutions in MR
was analyzed. From the practitioners’ points of view, several interesting insights were gained. First,
the most decision-relevant attributes for selecting e-mobility transport solutions in MR services were
identified. These attributes offer guidance on what MR services should consider when selecting
new e-mobility technology. Here, we can say that e-mobility transport solutions need to support the
safety of MR personnel and have to be applicable in many different environments. Economic and
sustainability concerns are less of an issue in this context. Second, the perceived importance of the
identified attributes was identified. This can help in creating evaluation tools or other decision-support
tools when facing a selection problem for e-mobility transport solutions. Providers of e-mobility
transport solutions may also benefit from the results as we support them in addressing the specific
needs of the MR services. We make them aware of the fact that MR services devote a lot of attention to
the flexible use of technologies and to a lesser extent to ecological attributes.

From an academic point of view, a major contribution of this study is that it provides the first
analysis of e-mobility for humanitarian and emergency purposes. Our findings enrich the scientific
literature concerning e-mobility selection and lay out an insightful starting point for intensified
research in the field of humanitarian research. In this regard, we provide a comprehensive list of
decision-relevant attributes that equally incorporates aspects of e-mobility and MR services. The BWS
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analysis enabled us to identify attribute weights, which can be used by humanitarian researchers to
assess other technological or equipment-related decision problems in the context of the (mountain)
rescue domain. Furthermore, the separate analyses of the leading and non-leading MR personnel
provided insights into the differences in decision making within voluntary organizations, which is
another clear academic contribution of this study.

Limitations of this study include the fact that the analyzed sample is culturally rather homogenous
and limited to one geographic region. Repeating such technological assessments with other
(humanitarian) organizations in a different cultural or geographical setting might provide further
valuable insights. Furthermore, the circumstance that the focal MR organizations do not face stringent
budgetary constraints might be a limiting factor concerning the generalizability of the achieved
results. Additionally, the vast majority of the participants of this study were male, and potential
variations in the gender distribution in MR services may lead to different results when it comes to
the valuation of assessment attributes. Future work should address this matter by collecting more
gender-balanced samples. Furthermore, the shared values among members in MR services might
be slightly different compared to other emergency organizations, potentially impacting the set of
attributes for selecting e-mobility transport solutions. This could be the subject of future research
where results from similar application studies stemming from other fields, such as first aid, firefighting,
naval rescue, etc., would increase the reach of the derived implications. Additional research topics may
also comprise the analysis of the actual effects of e-mobility transport solutions on the performance
of MR services during field applications and rescue missions once the new technologies are in use.
Further developments in battery capacity and battery weight are needed in order to increase the
attractiveness of e-mobility for MR services. Battery weight plays a crucial role because mountain
rescuers have to carry all necessary equipment on their own. Using light-weight batteries for e-mobility
transport solutions can minimize total equipment weight and extend the operational performance of
MR personnel.
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Appendix A

Table A1. Search string used for initial attribute selection.

Search Criteria Inclusion Criteria

TI = (“E*mob*” OR “electric vehicle*” OR “electric mob*”) Articles clearly focusing on e-mobility.

AND
TI = (“selection” OR “adoption” OR “best*worst” OR “maximum

difference” OR “rescue” OR “humanitarian” OR “first response” OR “first
aid” OR “emergency” OR “mountain” OR “alpine”)

Articles that focus on either technology selection, the BWS research
methodology, rescue operations, or the technology application in

alpine areas.

AND
LANGUAGE = English

AND
DOCUMENT TYPES = Article

Only scientific articles published in English.

INDEXES = (“SCI-EXPANDED” OR “SSCI” OR “A&HCI” OR “ESCI”) Articles must be published in journals listed in an established index.

TIMESPAN = All years No restriction on the year of publication.

Supporting data will be made available upon request by the authors.

365



Energies 2020, 13, 6613

References

1. Harrison, G.; Gómez Vilchez, J.J.; Thiel, C. Industry strategies for the promotion of E-mobility under
alternative policy and economic scenarios. Eur. Transp. Res. Rev. 2018, 10, 438. [CrossRef]

2. Lo Schiavo, L.; Delfanti, M.; Fumagalli, E.; Olivieri, V. Changing the regulation for regulating the change:
Innovation-driven regulatory developments for smart grids, smart metering and e-mobility in Italy.
Energy Policy 2013, 57, 506–517. [CrossRef]

3. Egnér, F.; Trosvik, L. Electric vehicle adoption in Sweden and the impact of local policy instruments.
Energy Policy 2018, 121, 584–596. [CrossRef]

4. Klumpp, M. Electric mobility in last mile distribution. In Efficiency and Innovation in Logistics; Springer:
Berlin/Heidelberg, Germany, 2014; pp. 3–13.

5. Adderly, S.A.; Manukian, D.; Sullivan, T.D.; Son, M. Electric vehicles and natural disaster policy implications.
Energy Policy 2018, 112, 437–448. [CrossRef]

6. Austrian Red Cross. Wiener Rotes Kreuz: Auf die Segways–fertig–los! Start für Rasche Hilfe auf Zwei
Rädern. Available online: https://www.roteskreuz.at/news/datum/2011/08/17/wiener-rotes-kreuz-auf-die-
segways-fertig/ (accessed on 14 May 2020).

7. Ustun, T.S.; Cali, U.; Kisacikoglu, M.C. Energizing microgrids with electric vehicles during emergencies—
Natural disasters, sabotage and warfare. In Proceedings of the IEEE International Telecommunications
Conference (INTELEC), Osaka, Japan, 18–22 October 2015; pp. 1–6. [CrossRef]

8. Foti, F.; Milani, M. Earthquake in Amatrice (Italy), 24 August 2016: The Role of the Medical Teams of the
National Alpine Rescue Corp (CNSAS). Prehosp. Dis. Med. 2017, 32, S112–S113. [CrossRef]
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Abstract: The new Li-ion battery systems used in electric vehicles have an average capacity of
50 kWh and are expected to be discarded when they reach approximately 80% of their initial capacity,
because they are considered to no longer be sufficient for traction purposes. Based on the official
national future development scenarios and subsequent mathematical modeling of the number of
electric vehicles (EVs), up to 400 GWh of storage capacity in discharged batteries will be available
on the EU market by 2035. Therefore, since the batteries still have a considerable capacity after the
end of their first life, they could be used in many stationary applications during their second life,
such as support for renewables, flexibility, energy arbitrage, peak shaving, etc. Due to the high output
power achieved in a short time, one of the most promising applications of these batteries are ancillary
services. The study assesses the economic efficiency of the used batteries and presents several main
scenarios depending on the likely future development of the interconnected EU regulatory energy
market. The final results indicate that the best results of second-life batteries utilization lie in the
provision of Frequency Containment Reserve Service, both from a technical and economic point of
view. The internal rate of return fluctuates from 8% to 21% in the realistic scenario, and it supports
the idea that such systems might be able to be in operation without any direct financial subsidies.

Keywords: second life of batteries; electromobility; battery energy system storage; ancillary service;
frequency regulation; economic evaluation

1. Introduction

The global warming crisis is becoming one of the most dangerous threats that we will have to face
worldwide in this century. The ever-accelerating growth rate of the world economy and industrial
production has led to steadily increased greenhouse gas (GHG) production. Since the year 1997,
when the Kyoto Protocol was signed, which is the first international treaty for limiting and reducing
GHG emissions, the signed state parties have started their journey for sustainable development
and a cleaner environment. The latest legal extension of the Kyoto Protocol framework is the Paris
Agreement from 2015. Within this agreement, the long-term temperature goal to keep the average
world temperature increase at least below 2 ◦C in comparison with preindustrial levels (approx. 1880)
was negotiated and set [1].

The European Union (EU), since the Kyoto Protocol was signed, has established itself as an
international leader in the energy transition from fossil fuels towards clean energy, and this approach
is reflected in its ambitious energy and climate policy [2]. The current EU general energy policy
framework from 2019 sets out to achieve the following goals by 2030: (1) reduction of at least 40% in
GHG compared to 1990 levels (currently, there is an ongoing EU discussion about the increase up
to 55–60%), (2) increase to 32% of the share of renewable energies in the final energy consumption,
(3) improvement of 32.5% in energy efficiency, and (4) the interconnection of at least 15% of the EU’s
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electricity transmission systems [3]. The strict climate–energy policy set in this way will continue in the
future and should lead to a carbon-free economy in 2050. To successfully achieve the main goal state of
charge (SoC) in 2050, the GHG emissions and energy consumption must also be significantly reduced
from the transport sector, which accounts for almost a quarter of the total environmentally hazardous
emissions in Europe and is responsible for 33% of the final energy consumption (353 Mtoe) [4]. Within
the sector, road transport is responsible for more than 70% of all GHG emissions from transport in the
EU and is individually responsible for pollution in densely populated areas [5].

Figure 1 shows that the production of GHG emissions from the transport sector does not show
the same decline trend over the years as the emissions produced from other sectors in the EU28.
For the first time, the production of emissions from transport began to decline in 2007. At the end of
2018, however, GHG emissions produced by transportation again reached the level of 2007, almost
1100 Mt CO2e.q. In 1990, the production of emissions was 862 Mt CO2e.q. [6]. The EU answers to
this unsatisfactory development and the challenge of reducing transport emissions with urgent and
irreversible transitions to zero-emission mobility. By the year 2050, GHG emissions from transport
(including aviation but excluding international maritime) will need to be reduced by at least 60%
compared to 1990 [5]. The European Commission has set an average car fleet CO2 target 95g CO2/km
for all new cars to accelerate the reduction of emissions from the road transport sector. This limit is
expected to be further rapidly tightened; by the year 2030, a stringent standard at 70 g CO2/km is
planned [7]. Emission standards like that will no longer be able to meet by conventional combustion
cars, so car manufacturers will have to raise their low/zero emissions vehicle shares significantly [8].

Figure 1. Evolution of greenhouse gas emissions by sector in the EU28 [5].

According to the International Energy Agency, at the end of 2019, over 1.5 million electric vehicles
(EVs) (including battery electric vehicles (BEVs) and plug-in hybrid electric vehicles (PHEVs)) were
registered in the EU [9]. The total number of registered EVs in the EU is expected to accelerate its
growth due to the falling prices of battery technology (battery cost breakdown) and government
financial subsidies and support [10]. According to estimates of the cumulative number of EVs based
on optimal development, EU countries will have more than 10 million electric vehicles by 2030 [11].
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In the next few years, the rapidly expanding EV market will start producing a large amount
of waste, especially battery waste, which is not easily recyclable [12]. This fact is also confirmed by
the analysis that the Global Composite Annual Growth Rate of Lithium-Ion Batteries (batteries most
commonly used as energy sources in EV) will grow by 36% between 2015 and 2020 [13].

Batteries are usually discarded from electric vehicles when they reach a level of about 80% of
their original capacity after their first life cycle in EVs, which is usually about 8 to 10 years [14,15].
However, these discarded batteries are, due to their technical and safety parameters, still suitable for
use in stationary applications with less demanding load profiles [16]. Hence, instead of collecting and
recycling used batteries, batteries are collected and sent through the repurposing process. Within this
process, the state of health (SoH) of discarded battery cells is checked, and batteries are being prepared
for their second lives [17]. According to a study “New life for used EV batteries as stationary storage”
by Bloomberg New Energy Finance, the global cumulative discarded capacity could reach 26 GWh by
the year 2025.

Through this repurposing process, the total battery lifespan is prolonged, the current amount of
waste is minimized, and the idea of the circular EU economy is fulfilled. Further usage of discarded
battery cells will also bring significant financial savings, savings in GHG emissions, and a reduction of
primary energy consumption that would otherwise arise from the production process of new battery
cells [18]. The idea of a secondary use of discarded batteries could also help accelerate the development
of the already accessible high-capacity battery storage, the development of which is still hampered by
the high cost of battery technology [14]. The current price of new battery Li-ion technologies ranges
from 200 to 300 USD/kWh and, according to initial studies and analyses, the price of discarded battery
cells should not exceed 35% of the price of new battery cells of the same technology [15].

Second-life batteries (SLBs) could be used in a wide variety range of stationary applications for
the transmission and distribution grid but, also, for commercial purposes such as load shifting, peak
shaving, black start, backup, and grid deferral [19]. Due to the specific technical parameters of batteries,
such as providing high performance (high output power) with a short response and activation time,
these discarded batteries could find applications—primarily, in stationary applications supporting grid
stability control and the integration of increasing numbers of grid-scale decentralized energy sources
(DERs) [20]—as their output power is variable and uncontrollable over time and whose installation is
necessary for the fulfillment of defined climate and energy targets EU [15].

The fast development of distributed generation brings new challenges, especially in the field of
voltage and frequency regulation of the power grid [21]. Battery systems are becoming crucial providers
of fast frequency control services, also known as fast frequency containment process (FCP) [22]. FCP is
an ancillary service provided to the transmission system operator (TSO) with the shortest reaction
time, in the order of tens of seconds, and the time until full activation of the provided power backup
does not exceed 30 s. That is the reason why this service is dedicated to cover fast and small changes in
transmitted power in the power grid. In Germany, there is currently installed more than 400 MW of
output power and a capacity of about 550 MWh of large-scale storage systems (LSS), which operate
mainly in the frequency containment reserve (FCR) market [23].

The technical condition after the decommissioning of traction batteries from EVs and their
possibility for usage in LSS for network control and support was already analyzed in several research
papers and studies [24]. Jeremy S. et al. from the National Renewable Energy Laboratory, within
their study, focused on SLB degradation, and their SoH status concluded that, with a proper energy
management system (EMS) and optimal operating strategy, repurposed automotive batteries can
last 10 years or more in stationary applications [25]. The method for optimal EMS design and the
optimal sizing of the battery energy system storage (BESS) energy capacity using SLBs for enhancing
renewable energy grid integration was studied and proposed in [26]. However, in reference [27],
four different application scenarios on a real stationary SLB storage were simulated and tested (support
EV charges, area frequency regulation, self-consumption, and grid investment deferral), and each
of these applications differed dramatically in the length of its secondary life. In the frequency area
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regulation scenario, the secondary lifespan was only 4.7 years until the BESS was no longer able to meet
the technical requirements for FCP providers, and these investments will be economically unprofitable.
According to this study and others, the lifespan of BESS is most affected by the depth of discharge
(DoD) and the average state of charge (SoC) [28–30]. Additionally, in [21], the operation of SLBs in
BESS are simulated in three network support model cases—namely, peak shaving, voltage control
in power systems, and ancillary services. During the study, the authors found a positive impact on
the operation of the energy system at all voltage levels in the use of BESS (no economic evaluation
included in this study).

With this identified knowledge in mind, the focus of this paper was to propose a complex
mathematical model based on real historical electricity frequency data obtained from the TSO to
investigate the technical suitability and economic efficiency of SLB usage in BESS. The simulation
model was developed and tested in MATLAB (R2020b, MathWorks, Natick, MA, USA). In order to
achieve optimal and relevant results, according to the analyzed critical technical lifespan parameters,
the emphasis was placed on the optimal BESS capacity sizing and the design of an optimal strategy
for the SoC and DoD battery management within the operation. A modeled SLB BESS was used
for the provision of FCP services using the harmonized European Balancing Guidelines, and it was
verified in the environment of the Czech regulating energy (RE) and ancillary services market. For the
correct economic evaluation of the BESS operation during the whole secondary battery lifetime, several
different scenarios were created following the impact of the newly emerging interconnected European
market with RE [31].

2. Complex BESS Model Structure and Principle

The proposed methodology of modeling the usage of SLBs in a BESS operation, which is shown
in Figure 2, can be divided into two essential parts for simplification:

1. Mathematical-technical model of BESS operation (Blocks 1–4)
2. Economic model of the BESS operation (Blocks 5–8)

 

Figure 2. Block diagram representing the proposed methodology and individual parts of the model
for evaluating the use of second-life batteries (SLBs) for the battery energy system storage (BESS).
FCP: frequency containment process, FCR: frequency containment reserve, DoD: depth of discharge,
SoC: state of charge, and EFC: equivalent full cycles.
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Through the obtained analyses and simulated outputs (system lifespan, total cost, and total
revenues) from both main parts of the methodology, a final critical evaluation of the suitability and
economy of the secondary traction batteries utilization in the stationary storage was performed.

2.1. Mathematical-Technical Model of BESS Operation

The first step in the mathematical-technical part of the methodology is a detailed analysis of the
historical data of the frequency in the selected regulating region (RR). Through this initial analysis
in Block 1, we calculated samples of frequency deviation during the years and statistical frequency
deviation distribution, and we obtained crucial information for BESS management strategy design
about whether there is more often a lack or excess of electricity in the power grid. Within Block 2,
an optimal operation strategy to maintain an ideal SoC level of BESS, based on the input parameters
from Blocks 1, 5, and 7, was proposed. This strategy is essential to meet the requirements and conditions
for FCR providers given by TSOs. The operation strategy, with respect to all operating conditions,
gives the required output power for each frequency deviation sample. Based on this output power
performance, a complex annual operation was simulated in Block 3. In this methodology part, the total
amount of electricity injected and extracted from the power grid is counted, and based on this
supplied/consumed amount of energy, we calculated the average operating parameters of BESS during
the years (SoC and DoD). To simplify the estimation of the system lifespan within Block 4, we converted
the sum value of all battery cycles performed during the provision of the FCP to equivalent full cycles
(EFC). The use of the EFC methodology is generally recommended for determining the battery cell
degradation process in many papers [29,30].

2.2. Economic Model of BESS Operation

In the second part of the proposed methodology, we focused on a comprehensive evaluation of
the economics of BESS. Since the main intention of this study was to verify the possibility of providing
the ancillary service by BESS with SLBs, it was necessary to identify within Block 7 the requirements
of the FCP service providers. Additionally, at this stage of the procedure, we analyzed the impact of
the emerging internal European balancing energy market (EBEM) on the price of reserved balancing
reserves, which is pay-off for the settlement between the TSO and balancing service provider (BSP).
Based on the purchase prices of used storage components (transformer and converter), acquisition
costs, and an estimation of the discarded batteries market price, we determined in Block 5 the total cost
of purchasing the second life LSS. In the following Blocks 6 and 8, formed on the initial investment
outlay, the results of annual MATLAB simulations, and established operating assumptions respecting
the essence of the EBEM, we calculated all other economic necessary parameters (total operation costs
and total operation revenues). To verify the validity of the obtained results complex, various scenarios
of possible future developments in the balance energy internal market were created and predicted
within Block 6.

3. Frequency Regulation in European Standards

The frequency regulation process—often called simply balancing—includes all actions and
processes through which TSOs, on an ongoing basis, ensure the maintenance of system frequency
within a predefined stability range around the nominal value of the system frequency [32]. The nominal
frequency value (fN) in the synchronously working area within the Union for the Coordination of
Transmission of Electricity (UCTE) is 50 Hz. The difference between the actual system frequency
f (t) and nominal frequency value is called the frequency deviation, Δf, as shown in Equation (1).
Frequency deviation occurs in the transmission grid when the total electricity generation does not equal
to total electricity consumption within the controlled region of the TSO. By the frequency deviation
definition, it is apparent that the deviation can have both negative and positive values. Negative values
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correspond to the demand being greater than the electricity generation, and positive values are linked
with the situation when the generation exceeds demand.

Δf = f (t) − fN, (1)

Currently, TSOs within Europe use slightly different processes and products to ensure the balanced
state of the grid due to disparate historical developments and balancing philosophies. In order to
achieve the highest future security and reliability of interconnected transmission network operations,
an internal market for sharing the balancing energy and power reserves within the synchronously
operating area was created on the basis of a cooperation agreement signed by participants of the
European Network of Transmission System Operators for Electricity (ENTSO-E) [29]. Figure 3 illustrates
the proposed harmonized sequence of regulation processes to achieve cooperation and a successful
integration of the common European balance energy market within the load frequency control (LFC)
area or block.

 
Figure 3. The harmonized sequence of balancing processes for full frequency restoration [33]. LFC: load
frequency control, FRR: frequency restoration reserve, and RR: regulating region.

The harmonized frequency recovery process consists of four consecutive provided power reserves.
For each type of balancing reserve in the process, different technical requirements are set in the Network
Code of ENTSO-E. Balancing service providers (BSPs) offer bids on the balancing market to TSOs of
their available power reserve or energy capacity within the services listed below. The price of accepted
bids is determined on the basis of the marginal price of all BSP bids and total procured volume for
each trading interval of the market.

1. frequency containment reserve (FCR)
2. automatic frequency restoration reserve (aFRR)
3. manual frequency restoration reserve (mFRR)
4. replacement reserve (RR)
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After the occurrence of an imbalance, the FCP service power reserves are activated first to contain
the system frequency. The FCP service is the one with the shortest activation time, and it also provides
the lowest amount of active power reserves per unit. These are the main reasons why this service is
suitable for providers offering a performance within the limited storage capacities of BESS. In this
study, we designed and verified the operation of a stand-alone BESS, which does not have a backup
resource unit. Therefore, we focused only on providing reserves within the FCR.

3.1. Frequency Containment Process

Within the frequency regulation process, the total provided unit power reserve (PN) is activated
automatically by a primary frequency control device. The controller secures the real-time system
deviation measurement and a constant ratio between the system frequency disturbance and activated
output power. The expression for the regulation control mechanism of the required activated reserve
(ΔPR) is given as follows:

ΔPR = −100
SG

PN

fN
Δ f , (2)

The generator drop SG is a ratio (without dimension), and it represents the ability to regulate the
required activated reserve continuously. The ratio is generally expressed as a percentage:

SG =
−Δ f / fN
ΔPR/PN

in %, (3)

The amount of automatically activated power reserve is linearly proportional to a system frequency
deviation. As mentioned earlier, the frequency system variety could be both positive and negative, so
FCP is a symmetric service, and both positive and negative FCR are required within it. The minimum
volume of provided FCR by one unit is 1 MW, and the maximum is 25 MW, with the step of 1 MW for
market bidding. The maximum FCR capacity is activated in the case of a system frequency deviation
±200 mHz. According to the ENTSO-E Guideline on Electricity Transmission System Operation
(GETSO) [34], each BSP connected to the TSO shall ensure that the FCR offered fulfills the operation
requirements and meets the technical properties. The reaction time of full FCR activation has to comply
with the following requirements:

• At least 50 % of the FCR power reserve must be delivered no later than 15 s after the request.
• The full value of the FCR power reserve must be delivered no later than 30 s after the request.
• If the frequency deviation in the power grid is higher than 200 mHz, the increase in activated FCR

power must be at least linear in the range of 15 to 30 s.

By the FCR report part of the TenneT Network Code [35], the state when the frequency deviation
in the power network is in the range [−50 mHz, +50 mHz] is considered as a normal operating state of
the system. During this time, the availability of each unit providing the FCR to the grid must be 100%.
If the grid frequency exceeds the value of ±50 mHz from fN, a warning state of the frequency recovery
process is recognized whenever at least one of the following situations occurs:

• Δ f exceeds ±50 mHz for a longer time than 15 min
• Δ f exceeds ±100 mHz for a longer time than 5 min
• whenever Δ f exceeds the maximum allowed system frequency deviation of ±200 mHz

If the frequency recovery process enters the warning regime, all FCR units must be able to deliver
their maximum contracted power (PN) for 30 min. In the remaining parts of this study, we call this
condition the 30-min criterion.
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3.2. SoC Management Strategy

Due to the physical nature of secondary battery cells and their limited storage capacity, it is crucial
to provide optimal an BESS SoC management strategy and to keep the charge level within the optimal
operating range to meet the 30-min criterion at any time without interruption of the FCR supply.
In Czech TSO’s Network Code, there is no section devoted to providing FCR through stand-alone
energy storage. For the purposes of this study and realistic assumptions for the harmonization of the
requirements and rules for the provision of the FCP service, the rules set by the transmission system
operators in Germany will be used. Allowed operation strategies in Germany to maintain the SoC
within the optimal charged range have been already analyzed by several studies aimed at providing
balancing reserves and ancillary services through LSS [36,37]. These strategies aimed to ensure that
the SoC level will not exceed the operating range are called degrees of freedom (DoFs). Electricity
obtained through all DoF strategies is free of charge.

3.2.1. Over-Fulfillment (OF)

The current unit output power set by the FCP regulation controller could be optionally increased
by up to 20% at any time. Over-fulfillment is the main DoF to maintain the SoC, as it can provide
effective additional BESS charging and discharging during providing balancing service.

3.2.2. Dead Band (DB)

The range of ±10 mHz around the nominal frequency is considered as the dead band (DB), within
which the provision of FCR is not mandatory. DB management of the SoC is allowed only when the
correction power is not in the direction of the current frequency deviation and does not cause an
additional imbalance in the system.

3.2.3. Gradient Controller Increase (GC)

The controller gradient represents the minimum required activated power ramp slope, which is
given by the requirement of a fully activated power reserve within 30 s. As BESS are able to change
their output power very quickly, in the order of hundreds of milliseconds, the power change gradient
over time can be changed and used to control the SoC.

3.2.4. Market-Based Energy Trade

The three DoF strategies mentioned in the previous subsections are excellent support tools for
maintaining the SoC level in the permitted operation area, but in cases of high network frequency
deviations, their potential is insufficient. To ensure the SoC limit remains sufficient for FCR provision,
the energy needed to charge and discharge the battery is traded on the intraday energy market (IEM).
There are two possible ways to use this strategy:

• energy trading realized using the output power offset (FCP provision is not interrupted) and
• charging or discharging using energy trading after the 30-min criterion (FCP is not provided),

and BESS has 2 h to restore its SoC into the permitted range. The SoC parameter is very closely
connected with the actual size of the chosen battery system. It is a multicriteria task, which is
introduced within Section 4.4. Technical BESS Design.

3.3. FCR Power to Frequency Characteristic

In the following Figure 4, we depict a graphic representation of all possible operating characteristics
during providing a reserve for the FCP service via the BESS. The basic ΔP-Δf (commonly known
as power to frequency ratio) output characteristic (black dashed curve) is given by Equation (2),
and its curve shape confirms that the activated power reserve is linearly proportional to a system
frequency deviation.
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Figure 4. Power to frequency ration (ΔP-Δf ) characteristics for the provisioned FCP service with
demonstrating possible individual degree of freedom (DoF) strategies for the BESS SoC maintenance.
IEM: intraday energy market.

3.4. Frequency Containment Reserves Market

Within this study to evaluate the technical possibility and economic efficiency of SLB usage in
BESS for participating in the FCR Market, we made the assumption that the Czech TSO is already an
active participant of the ENTSO-E Project FCR Cooperation. Currently, Czech Republic TSO is only in
the role of an observer, but we are expected to become a full member in the upcoming years. This
precondition allows us in the economic model to calculate with the historical prices of settlement FCR
bids. FCR Cooperation aims to integrate the balancing market to foster effective competition, increase
liquidity, and support the speed of deployment of renewable energy sources. The Austrian, Belgian,
Dutch, French, German, and Swiss TSOs currently procure their FCR in a common market, which
means that they have the same conditions, auction period, and same symmetric product [38].

The FCR cooperation secures power reserves through the common FCR market with daily D-1
(day-ahead) tender type and standard 4-h FCR products. A D-1 tender type means that every FCR
provider posts their bids to the market platform the day before the delivery at 8:00 h. The FCR
settlement price is determined for every tender period (4 h) and is calculated by merit order pricing
methodology, which is represented in Figure 5.

 
Figure 5. FCR cooperation market merit order pricing methodology, [38]. FCR: Frequency Containment
Reserve AT: Austria, CH: Switzerland, DE: Deutschland, BE: Belgium, NL: Netherlands, FR: France.
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3.5. FCR Provision Requirements Summarized

In Section 3 of this study, we analyzed the ancillary services, its market, and defined all necessary
conditions and requirements that must be met when offering the FCP regulation power reserves
capacity. In Table 1 below, we summarize the most important technical or operational parameters that
will be further used in BESS modeling and the optimal SoC control strategy design.

Table 1. Summary of the central requirements and conditions for the provision of the frequency
containment reserve (FCR) service within the synchronously operating EU system. FCP: frequency
containment process and SoC: state of charge.

Required FCP Parameter Value

Minimum Offered Power Reserve 1 MW
Maximum Offered Power Reserve 25 MW

Minimum Reserve Bid Size ±1 MW
Full Reserve Activation Frequency ±200 mHz

Maximum Allowed Dead Band ±10 mHz
Full Power Reserve Activation Time 30 s

Minimum Full Activation Period 30 min
SoC Restoration Time (after 30 min crit.) 2 h

Normal State Deviation Range ±50 mHz
Availability Within Normal Grid State 100%

FCR Product Tender Period 4 h

4. Mathematical Operation BESS Model

In the following section, the proposed methodology of BESS modeling in MATLAB is presented.
The simulated BESS model is assumed to be based on second-life traction Li-ion batteries, so we
adapted the technical operation parameters of the model to this fact. With this in mind, we wanted to
achieve safety FCP provision and the longest possible lifespan.

4.1. Frequency Data Analysis

The grid frequency data from 2015 to 2018 were analyzed for the purpose of the main inputs
of the proposed model. The historical frequency datasets were taken from the annual evaluation of
the transmission system operation on the Czech TSO ČEPS website (only the Czech version, ČEPS,
a.s., Prague, Czech Republic). During the analysis process, some inconsistent frequency samples fi,Error
were identified. Values such as 0 Hz or no data measured were replaced by the calculation method
shown in (4).

fi,Error =

∑i−3
i−1 fi +

∑i+3
i+1 fi

6
(4)

Within this statistical analysis, we examined whether the BESS during the FCP provision will more
often inject or extract the electrical energy from the power grid. In the following Figure 6, we present a
graphical representation of the mathematical and statistical functions of the analyzed set of frequency
deviation samples in the Czech transmission network in 2018.

The probability density function is skewed right, which points to the fact that the frequency
deviation is, more often, positive. This state is the same for all datasets from the analyzed years.
According to the power to frequency ratio (ΔP-Δf ) characteristics (Figure 4), we made a presumption
that the BESS will be extracting energy more often from the grid, which, in battery logic, means more
frequent charging. In Table 2, we present numerical values from the performed frequency data analysis,
which will be crucial in the design of the optimal BESS operating strategy.

380



Energies 2020, 13, 6396

  

(a) (b) 

Figure 6. (a) Probability density function of the grid frequency data in 2018. (b) Cumulative distribution
function of the grid frequency data in 2018.

Table 2. Numerical outputs of the historical frequency data analysis. Δf : frequency deviation and fN:
nominal frequency value.

Analyzed Parameter 2015 2016 2017 2018

Maximum Negative Δf (mHz) 147 127 133 155
Maximum Positive Δf (mHz) 126 125 133 140
Time Δf higher that fN (min) 276,615 277,660 277,857 277,314
Time Δf lower that fN (min) 241,091 241,525 240,694 240,945

Time Δf higher than fN, DB activate (min) 171,986 172,711 179,413 177,494
Time Δf lower than fN, DB activate (min) 137,403 137,750 144,342 143,014

Time Δf within DB ± 10 mHz (min) 216,211 215,139 201,845 205,092

4.2. Optimal Operation Strategy

The design of an optimal battery system management strategy is key to obtaining the system’s
lifespan under real operating conditions and to perform the final technical-economic evaluation
of BESS operation. We based the design of the optimal strategy on the technical parameters of
Li-ion battery cells, the requirements for FCR service providers (see Table 1. Summary of the central
requirements and conditions for the provision of the frequency containment reserve (FCR) service
within the synchronously operating EU system), and the results of the statistical analysis of historical
frequency data.

As we examine the possibility of using discarded battery cells in this paper, lithium nickel
manganese cobalt (NMC) battery cell technology will be used in the proposed and simulated LSS. NMC
battery technology was chosen as it had a more than 65% electric vehicle (EV) market share in 2019 [39].

4.2.1. NMC Battery Cell Parameters

NMC battery cells have a longer cycle life, more stable operation, and higher energy density than
other battery technologies (nickel cobalt aluminum (NCA), lithium iron phosphate (LFP), and lithium
cobalt oxide (LCO)) used on the EV market nowadays. NMC batteries also do not suffer from such
high self-discharge during the nonoperation or low output power time, which is advantageous for
small-frequency deviations in the grid. In Table 3 below, we present the basic technical parameters of
the chosen battery cell chemistry. The table data were analyzed on the website of Battery University
and from the article [40].
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Table 3. Lithium nickel manganese cobalt (NMC) battery cell chemistry technical parameters.

Parameter Value

Voltage operation range 3.0–4.2 V
Nominal Voltage 3.7 V

Specific energy (Capacity) 150–230 Wh/kg
Charge C-rate 0.7–1 C

Discharge C-rate 1 C, 2 C
Cycle life ~2500

Coulombic efficiency >99%, due to C-rate

From the table above, the critical parameters for designing the operational strategy are the allowed
voltage operation range and both C-rate values. The C rate is a dimensionless quantity that determines
the permitted battery power and can be expressed as follows:

Crate =
Powermax

Capacityinitial
(−, hour) (5)

The C rate gives us the ratio between the maximum continuous output power and the battery’s
total installed capacity. In the discharge C-rate row in Table 3, we state two values; the higher one (2C)
can be used only for a short period of the time. Otherwise, the battery degradation process will be
accelerated. We decided not to use the possible 2C discharge rate during our modeling during the
grid’s normal operation state. The only case when we decided to allow the BESS to give 2C discharge
output power was when the TSO declared a state of emergency.

Therefore, in our annual simulated model, we further operated with three possible cases of setting
the maximum limit of the BESS output power to reach the maximum lifespan during the operation.

Pcharging, normal grid state =
Capacityinstalled

Crate, charge
=

Capacityinstalled

1
(MW) (6)

Pdicharging, normal grid state =
Capacityinstalled

Crate, discharge
=

Capacityinstalled

1
(MW) (7)

Pdicharging,emergency grid state =
Capacityinstalled

Crate, discharge,peak
=

Capacityinstalled

2
(MW) (8)

The FCR power-to-frequency basic principle (Figure 5), Equation (6) will limit the BESS model’s
output power in the case of positive frequency deviations in the grid. On the other hand, we have to
consider Equations (7) and (8) in times of negative frequency deviations.

The voltage operating range is shown in Figure 7 and is given by charging and discharging the
NMC battery cell curve. From the courses of these characteristics, we determined the assumption that
we will consider the course of the charging and discharging curves in the range from 10% SoC to
90% SoC as linear. Regarding the study of the effects of cycling on lithium-ion battery hysteresis and
overvoltage [41], we decided not to operate the BESS outside the linear range. Operating the battery in
these areas means overvoltage or undervoltage of the battery cell. These operating conditions place
additive stress on the battery cell chemical structure and a consequent rapid decline in life. The SoC
and stored energy limitation in the proposed BESS FCR model are determined as follows:

SoCmin = 0.1; Emin = SoCmin ∗ Capacityinstalled (MWh) (9)

SoCmax = 0.9; Emax = SoCmax ∗ Capacityinstalled (MWh). (10)
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Figure 7. Charging and discharging curve of the lithium nickel manganese cobalt (NMC) battery cell.

The average operating SoC and SoC of the battery inactivity affect the resulting battery life.
According to Battery University and the data in Table 3, the average lifespan of NMC batteries is
2500 equivalent full cycles with an estimated 80% DoD cycles calculated for the optimal operating
conditions, which are the following: operation temperature around 25 ◦C and medium SoC cycling [42].
In response to this knowledge, and the fact that we are integrating discarded batteries that are more
prone to degradation, the optimal strategy design will focus on maintaining the battery charge level
between 40% and 60% SoC to prolong the battery lifetime.

SoCoptimal,high = 0.6; Eoptimal,high = SoCoptimal,high ∗ Capacityinstalled (MWh) (11)

SoCoptimal,low = 0.4; Eoptimal,low = SoCoptimal,low ∗ Capacityinstalled (MWh). (12)

Outside of the set optimal SoC BESS level, the correction DoF strategies will be used, either
individually or mixed according to the current BESS SoC level, the present value of the system’s
frequency deviation, and the grid’s operation state.

4.2.2. Permitted SoC Range

In the previous section, we analyzed and set the optimal operating parameters of the performance
and charge level BESS to reach the optimal battery cell’s technical lifespan. This section will design the
battery system’s optimum size based on the desired parameters and FCP provisions of the services.

When designing the optimal size of the BESS, we considered meeting the 30-min criteria and the
availability of 100% of the time during the normal state of the network operation. We also considered
that the power reserve in the FCP service is provided in both directions. The BESS must be ready to
supply energy within the 30-min criterion in the up and down directions. We also had to consider the
limitation of 10% and 90% SoC given by the discharge and charging curve of the battery NMC cell.

The results of these considerations are represented in the graph in Figure 8. The permitted
continuous working area is determined by the ratio between the installed BESS capacity and the
maximum possible reserve within the FCP service. The ratio is calculated for the NMC battery cell
technology, and we consider here the discharging and charging C rate equal to 1.
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Figure 8. Permitted SoC BESS working area.

According to Equations (11) and (12), the optimal interval of the SoC (40% and 60%) of the working
area was determined based on the analyzed optimal technical operating parameters. Following these
values, we further simulate the BESS operations with a capacity-to-power ratio at least higher than 1.6
to meet the defined optimal work area.

4.3. Annual Operation MATLAB Model Design

In this section, the simulated annual BESS operation during the FCP provision is designed and
tested. During the simulation, the necessary correction strategies were activated based on the current
frequency deviation in the grid and the SoC level of the storage system. The size of the battery storage’s
output power and the composition changes over time may consist of the following possible composition
power performance. All degrees of freedom analyzed in earlier sections of this paper are summarized
together in the BESS SoC correction degrees of freedom output power PDOFs.

PDOFs = ± PDB ± POF ± PGC (MW) (13)

PDOFs = ±
0.1·PBESS,max

Δ fDeadband
± 1.2·PFCP ± PFCP·30

ΔTramp, GC
(MW) (14)

PBESS_charging = −ηBESScharging
(−PFCP ± PDOFs − PET) (MW) (15)

PBESS_discharging = − 1
ηBESSdischarging

(+PFCP ± PDOFs + PET) (MW) (16)

The BESS output power consists of the main power within the delivery of the FCR power reserve
(PFCP), power of the correction strategy within the dead band (PDB), and power within over-fulfillment
(POF). Power obtained with the gradient controller increase strategy (PGC) is given by the time of the
preset ramp (ΔTramp,GC), which is smaller than 30 s. The amount of output power given by trading on
the intraday energy market (PET) was determined by whether the 30-min criterion was held. In the
case that 30 min criterion is held, the BESS has 2 h to restore the optimal SoC level, so the minimum
PET is given as half of the power of FCR provided (in our case 5 MW). The resulting output power
was determined by the overall energy supply efficiency of the battery system. We determined to use
for academic purposes a 93% total discharge efficiency and 95% total charge efficiency regarding a
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discussion with colleagues from the Battery Technology Department and the results in a study by
S. Madani [40]. In these percentages, we included a coulombic efficiency of 99% of the NMC battery
cells as well.

The size of each power outputs within the individual SoC level correction strategies and their
activations were decided on the basis of the actual frequency of the grid and BESS parameters.
The following Table 4 represents the combinations of allowed power operating states that may occur
during the simulation and the possibilities of what SoC correction strategies are available at these
times. The information of the current frequency deviation and the prediction of its near-development
is essential, as none of the permitted correction strategies must go against the purpose of maintaining
the system stability.

Table 4. Operation conditions for correction power degree of freedom DoF strategies.

SoC Level
PDB POF PGC PET

Δf < 0 Δf > 0 Δf < 0 Δf > 0 Δf < 0 Δf > 0 Δf < 0 Δf > 0

SoC ≤ 10% FCP service is not provided, and PDOFs are not available. - - - -

SoC ≤ 30%  -  -  - - -

SoC ≤ 45%  -  -  -   
SoC ε (45%, 55%) ± ±       

SoC ≥ 55% +  +  +    
SoC ≥ 70% +  +  +  + +

SoC ≥ 90% FCP service is not provided, and PDOFs are not available. + + + +

Within the proposed annual simulation, we used and calculated the following variables and BESS
operation technical parameters. The value of each of them was determined for every timestamp of the
analyzed historical frequency data.

The state of charge of the BESS (SoCt) is the function of actual output BESS power, previous
SoC level, time of the power activation, and installed BESS capacity. In the annual model, we use a
timestamp equal to 1 min, as given by the historical measured frequency datasets. The current SoC
level is equivalent to the following relation:

SoCt = (SoCt−1·
1− SDNMC,day

TSday
) +

(
PBESS,t

60

)
· 1
Capacityinstalled

(%) (17)

The BESS stored energy level (EBESS,t) is calculated simultaneously through slightly different relations:

EBESS,t = (EBESS,t−1·
1− SDNMC,day

TSday
) +

(
PBESS,t

60

)
(MWh) (18)

SDNMC,day in the equation above represents the self-discharge mechanism of the NMC battery
cells, and the variable TSday is determined as the number of samples during the day. According to the
time samples of the network frequency, we consider its value of 1440 per day. In our simulation of
NMC cell degradation, we determined to calculate with 0.15% self-discharging per 24 h due to the
acknowledgements and methods from the study of the self-discharge principles of NMC Li-ion cells
by Thomas Deutschen et al. [43].

The curve represents the amount of energy stored in the BESS during the annual modeled
operation. We calculated the whole year’s energy flow through the battery storage system. This
information is crucial in calculating the battery’s estimated degradation time using the equivalent full
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cycle (EFC) methodology. In our model, we worked according to the SoC set working limits, with a
maximum allowed DoD of 80%.

EBESS,annual =

∫ T

t=1

∣∣∣PBESS,t
∣∣∣dt (MWh) (19)

We determined the number of performed EFCs during the annual simulation through the volume
of energy corresponding to the full discharge cycle with an 80% depth.

EFCannual =
EBESS, annual

DoD·Capacityinstalled
(−) (20)

To describe and illustrate the proposed model and the annual simulation principle, a flow chart
was created, which is shown in the Figure 9.

 

Figure 9. Flow chart representing the proposed MATLAB code of the annual BESS operation model.
PFCP: Power provided within the FCP service given by Equation (2), EBESS,t: Total energy flow through
the BESS within year t calculated by Equation (19), TSO: Transmission System Operator.

386



Energies 2020, 13, 6396

4.4. Technical BESS Design

The proper technical design of the main battery storage components and the final selected BESS
capacity is an integral part of our complex model, since it directly affects the possible range of power
reserve provided within the FCP service.

For this simulation, and the optimal choice between the revenues from the provision of the
network support service and the amount of investment in the BESS, we decided to provide 5-MW FCR
power reserve to the TSO.

Regarding the set values of BESS operating parameters in the previous sections, the optimal
operating band of 10% and 90% SoC and the resulting minimum ratio of 1.6 between the installed
capacity and maximum power are specified in Section 4.2.2. Permitted SoC Range, we should install
storage equipment with an installed capacity of at least 8 MWh.

However, this paper’s main idea was to use discarded batteries from electric cars during their
second lives. These batteries have a lower initial capacity, greater propensity to accelerate degradation,
and sufficient capacity reserve in the FCP service provision. Therefore, our proposed storage has an
initial installed capacity of 10 MWh.

The proposed battery energy system storage consists of five separate container storages, and all
of them are connected to the distribution system (DS) on the voltage level of 22 kV. These containers
can be operated separately in the case of necessity or accident, so each has its technical components
needed to connect to the network. This fact will provide us with a greater possibility of variability in
the use of storage in the future if we are not successful in the tender in the market to provide FCR
power backups. Should this case occur, we can use the BESS, for example, for energy arbitrage, trading
in electricity, or charging it in times of negative prices in the electricity market. This technical design
and separation of the total installed capacity will result in a reduction of the economic risk of the BESS
operation during its estimated lifetime.

Table 5 summarizes all technical and operational parameters of the proposed BESS, which will be
applied as basic inputs for the simulation. A more detailed overview of the components used will
be given in Section 5.3.1. Initial investment, where their prices calculate the calculation of capital
expenditures to acquire the proposed BESS.

Table 5. Basic technical parameters of the battery energy system storage (BESS).

BESS Parameter Value

Installed capacity 10 MWh
Maximum FCR provided 5 MW

Round-trip efficiency 94%
Voltage DS level connected 22,000 V

Maximum BESS Voltage (DC) 1000 V
Nominal frequency 50 Hz

4.5. Annual Operation Model Results

This section applied the corrected historical data of frequency deviations on the BESS programmed
model, already having selected the technical parameters, as listed in Table 5.

To illustrate and prove the proposed model’s correct functionality, we examined the limit case that
may occur during operation in the power system. The characteristics and waveforms of the individual
BESS output operating parameters (SoC, power, and P-f) will be examined for the day of the maximum
positive frequency deviation in the transmission system in 2018.

The day of the maximum positive frequency deviation represents when the BESS must extract lots
of energy from the grid, so the presumption is that the SoC of the BESS could rise above the upper
allowed SoC operation limit. The following Figures 10–15 show the effects of the proposed optimal
SoC control strategies in contrast to the BESS operating without any control strategies allowed when
the output power of the storage is linearly equal to the current Δf within this day.
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Figure 10. Frequency deviation values in the day of maximum positive deviation in the grid in 2018.

Figure 11. Battery storage power output using the proposed SoC DoF correction methodology.

 
Figure 12. Battery storage power output without DoF strategies. P is given by Equation (2).
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Figure 13. Differential power between the BESS operation with activated control strategies and without
control strategies.

 

Figure 14. Impact of the use of the proposed SoC control strategy on the charge level of the BESS.

 
 

(a) (b) 

Figure 15. (a) Working power to frequency ratio (ΔP-Δf ) characteristics of the BESS operation during
the day of maximum positive frequency deviation (Δf ) when all DoF strategies are in usage. (b) Working
P-f characteristic of the BESS operation during the day of maximum positive Δf without any correction
strategies activated.
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Verification of the proposed control strategy’s proper design and functionality for managing the
optimal charge level of the large-capacity storage in operation was successful. The impact of using
allowed strategies of degrees of freedom is more than evident in the BESS power characteristic shown
in Figure 13. This characteristic represents times during the day of maximum positive frequency
deviations when the BESS mostly increases its output power to discharge itself additively and to
remain with the SoC level in the permitted working range.

The Table 6 summarizes the primary and crucial outputs from the annual simulations, working
with frequency datasets from 2015 to 2018. Some of them are being used for the final lifespan estimation,
and some of them are needed to calculate the economy of the BESS investment.

Table 6. Annual simulation outputs of BESS participating on providing FCR power reserves.

Simulation Output 2015 2016 2017 2018

Positive regulation FCP energy [MWh] 1661 1665 1770 1704
Negative regulation FCP energy [MWh] 1283 1288 1386 1350

Total amount of FCP energy [MWh] 2944 2953 3156 3054
Energy used within DoFs * [MWh] 677 676 646 728

Energy sold on intraday market [MWh] 125 104 99 178
Energy bought on intraday market [MWh] 20 31 23 38

System total year power losses [MWh] 242 247 251 249
Total number of the year EFC 453 455 475 473

Number of states SoC outside the allowed range 47 43 38 55
Number of emergency states, 30 min crit. required 19 16 12 22

Number of hours BESS not providing FCP 66 59 50 77
Yearly total availability of BESS for FCP needs [%] 99.237 99.318 99.422 99.109

* Energy obtained within DoFs strategies is free of charge, does not cause operating costs.

The number of times the BESS charge level falls outside the allowable operating range indicates
that even the complex proposed SoC battery management strategy cannot fully and timely correct the
increase or decrease in battery charge.

During the annual simulated BESS operations, this condition also occurred on other occasions
than only during the warning state of the frequency recovery process within the transmission system
according to the conditions analyzed in Section 3.1. Frequency Containment Process.

When the BESS reached the lower SoC limit, although not a single warning state condition was
met, it occurred on 7.2.2018 and was represented in the following Figures 16 and 17.

 

Figure 16. Example of the frequency deviation curve of the day the BESS reached the minimum allowed
SoC level during the normal operation state of the grid.
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Figure 17. BESS SoC and output power curve during the exemplary day of reaching the minimum
level of allowed SoC.

From the course of the frequency curve during the example of days in Figure 16, it may not be
evident at first glance why the lower limit of the SoC was violated during the provision of the FCP
service. We examined the values of frequency deviations in the network within the interval when the
SoC drop occurred in more detail. The value of the network deviation lasted for almost five h between
0 mHz and −50 mHz. Although, the essence of declaring an alert condition in the network was not
fulfilled within this time interval, the state of long-lasting low negative-frequency deviation did not
allow the battery to use correction strategies according to the rules given in Table 4, and the energy
storage system slowly discharged despite the relatively low output power.

The correction of this limit situation of the BESS operation through the purchase of additional
corrective energy on the intraday market is described in the diagrams in Figure 17. The SoC level
course shows how its level decreased almost continually within the analyzed five h.

Avoiding limit situations such as this could be achieved by combining the real-time market trading
of electricity and the simultaneous provision of FCP without interruption. This advanced combined
strategy would be reflected in the BESS output power by the power offset in the direction of the
physical flow of energy currently traded on the market.

However, the question is whether this strategy will be allowed by the national regulator and TSO.
There would be a shift in the sense of power output against the direction of the required application
of the FCR power reserve. This situation could be counterproductive and cause a worsening of the
balance situation in the network.

4.6. Second Life Lifespan Estimation

Determining the correct lifespan based on the simulation outputs is a critical part of this
paper. The investment’s economic efficiency is directly affected by the asset’s final technical lifetime
under review.

Many studies have already dealt with the degradation principle of battery cells during operation.
We based the lifespan estimation at the battery cells aging principles in storage on the knowledge
from studies [42,44,45]. A look at the aging of the battery cell, which most authors agreed on, is the
possibility of dividing the aging of the battery into two independent principles according to the
following equation:

Cell agingtotal ≈ Calendar aging + Cycle aging (21)

Degradation of the battery due to time (“calendar”) is entirely independent of the number of cycles
performed and the depth of discharging or charging the battery. The rate of decrease in battery capacity
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is affected by the calendar storage conditions: SoC (%), temperature (◦C), time (years), and cathode
chemistry of the cells used as described by Equation (22).

DegradationCalendar = f(SoC, t, T, ChemistryCell) (22)

Rodrigo Martins et al., in their study, focused on the LSS for industrial applications; they linearized
the course of calendar degradation over 10 years [46]. Their linearization for new NMC battery cells is
shown in the following equation:

Cfade,cal,lin(SoC)i = 3.676× 10−7·SoC + 6.246× 10−6 (23)

We modified this linearized model within our model based on using discarded batteries, which
already have a different degradation process, possible different SoC states, and operating temperatures.

Unlike the calendar capacity fade, the decrease in the battery cell’s capacity in operation is
strongly dependent on the number of performed work cycles and their average depth of discharge.
The operating parameters of the BESS affecting the rate of degradation of the batteries in operation are
shown as a function in Equation (24).

DegradationCyclic = (NumberCycle, DoD, SoC, T, ChemistryCell) (24)

Concerning the function above, we decided to use the EFC discharge capacity retention
methodology for NMC battery cells described by Yuliya Preger et al. [44] to determine the cyclic
degradation’s final contribution to the overall capacity fade.

Within our model, we introduced the assumption of maintaining a constant operating temperature
of the BESS at 25 ◦C. This assumption can be considered valid, as the containers are equipped with
a cooling system, air conditioning, and the C-rate coefficient value is set so that there is no additive
warming of the battery.

We identified the average BESS charged level within the annual operation via simulated output
SoC values and its probability distribution function shown in the following statistical analysis in
Figure 18. We compared the most different years, 2018 and 2016, regarding the distribution of frequency
deviations in the power grid. For the lifespan estimation, we calculated with an annual average SoC
equal to 55%.

  
(a) (b) 

Figure 18. (a) Probability distribution function of the BESS SoC during 2016. (b) Probability distribution
function of the BESS SoC during 2018.
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We determined the DoD parameters to calculate the battery degradation based on Equation (25),
where N = individual BESS FCR activations during the year, ΔP = power curve during one activation,
t1 = start time of a given FCR activation request, and t2 = FCR activation request end time.

DoDannual
avg =

1
CBESS

installed
·∑N

n=1

∫ t2
t1 ΔP dt

N
(25)

The average discharge depth of the simulated battery storage ranged from 17% to 20% during the
examined frequency historical datasets from the available years. We decided to calculate within the
degradation model with an annual DoDavg = 18%.

Figure 19 shows methodologies for determining the resulting BESS lifetime. According to the
analyzed simulation outputs, the simulated repository was most often operated at the SoC level of
55%, considered the middle level. On the contrary, the average depth of the performed cycles did not
exceed 20%. We consider this value to be a low cycling window. The EFC input value was selected as
460 cycles per year based on the data in Table 6.

  
(a) (b) 

Figure 19. (a) The course of degradation of the battery capacity due to cycling dependent on the level
of SoC and depth of discharge (DoD) and disposal of the battery when it reaches 55% of the original
capacity. (b) Comparison of the calendar aging of a new battery and a secondary battery and the effects
of the operating temperature within a time step of 10 years.

With an average of 460 EFC cycles/year, assuming an average operating temperature of 25 ◦C,
an average operation SoC level 55%, and a DoD < 20%, the BESS lifetime is estimated at 8.7 years in
terms of cyclic capacity degradation. The contribution of calendar degradation is, according to the
assumed constant operating parameters for 10 years for the second life of the battery, according to
Figure 19b, a 2.35% decrease of the initial residual capacity after decommissioning from EVs (80% of
the original capacity). Our model estimates an effect of calendar degradation of 2% because of our
time step <10 years, which, according to the capacity retention methodology, corresponds to 320 EFC.
The lifetime of the modeled high-capacity secondary battery storage is determined as follows:

LifespanBESS =
Cycle lifeBESS

SoC 55 % −Calendar fadeEFC
time step

EFCyear avg
=

4000− 320
460

= 8 years. (26)
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To calculate the investment’s economic efficiency, the life of battery cells in the repository of eight
years is considered in the following sections.

We can consider this secondary battery cell lifespan under the established assumption that, in the
future, there will be no massive changes in the behavior of the power system or a massive change in
the distribution and frequency of frequency deviations in the grid.

5. Economic BESS Model

5.1. Electricity Market Prices Analysis

Electricity prices purchased or sold within the additional BESS charge level correction strategy
were determined based on a historical analysis of power electricity prices on the Czech Republic’s
short-term power markets, operated by the Czech electricity and gas market operator (OTE a.s.).
Figure 20 represents the historical development of the price on the internal market in the electricity
market from 1 January 2017 to 31 March 2019.

 

Figure 20. Historical day weighted electricity prices on the spot intraday power market.

For a correct economic evaluation, and to prevent an overestimation of the return on the investment,
we decided, based on the economic precautionary principle, that the following prices of sold and
purchased electricity listed in the Table 7 will be used in the economic efficiency calculations.

Table 7. Short-term market electricity prices used in the economic model.

Input Parameter Value

Price of sold electricity (Psold) 35 EUR/MWh
Price of bought electricity (Pbought) 50 EUR/MWh
Annual growth in electricity prices 2%

The primary source of the BESS annual revenues will be the payment for the provided power
unit reserve within the FCP service. An analysis of the historical development of the average weekly
hour FCR payments within the FCR interconnected market closely described in Section 3.4. Frequency
Containment Reserves Market in the period 1.1.2017 to 1.7.2019 was performed.

The development of FCR prices in Figure 21 shows a long-term decline in payments. This situation
was mainly due to the interconnection of individual FCR markets and increased competition between
FCP service providers. No further decline is expected in FCR payments, and, on the contrary, an increase
is expected due to the shutdown of conventional energy sources. For the relevant economic evaluation,
we propose three different scenarios for the future development of payments for provided FCR. In all
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scenarios, the turning point is 2024, when the new emission limits for large combustion plants from the
EU BAT BREF LCP document [47] come into force.

 

Figure 21. Power reserve payment on the FCR cooperation interconnected market.

• FCP 1 scenario: Optimal increase in the number of LSS in the Czech Republic, sufficient replacement
of decommissioned combustion energy production capacities, and equalization of prices within
the interconnected FCR market.

• FCP 2 scenario: Only a slight increase in the number of LSS in the Czech Republic, incomplete
replacement of the combustion decommissioned energy production capacities, a slight shortage
of FCR service providers after 2024, and FCR payment increasing slightly.

• FCP 3 scenario: Low increase in the number of LSS in the Czech Republic, insufficient replacement
of decommissioned combustion energy production capacities, a significant shortage of FCR service
providers after 2024, and FCR payment increases.

The values of payments for the provided reserves in the Czech Republic within the individual
proposed scenarios are given in Appendix A.

5.2. Price Estimation of Second-Life Batteries

To determine the price of discarded battery cells, we estimated the battery cell’s expected life
cycle. We identified the main parameters influencing the secondary batteries’ price in the emerging
market with second-life batteries. We based the life cycle battery model shown in the Figure 22 on the
principle of circular economy proclaimed by the European Commission.

 
Figure 22. Battery cell circular life cycle. xEVs: electric vehicles.

395



Energies 2020, 13, 6396

Based on the model of the extended life cycle of the battery cell, we determined the price of
discarded battery capacities according to the following equation:

PriceBattery
2nd life,t = PriceBattery

new,t ·CSoH·CRepurposing,t·CMarket demand,t (27)

CRepurposing represents the repurposing process’s costs, including material costs, wage costs,
energy costs, transport costs, costs of production premises, and production equipment, etc. Since the
idea of second-life batteries is at the very beginning, we assume the repurpose process’s costs in full so
that the CRepurposing coefficient will be equal to 1.

In the refurbishment factory, the measurements determine the “health” condition of discarded
batteries represented by CSoH. This coefficient can be described by the relationship given in Equation (28).
For the discarded batteries used in our model, we decided on the values of residual resistance and
capacity based on the study Lifetime Analyses of Li-Ion Batteries by P. Keil et al. [30].

SoH =
Capacityresidual

Capacityinitial
· Resistanceinitial
Resistanceincreased

=
0.8
1
· 1
1.25

= 0.64 (28)

The last coefficient identified in Equation (27) is the CMarket demand, which represents the demand
for secondary battery cells. This coefficient is a prerequisite for future growth, as the popularity and
portfolio of applications where second-life batteries can be used will grow. For our economic model,
we set the value of this coefficient at 0.4.

We determined the price of new NMC battery cells according to general knowledge about battery
cost breakdown and the study’s results. The cost of modeling of lithium-ion battery cells for automotive
applications [48], as in this paper, deal exclusively with batteries originating from electric vehicles.

The current price of NMC battery technology on the market is around 200 EUR/kWh. After
applying our coefficients representing the complexity and cost of the process and battery life cycle,
we considered the price of discarded battery capacities of 55 EUR/kWh for the economic model.

5.3. Economic Efficiency Evaluation

The economic evaluation of our proposed battery storage was performed through the indicators of
economic efficiency net present currency (NPV), internal rate of return (IRR), and discounted payback
period (DPP). In all these methods, the time value of money was respected.

The NPV indicator must have a value greater than or equal to 0 for economically profitable
investments. If the investment’s NPV value is equal to 0, the investment met our financial requirements
precisely in the amount of the required rate of return (r).

NPVBESS = −Investment +
T∑

t=1

CFt

(1 + r)t (29)

The IRR value should be equal to or higher than the ranked rate of return for economically
profitable projects and investments. If the IRR is less than r, then the investment did not meet our
economic expectations.

0 = −Investment +
T∑

t=1

CFt

(1 + IRR)t (30)

The discounted payback period indicates the period during which the investment income will
occur in the total amount of the initial investment, respecting the time value of money.

0 = −Investment +
DPP∑
t=1

CFt

(1 + r)t (31)
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To calculate these indicators, it is necessary to calculate the cash flows (CF) resulting from the
BESS operations for each year of life. The basic equation for calculating cash flows is given below:

CFt = (Total Incomes− Total Expenditures)t (32)

5.3.1. Initial Investment

The amount of the initial investment of the energy storage system includes all expenses before
commissioning. A more detailed overview of the individual items of the initial investment is
given in Table 8.

Table 8. Assessment of the BESS initial investment (authors own calculations).

BESS Component Unit Price
Total

Amount
Investment Cost

2nd-life battery capacity 55 EUR/kWh 10 MWh 550,000 EUR
Main Storage components 335 ths. EUR/MW 5 MW 1,675,000 EUR
Connection of containers

and DS 22 kV 77 ths. EUR 1 77,000 EUR

Energy licenses and fees 8000 EUR 1 8000 EUR
One-time fee for connecting installed

power to the DS 22 kV 24.6 ths. EUR/MW 5 MW 123,000 EUR

Certification of power unit for
ancillary service 7.5 ths. EUR 1 7500 EUR

State authorization of the power unit 3.25 ths. EUR 1 3250 EUR
Total BESS Initial Investment 2,443,750 EUR

The most expensive items of the initial investment are the main technical components of the
container storage. The main components included in this monetary amount are used transformers
of a voltage level 1 kV/22 kV; four-quadrant converters with a nominal power of 1 MVA; control
systems (battery management system (BMS), EMS and thermal management system (TMS)); control
software; high-voltage and low-voltage cabling; protections and switchboards; air conditioning; and
safety systems.

5.3.2. Economic Lifetime Model

Based on the principles of degradation and operating conditions, the battery cell’s technical
service life was calculated to be eight years. Due to the technical lifetimes of the other BESS components
(transformer and inverter have lifespans longer than 15 years), we consider at the end of the eighth year
of operation a complete replacement of battery capacities and extension of the total economic lifespan
to 16 years. The second-life batteries will again be used to keep reinvestment costs as low as possible.

The most fundamental point of the proposed economic model is the correct determination of the
required rate of return (RoR) on the investment. At present, the RoR value of investments in modern
decentralized energy and RES is around 7%. As the BESS are still considered more of pilot projects
and their construction still carries certain increased risks (unclear distribution fees and incomplete
legislative framework), we considered an r value of 10%.

The Table 9 represents the set values of the parameters entering the economic model. For simplicity,
their values are constant throughout the evaluation of the economic efficiency. The values of the
considered volumes of purchased and sold electricity per year for the SoC BESS correction are based
on the simulated output average values from Table 6.
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Table 9. Overall economic model parametrization.

Parameter Value

Lifetime for economic evaluation 16 years
The required rate of return on investment 10%

Annual electricity sold on intraday market (IDM) 130 MWh
Annual electricity bought on intraday market (IDM) 30 MWh

Income tax rate 19%
BESS linear depreciation period 10 years

The annual value of tax depreciation 244,375 EUR
Replacement of the entire storage battery capacity In the 8th year

Nominal annual price growth 2%
Average annual BESS readiness for FCP * 98%

BESS out of SoC, not providing contracted FCR 60 h/year
Penalties for non-delivery of FCR contracted 3 * FCR payment

Annual operating expenses (percentage of the investment) 2%
BESS annual insurance (percentage of investment) 0.5%

Replace defective batteries every three years 200 kWh
BESS decommissioning costs (percentage of investment) 3%

* Including disconnection of the BESS due to service and maintenance.

Based on all previous performed analyses, assumptions, and outputs of the annual MATLAB BESS
simulations, we calculated the total annual revenues and expenditures for the maximum power FCR
reserve of 5 MW based on the following proposed methodology described by Equations (33) and (34).
These equations represent annual revenues and expenses resulting from the BESS operations and the
provision of the network support service.

Total Incomet = PaymentFCR·FCRBESS
Reserve·HoursBESS

FCP,contracted + Energyannual
sold ·PriceElectrictiy

Sold (33)

Total Expendituret = OPEXt +Energyannual
bought·PriceElectricity

Bought +Penalties·HoursBESS
FCP,unavailabe +Taxt (34)

5.3.3. Proposed Future Scenarios

Our study proposed three scenarios representing different future possible developments on the
FCR interconnected EU market and on the short-term power electricity markets in the grid frequency
stability and the differing success of the BESS in FCR tenders. Within these scenarios, we can investigate
in more depth whether the BESS investment is economically rentable or not.

• Optimistic scenario: Annual average provided FCR in the full amount of 5 MW, 100% annual
success in tenders on the FCR market, the complexity of frequency regulation in the network
remains the same, constant growth of the power electricity prices 2% per year, and increase in
traded volume of corrective electricity 0.5%.

• Realistic scenario: Since 2024, the average annual decline of the provided FCR by 1.5%, the annual
success rate of tenders decreasing by 1% per year, a slight increase in the need to control frequency
deviations in the network due to the integration of RES, an increase in traded volume of the
corrective electricity 2% due to a higher requirement to maintain an optimal SoC, and a constant
growth of power electricity prices 3% per year.

• Pessimistic scenario: Decrease in the success of won tenders 5% per year until 2024, and from the
next year, a decrease of 2% per year until the end of the economic life, average annual decline of
the provided FCR by 2.5%, high increase in the need to manage the network stability due to the
integration of RES and an increase in the traded volume of corrective electricity of 3%, constant
growth of the power electricity prices 3% per year until the year 2024, and since the next year,
the increase will be 4% by the economic end of the project life.

398



Energies 2020, 13, 6396

Within each of these main scenarios, we evaluate the economic efficiency of the BESS operation
with the proposed scenarios for the development of payments for the FCR reserve services defined
in Section 5.1. Electricity market price analysis. With these combinations of the proposed scenarios,
we get a 3 × 3 matrix of possible future developments for the high reliability of the obtained results.

6. Results and Discussion

The Table 10 summarizes the results for all evaluated combinations of the three main and three
FCP scenarios. Based on these results, we can conclude that all possible combinations have a positive
internal rate of return. This means that all are able to cover the initial investment and generate an
additional return on the investment. With 10% of the required return on investment (discount rate),
three out of nine scenarios showed negative results and would be rejected by potential investors,
and the remaining six generated additional revenue above the required discount rate.

Table 10. Economic results of the proposed scenarios. NPV: net present currency, IRR: internal rate of
return, and DPP: discounted payback period.

Optimistic Main Scenario

FCP Scenario NPV (EUR) IRR (%) DPP (year)

FCP 1 280,000 12% 13
FCP 2 928,000 16% 9
FCP 3 2,416,000 25% 5

Realistic Main Scenario

FCP Scenario NPV (EUR) IRR (%) DPP (year)

FCP 1 −219,000 8% -
FCP 2 291,000 12% 11.5
FCP 3 1,584,000 21% 5.5

Pessimistic Main Scenario

FCP Scenario NPV (EUR) IRR (%) DPP (year)

FCP 1 −618,000 2% -
FCP 2 −276,000 7% -
FCP 3 640,000 16% 6.5

However, the main problem in terms of setting a discount rate to 10% is the amount of risk
connected with the bidding strategy and short-term contracts. Some investors may ask for significantly
higher values, especially at the first phases of their entry to the new harmonized short-term ancillary
market. Therefore, there is an urgent need for the further discussion of involved stakeholders how to
reasonably minimize investors’ risk with the help of legal framework so that there is no need for direct
financial support caused by higher requested discount rates.

The usage of second-life batteries also significantly reduces the amount of initial investment
costs compared to entirely new battery storage systems, and if we compare the technical parameters,
storage systems based on discarded batteries deliver the complete same services comparable to new
battery systems. Even from the point of view of operational safety, discarded battery systems do not
pose any increased risk. After passing their initial measurement and inspection, they meet all safety
requirements for the operation of battery systems.

The obtained results for the Czech case are fully transferable to all EU countries with interconnected
electricity markets and ancillary services. The economic effectiveness of second-life batteries will be
almost the same across all these countries. The reasons supporting this statement are:

(1) The market for second-life batteries will be very likely a joined one within the whole EU,
and therefore, the price for 1 MWh of a discarded battery will vary only to a minimal extent.
However, there is also an open question as to what extent the manufacturers of batteries
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(or big car-producing companies) will control the market using specific and very likely closed
softwares that allow cars to properly charge and control their batteries.

(2) The prices for the provision of ancillary services will be similar across all interconnected countries
in the EU, copying the price development of electricity (power) prices. The reason for such
predicted price unification lies in the new harmonized regulations for the ancillary services
market, such as the European Balancing Guidelines (EBGL), System Operation Guideline SOGL,
and Clean Energy Package CEB.

(3) The price of electricity, as one of the main operation expenses, is almost always similar thanks to
interconnected and harmonized power markets in the EU. The only time when the electricity
price may differ is the case of insufficient cross-border transmission capacities, which leads to a
break-up of the one unified price area.

The only main factor that can significantly a change in the final economic efficiency is direct and
indirect financial support of the BESS operation. This can then indirectly affect the whole market for
cross-border shared ancillary services. For this reason, there should be an effort to avoid significantly
different support across individual EU countries.

To find the limit values of the economic model’s main input parameters to maintain the BESS
investment’s economic rentability, a set of two-parameter sensitivity analyses of the NPV are proposed.
Assuming the uncertain development of the available power capacity and the number of future
balancing service providers in the emerging interconnected market for ancillary network services,
the following parameter combinations were examined: the amount of payment for the provided FCR
reserve, average annual provided FCR, and number of won hour tenders.

To examine the effects of the changes in the values of these parameters on the resulting NPV,
the other input parameters of the model were set to the basic values according to Table 9, the main
realistic scenario.

In the Table 11, the green line indicates the limit combinations of the examined parameters for
maintaining the economically profitable operation of the BESS in the provision of FCP service. These
combinations are valid and relevant for the economic evaluation when considering the predicted
FCP 2 price development scenario, the values of which are given in Appendix A. The coloring of
Tables 11 and 12 highlights the BESS project’s economic rentability regarding the input parameters
combination. The green color represents the state when BESS’s operation is economically efficient and
the red color represents the state when BESS operation is non-profitable.

Table 11. Sensitivity analysis of the FCR power reserve and number of hours successful in the tender.

Average Annual Provided FCR within Won FCP Tenders (MW)

ths. EUR 5 4.75 4.5 4.25 4 3.75 3.5
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8500 941 755 570 384 199 13 −172
8000 725 550 375 200 26 −149 −324

2007500 508 344 181 17 −147 −311 −475
7000 292 139 −14 −167 −320 −473 −626
6500 76 −66 −209 −351 −493 −635 −778
6000 −140 −272 −403 −535 −666 −798 −929
5500 −357 −477 −598 −719 −839 −960 −1080
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Table 12. Sensitivity analysis of the annual hour tenders won and average annual FCR payments.

Annual Hours of FCP Service Provision (Tenders Won)

ths. EUR 8500 8000 7500 7000 6500 6000 5500
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20 2506 2189 1872 1555 1238 921 604
19 2237 1935 1634 1333 1032 731 430
18 1967 1682 1397 1111 826 541 256
17 1698 1428 1159 890 620 351 81
16 1428 1175 921 668 414 161 −93
15 1159 921 683 446 208 −30 −267
14 890 668 446 224 4 −220 −442
13 620 414 208 2 −204 −410 −616
12 351 161 −30 −220 −410 −600 −790
11 81 −93 −267 −442 −616 −790 −965
10 −188 −347 −505 −663 −822 −980 −1139
9 −457 −600 −743 −885 −1028 −1171 −1313
8 −727 −854 −980 −1107 −1234 −1361 −1488
7 −996 −1107 −1218 −1329 −1440 −1551 −1662

The second two-parameter sensitivity analysis performed aimed to determine the amount of FCR
payment with a variable volume of won hourly annual tenders is presented in Table 12. The provided
power reserve is 5 MW and is constant throughout the economic evaluation.

Through the performed sensitivity analyses, it can be stated that maintaining the economy of
the BESS operation with the required return of 10% is maintained even with relatively significant
decreases in the examined key operating economic parameters. The predictability of future values of
the examined parameters during real operations is very limited, and it is necessary to take into account
very variable differences in prices for the provided power reserves for FCP during the individual
tender periods (days to hours).

The BESS operators can defend themselves against sudden price changes in the FCP market by
changing the bidding strategy or by allocating the installed capacity for different services on separate
units in the event of a decrease in the amount of reserves. All these facts support the future motivation
of investors to acquire a BESS, leading to their widespread increase in popularity.

Crucial to the future emergence and development of the market for discarded battery cells will be
the position taken by electric vehicle manufacturers in this resulting battery value chain. The question
is whether vehicle manufacturers will be interested in these discarded capacities or will the discarded
capacities be collected by newly established companies that will directly specialize in the secondary
use of batteries and the repurposing process. However, car manufactures are increasingly aware of the
growing value of discarded batteries, which is influenced by the expected high participation of storage
technologies in the electricity market.

There is, therefore, a high presumption that individual vehicle manufacturers will have a policy
for the disposal of discarded batteries and will, therefore, use or redistribute them themselves after
decommissioning from electric vehicles. A possible variant also remains that the battery modules will
be owned by the car manufacturer throughout the life of the customer’s electric vehicles, which will
replace the full capacity for a lower fee at the end of life.

7. Conclusions

Battery cells discarded from the electromobility sector still offer sufficient technical and safety
parameters for further usage. They can find their utilization in a wide range of applications, especially
in stationary energy storage, where the ratio of power to weight is not a crucial parameter, as it is in
the case of EVs. This fulfils the idea of a circular EU economy to save the primary energy resources
needed in production and to achieve a careful use of natural resources and valuable raw materials.
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Such utilization also contributes to the further development of renewable energy generation from
intermittent sources, such as solar and wind. However, a further increase of such renewable sources
will also create an increased demand for fast and reliable balancing services that are currently provided
primarily by fossil fuel-based power plants and that can be effectively substituted by sufficient and
economically available energy storage.

Battery systems can also significantly help with charging infrastructure development for the
expected rapid increase in electromobility, especially in densely populated agglomerations. In these
agglomerations, currently used power line transmission capacities may reach limit values. Thus,
the BESS working in parallel with charging stations can relieve the high required power for
charging purposes, delay the necessary investment in strengthening the line’s transmission capacity,
and minimize the risk of overload due to the impact of fast charging.

From an economic point of view, battery systems based on discarded batteries appear to be
viable for the provision of FCP without direct financial support, even in scenarios reflecting relatively
unfavorable price developments.

The proposed and presented procedure for the optimization and evaluation of battery systems
can also be fully used (when resetting several input parameters) for the assessment of other types of
stationary systems, such as charging hubs for e-mobility. Discarded batteries could thus significantly
support the development of the charging infrastructure, with all the resulting benefits.

The proposed general methodology was verified on the Czech Republic case; however, the obtained
results are fully transferable to all EU countries, thanks to interconnected electrical grids and, also,
harmonized markets for power and ancillary services. The proposed methodology approach can also
be easily adjusted to a vast number of similar tasks that evaluate the technical and economic feasibility
of large battery systems. To conclude, the discarded batteries from the dynamically developing
electromobility sector have high potential for their second lives. There are possible applications
that can fully utilize discarded batteries with promising financial results. These utilizations also
indirectly contribute to achieving the EU’s climate goals towards carbon neutrality in 2050 and
energy independence.
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Abbreviations

BESS Battery Energy System Storage
BEV Battery Electric Vehicle
BMS Battery Management System
BSP Balancing Service Provider
CF Cash Flow
CO2 Carbon Dioxide
DB Dead Band
DER Decentralized Energy Resources
DoD Depth of Discharge
DoF Degrees of Freedom
DPP Discounted Payback Period
EBEM European Balancing Energy Market
EBGL European Balancing Guideline
EFC Equivalent Full Cycles
EMS Energy Management System
ENTSOE European Network of Transmission System Operators for Electricity
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EU European Union
EV Electric Vehicle
FCP Frequency Containment Process
FCR Frequency Containment Reserve
FRR Frequency Restoration Reserve
GHG Greenhouse Gas
IEM Intraday Energy Market
IRR Internal Rate of Return
LCO Lithium Cobalt Oxide
LFC Load Frequency Control
LFP Lithium Iron Phosphate
LSS Large Storage System
Mtoe Millions of Tonnes of Oil Equivalent
NCA Nickel Cobalt Aluminum
NMC Lithium Nickel Manganese Cobalt
NPV Net Present Value
PHEV Plug-in Hybrid Electric Vehicle
RE Regulation Energy
RoR Required Rate of Return
SLB Second Life Batteries
SoC State of Charge
SoH State of Health
TMS Thermal Management System
TSO Transmission System Operator
UCTE Union for the Coordination of Transmission of Electricity

Appendix A

Table A1. FCR payment within the proposed future scenarios (EUR/MW/hour).

Year FCP 1 FCP 2 FCP 3

2020 11.5 11.5 11.5
2021 12.7 12.8 13.9
2022 9.1 9.3 15.1
2023 8.5 9.7 16.2
2024 8.7 10.2 17.2
2025 8.9 11.2 17.6
2026 9.1 12.1 17.9
2027 9.2 13 18.3
2028 9.4 13.9 18.7
2029 9.6 14.3 19
2030 9.8 14.6 19.4
2031 10 14.9 19.7
2032 10.2 15.2 20.1
2033 10.4 15.5 20.5
2034 10.6 15.8 20.8
2035 10.8 16.1 21.2
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