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a b s t r a c t

The optimal design of microgrids with thermal energy system requires optimization techniques that can
provide investment and scheduling of the technology portfolio involved. In the modeling of such systems
with seasonal storage capability, the two main challenges include the low temporal resolution of
available data and the non-linear cost versus capacity relationship of solar thermal and heat storage
technologies. This work overcomes these challenges by developing two different optimization models
based on mixed-integer linear programming with objectives to minimize the total energy costs and
carbon dioxide emissions. Piecewise affine functions are used to approximate the non-linear cost versus
capacity behavior. The developed methods are applied to the optimal planning of a case study in Austria.
The results of the models are compared based on the accuracy and real-time performance together with
the impact of piecewise affine cost functions versus non-piecewise affine fixed cost functions. The results
show that the investment decisions of both models are in good agreement with each other while the
computational time for the 8760-h based model is significantly greater than the model having three
representative periods. The models with piecewise affine cost functions show larger capacities of
technologies than non-piecewise affine fixed cost function based models.
© 2020 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The growing attention to decrease the carbon dioxide emissions
and at the same time to increase the penetration of renewable
energy sources to meet the thermal energy demand require to
devise new strategies for the optimal use of technologies such as
solar thermal and thermal energy storage. Because of the mismatch
between the thermal load (Space Heating and Water Heating) and
supply of solar energy in summer, the affordable and carbon
footprint-free solar energy has strong potential tomeet the thermal
energy consumption if the thermal energy storage can be designed
optimally to store the heat from solar in summer and use it in
ainable Technologies GmbH,
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winter [1]. The seasonal storage has more advantages in practical
applications as compared to short-term storage, but it is chal-
lenging since it requires a larger storage volume [1]. The amount of
available incident solar radiations on the roof of a typical home
exceeds its yearly energy consumption, therefore, there is a large
potential in using solar thermal technologies to convert solar ra-
diation into useable heat [2]. The seasonal storage systems have the
capability tomitigate the seasonal offset and variation of renewable
energy sources.

There are mainly two challenges for the optimal design and
operation of a solar thermal system with a large thermal seasonal
storage. The first challenge is that the proper modeling techniques
require higher resolution of time series data. This challenge of
temporal resolution is far more critical when dealing with inte-
gration of renewable energy sources [3]. The adequate and appro-
priate modeling of seasonal storage system requires a time series
that spreads over a full year time horizon at least. However, using
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Nomenclature

Abbreviations
CPU central processing unit
DER-CAM distributed energy resources - customer adoption

model
MILP mixed-integer linear programming
MINLP mixed-integer nonlinear programming
MPP monthly peak preservation
OF objective function
Opt-3D three daytypes based optimization model
Opt-8760 8760-h based optimization model
PWA piecewise affine
SOC state of charge
TRNSYS transient systems simulation

Mathematical Symbols
d binary variable
ε deviation error (residual)
h efficiency parameter
l non-negative, continuous variable
P annuity rate of the technology
Q loss factor
f charging rate of the heat storage
a! fit parameter vector
A technology-specific coefficient, EUR/kW(h)
a slope of linear segment
ASth decision variable for the solar thermal area, m2

b intercept of linear segment
C costs, EUR
Cap capacity of the technology to be invested, kW(h)
DERinvest annualized investment cost per distributed energy

resource, kW(h)

F fuel for heat, kWh
FixC fixed capital cost of the technology, EUR
H heat variable for different technologies, kWh
I solar irradiance parameter, W/m2

n number of species
T temperature, �C
VarC variable capital cost of the technology, EUR/kW(h)
x technology-specific capacity variable, kW(h)

Superscripts
a technology-specific exponent
amb ambient
in input for storage
loss loss of stored energy
out output from storage
stored state of charge of the storage
Sth solar thermal

Subscripts
char charge rate of the storage
dis discharge rate of the storage
HS heat storage, kWh
O&M operation and maintenance
st storage standby operation
s storage operation
tech technologies
up upfront
d daytypes
h hours
i index for binary and decision variables
k number of components in fit parameter vector
m months
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full year time horizon increases the computational time. In order to
solve the issue of computational time, time series aggregation
techniques are used to reduce the original full year data into typical
design profiles depending upon the aggregation criteria for week-
days, months or seasons. These aggregated design profiles must
adequately preserve the significant characteristics of the full year
data. Fazlollahi et al. [4] use k-means clustering technique to reduce
the yearly time series data into typical periods. Nahmmacher et al.
[5] use hierarchical clustering as time series aggregation method-
ology for solar and wind data. Lozano et al. [6] reduce the time
series via averaging into 24-h based profiles defined by weekdays.
Averaging into 24-h based profiles defined by months has been
studied by Mehleri et al. in Ref. [7]. Averaging into 24-h based
profiles defined by seasons has been studied by Samsatli et al. in
Ref. [8]. Fahy et al. [9] present the Monthly Peak Preservation (MPP)
method to reduce the yearly time series data into three typical
periods based on weekdays, weekend days and peak days.
Although, the time series aggregation reduces the computational
time significantly, it can also change the results as compared to a
full year time series optimization [10].

The second challenge lies in the non-linear relationship be-
tween the capacity and the cost of technologies involved in thermal
energy systems [11]. The real life costs of thermal energy system
technologies such as solar thermal and heat storage are dependent
on size and larger capacities have lower technology costs. The
modeling of this non-linear relationship inside optimization
problems imposes certain limits since most of the optimization
2

problems in state-of-the-art literature are formulated as linear
programming or mixed-integer linear programming (MILP) prob-
lems to keep computational costs and complexity in a reasonable
range. Mashayekh et al. [12] use MILP approach to find optimal
distributed energy resources in multi-energy system microgrids.
Siddiqui et al. [13] use MILP modeling for the heat and power ap-
plications. Stadler et al. [14] optimize the distributed energy re-
sources and building retrofits using MILP approach. Steen et al. [15]
model the thermal energy storage using MILP framework. Optimal
design of energy conversion units and envelopes for residential
building retrofits has been studied in Ref. [16] using MILP model.
Lindberg et al. [17] propose a methodology for the optimal system
design of zero energy buildings using MILP approach. The short-
term and long-term thermal energy storage models have been
studied using MILP framework in Ref. [18]. In order to solve the
issue of non-linear relationship between the capacity and the cost
of technologies, piecewise affine (PWA) cost functions can be used
instead of non-linear cost functions, but these functions introduce
additional decision variables, thus increasing the complexity of
models.

Various studies have been carried out in the field of seasonal
thermal storage based on simulations in recent years. B€ohm and
Lindorfer [19] present techno-economic assessment of seasonal
heat storage in district heating with different thermo-chemical
materials. The socio-economic assessment of seasonal heat stor-
age in district heating systems with waste heat integration has
been provided in Ref. [20]. A simulation-based methodology for a
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pit seasonal thermal storage with heat pump has been investigated
in Ref. [21]. The potential of seasonal solar thermal energy storage
using thermo-chemical sorption for domestic application has been
studied in Ref. [22]. Ciapmi et al. [23] perform thermo-economic
sensitivity analysis by dynamic simulations of solar district heat-
ing system with seasonal borehole thermal energy storage. The
solar seasonal storage system coupled with ground-source heat
pump has been investigated using a simulation for thermal equi-
librium in Ref. [24]. Xu et al. [25] demonstrate the potential and
evaluate the performance of solar heating system integrated with
seasonal energy storage for greenhouse applications. Li et al. [26]
present a performance analysis of an integrated energy storage
system for seasonal storage and solar thermal energy applications.
These simulation-based studies focus on very specific topics related
to techno-economic assessment and performance investigation of
seasonal storage systems but lack the modeling framework with
respect to optimal system design. These studies also provide gaps in
realizing the solutions to the challenges faced while modeling the
thermal energy systems such as time series aggregation and non-
linear cost versus capacity behavior of thermal technologies.
Therefore, it is required to focus on addressing these gaps on a
system design level so that an optimal planning of thermal energy
systems can be realized.

Few studies have been conducted in recent years which are
based on optimization in the field of seasonal thermal storage.
Launay et al. [27] propose a simplified multi-criteria optimization
considering levelized cost of energy as an objective function for a
residential building having inter-seasonal solar heat storage. This
study does not consider the modeling of costs in terms of piecewise
affine functions. K€ofinger et al. [28] use a simplified MILP frame-
work considering the minimization of total energy costs for the
optimized integration and operation of seasonal heat storage for
district heating networks. The optimization problem does not
consider the modeling of costs in terms of piecewise affine func-
tions and the modeling details of the seasonal heat storage are also
limited in this study. Gabrieli et al. [29] propose two MILP based
optimization methods to model a seasonal storage for a multi-
energy system by using time series aggregation of a full year data
into a set of representative design days given by k-means clus-
tering. This study uses the piecewise affine approximate cost
function only for the heat storage technology, but does not consider
the piecewiese affine cost function for the solar thermal technol-
ogy. Kotzur et al. [30] aggregate the time series into a set of
representative design periods given by k-means before using them
into three different design optimization models. These optimiza-
tion models do not consider the solar thermal into the technology
portfolio and also the non-linear relationship between cost and
capacity for the heat storage technology is not modeled as piece-
wise affine functions. Although k-means is a popular technique to
aggregate time series into typical representative periods, preser-
ving the peak demand is critical and requires further implications
to maintain the peak of the original demand profile.

The model simplification in using a single linear cost function
for solar thermal and heat storage technologies can lead to a sig-
nificant difference as compared to using a piecewise affine cost
function when modeling seasonal thermal energy systems. It is
because the seasonal behavior requires larger capacities, and the
investment costs for these larger capacities need to be lower when
using the correct non-linear cost versus capacity behavior. The
modeling of these non-linear cost functions into piecewise affine
cost functions has not been addressed in the state of the art studies
combinely for solar thermal and seasonal heat storage technolo-
gies. Also, the comparison between the investment decisions of the
optimization models using the fixed linear (Non-PWA) cost
3

functions and PWA cost functions has not been provided in the
state of the art studies. Moreover, longer time horizon based opti-
mization problems have not been discussed extensively at a design
phase of storage based thermal energy systems and maintaining
the peaks of thermal demand while aggregating the time series is
critical to the optimal design of these systems.

Therefore, this research addresses the above mentioned gaps by
developing two different MILP optimization models i.e. Opt-3D and
Opt-8760 for a thermal energy system in a microgrid having central
heating, solar thermal and heat storage as technologies. It also in-
cludes the essential modeling of non-linear cost functions in terms
of piecewise affine (PWA) cost functions for solar thermal and heat
storage technologies while keeping the optimization problem as
MILP. The Opt-3D model considers the typical profiles based opti-
mization of the system, but preserving the load peaks by the
maximum peak preservation method in the daytypes compared to
the other works which use k-means clustering. The Opt-8760
model considers the full year time horizon i.e. 8760-hours based
optimization for the same kind of thermal energy system. The main
objective of the MILP framework is to minimize the total energy
costs and the total CO2 emissions. The framework is applied to a
case study considering a community residential sector in Austria.
The investment and operation of the thermal seasonal storage is
presented together with a comparison of results in terms of a
relative objective function difference and computational time be-
tween two models. Moreover, the investment decision results are
also compared based on the PWA and Non-PWA cost functions of
both models. This work presents the application of the developed
methods to the planning of a case study, quantifying the costs and
CO2 emissions of a reference fuel-based heating system, and
showing the cost and CO2 emission implications of transitioning to
a joint solar and fuel-based heating system involving seasonal
thermal storage while studying the feasibility i.e. solar potential of
the necessary heating network for a microgrid.

This paper is structured as follows: Section 2 describes the
formulation of the optimization problem for Opt-3D, Opt-8760 and
PWA cost functions. Section 3 provides detailed information
considering the case study, including pre-processing and analytics
of data. Section 4 presents the detailed results. Finally, the con-
clusions are provided in Section 5.

2. Formulation of optimization problem

This work presents the comparison between two different
optimization models using Mixed-Integer Linear Programming
(MILP) for thermal energy system, based on DER-CAM [12] and
further developed within this research. The MILP minimizes the
total annual energy costs or total annual carbon dioxide emissions
as separate objective functions and balances the demand by ser-
vices offered through optimized technology portfolio. The MILP
framework, which is used in this study, considers the solar thermal
and heat storage as technology options provided that heat from
fuels i.e. central heating grid is always available to meet the mar-
ginal heating demand when solar thermal and heat storage tech-
nologies are not available. Since the optimization is based on MILP,
piecewise affine functions are used to model the costs associated
with the solar thermal and heat storage technologies to approxi-
mate the non-linear behavior.

2.1. Opt-3D: optimization model with uncoupled representative
days

The first model uses time series aggregation to reduce the yearly
data into 24-h based three representative daytypes for each month
by using monthly peak preservation method [9]. The daytypes
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include week, peak and weekend representative profiles. The
choice of these three different daytypes in each month is consid-
ered because the thermal load has variation in the consumption
pattern within week days and weekend days of each month.
Therefore average profile of this different consumption within four
weeks of each month requires two representative daytypes to
capture the variation of week days and weekend days. As averaging
the consumption within week days and weekend days lowers the
original maximum demand, therefore peak days are required in
each month which can preserve the maximum of demand in each
hour of the month so that the optimization decisions are made by
keeping into account the original maximum demand within each
month. The peak profiles are generated by taking the maximum of
demand in every hour of all days in the month. The week day and
weekend day profiles are then generated by subtracting the peak
demand value in the hour of week days and weekend days where
that maximum occurred. The subtraction of the peak demand
values depends upon the occurrence of that maximum in original
week day or weekend day. Finally, all the demand values of week
days and weekend days are summed up over hours and then
divided by the number of the respective original week days and
weekend days less one (considering one peak day per month) in
that particular month. It is because of the separation of the peak
demand values from these week days and weekend days that
average values must be adjusted downwards to maintain the
monthly total consumption in reasonable range. The time horizon
is disintegrated into hours h 2 {1, 2, …, 24}, daytypes d 2 {1, 2, 3}
and months m 2 {1, 2, …, 12}. The optimization takes every deci-
sion variable into account for each time-step hwithin each daytype
d of every month m. The monthly and annual quantities are scaled
up by using the number of the days nm;d (such thatP12

m¼1
P3

d¼1nm;d ¼ 365) for each daytype in every month.
The simplified objective function related to the total annual

energy costs C can be represented by eq. (1).

C¼
X
tech

DERinvest þ
X
m;d;h

Cutility þ
X
m;d;h

CO&M (1)

where DERinvest is the annualized investment cost per technology
tech, Cutility is related to volumetric fuel costs and other fixed costs
related to utility and CO&M is related to the operation and mainte-
nance costs. DERinvest can be further described as shown in eq. (2).

DERinvest ¼
X
tech

�
Cup Ptech

�
(2)

Cup ¼VarCtech Captech þ FixCtech (3)

where Cup is the upfront capital cost of the technology, Ptech is the
annuity rate of the technology, VarCtech is the variable capital cost
of the technology, Captech is the technology capacity to be invested,
FixCtech are the fixed capital costs of the technology. The variable
capital costs vary with the amount of capacity that is invested,
while the fixed capital costs are independent on the size of the
technology and cover engineering costs.

The simplified objective function related to the total annual
carbon dioxide emissions can be represented by eq. (4). It is the
summation of the carbon dioxide emissions from burning different
fuel types used in providing the heat.

CO2 ¼
X

fueltype

X
m;d;h

CO2fuels (4)

The heat received from the solar thermal is given by eq. (5).
4

HSth
m;d;h ¼ASth Im;h hSthm;h (5)

where ASth is the decision variable for the solar thermal area, Im;h is
the parameter for the solar irradiance modeled based on [31] and

hSthm;h is the parameter for the solar thermal efficiency modeled ac-

cording to Ref. [32]. For Opt-3D model, the solar irradiance and
solar thermal efficiency are modeled by weather data that are
averaged on monthly basis over hours and the resulting heat from
the solar decision variable assumes the same output for all the
three daytypes in each month.

The heat storage model is defined by eqs. (6)e(9).

Hstored
m;d;h ¼Hstored

m;d;h�1 þ Hin
m;d;h � Hout

m;d;h � Hloss
m;d;h (6)

Hin
m;d;h ¼Hfor

m;d;h hchar (7)

Hout
m;d;h ¼Hfrom

m;d;h 1
.
ðhdisÞ (8)

Hloss
m;d;h ¼Hstored

m;d;h�1 Qs þ CapHS Qst

�
Tmin � Tamb

m;h

�
ðTmax � TminÞ

(9)

where Hstored
m;d;h represents the state of the charge of the heat storage,

Hin
m;d;his the input for heat storage, Hfor

m;d;h is the heat required for

storing in heat storage, hchar is the charging efficiency, Hout
m;d;h is the

output from heat storage, Hfrom
m;d;h is the heat required from the heat

storage, hdis is the discharging efficiency, Hloss
m;d;h is the heat lost in

heat storage during working and standby conditions, Qs is the loss
factor during storage operation,Qst is the loss factor during storage
standby condition, CapHS is the capacity of the heat storage, Tmin is
the minimum temperature of the storage, Tmax is the maximum
temperature of the storage and Tamb

m;h is the ambient temperature.

The heat storage model constraints are given by eq. 10e13.

Hstored
m;d;1 ¼Hstored

m;d;24 þ Hin
m;d;1 � Hout

m;d;1 � Hloss
m;d;1 (10)

Hstored
m;d;h � CapHS (11)

Hin
m;d;h � CapHS f

max
char (12)

Hout
m;d;h � CapHS f

max
dis (13)

where eq. (10). represents the periodicity constraint in dynamic
condition and shows that the first hour of the state of the charge of
heat storage is linked with the last hour of the respective daytype
d in the month m of the state of the charge of heat storage. fmax

char is
the maximum charging rate of the heat storage and fmax

dis is the
maximum discharging rate of the heat storage. The higher level
energy balance can be represented in a simplified manner by eq.
(14).

Hload
m;d;h þHfor

m;d;h ¼ HSth
m;d;h þ Hfrom

m;d;h þ Hfuels
m;d;h (14)

where Hload
m;d;h is the thermal load of the system to be satisfied and

Hfuels
m;d;h is associated with the fuel for heat Fheatm;d;h by an efficiency

parameter represented by hfuel as given in eq. (15).



Fig. 1. A schematic illustration of the PWA approximation function ~f ðxÞ with three
linear pieces.
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Hfuels
m;d;h ¼ hfuel F

heat
m;d;h (15)

2.2. Opt-8760: optimization model with 8760-hours time horizon

Since the Opt-3D model considers the time series aggregation
and the resulting representative daytype profiles, it does not keep
any connectivity between the optimization days, and thus, can not
model the seasonal storage behavior directly. The Opt-8760 model
uses a full scale yearly time horizon i.e. 8760-hours and increases
the time resolution of the MILP model used in Opt-3D by replacing
m2 {1, 2,…, 12}, d2 {1, 2, 3} and h2 {1, 2,…, 24}with t2 {1, 2,…,
8760} for all the demand as well as the weather input data. This full
scale optimization considers connectivity between all the optimi-
zation time-steps and can therefore model seasonal storage
behavior directly.

2.3. Piecewise affine cost functions for solar thermal and heat
storage

The cost functions of the technologies that are used in thermal
systems i.e. solar thermal and heat storage are not always justified
as linear functions [11]. The costs of large hot water heat storage
systems are dominated by the material for the tank since the
storage capacity is proportional to the volume of the tank. A simple
dimensional analysis demonstrates that for the most common type
of heat storages (hot water tanks), an approximate power-law given
by eq. (16) can be used when comparing typical costs for storage
tanks [11]. Similarly, the costs of large solar thermal systems are
observing non-linearities with its capacity and can be represented
as given in eq. (16) [33]:

CupðxÞ¼A xa (16)

where CupðxÞ is the non-linear cost function, x is the capacity of the
solar thermal or heat storage and A and a are the technology-
specific parameters (e.g. A ¼ 0:661 [Million-EUR/MW] and a ¼
0:835 for solar thermal [33] and A ¼ 141 [EUR/kWh] and a ¼ 0:667
for heat storage [11]).

A Piecewise Affine (PWA) linear approximation approach is used
in this study to model the non-linear cost function CupðxÞ for both
solar thermal and heat storage technologies as compared to other
works which only consider heat storage technology for PWA ap-
proximations. This is in particular desirable because mixed integer
non-linear programming (MINLP) problems can be translated into
the MILP problems for which efficient algorithms and optimization
software packages are widely available. In general, PWA functions
consist of several discrete linear segments (pieces) that are used to
describe a univariate function f ðxÞ. The location where one of these
linear segments ends and a new one begins are designated as

breakpoints xi. A PWA linear function ~f ðxÞ can be described as the
following set of linear equations:

~f ðxÞ¼

8>><
>>:

a1ðx� x1Þ þ b1 x1 < x � x2
a2ðx� x2Þ þ b2 x2 < x � x3
« «
an�1ðx� xn�1Þ þ bn�1 xn�1 < x � xn

(17)

where ai are the slopes, bi are the intercepts of the different linear
segments, n is the number of breakpoints xi and (n� 1) represents
the total number of linear segments. A schematic illustration of a

PWA approximation function ~f ðxÞ with three linear pieces of an
arbitrary non-linear function f ðxÞ is demonstrated in Fig. 1. A
5

fundamental issue in modeling non-linear functions for MILP

problems is how to represent the PWA approximation function ~f ðxÞ
as a set of linear equations using discrete and continuous decision
variables [34]. This issue is addressed in this study by using the
Convex Combination Model [35] to represent PWA approximation

functions ~f ðxÞ.
2.3.1. Convex combination model
The convex combination model represents the PWA approxi-

mation functions ~CupðxÞ as a linear combination of the breakpoints
xi as given in eq. 18 and 19.

~CupðxÞ¼
Xn
i¼1

li CupðxiÞ (18)

x¼
Xn
i¼1

li xi (19)

where all coefficients li are non-negative, continuous variables
between 0 and 1 and summed up to 1 as given in eq. 20 and 21.

li 2 ½0;1�; i ¼ 1;…;n (20)

Xn
i¼1

li ¼1 (21)

The constraints related to li are given in eq. (22).

li �
8<
:

diþ1 for i ¼ 0
di þ diþ1 for i ¼ 1;…;n� 1
di for i ¼ n

(22)

where di are binary variables and aremodeled as given in eq. 23 and
24.

di 2 f0;1g; i¼1;…;n (23)

Xn
i¼1

di ¼1 (24)

The binary variables di and the listed constraints given by eq.
(22) enforce the condition that at the most two weighting factors li
are non-zero, in which case they must be adjacent. Therefore, if the
binary variable diþ1 ¼ 1 for instance, then the point ðx;
~CupðxÞÞ ¼ ðli xi; li CupðxiÞÞ þ ðliþ1 xiþ1; liþ1 Cupðxiþ1ÞÞ is given by
the linear (convex) combination of the two points ðxi; CupðxiÞÞ and
ðxiþ1; Cupðxiþ1ÞÞ since li þ liþ1 ¼ 1 and 0 � li � ðdi þ diþ1Þ ¼ 1;



Fig. 2. Cost vs. Capacity curve of solar thermal technology using linear, non-linear and
PWA cost functions.

Fig. 3. Cost vs. Capacity curve of heat storage technology using linear, non-linear and
PWA cost functions.
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liþ1 � 0.

2.3.2. Fitting non-linear cost functions
The optimal positions of the breakpoints xi are not always

known. Moreover, a simple linear connection using just the convex
combination model between the original cost function values

CupðxiÞ leads to a PWA approximation ~CupðxÞ, where the functional

values are systematically smaller than that of CupðxÞ i.e. ~CupðxÞ �
CupðxÞ : cx except at the breakpoint locations xi where CupðxiÞ ¼
~CupðxiÞ. Therefore, performing a linear fit process before using the
convex combination model minimizes the deviation errors (re-

siduals) εi ¼
��CupðxiÞ � ~CupðxiÞ

��. In this study, a preliminary analysis
is performed using logarithmically spaced separation which sug-
gests that at least five linear segments are needed to cover five
orders of magnitude for heat storage and solar thermal with a de-
viation error of less than 10%. Thus, the linear fit process is per-
formed by considering n ¼ 6 breakpoints (five linear segments) and
minimizing the sum-of-squares of the residuals εi as given in eq.
(25).

min
a!
Xn
i¼1

�
CupðxiÞ � ~Cupðxi; a!Þ

�2
¼min

a!
Xn
i¼1

ε
2
i (25)

where the components ða1;…;akÞ of the vector a!2 Rk are the fit
parameters of the linear segments. The regression analysis method
is performed several times for five continuous linear pieces until
the minimum deviation error is found.

After performing the linear fit process, the PWA approximation
functions ~CupðxÞ are modeled through the convex combination
model as described in Section 2.3.1. The resulting PWA parameters
for solar thermal and heat storage technologies are given in Table 1.
Depending upon the capacity chosen by the optimization model,
the respective linear segment of the piecewise affine function is
activated and the costs are calculated using the variable cost and
fixed costs of that active linear segment. The cost vs. capacity curves
using linear cost functions, non-linear cost functions and PWA cost
functions for solar thermal and heat storage technologies are
illustrated in Fig. 2 and Fig. 3 respectively. It can be seen from Figs. 2
Table 1
Investment parameters for solar thermal and heat storage technologies with
piecewise affine (PWA) cost functions. The non-linear cost functions are considered
according to Ref. [11,33].

Parameter Solar Thermal Heat Storage

Min. Cap. 0 [kW] 0 [kWh]
Breakpoint 12 350 [kW] 350 [kWh]
Breakpoint 23 4238 [kW] 3500 [kWh]
Breakpoint 34 11,443 [kW] 35,000 [kWh]
Breakpoint 45 21,741 [kW] 350,000 [kWh]
Max. Cap. 35,000 [kW] 3,500,000 [kWh]
Cost Value at Min. Cap. 0 [V] 520 [V]
Cost Value at Breakpoint 12 345,884.14 [V] 6820 [V]
Cost Value at Breakpoint 23 2,249,511.90 [V] 33,119.88 [V]
Cost Value at Breakpoint 34 5,092,805.40 [V] 155,206.46 [V]
Cost Value at Breakpoint 45 8,675,353.80 [V] 722,005.19 [V]
Cost Value at Max. Cap. 12,893,566 [V] 3,350,130.58 [V]
Fixed Costs of Linear Segment 1 0 [V] 520 [V]
Fixed Costs of Linear Segment 2 174,511.57 [V] 3897.79 [V]
Fixed Costs of Linear Segment 3 577,170.54 [V] 19,554.70 [V]
Fixed Costs of Linear Segment 4 1,112,048.18 [V] 92,228.82 [V]
Fixed Costs of Linear Segment 5 1,758,462.20 [V] 429,991.26 [V]
Variable Cost of Linear Segment 1 988.24 [V/kW] 18 [V/kWh]
Variable Cost of Linear Segment 2 489.64 [V/kW] 8.35 [V/kWh]
Variable Cost of Linear Segment 3 397.62 [V/kW] 3.88 [V/kWh]
Variable Cost of Linear Segment 4 347.88 [V/kW] 1.80 [V/kWh]
Variable Cost of Linear Segment 5 318.15 [V/kW] 0.83 [V/kWh]
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and 3 that the upfront capital costs of solar thermal as well as heat
storage technologies are significantly lower for the large capacities
considering the resulting linearly fitted piecewise affine function as
compared to just single linear cost function.
3. Case study

This section covers the general overview of the approach to the
definition of the case study, data analytics and pre-processing. The
case study is related to a set of community residential buildings in
Austria. Only space heating load is considered for this study and it is
generated using TRNSYS [36] simulations on hourly basis for a
whole year. Central heating through biomass fuel, solar thermal
and heat storage technologies are considered to satisfy the thermal
load. The heat storage considered for this study is a hot water tank
storage. The schematic diagram of the researched thermal system is
illustrated in Fig. 4.
3.1. Time series data analysis and processing

The hourly load profile of the thermal load for the whole year is
demonstrated in Fig. 5. The thermal load profile shown in Fig. 5 is
also used directly in the Opt-8760model. The annual load is around
2004 MWh/a with a peak load of 2 MWp. The seasonal behavior is
clearly evident from Fig. 5 and shows no load in the summer
months.

The yearly profile is then reduced by time series aggregation as
mentioned in Section 2.1. This results in 24-h based three repre-
sentative daytypes i.e. week, peak and weekend for all the 12
months. The resulting representative profiles are shown in Fig. 6



Fig. 4. Schematic diagram of investigated thermal system.

Fig. 5. Thermal load profile on hourly basis for all the year [36].

Fig. 6. Time series aggregated representative profiles of the thermal load for all the
year.

Table 2
Number of the days for representative profiles in each month.

Month Week Days Peak Days Weekend Days

January 21 1 9
February 19 1 8
March 22 1 8
April 20 1 9
May 22 1 8
June 21 1 8
July 21 1 9
August 22 1 8
September 20 1 9
October 21 1 9
November 21 1 8
December 21 1 9
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and are used for the Opt-3D model. It can be seen from Fig. 6 (b)
that the peaks for every month are preserved and the week and
weekend profiles are averaged after subtracting the peaks form the
respective occurring daytypes. The number of the days for the
week, peak and weekend daytypes are selected according to
Table 2. The total annual thermal load based on these number of
days associated with respective profiles results in 2003 MWh/a, a
0.05% difference relative to the original yearly thermal demand,
with the same peak load of 2 MWp. This shows that the time series
aggregation method captures the monthly variations adequately in
terms of week days, weekend days and peak days so that the per-
centage difference between the original yearly thermal demand
and the up-scaled yearly thermal demand from the reduced
representative profiles in each month is almost negligible.

The weather data include the global irradiance, diffuse irradi-
ance and ambient temperature. These data are gathered through
Meteonorm [37] for the location of the considered case study. The
weather data are available for one full year on hourly time-steps
and used for the Opt-8760 model. The hourly based weather data
are shown in Fig. 7. These weather data are also reduced using time
series aggregationmethod to get average values per month for Opt-
3D model and are shown in Fig. 8.

3.2. Techno-economical parameters

The economic parameters for both Opt-3D and Opt-8760 opti-
mization models are the same. These include the investment pa-
rameters such as fixed capital costs, variable capital costs, fixed
maintenance costs, lifetime and annuity rate. The fixed and variable
capital costs for solar thermal and thermal storage are different
when considering the fixed linear i.e. Non-PWA cost functions and
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PWA cost functions. The economic parameters for central heating,
solar thermal and heat storage considering Non-PWA fixed cost
functions are reported in Table 3 based on [38,39]. The economic
parameters for solar thermal and heat storage considering the PWA
cost functions are given in Table 1 as mentioned in Section 2.3.2.



Fig. 7. Weather Data: Global Irradiance, Diffuse Irradiance and Ambient Temperature
on hourly basis for all the year [37].

Fig. 8. Time series aggregated representative profiles of weather parameters for all the
year.

Table 3
Investment parameters for central heating, solar thermal and heat storage technologies

Technology Fixed Cost Variable Costs

[V] [V/kW] or [V/kWh]

Central Heating 13,821 270
Solar Thermal 0 988
Heat Storage 520 18

Table 4
Technical parameters for heat storage [15,18,40].

Parameter Value

hchar [%] 90
hdis [%] 90
fmax
char [%] 75

fmax
dis [%] 75

Tmin [�C] 15
Tmax [�C] 65
Qs=Qst [%] Opt-3D: 0.08

Opt-8760: 0.01
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The solar thermal collectors have horizontal orientation with a
tilt angle of 20�. The technical parameters for the heat storage
contain the charging and discharging efficiencies, maximum charge
and discharge rates, minimum and maximum temperatures and
losses. These parameters are same for the Opt-3D and the Opt-8760
models except the parameters of losses. The losses for the Opt-8760
model are assumed in accordancewith [18]. Whereas, the losses for
the Opt-3D model are assumed to be 8% higher than the Opt-8760
model given that the Opt-3D is a non-seasonalmodel and the losses
for short-term non-seasonal heat storage are higher than the long-
term seasonal storage [40]. These parameters are given in Table 4
and are based on [15,18,40].

The technical parameters for the central heating contain the
fueltype, volumetric fuel costs, fuel to heat efficiency and marginal
CO2 emissions. These parameters are based on [38] and are given in
Table 5. The biomass based central heating technology does not
consider the minimum output constraint in terms of production
mode and the optimizer chooses the optimal capacity based on the
maximum Hfuels

m;d;h output as defined by the eq. (15).
3.3. Optimization & testing framework

For testing the case study, the Opt-3D and the Opt-8760 opti-
mization models are tested for different scenarios reported in
Table 6.

Scenario-0 is the basecase where the central heating technology
is only considered for supplying to the load and no heat storage and
solar thermal technologies are allowed. The optimal total energy
costs and total CO2 emissions are calculated for both models by
using cost minimization. These costs and CO2 emissions are then
taken as reference for the rest of scenarios and objective function
savings. Costs and CO2 emissions are calculated relative to these
references in the respective cost and CO2 optimization runs for
with fixed linear (Non-PWA) cost function [38,39].

Fixed Maintenance Costs Lifetime Annuity Rate

[V/kW] or [V/kWh] per month [Years] [%]

1.72 25 5.74
0 20 6.72
0 25 5.74

Table 5
Technical parameters for central heating [38].

Parameter Value

Fueltype Biomass
Fuel Costs [V/kWh] 0.05
hfuel [%] 78
CO2 Fuel Emissions [kg CO2 /kWh] 0.02



Table 6
Different scenarios for the optimization and testing framework.

Scenario Optimization Model Minimization

Scenario-0 (a): Basecase Opt-3D Cost
Scenario-0 (b): Basecase Opt-8760 Cost
Scenario-1 (a): 0% relaxation w.r.t basecase Opt-3D Cost
Scenario-1 (b): 0% relaxation w.r.t basecase Opt-3D CO2

Scenario-2 (a): 0% relaxation w.r.t basecase Opt-8760 Cost
Scenario-2 (b): 0% relaxation w.r.t basecase Opt-8760 CO2

Scenario-3: 50% relaxation w.r.t basecase Opt-3D CO2

Scenario-4: 50% relaxation w.r.t basecase Opt-8760 CO2

M. Mansoor, M. Stadler, M. Zellinger et al. Energy 215 (2021) 119095
Scenario-1 to Scenario-4. Scenario-1 includes the cost and CO2
minimization using the Opt-3D model with 0% relaxation to their
respective reference costs and CO2 emissions. A 0% relaxation
means that the objective function from the optimization case
cannot be higher than the one from the reference case. Scenario-2
includes the cost and CO2 minimization using the Opt-8760 model
with 0% relaxation to their respective reference costs and CO2
emissions. Scenario-3 and Scenario-4 include the CO2minimization
using the Opt-3D and the Opt-8760 models respectively with 50%
relaxation in the reference costs, meaning that the objective func-
tions can be 50% higher than the one in the reference cases,
allowing for more progressive results. Scenario-1 to Scenario-4 are
tested by considering fixed linear (Non-PWA) cost functions as well
as PWA cost functions for both models. The results are compared
based on the investment decisions by the optimizer, objective
function savings, absolute run time, objective function difference
and the run time savings between both the Opt-3D and the Opt-
8760 models for all scenarios. The optimality gap of the optimiza-
tion solver was set to 0.2% for all the scenarios. The MILP optimi-
zation for both models was performed on a server with a 6 core
Intel Xeon E5-1650 v3 CPU @ 3.5 GHz and 192 GB of RAM.
Table 7
Results of the investment decisions of all scenarios for both the Opt-3D and the Opt-8760m
cost functions.

Scenarios Model Min. OF Costs [kV] OF CO2 [tons] Central Heati

Scenario-0 (a) Opt-3D Cost 194.02 59.05 2000
Scenario-0 (b) Opt-8760 Cost 194.06 59.07 2000

Non-PWA Scenario-1 (a) Opt-3D Cost 183.44 59.05 1612
Scenario-1 (b) Opt-3D CO2 194.02 58.92 1643
Scenario-2 (a) Opt-8760 Cost 180.01 59.07 1411
Scenario-2 (b) Opt-8760 CO2 194.06 58.5 1406
Scenario-3 Opt-3D CO2 291.02 58.2 1675
Scenario-4 Opt-8760 CO2 291.08 54.73 1380

PWA Scenario-1 (a) Opt-3D Cost 179.36 59.05 1389
Scenario-1 (b) Opt-3D CO2 194.02 58.55 1479
Scenario-2 (a) Opt-8760 Cost 173.37 59.07 1148
Scenario-2 (b) Opt-8760 CO2 194.06 54.45 814
Scenario-3 Opt-3D CO2 291.02 57.97 2046
Scenario-4 Opt-8760 CO2 291.08 13.82 191

Table 8
Results of objective function difference and run time savings betweenOpt-3D and Opt-876
1 (a), Scenario-1 (b) and Scenario-3 consider the Opt-3D model. Scenario-0 (b), Scenario

Scenarios

Scenario-0 (a) & Scenario-0 (b)
Non-PWA Scenario-1 (a) & Scenario-2 (a)

Scenario-1 (b) & Scenario-2 (b)
Scenario-3 & Scenario-4

PWA Scenario-1 (a) & Scenario-2 (a)
Scenario-1 (b) & Scenario-2 (b)
Scenario-3 & Scenario-4
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4. Results

This section provides the comparison between the results of all
scenarios given in Table 6. The resulting investment decisions
chosen by the optimizer for all the scenarios are reported in Table 7.
The objective function difference and the run time savings between
both the Opt-3D and the Opt-8760 models relative to the Opt-8760
model are reported in Table 8 and illustrated in Fig. 9.

The results of scenario-0 (a) and scenario-0 (b) indicate that the
total energy costs and the total CO2 emissions are almost same for
both the Opt-3D and the Opt-8760 models with an objective
function difference of 0.02%. These two scenarios set the reference
case for the next scenarios. This also indicates that the time series
aggregation method used is effective when reducing the data into
three representative daytypes.

When considering 0% relaxation in the reference case, the cost
minimization in scenario-1 (a) and scenario-2 (a) invests in a small
amount of solar thermal and heat storage technologies, but this
reduces the capacity of central heating and provides almost the
same objective function savings for both models and just 1.78%
objective function difference using Non-PWA cost functions. With
odels using fixed linear (Non-PWA) cost functions as well as piecewise affine (PWA)

ng [kWh] Solar Thermal [kW] Heat Storage [kWh] OF Savings [%] Run Time [s]

e e e 0.81
e e e 8.03
8 2791 5.45 2.06
31 10,717 0.22 2.59
20 5701 7.24 81.3
63 17,839 0.98 91.64
262 90,045 1.44 2.11
358 101,101 76.6 49.52
44 15,186 7.56 3.14
143 49,138 0.85 3.38
70 19,655 10.66 177.47
569 160,471 7.83 361.59
497 170,875 1.83 2.11
4512 1,500,870 76.6 224.91

0models relative to Opt-8760model for different scenarios. Scenario-0 (a), Scenario-
-2 (a), Scenario-2 (b) and Scenario-4 consider the Opt-8760 model.

Min. OF Difference Run Time Savings

[%] [%]

Cost 0.02 89.91
Cost 1.78 97.47
CO2 0.76 97.17
CO2 5.91 95.74
Cost 3.1 98.23
CO2 6.98 99.07
CO2 74.77 99.06



Fig. 9. Comparison between the results of objective function difference and run time savings between Opt-3D and Opt-8760 models relative to Opt-8760 model for different
scenarios.
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PWA cost functions, the objective function savings in scenario-1 (a)
and scenario-2 (a) are higher than that of Non-PWA cost functions
for both models but the objective function difference is also higher
than that of Non-PWA.

When considering 0% relaxation in the reference case, the CO2
minimization in scenario-1 (b) invests more in solar thermal and
heat storage as compared to its cost minimization runs, but even
this amount of solar thermal and heat storage is not effective since
objective function savings are almost insignificant (less than 1%)
using either Non-PWA or PWA cost functions. The size of heat
storage is not big enough to be qualified for the seasonal storage as
the volume of 849 m3 related to the biggest capacity of 49,138 kWh
in scenario-1 (b) using PWA cost functions is less than the practical
range of seasonal heat storage volume [41]. This is also true for the
CO2 minimization in scenario-2 (b) using Non-PWA cost functions
which invests in heat storage capacity of 17,839 kWh (equivalent to
308 m3 of volume). Whereas, the CO2 minimization in scenario-2
(b), which uses Opt-8760 model, invests in bigger capacities of
solar thermal and heat storage and lower capacity of central
heating using PWA cost functions as compared to its Non-PWA run
which can be considered as seasonal storage with 7.83% of CO2

savings. The objective function difference between scenario-1 (b)
and 2 (b) using PWA for CO2 minimization run is 6.98% which is
higher than that of the Non-PWA optimization run.

When considering 50% relaxation in the reference costs and
Non-PWA cost functions, the CO2 minimization in scenario-3 using
Opt-3D model and scenario-4 using Opt-8760 model have an
objective function difference of 5.91%. The sizes of the solar thermal
and heat storage are bigger than in the previous respective sce-
narios as the costs are relaxed thus moving towards the expensive
bigger systems for seasonal storage. Even though the size of the
heat storage is comparable between both two models, which is a
surprising result due to the lack of connectivity between the day-
types in the Opt-3D model, the daytype model is not able to
transfer the energy provided by solar thermal in summer months
and shift it towinter months, thus increasing the objective function
difference relative to the Opt-8760 model. This result indicates that
when considering the Opt-3D model, it can provide the investment
decisions in a good agreement with the Opt-8760 model with
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reduced run time, when specific constraints and assumptions are
made.

When considering 50% relaxation in the reference costs and
PWA cost functions, the CO2 minimization in scenario-3 using Opt-
3Dmodel does invest in bigger capacities for solar thermal and heat
storage, but due to the lack of connectivity between the daytypes,
these bigger capacities are not able to provide significant objective
function savings as compared to that of scenario-4 using Opt-8760
model. The results of scenario-4 with PWA cost functions indicate a
huge reduction in central heating capacity followed by the big in-
vestments in solar thermal and heat storage capacities. This is
because of the use of the PWA functions, which considers lower
costs for higher capacities of these technologies. The objective
function savings are about 76.6% with a 1.5 GWh capacity of heat
storage (25,918 m3) and a 4512 kW capacity of solar thermal
(5679 m2 of solar collector field area). The resulting optimal
dispatch of scenario-4 using the PWA cost functions is demon-
strated in Fig. 10. The dispatch results of scenario-4 using the PWA
cost functions show the seasonal effect of the heat storage by
storing the energy in summer months and using the stored heat in
winter months.

5. Conclusion

This work considers the development of two different optimi-
zation models i.e. Opt-3D and Opt-8760 with a different time ho-
rizon using MILP modeling framework. The first model uses the
time series aggregation methods to reduce the yearly data into
three different representative daytypes. The second model con-
siders the full scale time horizon for the same data. The MILP
framework considers the minimization of the total annual energy
costs and the total annual CO2 emissions of a thermal energy sys-
tem having central heating, solar thermal and heat storage as
technologies for a case study comprising of eight different sce-
narios. The non-linear costs related to the technology investments
for solar thermal and heat storage technologies are linearized into
piecewise affine (PWA) cost functions by using linear fit process
and convex combination model. Both of the optimization models
consider the fixed linear (Non-PWA) cost functions as well as PWA



Fig. 10. Optimal dispatch for Scenario-4: 50% relaxation w.r.t basecase considering the Opt-8760 model with CO2 minimization using piecewise affine (PWA) cost functions.
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cost functions for solar thermal and heat storage technologies in all
scenarios. A detailed testing and validation of the Opt-3D and the
Opt-8760 models have been presented by assessing the accuracy of
the time series aggregation methodology and comparing the in-
vestment decisions, the objective function savings, the objective
function difference and the run time of both models in all scenarios
using fixed linear (Non-PWA) cost functions as well as PWA cost
functions.

In summary, the Opt-3D and the Opt-8760 models provide
comparable results in cost minimization by both using Non-PWA
and PWA cost functions for Scenario-1 and Scenario-2 respec-
tively. The investment decision results for CO2 minimization using
Non-PWA cost functions for the Opt-3D model in scenario-1 and
scenario-3 are well aligned with the investment decision results for
CO2 minimization using Non-PWA cost functions for the Opt-8760
model in scenario-2 and scenario-4 respectively. However, these
investment decisions vary significantly when considering the CO2
minimization using PWA cost functions in scenario-1 to scenario-4
with Opt-8760 model performing better than the Opt-3D model by
providing bigger investments in solar thermal and heat storage
technologies, thus contributing to amaximum of 76.6% CO2 savings.
In all the scenarios, the Opt-3D model has significant run time
savings as compared to the Opt-8760 model because of its lower
time resolution. This can be considered a positive result for the cost
minimization in scenario-1 and scenario-2 and also in the CO2
minimization in scenario-1 to scenario-4 using Non-PWA cost
functions, since the results do not deviate significantly in terms of
objective function difference. But, for scenario-3 and scenario-4,
better results are observable at the cost of bigger run time by us-
ing the Opt-8760model. Furthermore, the run time is higher for the
optimization runs in all scenarios using PWA cost functions as
compared to that of using Non-PWA cost functions due to addi-
tional decision variables in both optimization models.

These results show that the seasonal behavior of heat storage in
a thermal energy system can have a significant effect when
considering the full scale optimization modeling using piecewise
affine cost functions, but the computational run time for solving the
optimization model can be significantly larger. Therefore, further
work is necessary to develop an understanding on how the optimal
11
seasonal storage planning can be achieved by using models like the
Opt-3D, but with connected daytypes, and present a comparison
between the optimal sizing and dispatch of technology portfolio,
objective function accuracy and computational resources. Also, the
water heating demand can be considered together with space
heating demand depending upon the application of the system
under study and can increase the computational effort for both
models because of the additional model variables and equations.
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