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Abstract: Given the ongoing transformation of the transport sector toward electrification, expansion
of the current charging infrastructure is essential to meet future charging demands. The lack of
fast-charging infrastructure along highways and motorways is a particular obstacle for long-distance
travel with battery electric vehicles (BEVs). In this context, we propose a charging infrastructure
allocation model that allocates and sizes fast-charging stations along high-level road networks while
minimizing the costs for infrastructure investment. The modeling framework is applied to the
Austrian highway and motorway network, and the needed expansion of the current fast-charging
infrastructure in place is modeled under different future scenarios for 2030. Within these, the share of
BEVs in the car fleet, developments in BEV technology and road traffic load changing in the face of
future modal shift effects are altered. In particular, we analyze the change in the requirements for fast-
charging infrastructure in response to enhanced driving range and growing BEV fleets. The results
indicate that improvements in the driving range of BEVs will have limited impact and hardly affect
future costs of the expansion of the fast-charging infrastructure. On the contrary, the improvements
in the charging power of BEVs have the potential to reduce future infrastructure costs.

Keywords: fast-charging; placement and sizing of charging stations; highway charging infrastructure;
long-distance travel; battery electric vehicles; optimization model; Austrian road network

1. Introduction

Currently, 10% of the global GHG emissions are traced back to the transport sector, and
45% of these are caused by passenger road transport [1]. The global transport demand is
expected to significantly grow in the upcoming decades due to rising incomes in developing
countries and infrastructure development [2]. One of the key measures against the growth
of thereto related GHG emissions by motorized passenger transport is the introduction
of battery electric vehicles (BEVs). This technology has several advantages—in contrast
to vehicles with internal combustion engines (ICE)—including the absence of tailpipe
emissions, significantly higher energy efficiency, positive impact on air quality in urban
areas and lower noise pollution [3]. However, the market penetration of BEVs significantly
varies among countries [4]; one of the most prominent role models is Norway, which
is the front runner for new registrations of electric vehicles, as 60% of newly registered
passenger cars in Norway are exclusively powered by an electric engine [5]. According to
the Paris Agreement, 20% of the global passenger car fleet must be electric engine powered
by 2030 [6]. Globally, the market share of electric vehicles is currently 5% and there are
10 mil. electric vehicles in the global passenger car fleet, which has the size of around one
billion [1].

In Austria, BEVs currently account for 1.5% of the total passenger car fleet [7]. The
Austrian government has pledged to achieve climate neutrality by 2040, and a document
outlining the decarbonization path for the transport network was recently released, called
“Austria’s Mobility Plan 2030” [8]. In this document, it is specified that climate change
mitigation in the passenger transport sector will be achieved by means of electromobility
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in the passenger car fleet, a shift to low-carbon modes and travel avoidance. One focal
point of the described pathway to decarbonization is the enablers of the transition to green
mobility, which are technological developments and infrastructure adoption—the latter
including charging infrastructure.

Along the road to 100% electromobility, the phenomenon of range anxiety, which
describes the fear of not being able to continue a trip due to the limited driving range of a
BEV and missing charging infrastructure, is considered to be one of the most prominent
impediments for the adoption of BEVs. Furthermore, the long charging duration causes
many potential buyers to decide against the purchase of a BEV [9,10]. These technological
aspects of BEVs have significantly improved over the last years, and the industry has
been working on battery technology solutions, which could further increase the driving
range and charging speed of BEVs [11,12]. Complementary to this, the deployment of
fast-charging infrastructure plays a significant role in BEV adoption. If sufficiently allocated,
such infrastructure can work as a safety net to counteract range anxiety and enable fast-
charging processes [13]. The expansion of fast-charging infrastructure along high-level
road networks has also been the focus of many governments in EU countries [4]. Moreover,
the aimed expansion has been formulated in the recently published policy package “Fit for
55” [14], wherein it is specified that a charging station should be available at least every
60 km along the Trans-European Transport Network by 2030.

The key objective of this work is to present a novel model approach for highway charg-
ing infrastructure design, which determines cost-optimal position and, simultaneously, the
sizing of charging stations with regard to the demand created by long-distance BEV drivers’
travels. Another goal is to quantify the needed future expansion of the fast-charging in-
frastructure that is currently in place and, within this, to understand how the share of
BEVs, changes in overall road traffic load and how technological advancements of BEVs
affect this future projection. The analyses are conducted based on the model application
to the Austrian highway network (this also includes motorways; for better readability
of this paper, the phrase highway is used for both highways and motorways in the street
network) for 2030. The deduced findings of this work aim to support policy makers in their
investment decisions associated with the development of a demand-oriented fast-charging
infrastructure.

2. Related Work
2.1. Climate Change Mitigation in the Passenger Transport Sector

Essentially, there are four main potential drivers to counteract increasing GHG emis-
sions in the face of rising travel demand, namely: avoidance of journeys, shift to low-carbon
modes, fuel substitution and improvements in energy efficiency [15–17]. These drivers are
deeply intertwined, and their effectiveness is rooted in technological progress, social learn-
ing and infrastructure adoptions [16,18]. Priemus et al. [19] describes the close relationship
between people’s mobility behavior and spatial infrastructure planning, indicating that
modal shifts can only happen effectively as a response to changes in transport network
infrastructure. The same is highlighted by Briggs et al. [20], who finds that infrastructure
planning decisions affect the modal split long term for over multiple decades, and there-
fore can also form a macro-level barrier to climate mitigation [21]. Infrastructure changes
supporting climate-friendly mobility include the expansion of the railway system and
construction of sidewalks and cycling routes; they are essentially aimed toward a reduction
in motorized transport [18,22]. Other motivators in changing mobility behavior include
monetary incentives, such as the adjustment of travel costs, costs of vehicle ownership or
parking charges [23,24].

To decarbonize the passenger transport sector, the introduction of electromobility
plays an important role [25,26]. Following the Paris Agreement, the goal is to substitute the
passenger car fleet for vehicles with electric engines by 2040 [8]. However, manufacture
and end-of-life treatment of electric vehicles require more energy than vehicles powered by
diesel or petrol; life cycle assessments revealed that electric vehicles still emit less GHG
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emissions over the lifetime than internal-combustion-engine (ICE) vehicles [27,28]. These
life cycle assessments also highlight that the positive effect of electric vehicles is highly
dependent on the shares of renewable energy sources in the energy mix; otherwise, so
these studies suggest, the overall emissions can be even higher than those emitted by ICE
vehicles when the energy mix is highly dominated by fossil-fuel energy carriers. Electric
vehicles are commonly divided into: plug-in electric vehicles (PEVs), plug-in hybrid electric
vehicles (PHEVs), BEVs and fuell cell electric vehicles (FCEVs). PEVs encompass PHEVs
and BEVs, which can be recharged via a plug at charging stations, unlike HEVs. Currently,
HEVs and BEVs together dominate the market of electric vehicles but only BEVs have no
tailpipe emissions [27,29].

Costa et al. [30] found that measures related to behavioral changes, i.e., reduction
in activity and change in travel modes, have overall similar potential to technological
improvements, i.e., an increase in energy efficiency in private transport and the adoption
of low-carbon technologies in climate change mitigation. Dillman et al. [31] argued the
same thing based on a study on the decarbonization of the passenger transport sector
on the city level. They found that measures of both types together, changes in travel
behaviour and technological improvments are the most effective in the decarbonization of
passenger transport.

2.2. Importance of Fast-Charging Infrastructure

The term fast-charging generally encompasses AC charging at capacities higher than
22 kW and DC charging, which is also often referred to as quick or rapid charging at high
power levels [32]. These chargers are found within the public charging infrastructure [33].
The expansion and densification of the public charging infrastructure have been used
important incentives—along with bonus payments and tax benefits for BEV drivers—to
increase the adoption of electric vehicles in many countries [4,34]. However, it should be
noted that the direction of causality in the correlation between a dense public charging
infrastructure and BEV adoption is unexplained, and requirements for public charging
infrastructure significantly vary between different countries and regions [4,9,35,36]. In an
extensive literature review on motivators and barriers for the adoption of electro-mobility
in Europe, the authors of [10] still found that the lack of public infrastructure poses a barrier
to widespread BEV usage. Moreover, the availability of public charging allows for longer
trip lengths with BEVs and reduces the phenomenon of range anxiety [13,37]. Studies
suggest that with increasing BEV adoption, the importance of sufficient public charging
infrastructure will increase as more BEVs will be owned by people who do not have a
private parking place, and therefore can not perform at-home charging [35,38].

Illmann and Kluge [36] found in their analysis a rather weak effect of more and better
charging infrastructure on the registrations of BEVs. In addition, they found that charging
speed plays a more important role than the density of public charging infrastructure in BEV
adoption and that consumers would prefer a smaller number of fast chargers over a large
amount of slow-charging stations. Similar results were obtained by Globisch et al. [39] who
had conducted an empirical study by means of questionnaires assessing the preferences on
spatial distribution, charging speed and cost parameters of public charging infrastructure.
They found that a lower charging duration is valued over higher spatial density of charging
points and lower charging fees. The study by Gebauer et al. [40] demonstrated that potential
users significantly perceive the future of electromobility more positively in the presence of
more wide-spread DC fast-charging than in its absence.

Among the most important locations of fast chargers are service areas along high-
ways [41]. In Germany, the densification of fast-charging infrastructure along highways is
aimed for by means of tendering processes that motivate parking place owners to install
charging stations [42]. Such measures are imposed to tackle one of the core issues in the
development of fast-charging infrastructure, which is the so-called “chicken–egg” conun-
drum, describing the predicament between potential BEV buyers needing the comfort
of charging infrastructure availability and private businesses reluctant to build charging
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infrastructure due to lack of demand and no profitability [43]. To run a charging station in a
profitable way, Markkula et al. [43] argued that the charging station needs to be positioned
at a location frequently visited by BEV drivers who drive 100–300 km per day and have no
time for long pauses. Preferably, such locations are nearby services that offer, e.g., coffee
or lunch. Only then, so the authors argued, is it possible to run charging stations in a
profitable way [43]. One of the core challenges in the deployment of a fast-charging station
is the need for a sufficient connection to the power grid, which can heavily increase capital
expenditures [44,45]. There are studies suggesting how the limitations imposed by grid con-
nection at highway service areas can be dealt with through battery storage systems, on-site
electricity generation, price signals and scheduled charging [44,46–48]. Jochem et al. [49]
argued that running a fast-charging infrastructure along a main highway corridor in the
upcoming years will become profitable, even in the face of high initial investments in grid
connectivity and installation costs, due to high demand and high willingness to pay for
fast-charging along highways.

2.3. Graph-Based Charging Infrastructure Allocation Optimization

A graph representation of a street network is frequently used for the allocation of
charging stations as it allows to reflect high spatial resolution in modeling and, simul-
taneously, the simplification of complex networks while not suffering from information
loss [50,51]. Edges typically represent connections between nodes, and nodes represent
junctions or ends of edges. Metais et al. [50] differentiated between node-based and flow-
based approaches. During node-based approaches, charging demand is assigned to nodes
based on population density, and the goal is to allocate charging infrastructure in such
a way that as much demand as possible is covered at the nodes. Contrarily, flow-based
approaches aim to allocate charging stations along edges through which the highest vehicle
flow occurs. This approach requires origin–destination data describing the traffic load
between all nodes in the network, which is not always available [52]. Metais et al. [50] con-
cluded in their review on graph-based allocation approaches that overall, both approaches,
node-based and flow-based, offer benefits, while node-based approaches offer input data
simplicity and the ability to regard the charging capacity of charging stations, flow-based
approaches succeed in reflecting the nature of traffic flow between nodes illustrating origin
or destinations in the network. Furthermore, the authors stated that the combination of
both approaches may yield the most robust charging station allocation model. Overall,
the proposed methodologies encompass mostly extensions of the basic formulations of
node- and flow-based approaches while using various optimization techniques, such as
genetic algorithm, particle swarm optimization and integer programming, as well as itera-
tive algorithms [53]. Most of the time, the objective functions used during optimization
are minimization of charging infrastructure installment costs and expenses of the driver,
maximization of charged BEVs and minimization of failed trips by BEVs. Worley et al. [54]
proposed an allocation model within which nodes represent the positions of service areas
and then optimized allocation of charging stations using integer programming with the ob-
jective function of minimizing the total costs of charging station installation, drivers’ costs
of recharging and transportation costs. The proposed model by Wang et al. [55] optimizes
the allocation of charging infrastructure along highways with regard to the minimization of
charging time, queuing, and drivers’ costs and costs of charging infrastructure deployment,
which was implemented using a multistage equilibrium model with origin–destination
data as an input. Jochem et al. [49] used the flow-based approach, minimized the number
of charging points in the network and conducted calculations on the sizing of these based
on flow coverage by each of the charging stations. Yan [56] also followed a flow-based
approach and proposed a two-stage genetic algorithm with multi-objective formulation,
which aims to minimize construction costs and drivers’ charging costs. Napoli et al. [57] de-
veloped an iterative allocation algorithm that correlates the distance between two charging
stations along the network with the driving range of vehicles. Csiszár et al. [58] designed
a sequential selection of positions for charging infrastructure installation based on traffic
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volume and nearby settlement’s population. In all aforementioned studies, a BEV‘s driv-
ing range was commonly used as an indicator for maximum distance between charging
stations along the network. The authors of [58] analyzed the effect of the driving range
on the required charging infrastructure and found that with increasing range, the number
of serviced cars in total by a given charging network increases simultaneously. The work
of Kavianipour et al. [59] analyzed the effect of increasing driving range and charging
power. Their results indicate that with technological developments, the required charging
infrastructure investment costs sink, as fewer charging points and less charging capacity
need to be installed. Wang et al. [60], who developed a mixed-integer linear program,
analyzed the optimal deployment under a fixed budget and, moreover, observed changes
in installed charging infrastructure based on altering driving ranges and the number of
charging points at a charging station. In particular, the authors observed the proportion of
covered flows, i.e., the number of charged BEVs along their route, and found a saturation
of flows at a certain driving range, indicating that under a given budget, higher ranges
would not affect the requirements for charging infrastructure.

2.4. Progress beyond State of the Art

Based on the literature review, the scientific contribution and novelties of this work
can be summarized as follows:

• The required expansion of the charging infrastructure which is currently in place is
modeled. Overall, this is rarely performed in case studies presented in the scientific
literature proposing new charging infrastructure allocation models. However, this
is a highly relevant application case as the existing charging infrastructure has to be
further developed together with the growth of BEV fleets and other impact factors.

• The formulation of the proposed allocation model follows the node-based approach,
which we extend to the application for highway networks. This was decided to benefit
from the simplicity of the input data of this approach. The nodes represent potential
positions for charging infrastructure, i.e., service areas. Given a typically high density
of service areas, this model feature allows the introduction of the charging demand
in high spatial granularity and based on the local traffic load and distance between
service areas. Unlike in the original formulation of a node-based allocation approach,
the demand assigned to a node is not evaluated based on the population density but
on the energy demand stemming from the accumulated energy consumed by the
driving BEV fleet along the highway section between two nodes. The demand of a
node is shifted and can be covered by charging stations at other nodes. Within this
shifting, traffic flow movement is simulated, by which we also aim to introduce the
benefits offered by flow-based approaches.

• Comprehensive sensitivity analyses on the future share of BEVs, road traffic load, BEV
driving range and charging capacity are conducted. It is foreseeable that the share of
BEVs will increase, BEV technology will improve and the potential changes in mode
split will affect road traffic load. Therefore, it is important to understand how these
simultaneously occurring developments impact the requirements for fast-charging
infrastructure.

3. Materials and Methods
3.1. Modeling Framework

The underlying methodology of this work is presented in Figure 1 and the used
nomenclature in the following description of methodology is explained in Table 1. The
approach in this proposed methodology follows a node-based approach which has been
reported to be mostly used in the allocation of charging infrastructure in urban areas where
the demand at a node is defined through population density [50]. In this work, this model
formulation is extended to the application of high-level road networks by reformulating
the definition of demand at a node based on the energy consumed through BEVs driving
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along the road network, rather than population density, and further, regarding traffic flow
movement effecting the position of coverage of the demand.

Table 1. Nomenclature.

Indices

n, l ∈ {0, . . . , N} node
k ∈ {0, 1} driving direction from which a node is accessible
s ∈ {0, . . . , M} highway segment

Decision variables

Êcharged,nk
lk

(kWh/h) charged energy at node lk (during peak hour) of energy demand from
node nk during peak hour

D̂in,nk
lk

(kWh/h) energy demand that stems from node nk, incoming to node lk during
peak hour

D̂out,nk
lk

(kWh/h) energy demand that stems from node nk, not covered and outgoing
from node lk during peak hour

Xl binary variable if charging station is installed (1) or not (0) at node l
Ylk

number of charging points at node lk

Input parameters

Car fleet

ε (%) share of BEVs in total passenger car fleet
µ (%) share of cars traveling long distance
γh (%) share of daily car count traveling during peak hour

f̂nk

(1/24 h) maximum daily amount of cars passing by at node n driving
in direction k during a year

α
(%) share of overall road traffic load compared with year of survey of traffic
counts f̂nk

BEV technology

dspec,BEV
(kWh/km) average specific energy per km demand of BEVs in the car
fleet

distrange,BEV (km) average driving range of BEVs in the car fleet
Pcharge,BEV (kW) average charging capacity of BEVs in the car fleet

Infrastructure specifics

P̂CP (kW) peak power level of a charging point
Pmax (kW) maximum capacity installed at a charging station
cX (EUR) investment costs for installation of a charging station
cY (EUR) investment costs for installation of one charging point

Derived parameters

distnsk (km) distance of the position of node n along segment s in direction k

GRNNsk (dist)
General Regression Neural Network function expressing peak daily traffic load
dependent on the distance measured from a segment endpoint along a
segment s in driving direction k

D̂nk (kWh/h) average energy demand at node n in direction k during peak hour
distmax (km) maximum distance between charging stations

Ank

set of nodes accessible within the distance of distmax in driving direction k from
node n

rlk ,l′k
∈ {0, 1} rationing parameter reflecting the split of energy demand flow at a junction

node

In the following, the road connections between two junctions and between a junction
and a network endpoint are referred to as segments, and the vertices are referred to as
nodes. There are two types of nodes: some represent possible sites for charging station
installation and lie along segments (node type 1), and others represent highway junctions
or ending points of the network (node type 2). The nodes of type 1 can either be accessible
from both driving directions (k ∈ {0, 1}) or from only one direction (k = 0 ∨ k = 1). At
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each node, a charging demand exists which can be covered at the node itself or at other
nodes within a defined range, distmax. First, we proceed with a detailed description of the
main contribution of this work, which is the mixed-integer linear program formulation of a
node-based highway allocation method. Based on the demand at the nodes, the program
allocates sites to install charging stations and sizes them by determining the optimal number
of charging points. Then, the demand calculation used in this work is outlined.

Allocation and sizing  
of charging infrastructure  
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Figure 1. Overview of methodology applied in this work. Input parameters encompass demand
calculation and optimization determining the allocation and sizing of charging infrastructure.

Before continuing with the mathematical formulation of the proposed modeling
framework, we elaborate on the key assumptions underlying the methodology:

• The costs of a charging station include, on the one hand, onsite preparations to enable
the support of large capacities given by the charging points locally (cX) and, on the
other hand, hardware and construction costs associated with the installation of one
singular charging point (cY).

• Service areas along highways are potential sites for charging stations. Areas that only
offer parking places are not considered as potential sites due to limited space and
infrastructure on site.

• The BEV fleet traveling along the highway network is treated as a homogeneous
quantity, allowing to consider accumulated charging demand and translating this into
the optimal sizing of a charging station. Based on this assumption, the technical pa-
rameters of an average BEV are assumed, such as average driving range (distrange,BEV),
energy consumption (dspec,BEV) and charging capacity (Pcharge,BEV).

• All charging demands, ∑n,k D̂nk , result from the energy consumption of BEVs driving
along the highway and need to be compensated for in total by charging stations built
along the highway network.
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• Highway charging infrastructure is primarily used by long-distance drivers as BEV
owners mostly charge at home or at work.

• A fast-charging infrastructure along a highway network is designed based on peak
demands, including seasonal peak demand ( f̂lk ) and hourly peak demand during a
day (γh).

3.1.1. Optimization Model

The objective function of the optimization model is to minimize the total charging
infrastructure investment costs:

min
Xl ,Ylk

,Ê
charged,nk
lk

,D̂
in,nk
lk

,D̂
out,nk
lk

cX ∗∑
l

Xl + cY ∗∑
lk

Ylk (1)

The charging infrastructure is designed in such a way that all demand ∑n,k D̂nk in the
network is covered. For each node the following energy balance is defined:

Êcharged,nk
lk

− D̂demand,nk
lk

= D̂out,nk
lk

− D̂in,nk
lk

: ∀nk, lk ∈ Ank (2)

Set Ank encompasses all nodes lk which are within the distance of distmax to node nk.
distmax is obtained via distmax = 4/5 ∗ 0.6 ∗ drange,BEV : The factor 4/5 accounts for reduced
driving range resulting from increased energy demand at highway speeds [57,61] and
0.6 for charging processes starting at a state of charge of 20% up to 80% [37]. Within this
set radius around a node nk, the energy demand stemming from node nk, D̂nk has to be
covered. Between the nodes lk, which are part of Ank , the demand is shifted, and for this
the following holds for adjacent nodes lk and l′k:

D̂out,nk
lk

∗ rlk ,l′k
= D̂in,nk

l′k
: ∀nk, {lk, l′k} ∈ Ank (3)

For parameter rlk ,l′k
, the following applies:

rlk ,l′k
=

{
1, if slk == sl′k
< 1, otherwise

(4)

∑
lk

rlk ,l′k
= 1 (5)

This rationing parameter is, therefore, only lower than 1, if node l is a junction point
and in this case, the D̂output,nk

lk
needs to be split to simulate traffic flow partitioning at a

junction point. For example, if three segments meet and it is assumed that traffic flow is
split equally between these segments at the junction, then r = 1/2.

The demand coverage by a charging point and charging station is defined through:

∑
nk

Êcharged,nk
lk

≤∑
k

Ylk ∗ Pcharge,BEV : ∀lk (6)

Pmax

P̂CP
∗ Xl ≥∑

k
Ylk : ∀l (7)

Equation (7) establishes the relation between the sizing of a charging station, i.e., the
number of charging points, and the binary variable indicating whether a charging station
is installed at node l.

3.1.2. Charging Demand Calculation

To each node n in the network, a charging demand is assigned for each direction k
from which it is accessible. For this, daily traffic counts are utilized to estimate the number
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of cars passing at all node positions n and driving in direction k. To take into account
the demand of maximum traffic load to the charging infrastructure in the analysis, the
maximum daily traffic count values are obtained from the measurements performed for a
span of 1 year. Then, the following is performed for each segment s in the direction k of the
highway network: all traffic counter positions lying on s are mapped onto the segment, and
a function expressing traffic load in dependence of the distance in the traveling direction
is approximated using the general regression neural network (GRNN) model, which is
able to estimate various forms of underlying functions using Gaussian functions given few
input data points [62]. Using the function GRNNsk(dist), the peak daily traffic loads are
approximated for all nodes n, which lie on segment s and are accessible from the driving
direction k:

f̂nk = GRNNsk (distnsk ) (8)

To obtain the charging demand at node nk resulting from the energy consumed along
the distance driven since passing the last node n− 1k, the integral between these distances
is calculated and multiplied by the specific energy demand dspec,BEV by one BEV:

D̂nsk = dspec,BEV ∗ ε ∗ µ ∗ γh ∗ α
∫ distn

distn−1

GRNNsk (dist), ddist (9)

ε describes the share of BEVs in the car fleet, whereas µ expresses the share of long-
distance drivers. Factor γh expresses the share of daily travels appearing during the
peak hour of a day. Parameter α is introduced as a factor that allows to express relative
changes in the overall traffic load along highways between the year during which the
traffic counts were obtained and the year for which the demand is modeled; this allows
to take into account the decrease in road traffic due to activity reduction or modal shift.
Rationing parameter r (in Formulas (4) and (5)) is defined for each junction based on the
values approximated for the given node by the function GRNNsk(dist) of all segments the
junction node is part of.

3.2. Case Study, Scenarios and Input Data
3.2.1. Austrian Case Study

The proposed modeling framework is applied to Austria’s highway network by
modeling a cost-optimal charging infrastructure expansion for 2030 under different future
scenarios. In this study, year 2030 has been chosen mainly due to the two following reasons:
the first is that the aim of the analysis of this paper is to illustrate short-term infrastructure
requirements (short term in terms of infrastructure planning), and the second is that it is a
significant year in decarbonization plans for the transport sector, as the Paris Agreement
explicitly states a 20% electrification of global road transport by 2030 [6].

To extrapolate future scenarios model input parameters were set, which describe the
current status of Austria in 2021. Table 2 presents the selected values. Until the end of
December 2021, 76,539 electric vehicles have been registered in Austria [7], which make up
for 1.5% of all the registered passenger cars in Austria. In order to determine traffic load
on highways during peak hour and the share of long-distance drivers, the most recently
acquired data (Austrian wide) on mobility patterns were used [63]. Similar to the work of
Jochem et al. [64], it was assumed that all car trips taking longer than 45 min and longer
than 25 km or car trips longer than 50 km are the most probable to include driving on
highways or motorways. Furthermore, trips were classified as long distance if the drive
was at least 100 km long, following the common definition of long-distance travel [65].
Based on the starting times of these trips, it was evaluated that during the hour of peak
demand on Austrian highways 12% of the daily traffic takes place, and 24% of the traffic is
long-distance travelers.

Traffic counts were obtained from ASFINAG [66], which provide averaged weekly
traffic counts for up to 276 positions along Austrian highways and motorways. Their
data encompasses counts for vehicles of two categories, namely: vehicles weighing up to
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3.5 tons and those weighing greater than 3.5 tons. As no differentiation is made between
light-duty vehicles and passenger cars in the category of <3.5 tons, it was assumed that all
vehicles of this category are passenger cars, as light-duty transport will also be transitioned
to electromobility [8]. Data for the year 2019 was chosen to be representative for 2021 as
the complete data set for 2021 has not been published as of the time of the conduction of
this analysis, and the 2020 dataset cannot be used due to being effected by the month-long
lockdowns during the COVID-19 pandemic.

The technical parameters dspec,BEV , distrange,BEV and Pcharge,BEV were set in such a way
that they would represent an average Austrian BEV. For this, the technological attributes of
the respective top 10 sold cars during the years 2019, 2020 and 2021 were used to evaluate
the average values (see Appendix A for details on this).

The infrastructure cost component cX is particularly difficult to set here as these onsite
preparation costs may significantly vary based on the location of the site. Indications for
the approximation of this value were drawn from [45,64,67]. The installation costs of one
charging point, cY, was assumed to be EUR 60,000 for the hardware of a charging pole with
P̂CP = 150 kW—which currently enables the fastest charging of passenger cars—an added
construction costs of EUR 7000 [67,68]. Furthermore, it was assumed that the maximum
installed capacity at a charging station is 12 MW.

The shape of the Austrian highway and motorway network was mapped based on
geographic data by OpenStreetMap contributors [69]. The positions of the service areas
were gathered based on the information drawn from ASFINAG [70] and complemented
with geographic information from OpenStreetMap contributors [69]. The retrieved highway
network used throughout the analysis has an overall length of 220 km and consists of
55 segments. Moreover, there are 249 nodes in total, 139 of which represent service areas
and 110 junctions. Further details on data preparation are found in the Appendix A.3.

Table 2. Model input parameters reflecting the status quo in Austria.

Base Case

Input Parameter Value

BEV share ε 1.5%
Share of traffic load during peak hour γh 12%
Share of long-distance drivers µ 24%
Share of overall traffic load compared with the survey year of
traffic counts α

100%

traffic count data f̂ik
maximum recorded daily
traffic counts 2019

energy consumption of an average BEV in the car fleet dspec,BEV 0.24 kWh/km
driving range of an average BEV in the car fleet distrange,BEV 340 km
charging capacity of an average BEV Pcharge,BEV 81 kW
peak capacity of a charging point P̂CP 150 kW
maximum installed charging capacity at a charging station Pmax 12 MW
investment costs for installation a charging station cX EUR 40,000
investment costs for installation of one charging point cY,150kW EUR 67,000

3.2.2. Future Scenarios

Four quantitative scenarios for Austrian highway charging infrastructure expansion
are outlined. These were developed in the course of the Horizon 2020 research project
openEntrance [71]. The scenarios outline pathways to climate change mitigation by reaching
the 1.5 ◦C or 2.0 ◦C targets and are referred to as the Societal Commitment (SC), Techno Friendly
(TF), Directed Transition (DT) and Gradual Development (GD) scenarios. The former three
pathways aim to mitigate climate change by keeping the temperature rise to a maximum of
1.5 ◦C as specified in the Paris Agreement, the latter to 2.0 ◦C. Within these scenarios, the
extent of societal engagement, implementations of technological novelties and the strong
presence of political interventions in climate change mitigation vary see also [72,73]. These
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scenarios were developed to outline mitigation paths for different economic sectors in
Europe and are used here to align the analysis described in this paper into the large-scale
context of decarbonization. Based on this, different developments of the transport sector
relevant to the present work are projected:

• Societal Commitment (SC): Within this scenario, politics are strongly intervening,
which is met by wide-spread societal acceptance, triggering behavioral changes in the
face of awareness of the necessity of climate change mitigation; while this scenario is
characterized by a reduction in energy demand due to behavioral changes, societal
engagement supporting circular economy and new market solutions, it is assumed
that no significant technological breakthroughs appear. This translates in the transport
sector to an increased modal shift to sharing concepts and public transport, which
causes a significant decrease in individual passenger road transport.

• Techno Friendly (TF): This setting combines the appearance of major technological
breakthroughs and strong societal engagement, which results in an increased top-
down push effect in the application of new technologies that improve energy efficiency.
Simultaneously, similarly as in the SC scenario, there is a strong social commitment
driving an increased modal shift away from individual passenger car transport.

• Directed Transition (DT): Similarly as in the TF scenario, there is a strong active policy
push supporting new technology options, while there are major technological develop-
ments, the social commitment to adopting such developments is missing. This results
in the moderate growth of BEV share throughout the years and a decreased modal
shift, but registered BEVs of the Austrian car fleet still show similar technological
improvements as in the TF scenario.

• Gradual Development (GD): This scenario represents the projection of less ambitious
climate change mitigation goals. It embodies the exertion of all three dimensions,
namely, social engagement, technological breakthroughs and significant political
interventions, only a weaker extent of each. Therefore, while BEV penetration will
grow to some degree and technological improvements will appear, no changes in
mobility patterns are expected for this pathway.

Based on these scenario descriptions, we embed projections on changes in the modal
split and developments in the BEV technology in European climate mitigation pathways
for 2030. Parameters ε and α are specified based on the climate change mitigation goals for
Austria’s passenger transport sector described in the governmental document “Austria’s
Mobility Master Plan 2030” (AMMP) [8]. One of these key goals is to reduce motorized
private transport by 31% between the years 2018 and 2040 to meet the 1.5 ◦C target set by
the Paris Agreement. In the SC scenario, where strong societal and political engagement
act together, this goal will be met by 2030. The AMMP further specifies that by 2030, 100%
of newly registered passenger vehicles must be exclusively powered by an electric engine.
In the SC and TF scenarios, it is assumed that the share of new registrations of electric
vehicles will gradually increase until 100% in 2030 due to the strong awareness of the
necessity of electromobility by society. For the DT and GD scenarios, the steady growth
rate as experienced in 2020–2021 is projected until 2030, which will result in an EV share of
27%. (This was calculated under the assumption that the size of the Austrian car fleet will
not grow further from today.) Table 3 presents the projected values. The presence of major
technological breakthroughs is expressed by a significant development in the driving range
of BEVs and increasing charging power, which is in line with the current major focus in
BEV technology research on battery technology with the goal of allowing faster charging
and longer trips [11,74]. According to the study by Thielmann et al. [74], there is a great
potential in battery storage research suggesting that technological breakthroughs in the
next years could lead to the sale of BEVs with a driving range of up to 1000 km. Based
on this, the sale of BEVs with an average driving range of up to 800 km is projected for
2030 in the TF and DT scenarios, whereas in the SC scenario, this range is assumed to be
450 km, being slightly larger than the ranges of BEVs currently on the market (see Table A1
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in Appendix A). To reflect a weak extent of technical developments in the GD scenario, the
increase in the average driving range of up to 600 km is projected for 2030.

To compare the results of the scenarios, a similar peak power for charging points
is assumed for all four scenarios. The study by IRENA [11] projected P̂CP = 350 kW
to be the predominant peak charging power by 2030. The costs for the hardware of a
charging pole are estimated to be EUR 120,000, as well as an additional construction cost of
EUR 7000 [75,76]. To reflect different improvements in charging efficiency, technological
breakthroughs are assumed to lead to charging power levels of up to Pcharge,BEV = 315 kW
given that efficiency will increase up to 90%, as nowadays charging poles have a peak
capacity of 50 kW [77]. Today, one of the passenger car models with the highest charging
power is the Porsche Taycan, with Pcharge,BEV = 197 kW. For the SC and GD scenarios, this
is assumed to be adopted by all BEV vehicles by 2030.

Other model input parameters are assumed to be similar as in 2021, using the values
from Table 2. Table 4 summarizes the overall projected values describing the average
Austrian car fleet in 2030, which were extrapolated based on the assumption that these
parameters would gradually change in a linear way until 2030 on the basis of the values for
2021 (see also Appendix A.2).

Table 3. Car fleet parameters and average technical parameters of an average BEV on the market in
2030 for different scenarios (BEV share ε, share in road traffic α, average driving range distrange,BEV

and average charging power Pcharge,BEV).

Projections for 2030 under Different Scenarios

Model Parameters Societal
Commitment

Techno
Friendly

Directed
Transition

Gradual
Development

ε(%) 33 33 27 27
α(%) 69 83 83 100
distrange,BEV (km) 450 800 600 800
Pcharge,BEV (kW) 200 315 315 200

Table 4. Model parameter values projected for the scenarios of climate change mitigation set for year
2030 (BEV share ε, share in road traffic α, average driving range distrange,BEV , average charging power
Pcharge,BEV , peak charging power of a charging point P̂CP and costs of installment of one charging
point cY).

Input Parameters for Scenarios 2030

Model Parameters Societal
Commitment

Techno Friendly Directed
Transition

Gradual
Development

ε (%) 33 33 27 27
α (%) 69 83 83 100
distrange,BEV (km) 420 670 660 520
Pcharge,BEV (kW) 166 248 243 164
P̂CP (kW) 350 350 350 350
cY,350kW (EUR) 127,000 127,000 127,000 127,000

3.3. Model Validation and Limitations

The model is validated by modeling present-day infrastructure requirements and com-
paring the results with the setup of the existing infrastructure. The current infrastructure
requirements are modeled using input parameters displayed in Table 2. In Figure 2, the
capacities of the currently installed fast-charging infrastructure along Austria’s highways
(as of December 2021) are illustrated along with a comparison with the model output.
Table 5 presents the numbers of fast-charging points of different peak power levels and
total capacity.
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Existing infrastructure

Austrian highway network
44 - 310 kW

310 - 620 kW
620 - 930 kW

930 - 1240 kW
1240 - 1550 kW

Model output

Figure 2. Model validation. Visual comparison of the capacities, i.e., summed peak power of all
onsite charging points in existing fast-charging infrastructure (top) and the modeled infrastructure
(bottom) using the values displayed in Table 2.

Table 5. Comparison of existing fast-charging infrastructure along the Austrian highway network (as
of December 2021) and model output based on the number of charging stations and summed peak
power levels (P̂CP).

Existing Infrastructure Model Output

Nb. charging stations 31 43
Nb. charging points with P̂CP = 44 kW (AC) 8 -
Nb. charging points with P̂CP = 50 kW (DC) 72 -
Nb. charging points with P̂CP = 75 kW (DC) 4 -
Nb. charging points with P̂CP = 150 kW (DC) 22 98
Nb. charging points with P̂CP = 350 kW (DC) 40 -

Total capacity (MW) 20.1 14.7

While the overall amount of charging stations seems to be in a similar range, a gap
appears to exist between the total installed capacity estimated by the model versus the
existing capacity. There are several possible reasons for this. One might be that the
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proposed modeling framework aims to design a minimum required charging infrastructure
for a given point in time, therefore, no pre-planned charging capacities with regard to
developments in the future is modeled. In existing infrastructure this is not the case, as
for example IONITY [78], the joined venture by multiple cars producers, has installed
most of the charging points with P̂CP = 350 kW while currently only few cars on the
market are able to charge at a power level above 150 kW [68]. Therefore, in this context, the
modeled infrastructure reflects the minimum requirements for a fast-charging infrastructure.
Moreover, the difference could stem from the fact that the model assumes charging points of
a singular peak power level and all BEVs of the Austrian car fleet having the same technical
parameters, which makes it difficult to directly compare existing and modeled capacity
because the charging points of different peak power levels have different efficiencies and
the average charging capacity varies significantly among car models see, e.g., [68].

The difference in the location distribution of capacities can be attributed to the model
assumption that the proportion of long-distance travelers among highway traffic is equal
throughout the whole highway network. Furthermore, local differences of the cost parame-
ter cX are neglected, whereas in reality, this cost component significantly varies depending
on location [45]. Another reason for the difference in site allocation can be that within the
model all energy is aimed to be covered and, given the geographical boundary of Austria,
charging stations lying right outside the country’s boarders are not considered. Therefore,
the model tends to install charging stations at service areas that are closest to the end
points of the highway network to cover all demands within the network. Another striking
difference between existing and modeled fast-charging infrastructure is the accumulation
of many small charging stations in the vicinity of Vienna—which lies in the east of Austria—
in the modeled infrastructure. Some of them may stem from the tendency of installing
charging infrastructure near borders, whereas others are most likely installed there due
to the dense topology of the highway network around Vienna. Jochem et al. [49], who
modeled fast-charging infrastructure along the European highway network, also observed
that within networks of higher densities more and smaller charging stations are placed by
the allocation model.

3.4. Open-Source Programming Environment and Data Availability

The described modeling framework was implemented using Python 3.8 and the
Python package pyomo 6.2 [79]. All materials for the analysis in this paper are publicly avail-
able on GitHub (https://github.com/antoniagolab/HighCharge, accessed on 20 February
2022). In the application of the mixed-integer linear program in the Austrian case study, the
number of nodes is 249. The number of constraints is about 1.3 and varies slightly depend-
ing on the input parameter expressing the average driving range of BEVs, distrange,BEV . The
time of a model run heavily depends on the specified BEV driving range: For example, at
400 km the total model run takes 650 s and at 800 km 1360 s, yielding a solution of up to an
optimality gap of 0.2%.

4. Results

In this section, the most relevant results are presented. It is divided into two parts:
First, we elaborate on the expansion requirements for the existing fast-charging infrastruc-
ture along Austria’s highway network under different future scenarios for 2030. Details on
the results obtained for the DT scenario, for which the costs of fast-charging infrastructure
expansion are the lowest, are presented. Subsequently, the results of the modeled expansion
given four different scenarios, SC, TF, DT and GD, are compared based on parameters
describing the costs and the required charging infrastructure expansion. To gain better
insight into how the observed differences between the scenarios come to place, selected
input parameters of the scenario result with the highest infrastructure expansion costs for
2030, which is the GD scenario, are altered. In the second part of this section, the focus
shifts from the required infrastructure expansion for 2030 to the analysis of changing infras-
tructure requirements in the face of technological development and increasing demand.

https://github.com/antoniagolab/HighCharge
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First, the effect of change in the driving range of an average BEV is observed and second
that of increasing demand by the rising share of BEVs in the Austrian car fleet.

4.1. Expansion of Fast-Charging Infrastructure along Austrian Highway Network under Different
Scenarios for 2030

Under the consideration of existing charging points with the peak capacity of
P̂CP = 350 kW, which is assumed to be the predominant charging capacity of fast-charging
infrastructure for 2030, and the assumption that the investment of on-site preparation (cX)
has been made for all existing charging stations with charging points allowing fast-charging,
the expansion of the current charging infrastructure along the Austrian highway network
was modeled under different climate mitigation scenarios.

4.1.1. Austria’s Fast-Charging Infrastructure for 2030 under the Directed
Transition Scenario

Table 6 and Figure 3 display the modeling results for the expansion of the current
350 kW charging infrastructure along highways in Austria for 2030 under the DT scenario.
In Figure 3, the charging infrastructure expansion is expressed through additionally needed
capacities. The expansions at existing charging points are indicated in dark green and
required capacities at newly installed charging points are indicated in orange. The charging
stations in the lighter shades of green and orange indicate the required expansion of
350–4900 kW, i.e., by 1–14 charging points, and charging stations in the darker shades
installations of additional 5200–10,500 kW, i.e., 15–28 additional charging points. The
total infrastructure expansion costs are estimated to be EUR 54 M, which are translated
to EUR/kW 369 and EUR 39 per registered BEV in the Austrian car fleet in 2030, while
currently 40 charging points with P̂CP = 350 kW, i.e., 14 MW, are installed along Austrian
highways, an additional +146 MW of charging capacity are required until 2030. Further,
an additional 24 charging stations are needed, of which 10 are positioned within the
dense part of the highway network in the east of Austria in the vicinity of Vienna. The
results also indicate the need for the installation of new charging stations near the Austrian
border in order to cover all demand within the boarders, which mostly results from the
model formulation enforcing all coverage of demand within the network as described
in Section 3.3. Aside from this, there exist three charging stations that do not need any
infrastructure expansion.

Required charging infrastructure expansion until 2030 under the DT scenario

Austrian highway network
Expansion of existing CS by 350 - 4900 kW
Expansion of existing CS by 4900 - 9800 kW
Newly installed CS with 350 - 4900 kW
Newly installed CS with 4900 - 9800 kW
No expansion of existing CS

Figure 3. Required expansion of fast-charging infrastructure along Austrian highways in 2030.
Sizing of capacities that need to be added at currently existing and non-existing charging stations
(CS) given the Directed Transition (DT) scenario.
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Table 6. Cost parameters and charging infrastructure attributes resulting from the expansion of the
existing P̂CP = 350 kW charging infrastructure under the Directed Transition (DT) scenario.

Nb. of Charging
Stations

Total
Capacity

Specific
Capacity Costs

Specific Costs
per BEV

Total Expansion
Costs

DT scenario 2030 54 160 MW EUR/kW 369 EUR/BEV 39 EUR 54 M

4.1.2. Comparison of the Results from Different Future Scenarios

Table 7 presents a comparison of key parameters describing the required infrastructure
expansion under different future scenarios for Austria in 2030. The following observations
are made:

• The expansion under the DT scenario, for which the input parameters were set based
on the assumption of a strong presence of political incentives pushing technological
developments, results in the lowest costs of charging infrastructure expansion (EUR
54 M).

• There is a relative difference of up to +84% between the scenario causing the minimum
expansion costs (DT) and the highest costs arising in the GD scenario, within which
weaker climate change mitigation measures are assumed.

• The number of charging stations remains in a similar range for all scenarios, varying
between 54 and 57. The specific infrastructure expansion costs per kW remain also
very stable at around 368 EUR/kW.

• The specific costs per BEV range between 39 and 72 and are the lowest in the TF and
DT scenarios. The common trait of these two scenarios is the presence of technological
breakthroughs leading to higher driving ranges and charging capacity of BEVs.

Table 7. Comparisonof the results for expansion of fast-charging infrastructure expansion along
Austrian highways under different scenarios for 2030. The lowest specific costs per BEV and the
lowest total infrastructure expansion costs are highlighted.

Scenarios 2030

Model Output Societal Commitment Techno Friendly Directed Transition Gradual Development

Nb. charging stations 54 53 54 56
Total capacity (MW) 238 192 160 285
Specific capacity costs (EUR /kW) 368 368 369 367
Specific costs per BEV (EUR/BEV) 49 39 39 72
Total infrastructure expansion costs (EUR) 85 M 68 M 54 M 100 M

Rel. change in costs to DT scenario +57% +26% - +85%

4.1.3. Cost-Reduction Potentials in the Gradual Development Scenario

To shed light onto why the infrastructure expansion costs in the GD scenario are up
to +85% higher than in the other scenarios and how the high specific costs per BEV of
72 EUR/BEV come to place, selected input parameters are altered and the effects on the
costs are observed. These alterations reflect developments which are absent in the GD
scenario but present in the others, which essentially lead to a cost reduction in charging
infrastructure expansion investments. The following projections are drawn from the other
scenarios, and based on these input parameters are altered in the GD scenario: a medium
decrease in road traffic of −17% by 2030 as in the TF and DT scenarios, a major decrease
of −31% as in the SC scenario; technological breakthroughs as in the TF and DT scenarios
altering the driving range of an average BEV sold in 2030 to be 800 km and the average
charging power of 315 kW at a charging point with PCP = 350 kW. There are further details
on these alterations displayed in Table 8.

Figure 4 and Table 9 display the resulting cost reductions and changes in the required
fast-charging infrastructure in response to the respective parameter changes. The lowest
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infrastructure expansion costs are achieved through the increase in BEV charging power,
which causes a large decrease in the required capacity as the efficiency of charging increases.
Similarly, high cost reduction is accomplished by decreasing the overall traffic load, which
essentially reduces the demand for charging infrastructure. No cost reduction results from
the increase in BEV driving range. Figure 4 illustrates these changes in costs in response to
the specific parameter alterations visually.

Table 8. Description of input parameter alterations reducing costs in the Gradual Development (GD)
scenario. The parameter alterations are based on the other three scenarios: Societal Commitment (SC),
Techno Friendly (TF), Directed Transition (DT).

Parameter Change Description (Reference Scenario) Altered Input
Parameter

Value in
GD Scenario

Updated
Value

Medium decrease in road traffic
The overall road traffic load is subject
to a reduction of −17% (DT, TF). α 100% 83%

Major decrease in road traffic
The overall road traffic load is subject
to a reduction of −31% (SC). α 100% 69%

Increase in driving range
The driving range of BEVs being sold
in 2030 is increased to 1000 km (DT, TF). distrange,BEV 520 km 660 km

Increase in charging power
The average charging capacity of BEVs
sold in 2030 is projected to be 315 kW (DT, TF). Pcharge,BEV 164 kW 243 kW

Table 9. Changes in fast-charging infrastructure and associated investment costs in the face of different
cost-reduction measures as described in Table 8. The highest cost reductions are highlighted.

Cost-Reduction Measures

GD Scenario 2030 Medium Decrease
in Road Traffic

Major Decrease
in Road Traffic

Increase in
Driving Range

Increase in
Charging Power

Nb. of charging stations 54 54 54 55 54
Total capacity (MW) 285 238 197 286 139
Total expansion costs (EUR) 100 M 82 M 68 M 100 M 66 M
Rel. change - −18% −32% −0% −34%

GD scenario
2030

Medium decrease
in road traffic

Major decrease
in road traffic

Increase in
driving range

Increase in
charging power
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Figure 4. Cost reduction potentials in the Directed Transition (DT) scenario. (Detailed descriptions
of the measures are in Table 8).



Energies 2022, 15, 2147 18 of 26

4.2. Sensitivity Analyses on the Requirements for Fast-Charging Infrastructure

In the following, the mere infrastructure requirements in 2030 without regards to
the charging infrastructure currently in place are analyzed. This is conducted to better
understand how requirements for the fast-charging infrastructure change as a function of
technological BEV parameters and in response to growing demand. First, the effect of the
average driving range of an average BEV in the Austrian car fleet is observed in the context
of the TF scenario during which major developments in battery technology are expected.
Second, the change in modeled charging infrastructure depending on the BEV share in the
car fleet within the SC scenario, which reflects high societal commitment to BEV uptake, is
demonstrated.

4.2.1. Increasing Driving Range in the Techno-Friendly Scenario

The driving range is altered between 200 and 1400 km. Figure 5 presents the changing
distribution of the number of charging points at the charging stations and total number
of charging stations in response to gradually increasing driving ranges in the TF scenario.
In this figure, the blue boxplots display the distribution of charging points (CP) along the
charging stations (CS). The gray dashed line indicates the maximum possible number of
charging points at a charging station, which is 34. This is given by the maximum installed
capacity of 12 MW at a charging station. The dark red connected points indicate the total
number of charging stations in the modeled charging infrastructure. Table 10 presents the
change in the key parameters for the driving ranges of 200, 800 and 1400 km and gives an
impression of how the key parameters of the modeled fast-charging infrastructure change
in the course of the conducted sensitivity analysis. Given the assumed development in the
TF scenario, the average driving range of BEVs in the Austrian car fleet is projected to be
670 km by 2030 and reach approximately 1000 km by around 2040.

With the increasing range, energy demand can be shifted further away from the node
where it originates, which results in wider solution space during the optimization. Overall,
the infrastructure costs stay stable between EUR 71 M and EUR 72 M throughout this
parameter alteration. The total number of charging stations decreases from 55 at 200 km to
a minimum of 38 at 1100 km. The installed capacity stays constant. Starting at the range of
300 km, fully occupied charging stations occur throughout the sensitivity analysis. Overall,
the highest costs of investments are at 200 km and drop to EUR 71 M at the range of 500 km.
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Figure 5. Sensitivity analysis on driving range. Impact of the increase in the driving range of BEVs
on the distribution of the number of charging points (CP) at charging stations and the total amount of
charging stations (CS).

During this analysis, the model was run for each of the ranges between 200 and
1400 km every 100 km and, therefore, a total for 13 times. During all of these model runs,
at 34 of all the service areas, charging station installations occurred in each of the model
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runs. The top sub-figure in Figure 6 illustrates these charging stations in black. The bottom
illustration shows which of these are currently existing charging stations (in bright green)
and which are not (in red). Overall, 11 of these 34 permanent charging stations are existing
charging stations.

Constantly present CS locations during SA on driving range

Austrian highway network
1-4 occurrences
5-9 occurrences
10-12 occurrences
occurrence in every SA model run

Comparison to existing infrastructure

Austrian highway network
Part of existing infr. and constant in SA
Part of existing infrastructure
Constant occurrence during SA

Figure 6. Frequent charging point allocations. (Top): Visualization of charging stations (CS) which
occur during the model runs of the sensitivity analysis (SA) on BEV driving range. (Bottom): Visual-
ization of CS which are constantly present during the SA and are part of the existing infrastructure.

4.2.2. Increasing Share of BEVs in the Societal Commitment Scenario

Figure 7 presents the results of the sensitivity analysis on the share of BEVs in the
Austrian car fleet under the SC scenario for 2030. The top-left sub-figure presents the total
installed capacity of the fast-charging infrastructure as a function of the rising share of
BEVs. The top-right sub-figure displays the change in the number of charging stations.
Boxplots illustrating the distribution of the number of charging points at charging stations
are presented in the bottom-left sub-figure. The timeline in this figure is projected based on
the assumption that as of 2030 all registered cars will be BEVs and a BEV has a lifetime of
10 years, which would lead to an Austrian car fleet that is 100% electric by 2040. Table 10
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presents the values of parameters describing the key features of modeled infrastructure for
the different shares of BEVs, 10%, 50% and 100%.

The required capacity for fast-charging is rising linearly with the share of BEVs. The
number of charging stations is significantly increasing between 40% and 100%, indicating
the requirement for a densification of the fast-charging infrastructure. This effect of densifi-
cation can be attributed to the increasing amount of fully occupied charging stations which
is visible in the bottom-left sub-figure of Figure 7. The overall cost increases by a factor of
about 10 between 10% and 100% share of BEVs, and so does the required capacity.
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Figure 7. Sensitivity analysis of the increasing BEV share. Top-left: Total required capacity of the
fast-charging stations of required charging infrastructure. Top-right: Number of charging stations
(CS). Bottom-left: Distribution of the number of charging points (CP) at the charging stations.

Table 10. Key parameters describing the results of the sensitivity analyses on the driving range in the
Techno-Friendly (TF) scenario and share of BEVs in the Societal Commitment (SC) scenario.

Driving Range distrange,BEV (TF) Share of BEV ε (SC)

200 km 800 km 1400 km 10% 50% 100%

Nb. of charging stations 55 39 38 42 46 68
Total capacity (MW) 192 192 192 73 360 718
Total investment costs (EUR) 72 M 71 M 71 M 28 M 132 M 263 M

5. Conclusions

The decarbonization of the passenger sector is an important topic and the diffusion of
battery electric vehicles (BEVs) is one of the main solutions to counteract the increase in
greenhouse gas emissions in the face of globally growing transport demand. A sufficient
and demand-oriented fast-charging infrastructure is needed to support the diffusion of
BEVs. The proposed modeling framework reflects the cost-optimal expansion of the fast-
charging infrastructure along highways in terms of enabling long-distance travel with BEVs.
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We present one of the first studies incorporating the effects of changes in modal split as
well as technological developments of BEVs in the design of a fast-charging infrastructure
for the future. In our analysis, we observed the effects of charging capacity, BEV share and
the reductions of road traffic load.

Particularly, the average charging power level of a BEV is found to have a signif-
icant impact on the costs of charging infrastructure installation. With higher charging
power of the BEVs, the required infrastructure expansion at growing BEV share can be
reduced. As there is a need to invest in technological developments to overcome the
barriers of BEV adoption, we found that these investments can also induce cost savings in
infrastructure expansion.

In future work, this proposed modeling approach will be compared with flow-based
approaches in terms of computation performance and model output. Based on this com-
parison, the benefits of both approaches could be exploited within the model formulation.
Moreover, a verification of the proposed top-down modeling approach could be con-
ducted by testing whether the modeled charging infrastructure is sufficient to meet the
fast-charging demand by a traffic flow simulation by means of introducing origin and
destination nodes and observing whether the charging demand by all long-distance trips
is sufficiently covered and travel times are not substantially prolonged by, e.g., queuing
at charging stations. Based on this, the model can be expanded by introducing temporal
granularity with regard to charging processes and traffic flow. This can also help in the
allocation of charging infrastructure, not only in response to yearly peak demand, but
also in such a way that the profitability of hosting the charging stations is also ensured.
Moreover, as it has been found in this paper that technological developments and changes
in mobility behavior have significant impact on the required infrastructure but are also
quite uncertain in the future, the goal for future work is to add uncertainty measures that
would help in modeling a more realistic charging infrastructure expansion. Building on the
insights gained into the impact of technological developments and increasing demand, an
extension of the model by the means of the introduction of a temporal dimension in yearly
resolution can help model charging infrastructure requirements as a function of changes
in technology, modal split and BEV fleet size in time. This could assist policy makers in
making cost-optimal investment decisions throughout the years.
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Appendix A. Supplementary Details on Methodology and Materials

Appendix A.1. Determination of Average Technological Parameters for BEVs

To evaluate the technological parameters of an average battery electric vehicle (BEV)
in the Austrian car fleet, the technological attributes of the most sold car models from the
last 3 years were used. These are displayed in Table A1 with the respective number of sales.
Using sale numbers as weights, the weighted averages for the driving range and charging
capacity were evaluated.



Energies 2022, 15, 2147 22 of 26

Table A1. Top 10 sold car models in Austria in 2019–2021 and technical attributes [80–82] (aver-
age driving range distrange,BEV , average charging power Pcharge,BEV , average specific energy de-
mand dspec,BEV).

Car Model Sales 2019 Sales 2020 Sales 2021 distrange,BEV (km)
Pcharge,BEV

at P̂CP = 150 kW
(kW)

dspec,BEV
Highway-Cold Weather

(kWh/km)

Tesla Model 3 2342 2892 3304 380 110 0.23
Renault Zoe 944 2071 1778 310 41 0.22
Kia Niro 1125 421 924 370 77 0.24
Hyundai Kona 897 861 - 395 64 0.28
Audi e-Tron 364 782 1192 285 114 0.29
BMW i3 1191 697 - 235 47 0.23
VW e-Golf 805 401 - 190 39 0.24
VW Up! - 376 - 205 30 0.22
Mazda MX-30 - 370 - 170 34 0.25
Peugeot 208 - 355 - 285 78 0.23
Hyundai Ioniq 361 - - 250 36 0.22
Nissan Leaf 557 - - 225 40 0.23
Tesla Model S 389 - - 560 110 0.23
VW ID.3 - - 2361 350 85 0.23
VW ID.4 - - 2361 400 103 0.27
Skoda Enyaq - - 2208 420 103 0.26
Fiat 500 - - 1356 235 67 0.23
Seat Mii - - 936 205 30 0.22
Tesla Model Y - - 921 435 108 0.24

Weighted average values 340 81 0.24

Appendix A.2. Details on the Projected Developments for 2030 under Different Scenarios

For the quantification of the scenarios used in the analysis, projections on the devel-
opment of BEV share had to be made. For the Societal Commitment and Techno-Friendly
scenarios an optimistic projection was made based on the decarbonization goals for the
transport sector in the governmental document “Austria’s Mobility Master Plan 2030” [8].
A pessimistic projection is made for the Directed Transition and Gradual Development scenarios
based on the trend of new registrations of BEVs in the years between 2018 and 2020.
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Figure A1. Projections of linearly increasing new registrations of BEVs (left, AMMP = Austria Mobility
Master Plan [8]) and based on this, developments of share of BEV (right).

Appendix A.3. Details on Preparation for the Austrian Case Study

The underlying data pre-processing procedures of this work encompassed the prepa-
ration of the graph representation of the Austrian high-level road network and the potential
sites for the installment of charging stations. Geographic data representing the Austrian
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highways and motorways was obtained based on OpenStreetMap data [69]. For this, all
way instances with tags highway = ‘motorway’ and highway = ‘trunk’ were retrieved and
further processed using ArcGIS Pro [83] in order to obtain a clean shape representation of
the road network, including the representation of both driving directions through paral-
lel lines. Geographic data implying positions of service areas were retrieved using tags
highway = ‘services’ and highway = ‘rest_area’. This geographic information was paired with
data on service areas obtained through ASFINAG [70] which provide information on the
driving direction a service area is accessible from and on the services offered on site.
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