
Dissertation

On the portfolio optimization of end-user energy
flexibility

in fulfilment of the requirements for the degree of
Doktor der technischen Wissenschaften

submitted at the
Energy Economics Group

Faculty of Electrical Engineering and Information Technology
Technische Universität Wien

by
Carlo Corinaldesi

Supervisor:

Prof. Dr. Johann Auer
Technische Universität Wien

Reviewer and Examiner:

Prof. Dr. Filippo Spertino
Politecnico di Torino

Prof. Dr. David Wozabal
Technische Universität München

Vienna, March 2022



Acknowledgements

Writing a thesis is a laborious task, and possible only if a perfect constellation
of several factors presents itself in life. I would like to take the opportunity to
thank my colleagues, friends, and family which have constituted for me the
perfect constellation. The following list of names may seem long, but without
one of these people, the thesis in this form would not have been achievable.

I would like to thank my dad Mauro, who still continues to support me in
everything I do and who made me fall in love with numbers. I am extremely
grateful to my mother Lucia, for the confidence she has in my abilities. I
would also like to take this opportunity to thank my brother Luca, for his
teachings since I was a child, which have made me the person I am. Spe-
cial thanks to Emilio Maola, who have offered invaluable insipiration and
suggestions along the way.

I would like to gratefully acknowledge the guidance and support of my su-
pervisor Hans Auer, who believed in my potential from day one and who has
taught me a lot over the years, not only from an academic point of view. His
deep insights helped me at various stages of my research.

I thank Georg Lettner, for his support and with whom I had the opportu-
nity to work closely during my PhD and to discuss many exciting research
questions. I am thankful to my colleagues Daniel Schwabeneder, Andreas
Fleischhacker and Lukas Lang for the many exciting hours of discussion and
work.

Furthermore, I want to express my sincere gratitude to Prof. Dr. Spertino
and Prof. Dr. Wozabal for their valuable time for reviewing and examining

I



my thesis.

My gratitude extends to my friends Lorenzo Onofri, Francesca Renzetti and
Luca Casamassima for their invaluable assistance in many late-night discus-
sion and reviewing sessions.

I am immensely grateful to Laris Maggi, Alessandro Dal Bo, Riccardo Iannic-
cheri, Matteo Simone, Edoardo Cella and Dario Formisano. The course of a
PhD is often associated with stages of sacrifice, loneliness and demoralization.
This is something I have never experienced thanks to them.

Special thanks to Antonio Piccioni, Marco Zanotto, Irati Durban, Gianluca
Santavicca, Ginevra Malatesta and Katharina Legerer for giving me confi-
dence in myself and for being there to listen when I needed an ear.

I am also indebted to my friends Eric Budanov, Laka, Luca Degiovanni and
Simone Coletta, for the countless coffees we drank together, surpassed only
by the hours spent studying and brainstorming together.

I would also like to thank my office neighbours Gustav Resch, Lukas Lieb-
mann and Christine Frey. I will never forget their support in hard situations
when everything seemed hopeless.

Finally, I would like to thank my dearest Ardak for being my constant source
of strength and inspiration.

II



Abstract

Flexible energy consumption patterns represent a significant potential for
end-users to reduce their energy costs due to the increasing price volatility in
the electricity spot markets. However, a simple and exhaustive description of
flexibilities is needed to coordinate multiple flexible components efficiently.
For this purpose, a data-based method for the linear representation of a heat
pumps operation, characterized by highly non-linear physical effects, is de-
veloped and validated. This thesis proposes a novel, modular and versatile
mixed-integer linear optimization framework to assess the economic poten-
tial of end-user flexibilities. The novel methodological approach is applied to
three different quantitative case studies with the goal of providing insights
into various aspects related to end-user energy flexibility. Cost-benefit- and
sensitivity analyses of the quantitative results of the investigated case stud-
ies highlight the profitability of end-user flexibilities, tackling this thematic
field from multiple perspectives. First, the economic potential of different
charging strategies for an existing office site in Austria with multiple charg-
ing infrastructures is investigated. Secondly, a rolling horizon optimization
is set up with the objective of maximizing the profits of a flexible end-user
in the day-ahead and intraday spot markets. Moreover, the economic im-
pact of residential on-site e-car-sharing and the monetary benefits that new
e-car-sharing business models may create is explored. Additionally, regula-
tory inhibitors for the provision of flexibility are identified, and suggestions
for future regulation and policymaking are refined. Finally, future research
directions are identified to further assess the economic potential of end-user
flexibilities.
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Kurzfassung

Flexible Energieverbrauchsmuster stellen ein erhebliches Potenzial für die
Endverbraucher dar, ihre Energiekosten aufgrund der zunehmenden Preis-
volatilität auf den Strom-Spotmärkten zu senken. Allerdings, ist eine einfache
und umfassende Beschreibung der Flexibilitäten erforderlich, um mehrere
flexible Komponenten effizient zu koordinieren. Zu diesem Zweck wird ein
datenbasiertes Verfahren zur linearen Darstellung eines Wärmepumpenbe-
triebs, der durch stark nichtlineare physikalische Effekte gekennzeichnet ist,
entwickelt und validiert. Diese Dissertation schlägt ein neuartiges, modulares
und vielseitiges mixed-integer linear Optimization Framework vor, um das
wirtschaftliche Potenzial von Endbenutzer-Flexibilitäten zu bewerten. Der
neuartige methodische Ansatz wird auf drei verschiedene quantitative Fallstu-
dien mit dem Ziel angewendet, Einblicke in verschiedenen Aspekte im Zusam-
menhang mit der Energieflexibilität des Endverbrauchers zu geben. Kosten-
Nutzen- und Sensitivitätsanalysen der quantitativen Ergebnisse der unter-
suchten Fallstudien beleuchten die Rentabilität von Endnutzerflexibilitäten
und behandeln dieses Themenfeld aus mehreren Perspektiven. Zunächst wird
das wirtschaftliche Potenzial unterschiedlicher Ladestrategien für einen beste-
henden Bürostandort in Österreich mit mehreren Ladeinfrastrukturen unter-
sucht. Zweitens wird eine rolling horizon Optimierung mit dem Ziel ein-
gerichtet, die Profite eines flexiblen Endverbrauchers in den Day-Ahead- und
Intraday-Spotmärkten zu maximieren. Weiters, werden die wirtschaft-lichen
Auswirkungen untersucht, die neue E-Car-Sharing-Geschäftsmodelle für ein
residentielles Wohngebäude schaffen können. Darüber hinaus werden regu-
latorische Hemmnisse für die Bereitstellung von Flexibilität identifiziert und
Vorschläge für zukünftige Regulierung und Policymaking erstellt. Schließlich
werden zukünftige Forschungsrichtungen identifiziert, um das wirtschaftliche
Potenzial von Endnutzerflexibilitäten weiter zu untersuchen.
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1 Introduction

1.1 Motivation

In recent years, the share of renewable energy sources in global electricity
generation has grown rapidly (Haas et al., 2013). Renewable energy produc-
tion is non-dispatchable and intermittent with intense fluctuations. As the
level of penetration of renewable production is expected to increase in the fu-
ture, these strong fluctuations may lower the quality of the electricity supply
(Khan et al., 2018). Moreover, global electricity consumption is facing rapid
growth, as indicated by an average annual increase of 3.4% (Zhenya, 2015).
The European Commission affirmed that emission reduction targets would be
achieved through the electrification of the transport, heating and cooling sec-
tor, resulting in a rapid increase in electricity consumption (EU-Commission,
2017).

Therefore, increasing the hosting capacity of distribution systems to manage
the supply and demand volatilities becomes necessary. Hosting capacity is
defined as the maximum distributed generation that can be accommodated
in the electricity grid without adversely impacting power quality or reliabil-
ity under existing control configurations (Varela et al., 2017). The ordinary
long-term solution to increase the hosting capacity of the electricity grid is
to upgrade the infrastructure, building new lines or reinforcing the existing
one. However, the consensus in literature indicates that the above-mentioned
ordinary solutions may be slow and not cost-optimal to respond effectively to
the growing share of distributed renewable energy sources (DRESs). Instead,
the use of automated demand response through Information and Communi-
cations Technologies (ICTs) seems to be a promising solution, which can be
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1 Introduction

rapidly implemented in distribution systems.

Hence, generators and consumers may be encouraged to apply flexible con-
sumption patterns to increase the hosting capacity of the electricity distribu-
tion systems. Flexibility is the capability of electrical systems to alter their
scheduled injection and/or consumption in reaction to external signals (e.g.
spot market prices). End-user flexibility represents a significant potential,
on the one hand, for reduced energy costs and, on the other hand, for the
improvement of the grid operations. Furthermore, the establishment of new
flexible technologies, such as electric boilers (Bs), heat pumps (HPs) and elec-
tric vehicles (EVs), allows end-users to have access to wider portfolio options
and further flexibility potential.

Another non-negligible factor that would give even more value to the flexibil-
ity of the end-users is the increasing price volatility in the wholesale electric-
ity spot markets. The drop in the average electricity prices and a significant
increase in price volatility are some of the most commonly claimed effects
of the growing share of the mainly subsidized renewable energy sources on
the wholesale electricity spot markets (Martin de Lagarde and Lantz, 2018).
Price volatility is the measure of the observed price fluctuations over a cer-
tain period. Studies such as Brancucci Martinez-Anido et al. (2016) and
Mwampashi et al. (2021) show how the increase of wind power and solar pho-
tovoltaic generation amplifies price volatility in European electricity whole-
sale spot markets. Higher price volatility inevitably implies higher profit
opportunities for flexible end-users (Shahidehpour and Alomoush, 2001).

Nonetheless, global warming and the increasing GHG emission challenges are
expected to be an accelerator for the deployment of EVs as a more sustainable
alternative for wheeled transportation around the world (Hannappel, 2017).
The European Environment Agency recognizes transport as a critical source
of environmental pressures in the European Union, and it has a decisive in-
fluence on climate change and air pollution. The transport sector consumes
one-third of the final energy in the European Union and it is responsible for
a large share of European’s greenhouse gas emissions. This makes transport
one of the major contributors to climate change (EEA, 2020). The Inter-
governmental Panel on Climate Change (IPCC, 2021) affirms that wheeled

3



1 Introduction

transportation produces more than 70% of the overall greenhouse gas emis-
sions from transport. Because of their significant environmental advantages,
numerous countries are working on different strategies to make EVs monetar-
ily more convenient than traditional wheeled vehicles (Foley et al., 2010).

In recent years, there has been a rapid growth in car-sharing applications,
mainly in urban centers (Rotaris and Danielis, 2018). Electric vehicle car-
sharing systems can become essential components of future urban transport
systems (Mounce and Nelson, 2019). As a new and more sustainable means of
transportation, car-sharing services are taking over private mobility replacing
ownership with service use (Ferrero et al., 2018). When it comes to residential
buildings, the added value of shared mobility is reducing the required parking
space while maintaining the mobility offer. Several studies, such as Bartolini
et al. (2020), investigate the impact of a large number of smart EVs on the
self-consumption degree of renewable energy.

Researches, such as Liu et al. (2018) and Sehar et al. (2017), show how EVs’
demand management can positively influence the integration of renewables in
the electrical power supply system. EVs can assist in integrating volatile re-
newable electricity sources in power systems by contributing to the electrical
grid stability, balancing the generation and the demand side, as investigated
in Bellocchi et al. (2019). Furthermore, the use of EVs for grid stabilization
reduces the deployment of fossil-fueled power stations to balance the elec-
tricity grid and, therefore, CO2 emissions (Nunes and Brito, 2017). At the
same time, repeated charging cycles reduce the battery life of EVs and con-
sequently discourage end-users to adopt vehicle-to-grid operations (Bhandari
et al., 2018).

The core objective of this thesis is to investigate the value that end-user
flexibility may create. For this purpose, a mixed-integer linear optimization
framework is developed and used to assess the economic potential of end-user
flexibilities. The developed optimization framework allows to perform various
analyses, including the definition of the optimal portfolio of end-users and the
realization of rolling horizon optimizations in order to maximize the profits
of the end-users enabled to negotiate electricity products in the day-ahead
(DA) and intraday (ID) spot markets. The novel methodological approach is
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1 Introduction

applied to three different case studies in Chapter 4 with the goal of answering
four distinct research questions defined in Section 1.2. Based on the results of
the simulations, various aspects concerning portfolio optimization of end-user
energy flexibility are analyzed and discussed.

1.2 Research questions

This section presents the research questions to which this thesis aspires to
answer. Each research question is followed by a short description providing
context and motivation. As an overview, Figure 1.1 illustrates the relations
between the research questions and the thesis’ contributions.

Research Question 1 (Chapter 3)
Mixed-integer Linear Optimization Framework

.

$

$

Research Question 2 (Chapter 4.1)

Benefits and drawbacks of
different charging strategies

Added value of the
rolling horizon approach

t

Horizon

Research Question 4 (Chapter 4.3)

Impact of residential
on-site e-car-sharing

$
V2G Sharing

Grid & MarketsEnd-user Technologies Costs minimization Costs distribution

Operational strategy

Portfolio InvestmentsDA
$

ID

Research Question 3 (Chapter 4.2)

$
DA

$

Operational strategy

Impact of different charging strategies
for electric vehicles in an Austrian

office site

$
DA

$

Operational strategy

$
ID

A rolling horizon approach for
real-time trading and portfolio

optimization of end-user flexibilities

.

$

Costs distribution
Operational strategy

Investment

On the characterization and evaluation
of residential on-site e-car-sharing

$
DA

Input Optimization Output

Figure 1.1: Relation between the research questions and the thesis’ contributions
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1 Introduction

As stated in the previous section, the core objective of this work is to inves-
tigate the need and the value of end-user energy flexibilities thoroughly. The
thesis is based on four peer-reviewed articles published by the author of this
thesis as main author.

The first contribution (Corinaldesi et al., 2019) gives an insight into the need
to increase the hosting capacity of the distribution system and presents var-
ious measures to face this challenge. One of the most promising solutions is
the application of automated ICTs to enhance the contribution of end-user
flexibilities to sustainable distribution systems. For this purpose, a novel,
versatile and modular mixed-integer linear optimization framework is devel-
oped. Hence, the first research question is defined as follows.

Research question 1: How can we effectively formulate flexibilities of dif-
ferent technology operations characterized by highly non-linear relationships
with the exclusive use of linear equations in order to implement them in a
versatile and modular mixed-integer linear optimization framework?

In general, an exact description of the technical operation of flexible end-
user components is complex and characterized by non-linear relationships
leading to non-scalability of the calculations. The main idea is to build a
versatile and modular mixed-integer linear optimization framework capable
of thoroughly investigating the value that end-user energy flexibilities may
create. The novel mixed-integer linear optimization framework aims to be
the tool for answering the following research questions.

The second research question is addressed by the second contribution (Cori-
naldesi et al., 2021), on which this thesis is based.

Research question 2: What are the benefits and drawbacks of different
charging strategies and to what extent do grid tariffs influence their prof-
itability?

The growing integration of electric vehicles, which are high-power consump-
tion loads, is setting new challenges for the distribution system operators. In
literature, it is heatedly discussed if vehicle-to-grid can become cost-effective
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1 Introduction

or not for end-users. In Section 4.1, different charging strategies for EVs are
analyzed and compared with traditional EV charging.

The third research question is addressed by the third contribution (Cori-
naldesi et al., 2020), on which this thesis is based.

Research question 3: To what extent can a rolling horizon optimization
approach reduce the total costs of flexible end-users in comparison to a simple
day-ahead optimization?

The rolling horizon optimization approach allows more realistic analyses than
traditional models do. In general, traditional models consider perfect knowl-
edge of generation/consumption/market prices for the entire optimized pe-
riod. In Section 4.2, the novel mixed-integer linear optimization framework
is used to perform a rolling horizon optimization, which aims to maximize
the profits of the end-user in the day-ahead and intraday spot markets.

The fourth and last research question, which this work aspires to answer, is
addressed in the fourth contribution (Corinaldesi et al., 2022), on which this
thesis is based.

Research question 4: What is the impact of residential on-site e-car-
sharing on end-users optimal investments in several technologies, including
solar photovoltaic?

Car-sharing services are becoming increasingly important because they rep-
resent a potential and more sustainable alternative to various means of trans-
portation, including private cars. When it comes to residential buildings, the
added value of shared mobility is the reduction of the required parking space
while maintaining the mobility offer. Hence, in Section 4.3, the thesis inves-
tigates the benefits and drawbacks of residential end-users willing to switch
from private cars to an e-car-sharing system.

7



1 Introduction

1.3 Structure of the thesis

Based on the research questions outlined above, the remainder of this thesis
is structured as follows. Chapter 2 provides a selection of the most relevant
literature on all topics tackled in the course of this thesis. Starting with pre-
senting the need of increasing the hosting capacity of the distribution systems
and finishing with giving an insight into various optimization methods used
to determine the optimal operation of end-users flexibilities.

Chapter 3 tackles the first research question. In this chapter, it is presented
in fact the architecture and the functionalities of the developed mixed-integer
linear optimization framework capable of thoroughly investigating the value
of end-user energy flexibilities. In particular, a novel method to formulate
flexibilities of different technologies, such as electric vehicles, heat pumps
and electric boilers as virtual batteries, is described. Additionally, a novel
mathematical method to determine the optimal number of electric vehicles
and the optimal type of charging stations for the end-users of a residential
building willing to switch from private cars to an e-car-sharing system is
illustrated.

Chapter 4 elaborates on the remaining three research questions. In this
chapter, the proposed mixed-integer linear optimization framework is used to
simulate three different case studies with the aim of thoroughly investigating
the value of end-user energy flexibilities.

The overall findings and a synthesis of the results are discussed in Chap-
ter 5. Chapter 6 concludes the thesis and recommends future directions of
research.

8



2 State of the art and progress
beyond

The amount of distributed generation and consumption is growing worldwide
and consequently also the need to increase the hosting capacity of distribution
systems (Ismael et al., 2019). Possible measures to achieve higher hosting
capacity include building new lines, enhancing the grid infrastructure, and
providing higher efficiency of the existing grid. Several projects propose to
include the control of power generation and demand-side-management, like
solar photovoltaic power curtailment and managing flexible demand, as a
measure to increase the hosting capacity of the grid. The use of automated
demand response through ICTs seems to be a promising solution, which can
be rapidly implemented cost-effectively in distribution systems.

Automated demand response includes a set of activities aimed to reduce or
shift electricity use to improve the grid operation. Generators and consumers
may be encouraged by the right incentives to activate their flexibilities and
consequently increase the hosting capacity of the electricity distribution sys-
tems. Hence, smart grid technologies are expected to play an essential role
in the development of future power systems. The activation of end-user flex-
ibilities requires an adequate coordination mechanism. For this reason, it
is important to investigate the potential and the characteristics of several
coordination methods.

This chapter provides the state of the art of multiple topics related to end-user
energy flexibility optimization and presents the main reasons why flexibility
options play a key role in the renewable energy transition. The literature
review begins by presenting different possibilities for increasing the hosting
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2 State of the art and progress beyond

capacity of the electricity distribution systems in Section 2.1. Section 2.2
presents the monetary incentives of the end-users to provide flexibility, giv-
ing an overview of the electricity markets designs and their barriers. Fur-
thermore, Section 2.3 presents the state of the art of various methodological
aspects related to the optimization of flexible energy management systems.
Finally, Section 2.4 elaborates on this thesis’ progress beyond the state of the
art.

2.1 Increasing the hosting capacity of the distribution
system

The goal of the distribution system is to supply energy keeping economic,
social, and environmental costs as low as possible. In the past, distribution
systems were characterized by centralized energy generation. Nowadays, the
installation of DRESs, such as Photovoltaics (PVs) and wind energy in elec-
tricity systems, has made the distribution system more complex due to the
varying nature of renewable energy resources. Electricity is an instant com-
modity that has to be consumed or stored when it is produced. As shown
in several studies, such as Seel et al. (2018) and Mosquera-López and Nur-
simulu (2019), the growing share of renewables increases the volatility in the
electricity system. The integration of DRESs could worsen the operation of
the distribution system and hence, the deployment of DRESs into the power
grid creates further significant technical challenges (Liang, 2017).

Renewable energy production is non-dispatchable and intermittent with in-
tense fluctuations. As the level of penetration of renewable production is
expected to increase in the future, these strong fluctuations may lower the
quality of the electricity supply (Roselund, 2015). Furthermore, the achieve-
ment of the European emission reduction targets is expected to result in a
substantial increase in residential electricity demand of 5 to 60% (Figueiredo
et al., 2020). Consequently, it becomes necessary to increase the hosting
capacity of the distribution systems for managing the supply and demand
volatilities. To achieve this, possible measures include building new lines, en-
hancing the grid infrastructure, and providing higher efficiency of the exist-
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2 State of the art and progress beyond

ing grid. Hosting capacity is defined as the maximum distributed generation
penetration for which the power system operates satisfactorily (Varela et al.,
2017), maintaining the power quality standards. The ordinary long-term so-
lution to increasing the hosting capacity of the electricity grid is to build
new lines or to reinforce the grid, which may be slow and not cost-optimal
to respond effectively to the growing share of DRESs.

The current state in literature highlights the importance of having a look
at the entire problem. In the last years, several concepts to manage the
stability in the distribution system were developed. The works of Rossi et
al. (2015), Estorque and Pedrasa (2016) and Stifter et al. (2015) present
several methods for the evaluation of the hosting capacity in order to take into
account different aspects related to the reliable operation of the network.

In general, there are various measures to increase the hosting capacity of dis-
tribution systems. Anonas and Orillaza (2018) performed an integrated host-
ing capacity simulation that takes into account the effects of both medium
and low-voltage solar PV installations with Volt-VAr compensation. The
Volt-VAr compensation was able to make the solar PV generation flexible
and so to significantly increase the hosting capacity of a household. Flexi-
bility options provided by solar PV are also analyzed in studies like Fischer
et al. (2015) and Yang et al. (2016). In general, flexibility can be defined
as the modification of generation or consumption patterns in reaction to ex-
ternal signals to provide a service within the energy system (Lund et al.,
2015). Khederzadeh (2016) shows that flexibility can be used to reduce the
conventional grid expansion or grid reinforcement costs due to the excessive
share of variable generation and consumption. Furthermore, several studies
as Bish et al. (2005) and Logenthiran et al. (2012) have shown that man-
aging flexibility of the demand side results in increased sustainability of the
smart grid, as well as reduced overall operational costs and carbon emission
levels. The utilization of demand-side flexibility is an attractive opportu-
nity to avoid excessive investments in conventional power plants and costs
for balancing power (Gottwalt et al., 2017). Saffre and Gedge (2010) ana-
lyze the importance of automated ICTs infrastructures to support a more
efficient smart grid as a clear opportunity to improve the performance of
Demand-Side-Management solutions.
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Figure 2.1: Measures to increase the hosting capacity of distribution systems

In fact, the use of automated demand response through ICTs seems to be a
promising solution, which can be rapidly implemented cost-effectively. Auto-
mated demand response does not involve human intervention, by establishing
reliable control strategies to exploit flexible resources optimally. In general,
demand response includes a set of activities aimed at reducing or shifting
electricity use. These activities can improve the grid operation, adapting the
demand to external signals (e.g., wholesale market price signals). However,
it is necessary to coordinate the demand response of several end-users and
several technologies in order to achieve a significant impact.

Principally, we distinguish between three different measures on how to inte-
grate and host a higher share of DRES into the distribution system. The
investments by the distribution system operator (DSO), the utilization of
self-optimizing prosumer and the elaboration on ICT-based pooling of flexi-
bilities, as shown in Figure 2.1 (Corinaldesi et al., 2019). The thesis focuses
on the potential of end-user energy flexibility, which represents the valuable
resource of self-optimizing or ICT-based pooled prosumers to increase the
hosting capacity of the grid. Nevertheless, in the following sections, a brief
state of the art of the three different measures on how to increase the hosting
capacity of the distribution system, avoiding investments in building grid re-

12



2 State of the art and progress beyond

inforcement, is presented. Section 2.1.1 discusses different investment options
that the DSO has at disposal to increase the integrated DRES, avoiding or
reducing grid expansion and grid reinforcement. Furthermore, Section 2.1.2
discusses several works that investigated the potential of the operation of self-
optimizing prosumers. Section 2.1.3 presents the relevance of the aggregation
of end-user flexibilities for the integration of DRES into the energy system.
Finally, in Section 2.1.4 the services that emerging car-sharing systems can
provide to the grid operations are outlined.

2.1.1 Investments by the distribution system operator

Today, the majority of new DRES installed capacity has to be integrated into
networks at the distribution level (Li et al., 2018). To manage areas with low
demand and high renewable injection and areas with energy-intensive appli-
ances and low generation, it is necessary that DSOs increase the flexibility of
the distribution system (Liu, 2020) in order to achieve the decommissioning
of conventional centralized power plants (Klabunde et al., 2015). As shown
in Figure 2.1, flexibility can be provided by the DSO with the integration of
battery systems in the grid. The flexibility of battery systems is emerging
as a potentially viable technology for many distribution applications, such as
frequency and voltage regulation (Garcia et al., 2017). Battery systems can
present potential alternatives to grid expansion or grid reinforcement.

Mahela and Shaik (2016) investigate how grid-integrated battery systems
can contribute to power quality, providing fast control of active and reactive
powers to enable load compensation, harmonics current elimination, voltage
flicker mitigation, voltage and frequency regulation. Battery systems also
have the additional value of being able to contribute to cover the ancillary
services with a high share of renewable power (Kazemi et al., 2017). Gener-
ally, in the last decade, battery systems were used by DSOs predominantly for
better grid operation and power stability (Vartanian, 2010). Karimianfard
et al. (2021) demonstrate that future battery system operations can strongly
reduce the need for grid reinforcement and consequently lower the costs in
grid expansion.
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To keep the grid voltage within the permitted limits, the batteries allows
DSOs to introduce the Q(U) control. Under this scheme, renewable gen-
eration plants feed reactive power into the grid depending on the present
voltage. In contrast, under normal circumstances, renewable generating sets
according to a cos(φ) control are currently feeding reactive power in function
of their injected active power. Active voltage support can possibly contribute
avoiding network expansion and excessive grid enhancement (Adetokun et al.,
2020). Hence, network stability can be significantly improved via the Q(U)
control.

Furthermore, Mateo et al. (2016) analyze the potential savings of grid expan-
sion in the distribution system as part of a cost-benefit analysis. The peak
shaving business model is analyzed using a battery system under a given
demand evolution. The identified benefits include not only the cost savings
through peak shaving but also the saved otherwise necessary grid expan-
sion investments. Reference grid models are used to model the cost-optimal
grid expansion, taking into account storage operation with and without peak
shaving. The results of the simulations show that possible savings in grid ex-
pansion with battery system operation can reach 22% of the overall costs.

2.1.2 Operation of self-optimizing prosumer

The intermittent nature of generation and the unpredictability of the growing
electrical consumption require additional flexibility in the electrical system
to ensure stable and secure system operation with efficient energy supply to
all users. Along with traditional flexibility providers, such as conventional
power plants, the focus nowadays has been put on using the flexibility of
end-users (Gržanić et al., 2022). The purpose of providing flexibilities to the
distribution system is manifold, e.g., providing service for the energy sys-
tem or gaining monetary benefits. The role of self-optimizing prosumers is
fundamental for a decentralized energy system based on volatile renewable en-
ergy generation, and their energy storage capacity is seen as potential future
flexibility, which is required to manage the increasing variability in energy
generation and consumption (Kotilainen, 2018). As shown in Figure 2.1, the
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DSO can exploit the flexibility of single prosumers, offering them the right
incentives.

Several projects of the last two decades, analyzed the impact of storage and
flexibilities on grid operation and electricity costs of prosumers, testing dif-
ferent monetary incentives. Generally, the single-prosumer dispatch strategy
aims to minimize its costs. Through ICTs, it is possible to coordinate multi-
ple technologies and to pool their flexibilities. The impact of single-prosumer
dispatch operation strategies is evaluated in various works, such as Annuk
et al. (2021) and Mumbere et al. (2021). The strategies differ from different
pricing models that the DSO applies to the prosumers. The DSO encour-
ages the participation of the prosumers in different grid operations through
suitable tariffs. The consumer can benefit from minimizing the network re-
inforcement costs or from achieving high self-consumption levels, depending
on the tariff. The role of the tariff design is discussed more thoroughly in
Section 2.2.1.

Further works, such as Lagler et al. (2019) investigate the influence on the
power flows at the low-voltage-transformer of optimizing prosumers. The
work demonstrates that, with the use of selected tariffs, the peak powers of
the prosumers can decrease dramatically. The interactive benefits between
the distribution system and the self-optimizing prosumers are comprehen-
sively evaluated in Zheng et al. (2021). It shows that from a monetary point
of view, the operation of self-optimizing prosumers can lead the end-users
and the distribution system operator to a win-win situation. In particular,
the operation of self-optimizing prosumers becomes more important for the
grid under high PV penetration (Li et al., 2022). There is a need of an ade-
quate coordination and communication architecture between the prosumers’
flexibilities, under consideration of consumption and generation uncertainties
in order to avoid harmful grid congestions. Hu et al. (2021) demonstrates
how representing prosumers’ flexibilities as virtual batteries can effectively
alleviate congestion in the distribution grid, respecting prosumer economic
interests and private information. Finally, Park et al. (2021) shows how
prosumers, which have an obligation to reserve flexibility for grid support,
can maximize their profits through the optimal use of energy resources and
simultaneously maintain the stability of the distribution system.
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2.1.3 Aggregation of end-user flexibilities

Flexibility aggregation constitutes a promising solution to support fast inte-
gration of solar and wind power into the energy system. Aggregation of end-
user flexibilities can increase the hosting capacity of the distribution system,
avoiding investments in building grid reinforcement. Distributed flexibilities
of end-users represent an enormous potential to provide various services to
the smart grid (Sioshansi, 2020). Moreover, aggregated flexibility can be used
not only for providing technical services to cope with distribution grid con-
gestion issues (Spiliotis et al., 2016) or to increase the grid hosting capacity
(Olivella-Rosell et al., 2020), but also can help to improve the efficiency of
electricity markets (Eid et al., 2016).

The aggregation of end-user flexibilities can be handled through ICTs, which
are designed to coordinate electricity use on shorter timescales in reaction
to external signals like power system operation and energy prices. Gener-
ally, the end-user flexibilities are used to optimize (i) self-consumption and
trading on (ii) energy spot markets and (iii) balancing markets. The flex-
ibility provided by ICTs is on a small-scale level. Hence, the aggregation
of multiple end-users is necessary to take part in wholesale energy markets
negotiations. Power system regulators and operators are creating the condi-
tions for encouraging the participation of the demand-side into the wholesale
energy markets and possibly to contribute to the quality and efficiency of
grid operation, lowering the minimum size of the electricity market products
(Bessa and Matos, 2013).

The potential of aggregation and coordination of flexibility of small-scale de-
vices like battery storage, electric vehicles, heat pumps, etc., in reducing the
grid operational costs are analyzed in several European projects. Therefore,
it is necessary to investigate efficient market-based coordination mechanisms
aimed to enable a high degree of flexibility provision of end-users. Different
coordination architectures have been investigated in the last decade to ag-
gregate multiple flexible devices of different actors. In general, there is an
emerging consensus that the control intelligence that is currently centralized
in the transmission system operator will be distributed to the periphery in
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the grid. It is believed that the future power system will increasingly rely on
localized grids, which aggregate diverse geographically co-located distributed
energy resources, and support coordination of generation, storage, and flex-
ible demand on the distribution system to reduce the need of building new
transmission facilities to meet increasing electricity demand and integrate
renewable energy resources (Hao et al., 2015b). This kind of coordination
architecture can be achieved, on the one hand, through a decentralized plat-
form, which coordinates the end-user and the energy suppliers and is respon-
sible for the marketing, planning, and aggregation of end-user flexibilities or,
on the other hand, through local flexibility markets, which are further dis-
cussed in Section 2.2.2. However, the consensus in the literature indicates
that automated demand response can strongly contribute to distribution sys-
tem stability and increase the renewable energy share but also requires high
computational power and complex coordination architectures.

2.1.4 Car-sharing services

Car-sharing services are becoming increasingly important because they rep-
resent a potential and more sustainable alternative to various means of trans-
portation, including private cars. This trend matches with the contemporary
interest in sharing economy concepts (Paundra et al., 2017). The study of
Schlüter and Weyer (2019) reveals that people with e-car-sharing experience
rate the usefulness of EVs higher than non-experienced people, proving how
e-car-sharing concepts involve higher acceptance of EVs.

E-car-sharing systems can lead to reductions of up to 37% in mobility-related
CO2 emissions in urban areas (Amatuni et al., 2020). In particular, Nijland
and van Meerkerk (2017) quantify the effects of car-sharing on car ownership
and car use, showing how car-sharers drive 15% to 20% fewer car kilometers
than before using a car-sharing service. Moreover, Namazu and Dowlatabadi
(2018) demonstrate the positive correlation between car-sharing vehicle avail-
ability and vehicle ownership reduction, which leads to greater parking avail-
ability in metropolitan areas. For these reasons, e-car-sharing systems appear
to play an essential role in future transportation systems.
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On the other hand, the increase of high-power CSs in urban centers and the
growing share of renewable energy sources currently represent a big challenge
for the distribution operators. For this reason, Vehicle-to-Grid (V2G) charg-
ing technology is gaining importance. The operational benefits that V2G
can provide are manifold. In the work of Triviño-Cabrera et al. (2019), the
authors investigated the operation of a V2G-capable EV fleet and its impact
on electric grid operation, showing how small changes in charging patterns
can significantly benefit the end-user and the grid operation. Alghsoon et al.
(2017) and Zecchino et al. (2019) analyze the effects of bidirectional CSs on
grid stability and power quality and demonstrate how V2G operation can
improve both.

EVs can provide flexibility for the grid and increase the consumption of vari-
able and unpredictable renewable energy generation (Bartolini et al., 2020).
Several studies, such as Moreira et al. (2017) and Earl and Fell (2019), in-
vestigated the impact of the active participation of EVs in spot markets and
the potential economic benefits that new business models may create. In
particular, Earl and Fell (2019) recognize the need for centralized coordina-
tion with other market participants, such as energy suppliers, aggregators,
grid operators, and other consumers, to implement EV market participation
successfully.
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2.2 Incentives in the market-driven renewable
electricity transition

The incentives for the end-users to provide flexibility to the distribution sys-
tem can be monetary and non-monetary (e.g., providing flexibility to be
simply part of the energy transition can be a non-monetary benefit). Thus,
non-monetary incentives strongly depend on the common perspectives on
sustainability. In this thesis, we assume that each actor only cares for his
profit and benefit. Tariff design and electricity markets play an important
role in incentivizing efficient interactions between the grid actors (Bharatku-
mar, 2015). In particular, the literature shows the complexity of incentiviz-
ing the provision of end-users flexibility because of multiple principles that
should be taken into account, such as efficiency, equity, simplicity, consis-
tency, transparency, stability and additivity (Eid et al., 2016). Vallés et al.
(2018) developed a method to capture the complexity and variability of end-
users responsiveness to economic incentives. This study depicts a full picture
of uncertainty and variability of the expected flexibility provision of end-users
from which valuable risk measures can be directly evaluated.

In general, we can distinguish three different price-based incentives: (i) The
time-of-use pricing, (ii) the real-time pricing and (iii) the critical peak pric-
ing. Price-based incentives can be implemented by imposing a higher or lower
tariff on consumption during a certain time slot, by giving the end-users ac-
cess to the wholesale electricity markets real-time prices, or by giving a tariff
rebate for reducing or increasing electricity use during a given time slot (Be-
jan et al., 2021). The time-of-use tariff principally consists in fixed electricity
prices for different time blocks within a time period. Generally, time-of-use
tariffs are intended to reflect the time-varying costs of supplying electricity
to the end-users, so to incentivize them to reduce their peak consumption or
shift the consumption to cheaper off-peak hours (Mou, 2020). The real-time
pricing gives the end-user the opportunity to decide, based on the real-time
wholesale electricity prices, whether to provide flexibility or not. Finally,
the critical peak pricing consists in high electricity prices within predefined
time slots within a year. The prevailing conclusions in the literature are
that suitable pricing systems can be the key factor in incentivizing the use of
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flexibility by the end-users to optimize the grid operation costs. Hence, the
tariff design directly drives the operational strategy of end-user flexibilities
and thus plays a key role in defining the end-user flexibilities potential, which
represents one goal of this thesis.

The remainder of this chapter is organized as follows. Section 2.2.1 outlines
the relevance of the tariff design for the end-users. Section 2.2.2 investigates
the emerging relevance of the wholesale energy-only markets for flexible end-
users to reduce their costs. Finally, Section 2.2.3 resumes the main barriers
and challenges in the market-driven renewable electricity transition.

2.2.1 The role of the tariff design

With the assumption that each actor on the electricity market cares only for
his profit, it is glaring that suitable tariff designs can be the critical factor in
the use of the flexibility of end-users. The role of the tariff design is to provide
end-users with monetary incentives to enable a high degree of flexibility provi-
sion. Most end-users are charged with simple electricity tariffs, which do not
reflect the variable energy procurement costs anymore. Thus, end-users have
no incentives (or not system-aligned incentives) to provide flexibility to the
distribution grid. The nature of grid tariffs is the costs of the grid operators.
Grid operators are regulated entities, which retrieve their costs by charging
the end-users. Several studies, such as Giulietti et al. (2019), investigated
how aggregators and DSOs can influence the behavior of flexible end-users in
future electricity market designs by introducing new pricing models. In par-
ticular, the work underlines how current tariff models, based on the volume of
energy consumption, can become unsustainable and presents the advantages
that a peak-power tariff would achieve. An energy-volume-based tariff does
not take into consideration the costs due to the distribution grid congestions
and their peaks. In general, tariffs should become more directly linked to the
costs for the supply. Thus, current tariffs need to be adjusted and become
more cost-reflective.

Diverse studies such as Oliver (2019) and Bjarghov and Doorman (2018) in-
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vestigate how aggregators and DSOs can influence the behavior of prosumers’
electricity use in future electricity market designs by introducing new pricing
models. In particular, Bjarghov and Doorman (2018) present a new grid tariff
model proposed by the Norwegian regulator, based on capacity subscription.
In this pricing model, the end-user pays an excess fee whenever he exceeds
the subscribed level. The results show that this can be an attractive option if
demand can be flexibly controlled to stay below the subscribed limit, which
is increasingly possible with the implementation of ICT technologies. There-
fore, it is reasonable to claim that coordinated ICT architectures combined
with suitable pricing models can influence the demand side management and
ensure economic and environmental improvements to the grid actors.

Azzam et al. (2019) consider real-time pricing to incentivize end-users to
provide flexibility. This study shows how real-time pricing leads to a reduc-
tion in the electricity bill costs due to the ability of end-users to schedule
more appliances in the time slots where the electricity prices are low. The
effectiveness of dynamic prices is also investigated in Leclercq et al. (2020).
In particular, machine learning is used for dynamically determining the best
price signals to be sent to the end-user to achieve a given objective of the
distribution system (e.g., prevent congestions and reduce system imbalance).
In general, there is consensus in the literature that real-time pricing has a
great potential to combine with end-user flexibilities and future price fluc-
tuation. Finally, the impact of the grid tariff on the provision of end-user
demand response on the day-ahead spot market is examined in Richstein and
Hosseinioun (2020) and it shows how actual grid tariffs can inhibit the negoti-
ations of end-user flexibilities on the day-ahead spot market. In the following
section (Section 2.2.2), different aspects of the wholesale spot markets design
for the profitability of flexibility provision by the end-users are presented.

2.2.2 Electricity markets

In this thesis, we consider European electricity spot markets, which consist
in the day-ahead spot market and the intraday spot market. The pricing of
the DA is based on available forecasts of demand and supply. Consequently,
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demand and supply may be affected by forecast errors. Residual quantities
need to be traded in the subsequent intraday market (Gürtler and Paulsen,
2018). The interest in operational flexibility of electric power systems in-
creases with the growth of grid-connected renewable electricity generation
(Palmintier and Webster, 2016), both because of the variability and the low
predictability of renewable generation, which cause day-ahead forecast inac-
curacies (Torbaghan et al., 2018). The intraday spot market is a key mar-
ket design element to balance the unplanned deficit or surplus generation of
electricity from renewable energy sources due to quickly-changing weather
conditions (Botterud and Auer, 2020).

Consequently, the interest in participating in the European spot market ne-
gotiations is rapidly growing. Figure 2.2 shows the growing number of mem-
bers taking part in the Austrian spot markets "Energy Exchange Austria"
(EXAA). As observable, the number of members actively participating in
the Austrian spot markets negotiations doubled in the last eight years.
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Figure 2.2: Exchange members of the EXAA from 2002 to 2021

In general, energy suppliers, buy and sell the major part of the outstanding
volume via long-term bilateral contracts, while the short-term demand is
covered via DA or even ID trading. The relative rigidity of the production, the
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unpredictability of the renewable generation and the relative uncertainty of
the consumption cause spikes and volatility in electricity prices. In particular,
Homan et al. (2021) shows how the growing wind generation had a dramatic
influence on the electricity spot prices in the last decade. In fact, the study
of Nobis et al. (2020) show a very strict correlation between the installed
wind power and the spot markets energy volumes. These factors increase
the importance of sequential short-term trading. In particular, the work of
Scharff and Amelin (2016) shows that the intraday spot market is expected
to gain more significance in the future as a result of the growing share of
grid-connected renewable energy sources and their volatilities.

The achievable profit by trading in the day-ahead and intraday spot markets
is investigated in several studies. Garnier and Madlener (2014) demonstrate
that demand-side flexibility can yield significant cost reductions on the spot
markets. For this purpose, Maciejowska et al. (2019) investigate the possible
value, that might be created utilizing forecasts of the price spread between
the intraday and day-ahead markets in the scheduling process, showing that
the sign of the price spread can be successfully predicted with econometric
models. Nevertheless, it is shown that predicting the correct sign of the price
spread does not necessarily coincide with economic benefits.

However, the extent of the costs reductions for the end-users is influenced
not only by the volatility of the spot market prices, but also by the time
spans across which loads can be shifted. The state of the art of the mathe-
matical description and characterization of end-users flexibilities is presented
in Section 2.3. In the following section, the main barriers and challenges
for the negotiations of end-users flexibility on the energy spot markets are
presented.

2.2.3 Barriers and challenges

Demand response can significantly reduce the environmental impacts of elec-
tricity use and decrease the need for grid expansion. However, there are
various barriers that inhibit the participation of end-users in the electricity
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spot markets. In this work, we distinguish between three families of bar-
riers. The TSO/DSO-related barriers, the end-user-related barries and the
market-related barriers.

Vallés et al. (2016) identify the main grid operators-related barriers for sys-
temic exploitation of end-users flexibilities. The majority of the regulators
opt to incentivize the reduction of the operational expenses, excluding the
capital expenses from the efficiency requirements. This, in fact, discourages
DSOs from avoiding grid expansion by exploiting end-user flexibilities. Addi-
tionally, the capital expenses for grid reinforcement are directly remunerated
through the grid tariffs by the end-users. This fact assures a certain fixed
income to the DSOs facilitating the grid planning process.

Another barrier is identified in the possible non-cooperation between DSO
and the energy supplier. The DSO and the energy supplier, which both have
an influence on the grid operations, could have different interests. On the
one hand, the energy supplier could exploit the end-user flexibilities, based
on the spot market prices and remunerating the end-users with energy bill
reductions. On the other hand, this system could have a negative effect on the
grid operations, since low prices would mean high load peaks, which increase
the need for grid reinforcement. The fact that the operations of the electricity
supplier could have negative consequences for the DSO and vice versa creates
a barrier for the use of end-user flexibilities (Weck et al., 2017).

At present, the ICTs investment costs represent a barrier for the end-users.
The costs of the infrastructure, which enables high data exchange and the
resolution of computational complex optimization problems for allocating
the flexibilities, may exceed the costs reduction achieved by the end-user.
Furthermore, although ICTs enable end-users to use their flexibilities in a
completely automated way, there are multiple barriers that discourage the
active participation of the end-users in grid operations. On the one hand, en-
abling end-users to use their flexibilities may have negative consequences for
demand forecasting by the energy suppliers, which can lead the grid operator
to higher needs of balancing services. On the other hand, the use of flexibility
provides an uncertain monetary benefit to the end-users, which may not be
disposed to use their flexibilities. Annala et al. (2018) also identify the lack
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of interest and privacy concerns by the end-users as the main barriers for the
provision of end-user flexibilities. The privacy concerns of the end-users are
due to the fact that the DSO needs access to the data from the smart meter
to use the end-users flexibilities for grid operations.

The end-users are envisioned as key participants in the future electricity
markets (Zepter et al., 2019). However, actual regulations do not allow small
end-users to directly access the wholesale spot markets and negotiate energy
products. Despite various regulatory barriers, diverse studies investigate the
effectiveness of dynamic pricing for end-users. In the last years, in Europe,
several energy suppliers have been emerging, giving the end-users a virtual
access to the wholesale spot market prices for a monthly fee. This seems to
be a promising solution to overcome the market-related barriers.
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2.3 Optimization of end-user flexibilities

Flexible energy consumption patterns represent a significant potential for
end-users to reduce their energy costs due to the increasing price volatility in
the electricity spot markets. However, a simple and exhaustive description of
flexibilities is needed to efficiently coordinate multiple flexible components.
The optimization framework developed in this work and described in Chap-
ter 3 considers the investment and operation of several technologies, such
as battery storages (BATs), heat pumps (HPs), electric vehicles (EVs), elec-
tric boilers (Bs) and solar photovoltaic panels (PVs). This section presents
the state of the art of modeling end-user flexible portfolios and the charac-
terization of different optimization approaches. In particular, Section 2.3.1
illustrates the state of the art of modeling selected technologies. Section 2.1.4
presents various approaches used in the literature to model car-sharing ser-
vices and Section 2.3.2 elaborates on different optimization methods.

2.3.1 Modelling of flexibile technologies

In order to achieve the active and efficient participation of the flexible demand
side to grid operations and energy markets, it is necessary to mathematically
represent it. Flexibility is the capability of electrical systems to alter their
scheduled injection and/or consumption in reaction to external signals (e.g.,
spot market prices).

In the studies Zhao et al. (2016), Ma et al. (2013) and Lannoye et al. (2012),
frameworks for defining and measuring flexibility in power systems are pro-
posed in order to evaluate the variation range of uncertainty in electricity
generation that a power system can accommodate. In particular, these works
identify time, action, uncertainty, and cost as fundamental elements of flexi-
bility. Pedersen et al. (2018) present a method for generalizing the character-
istics and the restrictions of flexible demand. Furthermore, the experimental
results show that heat pumps and EVs provide a significant amount of flexibil-
ity. Ulbig and Andersson (2012) define the technically available operational
flexibility of individual power system units (e.g., storage systems, generators
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and loads) to promote the grid integration of large shares of fluctuating re-
newable energy generation and confirms the important role of operational
flexibility in power systems. Kirkerud et al. (2016) investigate the flexibility
of operating electric boilers, applying different tariff structures. This work
demonstrates how different tariff structures influence the flexibility provision
of boilers, and in general the results show that tariffs with time-varying ele-
ments cause more flexibility provision compared to standard flat-rate tariffs.
The mathematical representation of a boiler and its implementation in a
two-steps optimization framework is presented in Corsetti et al. (2021).

Furthermore, Klein et al. (2017) investigate the flexibility potential of heat-
ing systems combined with storage systems. The results show that electricity
prices do not offer sufficient variations to stimulate the grid-supportive op-
eration of a heating system if it is not combined with a storage system.
Moreover, Bhattarai et al. (2014) reviews the demand flexibility of residen-
tial HPs and shows that HP flexibility can contribute significantly to both
the local network and system-level balancing. Hao et al. (2015b) and Nay-
yar et al. (2013) define a virtual battery model which provides a simple and
intuitive tool to aggregate the flexibility of distributed loads. In particular,
Hao et al. (2015b) present a method to describe the flexibilities of different
technologies like HPs, BATs and EVs as virtual batteries, while in the work of
Hao et al. (2015a), the flexibility of a collection of thermostatically controlled
loads is modeled as a stochastic battery. Hughes et al. (2015) show a simple
and succinct virtual battery model to capture the flexibility of more complex
loads.

In the work of Sadeghianpourhamami et al. (2018), the potential of EVs and
their considerable temporal flexibility are used to increase the consumption
of fluctuating renewable energy sources. In several studies, e.g., Schuller
et al. (2015), the flexibility of EVs is utilized in order to support the vari-
able renewable energy injection and minimize the overall system costs. Weis
et al. (2014) quantify the benefits of managed charging of EVs, achieving
1.5–2.3% cost savings in the simulations. Sheikhi et al. (2013) introduce a
charging management strategy for EVs aimed to reduce peak loads. The
benefits and the drawbacks of bidirectional charging of EVs are thoroughly
investigated in several studies such as KIAEE et al. (2015), Schuller et al.
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(2014) and Noel et al. (2018). In several simulations, the electricity cost re-
ductions achieved through vehicle-to-grid charging are overcompensated by
higher battery degradation costs. If the higher battery degradation costs are
not considered, the reduction of the overall cost could reach 13.6% (KIAEE
et al., 2015). However, managed charging and vehicle-to-grid charging of EVs
are able to alleviate congestion in the power grid (López et al., 2013). For
this reason, in the following section, different optimization approaches used
to determine the potential of end-user flexibilities are described, highlighting
their benefits and drawbacks.

2.3.2 Optimization methods

The core objective of this work is to investigate the value that different end-
user flexible components may create. For this purpose, it is necessary to de-
fine a suitable optimization method. The consensus in the literature indicates
that fundamental characteristics for a suitable algorithm for the optimiza-
tion of multiple end-user energy flexibilities are modularity and scalability.
Hence, in this section, the state of the art of different optimization methods
is presented in order to justify the choice made in this work of developing
a mixed-integer linear optimization framework for the portfolio optimization
of end-user energy flexibility.

Grover-Silva et al. (2018) propose a stochastic day-ahead management algo-
rithm considering uncertainties in PV generation, electrical load and tem-
perature. It shows that the stochastic approach can achieve more accurate
results and lead to more beneficial operation in comparison with a determin-
istic strategy. However, the stochastic formulation is based on the Monte
Carlo method, which reduces the scalability or the quality of the results with
the growth of the components considered.

Alrumayh and Bhattacharya (2019) and Anvari-Moghaddam et al. (2015)
present a non-linear optimization algorithm for determining the most benefi-
cial energy consumption patterns of the end-users and determines their flex-
ibility provision in a decentralized way. The results show the capability of
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non-linear optimization simulations of representing the real operation. How-
ever, uncertainties unavoidably lead to deviations from the real operations
and this fact makes the computational effort for the non-linear optimizations
questionable.

The optimization of the demand side is performed by a multi-agent optimiza-
tion system in the work of Raju et al. (2019). Each agent aims to reduce the
costs associated with the energy usage of the end-user. Multi-agent opera-
tions achieve modularity and scalability, but different issues present a barrier
for this method on a large scale. In fact, since the various flexible end-users
are driven by the same objective, the risk of self-cannibalism of flexibility is
not negligible. On a large scale, the multi-agent model would not be able to
define the optimal solution for the distribution system, and consequently, it
would harm the grid operation.

Jongh et al. (2021b) apply a neural predictive control to determine the op-
timal scheduling of end-user flexibilities. This method allows determining
near-optimal control actions with short calculation time. Another machine
learning algorithm is used to optimally schedule the operation of flexibilities
in the works of Jongh et al. (2021a) and Sarstedt et al. (2021). In these works,
reinforcement learning and a particle swarm algorithm are used, respectively.
These techniques offer the advantage to be independent of physical mod-
els and work well in stochastic environments. Furthermore, these promising
methods show a high grade of scalability, however since the mathematical
problem behind is based on approximation functions, constraint violations
may occur.

Contreras and Rudion (2018) developed a linear model to determine the op-
timal operation of aggregated flexibility with the objective of improving the
computing time required by preceding nonlinear algorithms, while maintain-
ing accuracy. The results show a remarkable improvement of the compu-
tational time needed, while the obtained solutions slightly deviate from the
solutions obtained using the non-linear model. Also, Kashif et al. (2021) for-
mulate a mixed-integer optimization problem to minimize the energy cost for
a community of flexible end-users. The technologies considered in this work
are PV and electric vehicles. The results show the effectiveness and accuracy
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of using mixed-integer optimization problems for the coordination of multiple
flexible end-users. A mixed-integer linear optimization program, which deter-
mines the optimal technology portfolio and the associated optimal operation,
is defined by Mashayekh et al. (2017). The results of the simulations indicate
the capability of mixed-integer linear optimization programs to accurately
represent the operation of flexible technologies.

In the work of Ding et al. (2015), a rolling horizon optimization is used for
the day-ahead and intraday spot markets bidding in order to maximize the
profit of the production of a wind farm combined with an energy storage sys-
tem. Zhou et al. (2017) and Luo et al. (2017) consider the rolling scheduling
in the intraday spot market in order to maximize the profits from the flexi-
ble operation of thermostatically controlled loads combined with renewable
generation.

In this work, a mixed-integer linear optimization framework is developed and
used to assess the potential of end-user flexibilities considering various tech-
nologies, such as BATs, EVs, HPs, Bs and PVs. The developed optimization
framework allows performing various analyses, including the definition of the
optimal portfolio of end-users and the realization of rolling horizon optimiza-
tions in order to maximize the profits of the end-user in the day-ahead and
intraday spot markets.
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2.4 Contribution to the progress beyond the state of
the art

The contribution of this thesis is multifold. Based on the development of
a very versatile mixed-integer linear optimization framework, the thematic
field of optimization of end-user energy flexibility is tackled from multiple
perspectives. In this thesis, we can distinguish between four contributions
to the literature on the topic of portfolio optimization of end-user energy
flexibility. The first contribution is methodological, while the remaining three
are quantitative analyses of selected case studies.

Firstly, Chapter 3 presents a novel optimization framework for the evaluation
of the economic potential of end-user flexibilities in various scenarios and set-
ups. The main contributions beyond the state of the art are:

• The proposition of a novel, versatile and modular mixed-integer linear
optimization framework.

• Presentation of a method to formulate flexibilities of different technolo-
gies, such as electric vehicles, heat pumps and boilers as virtual bat-
teries. In particular, a data-based method for the linear representation
of a heat pump, which is typically characterized by highly non-linear
relationships.

• The establishment of various mixed-integer linear optimization prob-
lems with different objective functions aimed to determine the optimal
technology portfolio of end-users and their optimal operation in differ-
ent scenarios and set-ups.

• Finally, the proposition of a novel mathematical method to determine
the optimal number of electric vehicles and the optimal type of charging
stations for the end-users of a residential building willing to switch from
private cars to an e-car-sharing system.

Secondly, Chapter 4 presents three different quantitative case studies with
the goal of providing insights into various aspects related to end-user energy
flexibility. In particular, Section 4.1 presents a case study in which the mixed-
integer linear optimization framework has been set up in order to investigate
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the economic potential of different charging strategies for an existing office
site in Austria with multiple charging infrastructures. In particular, it is
investigated to what extent the coupling of charging infrastructures with
batteries can be beneficial for the end-users, operating different charging
strategies. The main contributions beyond the state of the art of this case
study are:

• Investigation of the benefits and the drawbacks of four different charg-
ing strategies of electric vehicles and investigation of the potential of
coupling charging infrastructures with stationary battery storages.

• Presentation of multiple sensitivity analyses aimed to determine the
effect of different cost components on the economic potential of the
charging strategies and application of the methods to a real-life use
case in Austria with measured data.1

Section 4.2 introduces a case study in which the mixed-integer linear opti-
mization framework has been set up in order to perform a rolling horizon
optimization aimed to maximize the profits of the end-user in the day-ahead
and intraday spot markets. The main contributions of this case study beyond
the state of the art are:

• Presentation of the rolling horizon optimization approach to schedule
the components’ consumption and to plan the day-ahead and intraday
spot market trades.

• Validation of the novel data-based method for the linear representation
of heat pumps and application of the methods to a real-life use case in
Austria with measured data.2

Finally, Section 4.3 presents a case study in which the mixed-integer linear
optimization framework has been set up in order to investigate the economic
impact of residential on-site e-car-sharing and the monetary benefits that new
e-car-sharing business models may create in different scenarios. Specifically,
the case of the adoption of the residential on-site e-car-sharing system is

1More specifically WEB, Windenergie AG, Pfaffenschlag, Austria with the coordinates
N 48.843594, E 15.200681.

2More specifically Sonnenplatz, Großschönau, Austria with the coordinates N 48.64875,
E 14.93610.
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investigated, defining the optimal investment of each end-user in multiple
technologies. The main contributions of this case study beyond the state of
the art are:

• The definition of benefit indicators and the presentation of the cost-
benefit analysis of residential on-site e-car-sharing based on the opti-
mization results.

• The application of the new proposed mathematical method to deter-
mine the optimal number of electric vehicles and the optimal type of
charging stations for the end-users of a residential building willing to
switch from private cars to an e-car-sharing system.

33



3 Optimization framework for
assessing the potential of end-user
flexibilities

This chapter presents the mixed-integer linear optimization framework used
to assess the potential of end-user flexibilities. In general, an exact description
of the technical operation of flexible end-user components is complex and
characterized by non-linear relationships leading to non scalability of the
calculations. Chinneck (2015) presents the twelve reasons why non-linear
models are much more difficult to optimize in comparison to linear models.
In non-linear models, it is hard to distinguish a local optimum from a global
optimum since the feasible regions may not be restricted to extreme points
and, therefore, there may be multiple different feasible regions. This could
lead to an increment of the required computational time and to different final
solutions. In the operation of end-user technologies, errors are inevitably
made in load or generation forecasts, which often far exceed the inaccuracies
caused by linearization.

The remainder of this chapter is organized as follows. Section 3.1 introduces
the architecture of the optimization framework for assessing the potential
of end-user flexibilities. Section 3.2 illustrates the mathematical method to
describe the technology portfolios of end-users. Finally, the formal definition
of the grid tariffs and the investigated electricity markets are provided in
Section 3.3.
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Figure 3.1: Overview of the model architecture

3.1 The architecture of the optimization framework

In this section, the architecture of the optimization framework for assessing
the potential of end-user flexibilities is briefly presented. The main idea is
to build a modular optimization framework capable of investigating a multi-
plicity of different scenarios with variable technology portfolios and capable
of answering various research questions. Figure 3.1 illustrates the general
architecture of the optimization framework. First, end-user technologies,
consumption needs, as well as grid and market data are defined. Based on
this data, the mixed-integer linear optimization framework determines the
physical boundaries of the end-user technologies operation.

The model output is the optimal operational strategy of the end-user com-
ponents, as well as the optimal investments in the considered technologies.
Furthermore, if more than one end-user is optimized behind the same grid
connection point, the solution provides the division of the costs among the
end-users according to the use cases taken into consideration. The mathe-
matical method aims to efficiently coordinate multiple components and to
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Figure 3.2: Overview of the model components

determine the optimal investment in multiple technologies, considering their
physical limits and costs. This modular architecture of the optimization
framework allows analyzing multiple scenarios, differing from one another in
varied organizational aspects and investment possibilities.

In general, an end-user is characterized by multiple inflexible needs and flex-
ible technologies. The inflexible needs/services can be filled only through
selected technologies (e.g., the end-user driving need can be filled with an
electric vehicle). The technology portfolio of an end-user is interconnected
and coupled to a common grid connection point through which it is possible
to exchange electricity with the spot markets. Figure 3.2 resumes the in-
flexible needs, the flexible technologies and the electricity markets which are
implemented in the mixed-integer linear optimization framework.

3.2 Mathematical definition of end-users

A simple and comprehensive characterization of the flexible end-user tech-
nologies is needed in order to efficiently describe several components in a

36



3 Optimization framework for assessing the potential of end-user flexibilities

single linear optimization algorithm. The main idea of the proposed method
is to implement EVs, Bs and HPs as virtual batteries with variable capac-
ity and time availability in a mixed-integer linear optimization problem. In
other words, the technical properties of flexible components (such as Bs and
HPs) are defined with the same mathematical formulas of a battery. The
simple mathematical formulation of virtual batteries enables the optimal al-
location of the power flows of the flexible end-user components using a linear
optimization model.

The different end-user components are connected to a common grid con-
nection point which is limited by a maximum grid connection power. High
loads can therefore represent bottlenecks for end-user flexibility. The power
flowing through the grid connection point can be traded in the different mar-
kets (day-ahead and intraday spot markets). A graphical representation of a
flexible end-user and the associated power flows are shown in Figure 3.3.
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Figure 3.3: Power flows of a flexible end-user
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In this work, time is considered as discrete and the time range T is divided
into a number of constant time intervals ∆t of 15 minutes each. Kirchhoff’s
law requires that the sum of all power flows at the grid connection point
(GCP) node is equal to zero. The power balance equations of the flexible
end-user can be described as follows.

pEV,in
t − pEV,out

t + pBAT,in
t − pBAT,out

t − pPV
t +

pHP
t + pB

t + pIL
t = pGCP,out

t − pGCP,in
t t ∈ T (3.1)

pGCP,out
t − pGCP,in

t =
pDA,Buy

t − pDA,Sell
t + pID,Buy

t − pID,Sell
t t ∈ T (3.2)

Furthermore, the grid connection point has power restrictions given by the
physical maximum of the supported power 3.3.

pGCP,Load
t , pGCP,Feed−in

t ≤ pGCP
physical max t ∈ T (3.3)

The costs of an end-user can be summarized in 8 components: the DA costs
(CDA), the ID costs (CID), the grid costs (CGr), the PVs costs (CPV), the
BATs costs (CBAT), the Bs costs (CB), the HP costs (CHP) and the EV costs
(CEV), as depicted below.

CTot = CDA + CID + CGr + CPV + CBAT + CB + CHP + CEV (3.4)

Moreover, the equivalent annual cost method is used to calculate the cost-
effectiveness of investment in the different technologies, since this method
allows determining the convenience of multiple investments that have unequal
lifespans in the same optimization period. In general, the annuity factor for
a technology x is calculated as follows,

Ax
nx,r =

1 − 1
(1+r)nx

r
(3.5)

where nx is the lifespan of the technology x and r indicates the annual interest
rate.
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Hence, the objective function of the mixed-integer linear optimization prob-
lem is the minimization of the overall costs and it is defined as below.

min
T

CTot (3.6)

The mathematical expressions defining the physical limits and costs of the
end-user technologies and components illustrated in Figure 3.3 are described
in the following sections.

3.2.1 Inflexible load

Inflexible loads describe the consumption which cannot be flexibilized in the
optimization (e.g. the consumption of a dishwasher, electric stove, lamps,
etc.). However, the inflexible loads are defined through an exogenous time-
series of predicted loads as described below.

pIL
T = (pIL

1 , pIL
1 . . . , pIL

T ) (3.7)

As mentioned above, the components of a flexible end-user are connected
to a common grid connection point, which is limited by a maximum grid
connection capacity and therefore, inflexible high loads can represent a hitch
for the use of flexibility.

3.2.2 Solar photovoltaic panel

The use of advanced power electronics allows to curtail the solar photovoltaic
electricity generation. Hence, we consider a solar photovoltaic panel as a
flexible component. The curtailment of photovoltaic generation can be eco-
nomically convenient in different cases, e.g. when there are negative prices in
the market and no electricity is needed by the end-user to cover its load.

In order to implement the PV in the optimization framework, an exogenous
time-series of PV-specific power generation per installed kWp is given, as
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follows.

pPV,p
T = (pPV,p

1 , pPV,p
2 . . . , pPV,p

T ) (3.8)

Therefore, the PV generation of a generic end-user at the time step t is
defined as the product of the PV-specific power generation per installed kWp

and the installed power (pPV,I), as depicted in 3.9.

pPV
t = pPV,p

t · pPV,I t ∈ T (3.9)

Furthermore, the PV costs of an end-user are defined as the product of the
installed power and the PV-specific power costs (cPV) considering its annuity
factor as described below.

CPV = pPV,I · cPV

AP V
nP V ,r

(3.10)

According to the physical constraints and the costs, the optimization frame-
work determines the optimal installed PV power (pPV,I) for the end-user.

3.2.3 Battery storage

This section presents the linear battery storage (BAT) model implemented
in the mixed-integer linear optimization framework employed to investigate
the optimal size and operation of the end-user’s BAT. In order to preserve
the linearity of the model, the ratio between installed capacity and installed
power (E/P) will be given by a fixed parameter: the duration dBAT. The
end-user BAT input and output power (pBAT,in

t and pBAT,out
t ) is bounded to

the installed power (pBAT,I) at each time step t, as follows.

0 ≤ pBAT,in
t ≤ pBAT,I t ∈ T (3.11)

0 ≤ pBAT,out
t ≤ pBAT,I t ∈ T (3.12)
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Also, it is necessary to initialize the state of charge (SOC) of the BATs
(socBAT

0 ) and to bound it to the installed capacity for each time step, as
depicted in 3.14.

socBAT
0 = socBAT

Start (3.13)
0 ≤ socBAT

t ≤ pBAT,I · dBAT t ∈ T (3.14)

The batteries’ state of charge (socBAT
t ) is calculated according to the input-

output power and the standby-losses (KBAT,L%), as described below,

socBAT
t = socBAT

t−1 ·
�
1 − KBAT,L%


+�

pBAT,in
t · ηBAT,in − pBAT,out

t

ηBAT,out

�
· ∆t t ∈ T (3.15)

where ηBAT,in and ηBAT,out are the batteries’ charging and discharging effi-
ciency, respectively.

The equivalent annual cost of technologies, as mentioned in 3.5, is related
to the lifespan of the technology itself. In the case of BATs, the lifespan
and, accordingly, the specific cost (cBAT) depend on the number of cycles
performed. Based on the analysis of Wilson, 2020, in this model, the number
of yearly cycles is bounded to a maximum (NBAT) so that the specific cost
can be expressed in a linear system. Hence, the BAT cycles limitations and
the investment costs for an end-user are defined as below.

∆t ·
T�

t=1
pBAT,in

t ≤ pBAT,I · dBAT · NBAT (3.16)

CBAT = pBAT,I · dBAT · cBAT

ABAT
nBAT ,r

(3.17)

Furthermore, if the size of the battery storage is not a variable, the costs of
the operation of the BAT can be implemented in the optimization problem
using the Levelized cost of storage (LCOS) method. The LCOS (cBAT,LCOS)
can be described as the cost per unit of charged electricity for a specific
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storage technology and can be formally defined as follows.

cBAT,LCOS = CBAT,I

NBAT · EBAT (3.18)

Hence, the total levelized costs of storage CBAT,LCOS within the optimized
time range T can be described as the LCOS (cBAT,LCOS) multiplied by the
batterie’s cumulative delivered electricity and can be expressed as below.

CBAT,LCOS = ∆t ·
T�

t=1
pBAT,in

t · cBAT,LCOS (3.19)

In accordance with the constraints and the BATs’ related costs, the model
aims to determine the optimal installed power (pBAT,I) for the end-user under
consideration of the specific investment costs (cBAT) and the BATs’ operation.
The optimization framework defines the end-user BAT operation, specifying
the input and output power (pBAT,in

t and pBAT,out
t ) and the state of charge

(socBAT
t ) in each time step t.

3.2.4 Private electric vehicle

In this model, we distinguish between private electric vehicles and shared
electric vehicles. In the case of private electric vehicles, the driving need of an
end-user has to be filled with the car owned by the user. In the case of shared
electric vehicles, the driving need of multiple end-users can be aggregated and
filled with a lower number of electric vehicles (e.g. if an end-user has a low
driving need in the morning and another end-user a low driving need in the
evening, the optimization model is more likely to invest in one car only).

The driving need of an end-user is formed by multiple travel cycles (γ ∈ Γ).
A travel cycle expresses the consumption of an EV when it is not plugged in,
i.e., the driving need. Moreover, a travel cycle represents a single trip, and
the consumption of each travel cycle γ is formally defined as follows.

pEV,C
γ,T = (pEV,C

γ,1 , pEV,C
γ,2 . . . , pEV,C

γ,T ) γ ∈ Γ (3.20)
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The driving need of an end-user can thus be resumed in an exogenous time-
series, defined as the sum of the travel cycles Γ in each time step t, as depicted
in the following equation.

pEV,C
t =

Γ�
γ=1

pEV,C
γ,t t ∈ T (3.21)

Since the end-users are usually characterized by a driving need, each end-user
invests in a car to cover its driving demand in the case of private EVs. Like in
BATs, it is necessary to initialize the state of charge of the EV’s batteries and
confine it to the EV’s battery capacity (EEV) for each time step, as described
below.

socEV
0 = socEV

Start (3.22)
0 ≤ socEV

t ≤ EEV t ∈ T (3.23)

Also, the state of charge of the end-users’ EVs batteries (socEV
t ), considering

the standby-losses (KEV,L%) and the charging-discharging efficiency (ηEV,in

and ηEV,out), can be defined in each time step t as follows.

socEV
t = socEV

t−1 ·
�
1 − KEV,L%


+�

pEV,in
t · ηEV,in − pEV,out

t

ηEV,out

�
· ∆t · σEV,Pi

t −

pEV,C
t · ∆t ·

�
1 − σEV,Pi

t


t ∈ T (3.24)

The binary variable σEV,Pi determines whether the EV of the end-user is
plugged-in at the time step t. Hence, it is necessary to implement the con-
straint 3.25 in the optimization framework that coerces the disconnection of
the EVs (σEV,Pi

t = 0) when the driving need (pEV,C
t ) is greater than 0.

pEV,C
t = pEV,C

t ·
�
1 − σEV,Pi

t


t ∈ T (3.25)

Furthermore, the terms pEV,in
t and pEV,out

t in 3.24 indicate the CS power input
and output, respectively. One of the objectives of this model is to determine

43



3 Optimization framework for assessing the potential of end-user flexibilities

the optimal investment in CSs, which are described with two exogenous time-
series: the possible installed nominal powers of the CSs (Φ) and their costs
(CΦ). For that reason, the input-output power are confined between 0 and
the installed nominal power of the CS, as depicted below,

0 ≤ pEV,in
t ≤

φΦ�
φ=φ0

φ · σEV,p
φ t ∈ T (3.26)

0 ≤ pEV,out
t ≤

φΦ�
φ=φ0

φ · σEV,p
φ · σEV,V2G t ∈ T (3.27)

where the binary variable σEV,V2G indicates whether V2G operation is imple-
mented and the binary variable σEV,p

φ determines the installed nominal power
of the CS of the end-user. Moreover, it is necessary to employ constraint 3.28
to confine each end-user’s CS to a constant nominal power φ.

φΦ�
φ=φ0

σEV,p
φ = 1 (3.28)

The EV costs of each end-user (CEV) are made up of three components: the
investment costs (CEV,I), excluding the batteries of the EV, the battery costs
(CEV,LCOS) and the CS costs (CEV,CS), as described below.

CEV = CEV,I + CEV,LCOS + CEV,CS (3.29)

The investment costs are given by the costs of the EV taken into account
(CEV,I) without considering the battery costs, which are calculated sepa-
rately, applying the LCOS method, since they depend on the operation of
the EV. Hence, the EV’s battery costs within the optimized time range T can
be described as the LCOS (cEV,LCOS) multiplied by the electricity supplied
to the EV’s batteries. Moreover, the CS costs are given by the investment
costs (Cφ), which depend on the nominal power installed, and the costs of
the bidirectional inverter (CEV,V2G) if V2G operation is implemented. The
three EV’s costs components considered in the optimization framework are
depicted in 3.30, 3.31 and 3.32.

CEV,I = CEV,I

AEV
nEV ,r

(3.30)
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CEV,LCOS = ∆t ·
T�

t=1
pEV,in

t · cEV,LCOS (3.31)

CEV,CS=
�φΦ

φ=φ0Cφ·σEV,p
φ +CEV,V2G ·σEV,V2G

ACS
nCS ,r

(3.32)

According to the physical constraints and the costs, the optimization algo-
rithm determines the operation of the CSs (pEV,in

t and pEV,out
t ) and the state

of charge of the EVs (socEV
t ) in each time step in T . In addition, the opti-

mization determines the investment, defining the most financially convenient
CS for each end-user.

3.2.5 Shared electric vehicle

The employment of an e-car-sharing system can lead a group of end-user
(e.g. tenants of a residential building) to invest in a reduced number of EVs
to cover their driving needs. Hence, in this section, we consider the driving
need of a group of end-user j ∈ J . Since the end-users aim to invest in a lower
number of electric vehicles and share the costs, a new player is implemented
in the optimization algorithm: the e-car-sharing company J∗. The e-car-
sharing company must cover the driving need of the end-users in J , which
can be resumed as follows,

pEV,C
γ,t =

J�
j=1

pEV,C
j,γj ,t γ ∈ ΓJ , t ∈ T (3.33)

where ΓJ indicates the travel cycles of the end-users in J . The optimization
framework determines the optimal number of EVs (mEV) and the type of
CSs. To achieve this in mixed-integer linear optimization, the use of binary
variables is necessary. The state of charge of a shared EV (θ) is bounded by
its maximal capacity multiplied by the binary variable σEV,I

θ as described in
3.34, and the optimal number of EVs is defined in 3.35.

0 ≤ socEV
θ,t ≤ EEV · σEV,I

θ θ ∈ J , t ∈ T (3.34)

mEV =
J�

θ=1
σEV,I

θ (3.35)
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Thus, if the capacity of an EV (θ) is not required to cover the driving needs
of the end-users, the binary variable σEV,I

θ is equal to zero, and the number
of EVs results lower than the number of end-users (mEV ≤ J). Furthermore,
the state of charge of the EVs is defined as depicted below,

socEV
θ,0 = socEV

θ,Start θ ∈ J (3.36)

socEV
θ,t = socEV

θ,t−1 ·
�
1 − KEV,L%


+pEV,in

θ,t · ηEV,in − pEV,out
θ,t

ηEV,out

 · ∆t · σEV,Pi
θ,t −

Γ�
γ=1

pEV,C
γ,t ·σEV,c

θ,γ ·∆t·
�
1− σEV,Pi

θ,t


θ∈J , t∈T (3.37)

where the binary variable σEV,c
θ,γ assigns each travel cycle (γ) to an EV (θ).

Also, the following constraints are defined, respectively, to ensure that each
travel cycle is realized once and to ensure that an EV (θ) does not operate
more than one travel cycle simultaneously.

J�
θ=1

σEV,c
θ,γ = 1 γ ∈ ΓJ (3.38)

Γ�
γ=1

sgn
�
pEV,C

γ,t


· σEV,c

θ,γ ≤ 1 θ ∈ J , t ∈ T (3.39)

Similar to the case of private EVs, it is necessary to implement constraint
3.40 to coerce the disconnection of the EV (θ) when the driving need assigned
by the binary variable σEV,c

θ,γ is greater than 0.

Γ�
γ=1

pEV,C
γ,t =

J�
θ=1

Γ�
γ=1

pEV,C
γ,t · σEV,c

θ,γ ·
�
1− σEV,Pi

θ,t


t ∈ T (3.40)

The equations concerning the nominal installed power and the charging-
discharging power of the CSs for the shared EVs system are analogous to
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3.26, 3.27, 3.28, described in the previous section. The three costs com-
ponents (3.41 - 3.43) and the EVs total costs (3.44) for the e-car-sharing
company J∗ are resumed below.

CEV,I
J∗ = mEV · CEV,I

AEV
nEV ,r

(3.41)

CEV,LCOS
J∗ = ∆t ·

J�
θ=1

T�
t=1

pEV,in
θ,t · cEV,LCOS (3.42)

CEV,CS
J∗ =

�J
θ=1

��φΦ
φ=φ0Cφ·σEV,p

θ,φ +CEV,V2G ·σEV,V2G
θ

�
ACS

nCS ,r

(3.43)

CEV
J∗ = CEV,I

J∗ + CEV,LCOS
J∗ + CEV,CS

J∗ (3.44)

In accordance with the constraints, the mixed-integer linear optimization
framework determines the operation and the optimal investment of the CSs,
and the number of required EVs.

3.2.6 Boiler

The main idea is to flexibilise the electrical consumption of a boiler and
to heat the water when the electricity prices are low, taking into account
the heat losses and ensuring the possibility of using hot water at any time.
However, the heat exchanges inside a boiler are characterized by highly non-
linear relationships. The non-linear relationships lead to nonscalability of the
calculations. In order to linearize the equations describing the heat exchanges
inside a boiler, it is necessary to make appropriate assumptions. In the
calculations, the following simplifications have been assumed.

• The internal temperature of the boiler (T B
t ) is homogeneous.

• The temperature outside the boiler (T B
a ) is constant.

• The heat capacity (cH2O
p ), the density (ρH2O), the volume (V H2O) and

the pressure (P H2O) of the water in the boiler are constant.
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Hence, the heat transfer coefficient (KB,loss) is constant and can be defined
as follows.

KB,loss = A
d
λ + 1

α

(3.45)

where A is the heat exchange surface of the boiler (e.g. for a cylindrical
boiler: A = 2πr · h + 2πr2), α is the convective coefficient of the air, λ is the
thermal conductivity and d the thickness of the boiler isolation material.

The hot water load is defined as an exogenous time-series of predicted power
output as described below.

pB,load
T = (pB,load

1 , pB,load
2 , . . . , pB,load

T ) (3.46)

In order to implement a boiler as a virtual battery in the optimization frame-
work, it is necessary to define its capacity bounds, given by the temperature
limits (T B

min and T B
max). The internal temperature of the boiler (T B

t ) must be
within those capacity bounds, as described in (3.47).

T B
min ≤ T B

t ≤ T B
max t ∈ T (3.47)

The boiler typically has the On/Off-functionality. With the On/Off-functionality,
the electrical power of the boiler may only have two values: the maximum
electrical power (pB

max) or 0. Therefore, the electrical power of a boiler is
bounded as follows.

pB
t = σB

t · pB
max t ∈ T (3.48)

where σB
t is a binary variable and guarantees the boiler’s On/Off-functionality.

In order to relate the power flows over the time in temperature changes, a
conversion factor (cfB) is needed. In general, the relationship between ther-
mal energy variation (Qth) of a sample of H2O and its resulting temperature
changes (∆T ) is expressed as below.

Qth = cH2O
p · ρH2O · V H2O · ∆T (3.49)
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Hence, the conversion factor for a boiler (cfB) is defined as follows.

cfB = ∆T

Qth
= 1

cH2O
p · ρH2O · V H2O

(3.50)

where cH2O
p is the heat capacity, ρH2O the density and V H2O the volume

of the water in the boiler. The energy equilibrium of a boiler, considering
the electrical efficiency (ηB), is defined in each time period in (3.51) and
(3.52).

T B
0 = T B

Start (3.51)
T B

t = T B
t−1 + cfB · ηB · pB

t · ∆t−
cfB·

�
pB,load

t + KB,loss·
�
T B

t−1 − T B
a


·∆t t ∈ T (3.52)

In the case of the boiler, the investment costs depend on model of Bs consid-
ered. The boiler models differ under the maximum electrical power (pB

max),
the heat transfer coefficient (KB,loss) and its size (V H2O). Hence, similar to
the investment in the CSs of the EVs (3.26 and 3.28), the different Bs models
are evaluated with the use of binary variables. Given a set of (ψ ∈ Ψ) Bs
models, which are characterized by the maximum electrical power (pB

ψ,max),
the size (V H2O

ψ ), the heat transfer coefficient (KB,loss
ψ ) and the investment

costs (CB
ψ ) the following constraints are defined in order to determine the

optimal investment in Bs.

pB
max =

Ψ�
ψ=0

pB
ψ,max · σB,I

ψ (3.53)

V H2O =
Ψ�

ψ=0
V H2O

ψ · σB,I
ψ (3.54)

KB,loss =
Ψ�

ψ=0
KB,loss

ψ · σB,I
ψ (3.55)

CB = 1
AB

nB ,r

·
Ψ�

ψ=0
CB,I

ψ · σB,I
ψ (3.56)
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where the binary variable σB,I
ψ determines the installed B model. Moreover,

it is necessary to employ constraint 3.57 in order to assign to an end-user one
only B.

Ψ�
ψ=0

σB,I
ψ = 1 (3.57)

According to the above mentioned physical constraints and costs, the opti-
mization algorithm determines the optimal investment and operation of a
boiler, defining the electrical power (pB

t ), the internal temperature (T B
t ) in

each time period and the optimal model (ψ).

3.2.7 Heat pump

In this section, the linear modeling of a generic air-to-air heat pump for heat-
ing is presented. The aim of this study is to flexibilise its electrical consump-
tion, ensuring an appropriate, pre-set temperature range within the heated
building or room. Generally, the operation of a heat pump is characterized
by highly non-linear physical effects, like the heat exchanges, the coefficient
of performance etc. In order to achieve linearity of the equations describing
the heat exchanges, the following assumptions have been made.

• The indoor temperature of the heated building or room (T indoor
t ) is

homogeneous.

• The coefficient of performance (copHP
t ) is linearly related to the outdoor

temperature (T outdoor
t )1.

• The heat losses of the building (KHP,loss
t ) are linearly related to the

temperature difference between the inside and the outside (T indoor
t -

T outdoor
t ).

1To calculate the coefficient of performance, the internal temperature is considered
constant
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Given a set of HPs models (ω ∈ Ω), in order to determine the coefficient
of performance (copHP

ω,t ), the heat losses (KHP,loss
ω,t ) and the conversion factor

(cfHP
ω ), two different regression analyses were performed for each considered

HP (ω), using the historical data. The historical time periods are indicated
with t∗. The regression analyses are resumed in (3.58) and (3.59).

∆T indoor,hist
ω,t∗,t∗−x = β⋆

ω,0 + β⋆
ω,1 · 1

x

t∗�
i=t∗−x

QHP,hist
ω,th,i +

β⋆
ω,2 · 1

x

t∗�
i=t∗−x

�
T indoor,hist

ω,i − T outdoor,hist
ω,i


ω ∈ Ω (3.58)

copHP,hist
ω,t∗ = β̂ω,0 + β̂ω,1 · T outdoor,hist

ω,t∗ ω ∈ Ω (3.59)

The factor ∆T indoor,hist
ω,t∗,t∗−x represents the indoor temperature difference between

the time period t∗ and the time period t∗ − x observed in the operation of
the HP ω. QHP,hist

ω,th,i is the thermal energy delivered by the HP (ω) in the time
period i. T indoor,hist

ω,i and T outdoor,hist
ω,i are the historical indoor and outdoor

temperatures in the time period i, while copHP,hist
ω,t∗ is the historical coefficient

of performance of the HP ω at a generic time period t∗.

Hence, the linearized coefficient of performance (copHP
ω,t ), the linearized heat

losses (KHP,loss
ω,t ) and the conversion factor (cfHP

ω ) of the HPs (Ω) are defined
as below.

copHP
ω,t = β̂ω,0 + β̂ω,1 · T outdoor

t ω ∈ Ω, t ∈ T (3.60)
cfHP

ω = β⋆
ω,1 ω ∈ Ω (3.61)

KHP,loss
ω,t = −

�
β⋆

ω,0 + β⋆
ω,2 ·

�
T indoor

t−1 − T outdoor
t−1

 
ω ∈ Ω, t ∈ T (3.62)

In order to optimize the consumption of the heat pump in the optimiza-
tion framework, an exogenous time-series of predicted outdoor temperatures
(T outdoor

T ) is required.

T outdoor
T = (T outdoor

1 , T outdoor
2 . . . , T outdoor

T ) (3.63)

In this optimization framework, the heat pump is modeled as a virtual bat-
tery and therefore it is necessary to define its capacity bounds given by the
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indoor temperature limits (T indoor
min and T indoor

max ). The indoor temperature of
the building or room (T indoor

t ) must be calibrated within those temperature
bounds as described in (3.64).

T indoor
min ≤ T indoor

t ≤ T indoor
max t ∈ T (3.64)

The HPs operate between two electrical power limits. The minimum power
(pHP

min) and the nominal power (pHP
max). Hence, the electrical power of the heat

pump is bounded as follows in the optimization framework.

pHP
min · σHP

t ≤ pHP
t ≤ pHP

max · σHP
t t ∈ T (3.65)

And consequentially, it can be stated that the HPs differ under the linearized
coefficient of performance (copHP

ω,t ), the linearized heat losses (KHP,loss
ω,t ), the

conversion factor (cfHP
ω ), the minimum power (pHP

ω,min), the nominal power
(pHP

ω,max) and investment costs (CHP,I
ω ). Since the investment of an end-user is

limited to one HP, the following constraints are defined in order to determine
the optimal HP to invest in.

copHP
t =

Ω�
ω=0

copHP
ω,t · σHP,I

ω (3.66)

cfHP =
Ω�

ω=0
cfHP

ω · σHP,I
ω (3.67)

KHP,loss
t =

Ω�
ω=0

KHP,loss
ω,t · σHP,I

ω (3.68)

pHP
max =

Ω�
ω=0

pHP
ω,max · σHP,I

ω (3.69)

pHP
min =

Ω�
ω=0

pHP
ω,min · σHP,I

ω (3.70)

CHP,I = 1
AHP

nHP ,r

·
Ω�

ω=0
CHP,I

ω · σHP,I
ω (3.71)

where the binary variable σHP,I
ω determines the installed HP model. Fur-

thermore, it is necessary to employ constraint 3.72 in order to assign to an
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end-user one only HP.

Ω�
ω=0

σHP,I
ω = 1 (3.72)

Finally, the energy equilibrium of the heated building or room can be de-
fined in each time period as in (3.73) and (3.74) with the consideration of
the electrical efficiency (ηHP) and the linearized coefficient of performance
(copHP

t ).

T indoor
0 = T indoor

Start (3.73)
T indoor

t = T indoor
t−1 +�

cfHP·copHP
t ·ηHP·pHP

t − KHP,loss
t


· ∆t t ∈ T (3.74)

According to the physical and economical restrictions, the optimization frame-
work determines the optimal investment (CHP,I) and operation (pHP

t ) of the
HP and the resulting indoor temperature (T indoor

t ) in each time step.

3.3 Grid tariffs and electricity markets

Grid tariffs and electricity markets play a central role in the deployment of
end-users flexibilities. In fact, the extent of the costs reductions achievable
with flexibilities are strongly influenced by the volatility of the spot market
prices and the grid tariff design. Appropriate market design and trading pro-
cedures, as well as a beneficial grid tariffs are fundamental elements to drive
the use of end-users flexibilities. Changes in the distribution grid tariff struc-
ture is under discussion in many European countries. In particular due to the
increasing shares of PV self-generation in residential buildings. This section
aims to describe how grid tariffs and spot market operations are mathemat-
ically defined in the mixed-integer linear optimization framework.
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3.3.1 Grid tariffs

Generally, grid tariffs differ from the grid connection level, but in general,
the end-user’s grid costs are made up of three distinct cost components: a
power-related cost component (CGr,P), an energy-related component (CGr,E)
and a fixed rate (CGr,FR). The power-related cost component is the product
of the peak power at the GCP (pGCP,in

j,max ) and the specific grid power price
(P Gr,P). The energy-related cost component depends linearly on the amount
of energy withdrawn from the grid, which multiplies the specific grid energy
price (P Gr,E) as described in 3.76. Hence, total grid costs (CGr) for a generic
end-user are given by the sum of these three components, as depicted in
3.77.

CGr,P = pGCP,in
max · P Gr,P (3.75)

CGr,E = ∆t ·
T�

t=1

�
pGCP,in

t


· P Gr,E (3.76)

CGr = CGr,E + CGr,P + CGr,FR (3.77)

In accordance with the grid constraints, the optimization algorithm defines
the peak power (pGCP,in

j,max ) and the power flows (pGCP,in
t and pGCP,out

t ) of an
end-user in each time step.

3.3.2 Modeling of the markets and the rolling horizon approach

The mixed-integer linear optimization framework considers the energy-only
markets: the day-ahead spot market and the intraday spot market. End-users
can achieve financial benefits by shifting consumption to hours of low prices
and injection to the grid to hours of high prices. The optimization framework
allows to consider the day-ahead spot market with an horizon of one year in
order to determine the optimal investments. A shorter horizon would neither
be indicative nor sufficient to determine the optimal investments. In this
case, the DA prices are implemented in the optimization framework as an
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exogenous time-series, as shown in 3.78.

P DA
T = (P DA

1 , P DA
2 . . . , P DA

T ) (3.78)

The energy traded at the day-ahead spot market for a generic time t (pDA,Buy
t

and pDA,Sell
t ) is defined by the optimization algorithm as follows.

pDA,Buy
T = (pDA,Buy

1 , pDA,Buy
2 . . . , pDA,Buy

T ) (3.79)
pDA,Sell

T = (pDA,Sell
1 , pDA,Sell

2 . . . , pDA,Sell
T ) (3.80)

Hence, the DA costs (CDA) of a generic end-user are given as the product of
the energy traded in each time step t as follows.

CDA =
T�

t=1

�
P DA

t · �
pDA,Buy

t − pDA,Sell
t

� · ∆t


(3.81)

Furthermore, according to the constraints, the optimization framework de-
termines the power flows (pDA,Buy

t and pDA,Sell
t ) at each time step, which are

traded in the DA.

If no investments are considered, the mixed-integer linear optimization frame-
work allows to schedule the consumption and the energy trades of the flexible
end-user based on a rolling horizon optimization approach. The rolling hori-
zon optimization approach is more realistic than traditional models, which
consider perfect knowledge of generation/consumption/market prices for the
entire optimized period. In this approach, an optimization takes place every
hour and a mixed-integer linear optimization problem is solved in order to
schedule the components’ operation and to plan the market trades. The op-
timization framework simulates the negotiations at the intraday spot market
every hour, while the day-ahead spot market auction for the next day takes
place every day at 12 a.m.

There are two different prices in the intraday spot market, bid and ask price,
which are updated every hour for the following 24 hours (τ). The exogenous
time-series P ID,Ask

t,τ and P ID,Bid
t,τ indicate the intraday spot market prices at
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Figure 3.4: The rolling horizon planning process.

the time t for the energy products of the next 24 hours with a 15 minutes
resolution (τ = {1, . . . , 96}). For example, the price P ID,Ask

5,9 expresses the
intraday spot market ask price at the time step 5 for the energy which is
delivered at time step 9.

P ID,Ask
t,τ = (P ID,Ask

t,t+1 , P ID,Ask
t,t+2 . . . , P ID,Ask

t,t+96 ) t ∈ T (3.82)
P ID,Bid

t,τ = (P ID,Bid
t,t+1 , P ID,Bid

t,t+2 . . . , P ID,Bid
t,t+96 ) t ∈ T (3.83)

A graphical representation of the optimization framework’s chronological op-
eration is shown in Figure 3.4.

In the intraday spot market, it is possible to trade the energy products for
the next 3 hours (δID) at the respective bid and ask prices. This enables
the end-user to profit from the short-term price fluctuations in the intraday
spot market through its flexibility. However, the time-series of the scheduled
trades at the intraday spot market at the time t for the period (t, t + τ) are
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defined by the optimization algorithm every time step as described below.

pID,Buy
t,τ = (pID,Buy

t,t+1 , pID,Buy
t,t+2 . . . , pID,Buy

t,t+96 ) t ∈ T (3.84)
pID,Sell

t,τ = (pID,Sell
t,t+1 , pID,Sell

t,t+2 . . . , pID,Sell
t,t+96 ) t ∈ T (3.85)

Hence, the power traded in the intraday spot market for a generic time t

(pID,Buy
t and pID,Ask

t ) is equal to the sum of all the intraday spot market
trades for the time t and can be defined as follows.

pID,Buy
t =

δID
k�

i=0

�
pID,Buy

t−i·k,t


t ∈ T (3.86)

pID,Sell
t =

δID
k�

i=0

�
pID,Sell

t−i·k,t


t ∈ T (3.87)

Therefore, the resulting costs in the intraday spot market at a generic time
t (CID

t ) are defined by the difference between the intraday spot market pur-
chases and sales for the time t (CID,Buy

t and CID,Sell
t ).

CID,Buy
t = ∆t ·

δID
k�

i=0

�
pID,Buy

t−i·k,t · P ID,Ask
t−i·k,t


t ∈ T (3.88)

CID,Sell
t = ∆t ·

δID
k�

i=0

�
pID,Sell

t−i·k,t · P ID,Bid
t−i·k,t


t ∈ T (3.89)

CID
t = CID,Buy

t − CID,Sell
t t ∈ T (3.90)

In the case of the rolling horizon optimization, the objective function of the
mixed-integer linear optimization problem is settled every hour and does
not consider the investment costs and the power-related grid costs. The
minimization of the costs within the horizon τ is defined as follows.

min
τ

t+τ�
i=t

�
CID

i + CDA
i + CGrid,E

i + CBAT,LCOS
i + CEV,LCOS

i


(3.91)
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The total costs (CTot) are given by the sum of all the trades, the grid costs
and the levelized costs of storage within the time periods T as shown in
(3.92).

CTotal =
T�

t=1

�
CID

t + CDA
t + CGrid,E

t + CBAT,LCOS
t + CEV,LCOS

t


(3.92)
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3.4 Nomenclature

Sets

Γ Travel cycles of an end-user
ΓJ Travel cycles of the end-users in J
Ω Considered heat pumps
Φ Considered charging stations
Ψ Considered boilers
T Time periods

Parameters

∆t Duration of one time period
ηx Efficiency of x

Ax
nx,r Annuity factor of x

cx,LCOS Levelized cost of storage of x

cx Specific costs of x

dx E/P of x

Ex Capacity of x

Kx,L% Percentage standby-losses of x

nx Lifespan of x

Nx Number of cycles of x

pEV,C
γ,t Electric vehicle consumption of the travel cycle γ at

time step t

pEV,C
j,γj ,t Electric vehicle consumption of the end-user j and

travel cycle γj at time step t

P x Price of x

px
physical max Physical maximum power of x

P x
t,z Price of x at the time step t for the time step z

P x
t Price of x at the time step t

Qx
th,t Thermal energy variation of x at the time step t
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r Annual interest rate
T x

max Maximum temperature of x

T x
min Minimum temperature of x

Model expressions and variables

β Regressor
cfx Conversion factor of x

copx
t Coefficient of performance of x at the time step t

σEV,c
θ,γ Binary variable of electric vehicle θ and travel cycle γ

σx,I
y Binary variable for investment in model y of technol-

ogy x

σx Binary variable x

σx
j,t Binary variable x of tenant j at time step t

σx
j Binary variable x of tenant j

σx
t Binary variable x at time step t

Cx,I Investment costs of x

Cx Costs of x

Cx
t Costs of x at time step t

Kx,loss Constant loss factor of x

Kx,loss
t Linear losses of x at the time step t

mEV Number of electric vehicles
px,I Installed power of x

px
max Maximum power of x

px
min Minimum power of x

px
t,z Power of x traded at the time step t for the time step

z

px
t Power of x at time step t

socx
t State of charge of x at the time step t

T x
t Temperature of x at the time step t
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potential in multiple case studies

In this chapter, three case studies for the investigation of the end-user’s flex-
ibility potential are presented. The case studies are modeled and simulated
with the mixed-integer linear optimization framework presented in the pre-
vious chapter. In the case studies, different technologies, energy markets,
end-user costs and optimization approaches have been investigated. In gen-
eral, we differentiate between operational costs, grid costs and the investment
of the end-users. The operational costs include the costs of an end-user tech-
nology, which depend on its operation (e.g., the levelized cost of storage of a
battery). The grid costs are given by three main components that vary ac-
cording to the grid level, where the flexible components are connected. The
investment costs represent the capital costs required by an end-user to oper-
ate an asset. The three components are a fix component, an energy-related
component and a power-related component, as presented in the previous
chapter. Figure 4.1 illustrates a schematic overview of the investigated case
studies and their main focuses.

The first case study, "Impact of different charging strategies for electric ve-
hicles in an Austrian office site", presented in Section 4.1, investigates the
economic potential of different charging strategies for an existing office site
in Austria with multiple charging infrastructures. Hence, multiple aspects
of four charging strategies are examined and sensitivity analyses of the grid
costs components and the levelized costs of storage are performed. The sen-
sitivity analyses aim to identify to what extent variations in the single grid
costs components and levelized costs of storage can affect the profitability
for an end-user to apply flexible energy consumption patterns to their energy
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Case Study
Impact of Different Charging 
Strategies for Electric Vehicles
in an Austrian Office Site

A Rolling Horizon Approach for 
Real-Time Trading and Portfolio
Optimization of End-User Flexibilities

On the Characterization 
and Evaluation of Residential 
On-Site E-Car-Sharing

Technologies
Battery
Electric Vehicle
Photovoltaic
Heat Pump
Boiler

Day-Ahead
Intraday

Operational
Grid
Investment

Sensitivity analysis of the grid 
costs components and the
levelized costs of storage of 
the battery. 

Investigation of the effectiveness
of the rolling horizon optimization 
approach for the allocation of 
end-users flexibilities.

Aggregation of the end-user 
of a residential building and 
integration of an e-car-sharing 
system.

Markets

Costs

Focus

Figure 4.1: Overview of the case studies

supply schedules.

The second case study, "A rolling horizon approach for real-time trading and
portfolio optimization of end-user flexibilities", presented in Section 4.2, ex-
plores the effectiveness of the rolling horizon optimization approach for the
allocation of end-users flexibilities. The rolling horizon optimization approach
allows a more realistic analysis than with traditional models, which consider
perfect knowledge of the entire optimization period. The rolling horizon opti-
mization approach is applied to a real-life use case in Austria with measured
data in order to prove its effectiveness, its validity and its reliability.

The third case study, "On the characterization and evaluation of residen-
tial on-site e-car-sharing", presented in Section 4.3, aims to investigate the
economic impact of residential on-site e-car-sharing and the monetary bene-
fits that new e-car-sharing business models may create in different scenarios.
This case study explores the adoption of a residential on-site e-car-sharing
system defining the optimal investment of each tenant in multiple technolo-
gies, such as PVs, BATs, EVs and CSs. The results are applied to a typical
Austrian residential building to demonstrate the optimal technology portfolio
determination in practice.

62



4 Investigation of the flexibility potential in multiple case studies

4.1 Case study: Impact of different charging strategies
for electric vehicles in an Austrian office site

In this case study, different charging strategies are defined and compared
in order to determine the optimal charging strategy for an office site of an
electric utility company in Austria with multiple charging infrastructures. In
particular, it is investigated to what extent the coupling of charging infras-
tructures with batteries can be beneficial for the end-users. This chapter is
based on the paper "Impact of different charging strategies for electric vehicles
in an Austrian office site" (Corinaldesi et al., 2021).

The remainder of this chapter is organized as follows: Section 4.1.1 describes
the investigated case study and how the mixed-integer linear optimization
framework has been set up in order to investigates the economic potential of
different charging strategies for an existing office site in Austria with multiple
charging infrastructures. Section 4.1.2 presents the comprehensive results
and sensitivity analyses of the case study. Finally, Section 4.1.3 discusses the
results, the barriers of the methods applied and the possible directions for
future research.

4.1.1 Description of the case study

In this study, different EV charging strategies are analyzed and compared
with traditional EV charging. In fact, nowadays, EVs are charged as soon
as they are connected to the charging infrastructure. If the maximum ca-
pacity of the EV is reached before the disconnection time, then it remains
connected to the charging infrastructure until the disconnection time occurs.
The flexibility available from a charging cycle can vary in terms of duration
and amount of energy. In fact, EV batteries are only available for a lim-
ited period of time, or rather only when they are connected to the charging
infrastructure. Hence, the operation of a charging cycle is bounded to its
physical limits such as power, capacity and time limits. The charging of an
EV can be managed within a generic time range between the connection time
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Figure 4.2: Power flows and available capacity of an electric vehicle during a charging pro-
cess

SEV and the disconnection time DEV . The graphic in Figure 4.2 shows the
upper (green) and lower (red) capacity bounds of a charging process of an
EV. The blue painted area represents the available capacity of a charging
process, where the flexibility can eventually be activated.

Conforming to these formal bounds given by the physical limits of a charging
process, the optimization algorithm determines the optimal operation of a
charging process defining the optimal input and output power (pEV,in

t and
pEV,out

t ) and the state of charge (socEV
t ) of the EV.

In general, by an office site, EV drivers usually plug in their vehicles at
the same time when they start working. Consequently, unmanaged charging
leads to significant peak loads, which have a large potential negative im-
pact on the grid from a technical, financial and environmental point of view.
In the case of managed charging (MC), the EV is charged when it is eco-
nomically more convenient, taking into account the grid costs, the electricity
spot market costs and the losses of the EV. Furthermore, the V2G charging
strategy allows the EV to reinject electricity into the power grid at times
of high electricity prices in order to achieve lower overall costs. Moreover,
these two different charging strategies are investigated with the further coor-
dination of the charging infrastructures with stationary battery storage. The
investigated use cases in this work are listed below.
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• Baseline (BL): This use case coincides with the unmanaged charging.
The EVs are charged as soon as they are connected to the charging
infrastructure and remain connected to the charging infrastructure until
the disconnection time occurs.

• Managed Charging (MC): In the MC use case, the timing of EVs charg-
ing is optimized in order to minimize the overall costs.

• Vehicle-to-Grid (V2G): In this use case, the electricity of the EVs bat-
tery can be reinjected to the power grid. The EVs are charged and
discharged in order to minimize the overall costs.

• Coordinated Managed Charging (CMC): In the CMC use case, the charg-
ing of EVs is managed and coordinated with the operation of a battery
storage.

• Coordinated Vehicle-to-Grid (CV2G): In the CV2G use case, the charg-
ing and discharging of EVs is enabled and coordinated with the opera-
tion of a battery storage.

In the interests of clarity, charging processes of an EV with MC and V2G are
shown and compared with the BL in Figure 4.3.

In Figure 4.3, three different EV charging strategies are observable for the
same charging process. The upper graphic shows the available capacity (blue
painted area), the upper (green) and lower (red) capacity bounds as already
shown in Figure 4.2. The lower graphic in Figure 4.3 shows a synthetic time-
series of DA spot market prices. Furthermore, the state of charge of an EV
applying three different charging strategies are shown: BL in orange, MC in
blue and V2G in black. As illustrated in Figure 4.3, when the BL strategy
is applied, the EV is charged as soon as it is connected to the charging in-
frastructure without taking into account the DA spot market prices (purple).
When the MC strategy is applied, the EV is charged when the electricity
prices at the DA spot market are low in order to minimize the overall costs,
despite the standby losses. The V2G strategy enables the reinjection of elec-
tricity into the power grid. As shown in Figure 4.3, in fact, the electricity is
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Figure 4.3: Charging processes of an electric vehicle by managed charging and vehicle-to-
grid compared with the baseline

bought at times when prices at the DA spot market are low and then resold
when the prices are high in order to minimize the overall costs. Furthermore,
charging processes of an EV with coordinated MC and coordinated V2G are
shown and compared with the BL in Figure 4.4.

Figure 4.4 shows the state of charge of the EV and the BAT during a charging
process by coordinated MC and coordinated V2G. As in Figure 4.3, the upper
graphic shows the available capacity (blue painted area), the upper (green)
and lower (red) capacity bounds. Moreover, the state of charge of the EV
and the BAT by CMC (blue) and CV2G (black) are illustrated. In these
cases, electricity is bought before the charging process begins at a low price.
The electricity bought at a low price at the DA spot market can be stored
in the BAT and further sold at a high price or used to recharge the EV. The
coordination between EVs and BATs allows the system to use more price
signals in order to further reduce the overall costs.

In this study, the parking lot of an office site of an electric utility company
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Figure 4.4: Charging processes of an electric vehicle with coordinated managed charging
and coordinated vehicle-to-grid compared with the baseline

in Austria is investigated1. The investigated parking lot has 30 charging
infrastructures with different nominal powers; 4 charging stations with a
nominal power of 22 kW, 10 with a nominal power of 11 kW and 16 with
a nominal power of 3.7 kW. This study aims to understand which is the
most advantageous charging strategy and how convenient it is to install an
80 kWh-capacity stationary battery storage. The considered stationary bat-
tery storage consists in a battery pack of lithium-iron-phosphate batteries
(model "BYD BATTERY-BOX HV" with an external inverter). Theses flex-
ible components are connected to a common grid connection point. A graph-
ical representation of the flexible components and the associated power flows
is shown in Figure 4.5.

1More specifically WEB, Windenergie AG, Pfaffenschlag, Austria with the coordinates
N 48.843594, E 15.200681.
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Figure 4.5: Flexible components and associated power flows

Table 4.1: Case study 1: Grid costs and assumed LCOS in the simulations

Parameter Value Unit Description

P Gr,FR 1492 e
Y ear Fixed flat rate of the grid

P Gr,E 33.1 e
MWh Specific energy-related grid price

P Gr,P 46.725 e
kWP ·Y ear Specific power-related grid price

cBAT,LCOS 20 ect
kWh Levelized cost of storage

The simulated period covers the year 2019. Over the period of one year,
3,739 charging processes of EVs take place with a total of 54.927 MWh. The
consumption data of the EVs are actually measured data of the investigated
office site. The DA spot market prices of the European Power Exchange
(EPEX) are considered, available on the ENTSO-E transparency platform
(ENTSO-E, 2022). Furthermore, the considered grid tariffs are those applied
in Austria (according to the Austrian electricity regulatory office (E-Control,
2021)), while the levelized costs of storage are based on the work (Jülch,
2016). Table 4.1 resumes the grid costs and the LCOS that are assumed in
the simulations.

The objective of this work is to compare the economic potential of four charg-
ing strategies (MC, V2G, CMC, CV2G) with the unmanaged charging of EVs
for an existing office site in Austria with multiple charging infrastructures.
It is assumed that the operations of the managed components are optimized
through automated technologies. Furthermore, no communication problems
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of any kind between the operating components are considered. Moreover,
since this work aims to understand the potential of the different charging
strategies for EVs, the optimization problems are solved under the assump-
tion of perfect load forecast.

4.1.2 Results

In this section, the results of the simulations are presented, and the economic
potential of the four investigated EVs charging strategies of (MC, V2G, CMC,
CV2G) are compared with the unmanaged charging (BL). The results of the
simulations are described and discussed, focusing on quantifying the value
of different charging managements strategies of EVs. Figure 4.6 shows the
results of the investigated case study and raises the monetary potential of four
charging strategies (MC, V2G, CMC, CV2G) compared with the unmanaged
charging of EVs (BL) for the studied office site in Austria.

Baseline Managed
Charging

Vehicle-to-Grid Coordinated
Managed
Charging

Coordinated
Vehicle-to-Grid

4000

2000

0

2000

4000

6000

C
o
st

s 
in

 E
U
R

Costs in the different Charging Strategies

Day-Ahead Costs (CDA)

Energy-Related Grid Costs (CGr, E)

Power-Related Grid Costs (CGr, P)

Fixed Flat Rate (CGr, FR)

Costs of Storage (CBAT, LCOS)

Costs Difference to the Baseline

0

20

40

60

80

100

C
o
n
su

m
p
ti

o
n
 i
n
 M
W
h

Energy Consumption

Baseline

Managed Charging

Vehicle-to-Grid

Coordinated
Managed Charging

Coordinated
Vehicle-to-Grid

Figure 4.6: Costs and energy consumption in the different charging strategies

In Figure 4.6, it is observable that in the BL, the overall costs (in the graph on
the left) and the electricity consumption (in the graph on the right) are higher
compared to the remaining four investigated charging strategies. In the BL,
the electricity consumption is higher because the EVs are charged as soon as
they are connected to the charging infrastructure and remain connected to
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the charging infrastructure until the disconnection time occurs. This leads
to high standby losses. Consequently, more electricity is needed to reach the
required state of charge of the EV’s batteries when the disconnection time
occurs. Therefore, the energy-related grid costs (light blue) are higher in the
BL compared to the other four investigated charging strategies. The costs
at the DA spot market (blue) are mainly higher for two reasons. Firstly, as
already mentioned, more electricity is required and therefore it is necessary
to buy more electricity in the DA spot market. The second reason is that the
capacity of a charging process is not utilized (as already shown in Figure 4.3).
In the BL, in fact, electricity is bought regardless of the DA spot market prices
as soon as an EV connects to the charging infrastructure without applying
any load shifting. Furthermore, in the BL, no peak shaving is operated for
the aggregated charging infrastructures. This leads to high power-related
grid costs (orange). The fixed flat rate is the same for all investigated use
cases since it depends exclusively on the time of use of the grid connection,
which in this study amounts to one year.

The MC achieves a reduction in overall costs of 30.7% compared to the BL.
This is due to the fact that in this case, the load shifting and the peak
shaving are applied with the possibility of charging EVs when the DA spot
market prices are low and avoiding congestion of EVs charging processes.
Congestion of EVs causes the increase in peak power and consequently of
the power-related grid costs. In fact, the power-related grid costs (CGr,P) in
the MC use case are reduced by 56.6% compared to the BL. Moreover, in
this case, the electricity is bought when it is economically more convenient,
taking into account the grid costs, DA spot market costs and losses of the
EV. This leads to a reduction in DA spot market costs (CDA) of 21.2% and
in the energy-related grid costs (CGr,E) of 9%, as observable in Figure 4.6.

Furthermore, the V2G strategy achieves an overall costs reduction of 31%
compared to the BL. In this case, the reinjection of electricity from the EVs
into the power grid is enabled together with the possibility to operate load
shifting and peak shaving, when it is economically convenient. In this case,
the power-related grid costs (CGr,P) are reduced by 56.6%, the DA spot
market costs (CDA) by 22.6% and the energy-related grid costs (CGr,E) by
8.2% compared to the BL. The possibility to reinject the electricity into the
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power grid, in fact, allows the resale of electricity purchased at a low price
for a higher price. As a consequence, in this case, an increased amount
of electricity is consumed, but the costs at the DA spot market are lower
compared to those in the MC use case.

Moreover, in the CMC and CV2G strategies, the use of the BAT allows
achieving further costs reductions compared to the other investigated use
cases. As we can see in Figure 4.6, the overall cost reduction achieved in
both cases is more than 34%. The DA spot market costs (CDA) are reduced
by 19.7% applying the CMC and 21.3% in the CV2G charging strategy. The
energy-related grid costs (CGr,E) are reduced by 8.5% in the CMC use case
and 7.7% applying the CV2G strategy compared to the BL. The operation
of the BAT is mainly aimed at reducing the power peaks in order to reduce
the power-related grid costs (CGr,P) in both cases, achieving a reduction of
68.3% compared to the BL.

The high LCOS (cBAT,LCOS) makes the BAT use very rare for load shifting.
For this reason, the BAT is used more in the CMC than in the CV2G use
case, since the possibility to inject the electricity directly from the EVs to the
power grid makes the BAT less useful. In fact, applying the CV2G strategy,
the BAT is charged with an amount of electricity equal to 489.1 kWh, while
in the CMC use case the BAT is charged with 519.7 kWh. The amount of
electricity flown in the BAT, as already mentioned, is very low due to the
high LCOS. Section 4.1.2.1 presents a sensitivity analysis aimed to determine
the effect of variations in LCOS (cBAT,LCOS) on the overall costs and battery
usage.

4.1.2.1 Sensitivity analysis: Overall costs and stationary battery storage
usage vs. levelized costs of storage

In an EVs parking lot, the BAT can contribute to the reduction of the overall
costs in three ways.

• Through the buying and selling of electricity in the DA spot market,
so as to be able to take advantage of price volatilities,
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Figure 4.7: Sensitivity analysis: Overall costs and stationary battery storage usage vs. lev-
elized costs of storage

• applying a further load shifting by buying the electricity needed to
charge the EVs when the EVs are not yet connected to the charging
infrastructures,

• by doing peak shaving, thus reducing power-related grid costs (CGr,P).

In all three cases, the LCOS (cBAT,LCOS) play a key role because they deter-
mine the monetary convenience of operating the BAT. Figure 4.7 presents a
sensitivity analysis, aimed to determine the effect of variations in LCOS on
the overall costs and the BATs usage in the CMC and CV2G use cases.

As shown in Figure 4.7, the overall costs of the CMC (light blue) and CV2G
(orange) use cases decrease with the lowering of the LCOS (cBAT,LCOS). As
the LCOS increases, the overall costs of the CMC and CV2G use cases tend
to the overall costs of the MC (blue) and V2G (red) use cases, as the BAT
usage decreases. The BAT in the CMC use case is utilized more than in
the CV2G use case since, with high LCOS, it is more convenient to inject
and withdraw electricity from the EVs when their capacity is available. In
the CV2G use case, in fact, the BAT is used mostly for peak shaving and
less for electricity marketing and load shifting, as visible in Figure 4.7. The
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use of the BAT, in fact, decreases with the increase of the LCOS, since it
becomes no longer economically convenient to cover a high number of power
peaks and that is why it is preferable not to operate peak shaving and pay
a higher power-related grid rate. Moreover, in Section 4.1.2.2, a sensitivity
analysis aimed to determine the effect of variations in specific energy-related
grid price (P Gr,E) on the overall costs (CTot) is presented.

4.1.2.2 Sensitivity analysis: Overall costs vs. specific energy-related grid
price

In this section, it is investigated whether increasing or reducing the specific
energy-related grid price (P Gr,E) can, in some way, incentivize the investi-
gated Austrian office site to apply one of the studied charging strategies.
Figure 4.8 consists of 5 graphs showing the overall costs as a function of the
specific energy-related grid price for the four investigated charging strategies
and the BL.

Figure 4.8 shows that the changes in specific energy-related grid price (P Gr,E)
have a similar influence on all investigated use cases. This is due to the fact
that in all use cases studied, EVs must be charged with the same amount
of electricity. This means that at high specific energy-related grid price, the
optimal solution leads to minimizing the losses, so as to have the least amount
of electricity flowing through the grid connection point. With the increase of
the specific energy-related grid price, it does not become more economically
convenient to operate electricity marketing on the DA spot market since the
storage of electricity causes efficiency and standby losses, and also because the
electricity purchase price increases linearly with the specific energy-related
grid price. An increase in specific energy-related grid price, therefore, does
not make any of the four investigated charging strategies more advantageous
over the other. Even at a very low specific energy-related grid price, the
BAT is mostly operated for peak shaving, as current LCOSs often do not
make it convenient to operate electricity marketing in the DA spot market.
Therefore, in Section 4.1.2.3 a sensitivity analysis is presented in order to
determine the effect of variations in specific power-related grid price (P Gr,P)
on the overall costs.
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Figure 4.8: Sensitivity analysis: Overall costs vs. specific energy-related grid price

4.1.2.3 Sensitivity analysis: Overall costs vs. specific power-related grid
price

As already seen in Figure 4.6, the power-related grid costs constitute the
most expensive cost component of the overall costs in the BL. Therefore, the
four investigated charging strategies aim mainly to reduce the power-related
grid costs lowering the peak power. Figure 4.9 presents a sensitivity analysis
aimed to determine the effect of variations in the specific power-related grid
price on the overall costs.

In Figure 4.9, it is observable that the overall costs (CTot) in all investigated
use cases increase almost linearly with the increase of the specific power-
related grid price (P Gr,P). However, it is evident how the slope of the total
costs as a function of the specific power-related grid price changes in the
studied charging strategies. The BL has the most significant slope, while
the cases where the EVs are coordinated with the BAT the slope is minor.
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Figure 4.9: Sensitivity analysis: Overall costs vs. specific power-related grid price

This is due to the fact that in the CMC and CV2G use cases, there is more
capacity available to perform peak shaving. Again, the difference in overall
costs between the MC and the V2G use cases and between the CMC and
the CV2G use cases is minimal, confirming the fact that injecting electricity
into the grid from an EV is rarely cost-effective. In conclusion, it can be
demonstrated to the hand of Figure 4.9 that an increase in specific power-
related grid price (P Gr,P) would further incentivize the investigated Austrian
office to implement a smart charging strategy and invest in the BAT.

4.1.3 Discussion

This case study presents the monetary potential of different EVs charging
strategies for an existing Austrian office site with multiple charging infras-
tructures. Hence, multiple optimization problems are defined in order to
determine the operation of the investigated components in the different EVs
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charging strategies. The mixed-integer linear optimization framework used
is presented in Chapter 3. The optimization problems are modeled using the
Python toolbox Pyomo (Pyomo, 2021) and solved with the Gurobi solver
(Gurobi Optimizer Reference Manual, 2021).

Various diversities and potentials of different EVs charging strategies are
identified comparing four charging strategies for the same case study. The
simulations have shown that unmanaged charging of EVs leads to high power
peaks, which results in high total costs. The implementation of a managed
charging strategy can lead the overall costs of the Austrian office site’s parking
lot to a reduction of more than 34%. In particular, the power-related grid
costs can decrease by 68% if the charging of EVs is managed and coordinated
with the operation of a BAT.

Moreover, the simulations have shown that the charging processes manage-
ment leads to less electricity consumption because of the lower standby losses.
This results in reduced energy-related grid costs, which can decrease by 9%.
The results highlight the fact that, for an office, there is no big difference in
overall costs if the V2G is operated. In fact, the overall costs between the
V2G and MC use cases and between the CV2G and CMC use cases differ
only by 0.3%. This is mainly due to the fact that the connection time of
EVs to the charging infrastructures at an office is not long enough to allow
the capture of market price signals and charging the EV at the same time.
In fact, the average connection time of EVs to the charging infrastructures
during the year 2019 was 98 minutes. However, it should be noted that this
cannot be ruled out for private end-users, where the average connection time
of EVs is certainly longer and thus, it is reasonably possible that the V2G
charging is monetary convenient.

The performed sensitivity analyses show that the BAT at the current lev-
elized cost of storage operates mostly for peak shaving and not for marketing
electricity in the DA spot market. Marketing electricity in the DA spot mar-
ket becomes economically convenient for the BAT when the levelized cost of
storage is lower than 0.08 ect

kWh , as shown in Figure 4.7. It has also been shown
that an increase in specific energy-related grid prices is unlikely to incentivize
the Austrian office site to implement managed charging in their parking lot.
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Instead, an increase in specific power-related grid price makes EV’s charging
management more convenient and therefore incentivizes the Austrian office
site to implement it and also to invest in a BAT. Therefore, one of the future
challenges is to investigate to what extent the specific power-related grid price
will increase. Nowadays, the growing share of renewables in the power grid
raised the specific power-related grid prices in different European countries.
Therefore, it is reasonable to assume that in the future, the charging process
management of EVs can be further incentivized.
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4.2 Case study: A rolling horizon approach for
real-time trading and portfolio optimization of
end-user flexibilities

This case study presents the application of the rolling horizon optimization
approach presented in Section 3.3.2 to a real-life use case in Austria with
measured data. In this case study, we aim to define to what extent the
trading of electricity in the day-ahead and the intraday spot markets can lead
end-users to overall costs reduction. This investigation is based on the paper
"A rolling horizon approach for real-time trading and portfolio optimization
of end-user flexibilities" (Corinaldesi et al., 2020).

Low predictability and variability of electricity consumption and renewable
electricity generation increase the importance of sequential short-term trad-
ing. In this case study, the relevance of sequential short-term trading at the
intraday spot market of end-users various flexibilities is investigated. The
flexible end-user technologies considered are battery storages, electric vehi-
cles, photovoltaic panels, electric boilers and heat pumps. In particular,
the heat pumps, which are typically characterized by highly non-linear re-
lationships, are modeled with the linear data-based method illustrated in
Section 3.2.7.

In the following sections, the operating strategy of the end-user components,
in order to minimize the energy costs and to best allocate the flexibilities be-
tween the day-ahead and the intraday spot markets, is defined for a real-life
use case in Austria. The remainder of this chapter is organized as follows:
Section 4.2.1 describes the investigated case study and how the mixed-integer
linear optimization framework has been set up for the examined case study.
Section 4.2.2 presents the comprehensive results of the rolling horizon op-
timizations. Finally, Section 4.2.3 discusses the results and elaborates on
possible directions for future research.
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4.2.1 Description of the case study

The end-user considered in this case study is a wastewater treatment plant
in Großschönau, Austria2. The simulated period covers two winter weeks:
from 06.01.2020 until 20.01.2020. At this site, the grid connection point is
limited to 40 kW and the considered grid tariffs are those applied in Austria,
according to the Austrian electricity regulator (E-Control, 2021). In this case
study, the optimal investment in the different technologies is not evaluated.
The simulations consider a given set up of technologies and components, and
determine the optimal operational strategy in order to minimize the costs. A
graphical representation of the flexible end-user considered and the associated
power flows are shown in Figure 4.10.
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Figure 4.10: Technologies and power flows of the considered end-user

The end-user has two photovoltaic systems with a total installed capacity of
82.3 kWP . The energy generated within the simulated period is 490 kWh.
Furthermore, the wastewater treatment plant includes two unidirectional
EVs-charging stations with 11 kW nominal power each. The EVs parameters
used in the simulations are the actual measured values at the wastewater
treatment plan. The installed storage is a lithium-iron-phosphate battery
model "BYD BATTERY-BOX HV" with an external inverter. The usable
capacity of the storage is 11.5 kW and consists of 9 modules (each 1.28 kWh).

2More specifically Sonnenplatz, Großschönau, Austria with the coordinates N 48.64875,
E 14.93610.
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The maximum charging power is 6.4 kW, while the maximum discharging
power is 5 kW. The HP installed in Großschönau is an air-to-air heat pump
model "TERRA SW Basic". The indoor temperature limits are set to 20 ◦C
and 25 ◦C. The minimum power is 2 kW, while the nominal power is 2.78 kW.
The boiler installed is the model "Electrical Stand Storage VS 300", which
has a water content of 300 L and a nominal power of 6.6 kW. In this case,
the temperature limits are set to 40 ◦C and 95 ◦C. In addition, the end-user
has different inflexible loads with a total consumption of 1.39 MWh during
the simulated period. The generation and consumption data are actually
measured data of the studied wastewater treatment plant in Großschönau,
Austria.

In this case study, both the day-ahead and the intraday spot markets at the
EPEX are considered. The day-ahead spot market auction for the next day
takes place every day at 12 a.m., while the trades in intraday spot market take
place hourly for the next 3 hours with a 15 minutes resolution. Therefore,
an optimization takes place every hour as shown in the previous chapter Fig-
ure 3.4. The updated intraday spot market prices are included every hour in
the rolling horizon optimization framework as input. In the investigated case
study, perfect forecast of load, generation and outdoor temperature have been
assumed. Moreover, it has been assumed that the operations of the managed
components are performed through automated technologies, considering an
optimal communication between the operating components.

4.2.2 Results

In this section, the results of the optimizations are presented. In order to raise
the potential and effectiveness of marketing flexibilities in the day-ahead and
intraday spot market with the application of a rolling horizon optimization
approach, three different simulations are performed.

• Energy Optimal or Baseline simulation

• Day-ahead simulation
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• Day-ahead and intraday simulation

The “Energy Optimal simulation” or "Baseline simulation" is performed con-
sidering a constant electricity price. In this way, no market signals are con-
sidered when optimizing the operation of the individual components, whereas
their physical limits are considered (e.g. limited power, capacities, etc.). The
result is a technical optimal schedule with minimum energy losses and thus
with the lowest energy consumption. After the power flows of the individual
components are determined by the optimization algorithm, the energy trades
are calculated with the day-ahead spot market prices at the EPEX at respec-
tive times. This simulation is considered as a baseline to asses the potential
of the remaining two simulations where spot market prices are considered in
the rolling optimization process.

In the "day-ahead simulation", the optimization is solely based on the varying
day-ahead spot market prices at the EPEX. Energy is purchased when prices
are low, so as to avoid buying it when prices are high. The objective of the
optimization in this case is to minimize the overall costs of the end-user,
trading energy at the day-ahead spot market.

The “day-ahead and intraday simulation” is performed considering both the
day-ahead and intraday spot market at EPEX. A mixed-integer linear opti-
mization problem is solved every hour in order to schedule the components
consumption and to plan the market trades for the next 24 hours. The in-
traday spot market prices are updated every hour for the next 3 hours with
a quarterly resolution and entered in the optimization framework as input.
The trades for the next 3 hours (at the respective bid / ask prices) will be
made in the intraday spot market. The bid price is the highest price a trader
would pay to buy energy. The ask price refers to the lowest price a trader
is willing to sell. This enables short-term price fluctuations in the intraday
spot market to be exploited.

In the interests of clarity, two sequential steps of the rolling horizon planning
process of the “day-ahead and intraday simulation” are shown in Figure 4.11
and Figure 4.12, respectively. In Figure 4.11, the optimal operational sched-
ule at time step t, while in Figure 4.12, the optimal operational schedule at
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time step t + k. As illustrated in the previous chapter in (Figure 3.4), the
parameter k represents the rolling period. In Figure 4.11 and Figure 4.12,
the traded energy at the spot markets, the boiler operation, the heat pump
operation, the battery operation and the spot market prices are shown from
top to bottom. For the sake of space, the inflexible loads, the photovoltaic
generation and the charging of electric vehicles have been omitted in these
graphs.

In Figure 4.11, it is observable that the day-ahead spot market auction al-
ready occurred (at 12 a.m. of the previous day). Therefore, the required
energy for the 8th of January is already traded and the operation sched-
ules of the components provided. However, the volatile intraday spot market
prices offer an opportunity to reduce the overall costs of the end-user de-
spite the grid costs. Hence, the energy is traded at the intraday spot market
and new operation schedules of the components are provided. The operation
schedules of the end-user components are pursued for a rolling period k. At
time step t + k, the intraday spot market prices are updated and a new mixed
integer optimization problem is solved. As observable in Figure 4.12, a new
amount of energy is traded at the intraday spot market. This is because the
energy is being traded at a low price at the intraday spot market, probably
due to an unexpected overproduction or an unexpected under-consumption
in the electrical grid. However, trading energy at the intraday spot market
at time step t + k is the optimal solution to minimize the overall costs of the
end-user. The operation schedules of the components are redefined in order
to optimize the consumption of the traded energy. As shown in Figure 4.12,
the planned operations of the boiler, the heat pump and the battery altered
at time step t + k in comparison to their planned operations at time step
t. The heating of the boiler water has been postponed at time step t + k in
comparison to the planned boiler operation at time step t. The energy that
was already traded at the day-ahead spot market and that was planned to
heat the boiler water is stored in the battery. The plan for heating by the
heat pump is also altered so as to achieve the lowest total costs.

The results of the three different rolling horizon optimization simulations
for the two winter weeks, from 06.01.2020 until 20.01.2020, are shown in
Figure 4.13.
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Figure 4.13: Results of the three rolling horizon optimizations for the two simulated winter
weeks

The bar charts show the cash flows and the energy flows achieved in the sim-
ulations. The costs for the day-ahead spot market purchases (�T

t=1 CDA,Buy
t )

and the purchased amount of energy in the day-ahead spot market (∆t ·�T
t=1 pDA,Buy

t ) are shown in blue. It is possible to notice that the costs for the
day-ahead spot market purchases decrease by 2.44% in the day-ahead simula-
tion and 10.79% in the day-ahead and intraday simulation, while the amount
of energy purchased in the day-ahead spot market increases by 1.09% in the
day-ahead simulation and decrease by 5.58% in the day-ahead and intraday
simulation. The purple bars show the income for the day-ahead spot market
sales (�T

t=1 CDA,Sell
t ) and the sold amount of energy (∆t · �T

t=1 pDA,Sell
t ). The

revenues from the day-ahead spot market sales and the amount of energy
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sold remain equal in the day-ahead simulation. In the day-ahead and in-
traday simulation the income for the day-ahead spot market sales decreases
by 47.8%, while the amount of energy sold in the day-ahead spot market
increases by 1.07% compared to the optimal energy simulation.

In the day-ahead and intraday simulation, the purchased energy at the intra-
day spot market (∆t·�T

t=1 pID,Buy
t ) is 172 kWh for a total cost (�T

t=1 CID,Buy
t )

of 3.78e. The purchased energy at the intraday spot market is visible in the
bar charts in orange. Furthermore, the green bars in Figure 4.13, show the
amount of energy sold in the intraday spot market (∆t · �T

t=1 pID,Sell
t ) and

the derived income (�T
t=1 CID,Sell

t ). In the day-ahead and intraday simula-
tion 48 kWh are sold for 6.01e. The power-related grid costs CGrid,P (in
light blue) and the flat rate CGrid,FR (in red) remain unchanged because the
power peaks are not optimized and the flat rate is not dependent on the en-
ergy consumption. The energy-related grid costs (�T

t=1 CGrid,E
t ) are shown

in magenta and increase by 1.51% in the day-ahead simulation and 5.04% in
the day-ahead and intraday simulation, because of the energy consumption
increase. The total costs difference to the Energy Optimal simulation and
the total consumption increment compared to the Energy Optimal simulation
are shown in black. The total costs (�T

t=1 CTot
t ) decrease by 0.34% in the

day-ahead simulation and 0.78% in the day-ahead and intraday simulation,
while the amount of energy consumed increases by 1.18% in the day-ahead
simulation and 3.21% in the day-ahead and intraday simulation.

Figure 4.14 shows the total costs and energy consumption differences of the
"day-ahead simulation" and the "day-ahead and intraday simulation" to the
"Energy Optimal simulation".

In general, the percentage of total costs reduction is slight, since most of the
costs depend on the grid charges. In fact, the energy procurement costs in
the "day-ahead and intraday simulation" decrease by 8% compared to the
"Energy Optimal simulation". It should be also noted that the relative cost
reduction correlates with the relative consumption increase.

Furthermore, it has to be pointed out that in the day-ahead and intraday
simulation the battery usage or the battery’s number of charging cycles in-
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Figure 4.14: Comparison of the achievable costs reduction and the consumption increase
for the two simulated winter weeks

creases by 14.6% compared to the day-ahead simulation. This causes a more
rapid reduction of the State-of-Health of the battery, which implies faster
deterioration and, consequently, higher investment costs for the long-term
operation.

Since the optimized time span is two winter weeks, the results are not scaled
up to one year. Upscaling the results to one year would not be representative,
since electricity consumption (in particular the electricity consumption of
boilers and heat pumps) is considerably higher in winter.

4.2.3 Discussion

The presented case study investigates the value that different end-user flexible
components (such as BATs, EVs, HPs, Bs and PVs) of a wastewater treatment
plant in Großschönau, Austria, may create if trading energy in the day-ahead
and the intraday spot markets. For this purpose, the rolling horizon opti-
mization approach is used to define the operating strategy of the end-user
components and minimize their overall costs. The rolling horizon optimiza-
tion is modeled using the Python toolbox Pyomo (Pyomo, (2021)) and solved
with the Gurobi solver (Gurobi Optimizer Reference Manual, (2021)).

The methods presented in Section 3.2.6 and Section 3.2.7 to obtain the lin-
earity of the equations that describe the heat exchanges of Bs and HPs, re-
spectively, have achieved high accuracy. With respect to the total measured

87



4 Investigation of the flexibility potential in multiple case studies

consumption in the two considered winter weeks, they achieved an accuracy
of 98% in the case of the boiler and 95.7% in the case of the heat pump.
Hence, it can be stated that the proposed method is suitable for the imple-
mentation of boilers and heat pumps in mixed-integer linear optimization
problems.

The simulations have shown that trading energy in the day-ahead and the
intraday spot markets can lead to a reduction of the total costs of 0.78%
compared to the technical optimal operation of the end-user flexible compo-
nents. In particular, the energy procurement costs decreased by 8%. This
fact led to an energy consumption increase of 3.21%, which caused an in-
crease in energy-related grid costs of 1.51%. Moreover, this case study shows
that price fluctuations in the spot markets, caused largely by grid-connected
renewable energy sources, imply profit opportunities for flexible end-users.
Hence, market-oriented optimization of end-user flexibilities could become
more important in the future with the increase of grid-connected renewable
energy sources and the associated increase in price volatility. Moreover, it
has to be recalled that, in this case study, the EVs-charging stations are
unidirectional. The flexibility of unidirectional EVs-charging stations leads
to slight costs reductions. However, the size of electric vehicle batteries is
growing significantly nowadays. The increasing capacity of the individual
EVs batteries ensures greater operational flexibility available to the end-user,
who, in the future, could be further incentivized to apply a market-oriented
optimization of its flexibilities.

Furthermore, it has to be noted that the simulations did not take into account
the investment costs which would make the coordinated operation of flexible
end-user components possible, e.g., a communication infrastructure between
the end-user, the spot markets and a local device for controlling the end-
user flexible components. Finally, the simulations are performed without
considering any forecast errors of generation and consumption. Hence, the
reduction of the total costs may decrease and the additional consumption
may increase. Therefore, one of the future challenge is to investigate to what
extent the quality of the forecasts can influence the total costs reduction.
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4.3 Case study: On the characterization and
evaluation of residential on-site e-car-sharing

The third case study investigates the economic potential of e-car-sharing
concepts. E-car-sharing concepts can play a key role in future urban areas
as a new and sustainable transport system. When it comes to residential
buildings, the added values of sharing systems are reduced parking space and
increased use of solar photovoltaics generation on-site. The mixed-integer lin-
ear optimization framework presented in Chapter 3 is used to investigate the
economic impact of residential on-site e-car-sharing and the monetary bene-
fits that new e-car-sharing business models may create in different scenarios.
This chapter is based on the paper "On the characterization and evaluation
of residential on-site e-car-sharing" (Corinaldesi et al., 2022).

In this case study, the mixed-integer linear optimization framework deter-
mines the optimal technology portfolio of residential building tenants con-
sidering different scenarios. The optimal solution is found considering the
tenants’ electrical and driving needs, the physical limits of the grid and of
the technologies, the investments costs of the components, the grid cost com-
ponents, and the day-ahead spot market price signals. One of the main goals
is to determine the optimal number of EVs and the optimal type of CSs for
the tenants of a residential building willing to switch from private cars to an
e-car-sharing system. In this case study, depending on the scenario, each ten-
ant can invest in different technologies such as EVs, CSs, PVs and BATs. We
distinguish between private and shared EVs. Depending on the scenario, the
tenants of the residential building adopt an e-car-sharing system or private
EVs to cover their driving needs. The inflexible loads of the tenant represent
their residential load. A visual representation of a residential building and
the power flows of the components are shown in Figure 4.15.

The remainder of this chapter is organized as follows: Section 4.3.1 provides
the description of the investigated case study and scenarios and how the
mixed-integer linear optimization framework has been set up in order to
efficiently coordinate the operation of multiple components and determine
the optimal investment of each tenant. Section 4.3.2 presents a cost-benefit
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analysis of residential on-site e-car-sharing based on the optimization results
comprehensive results. Finally, Section 4.3.3 discusses the results, the barriers
of the methods applied and the possible directions for future research.

4.3.1 Description of the case study

In this work, we consider an Austrian residential building with eight ten-
ants (j ∈ J ). The simulated period covers one year: from 01.01.2019 to
31.12.2019. The residential load (pIL

J ,T ) of the tenants is modeled with the
LoadprofileGenerator software (LoadProfileGenerator, 2021) and the driving
need (pEV,C

J ,Γ,T ) with the Python toolbox emobpy (Gaete-Morales et al., 2021).
The emobpy toolbox considers empirical mobility statistics of different types
of drivers to deliver EVs’ consumption profiles. The tenants’ annual con-
sumption and driven kilometers are resumed in Figure 4.16.

The grid tariffs considered (P Gr,P, P Gr,E and CGr,FR) are given by the Aus-
trian electricity regulator (E-Control, 2021). The DA prices (of the European
Power Exchange) and the PV time-series of specific generation (pPV,p

T ) con-
sidered are those of the ENTSO-E Transparency Platform (ENTSO-E, 2022).
The rooftop of the investigated residential building is limited to 30 kWP of
installed PV and is equally distributed among the tenants J . The tenants
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also have the opportunity to invest in a lithium-ion BATs to reduce their total
costs. Besides, the EV considered is the model "Nissan Leaf" with a capacity
of 40 kWh and a consumption rate of 0.2kWh

km . The tenants and the e-car-
sharing company can invest in one of 8 different CSs with different nominal
power: 3.7 kW, 7.4 kW, 11 kW, 22 kW, bidirectional, or not. The complete
list of the input parameters used in this analysis and their origin is provided
in Table 4.2.

Moreover, the time-series data of residential load, EVs consumption and
driven kilometers, and specific PV generation considered in the simulations
can be found in the Mendeley Data Repository (Corinaldesi, 2022). In the in-
vestigated case study, it has been assumed that the tenants invest in EVs and
not in other conventional vehicles to cover their driving needs. Furthermore,
perfect forecast for the residential load, the driving need and PV generation
are assumed.

The following sections present the scenarios investigated to evaluate the eco-
nomic potential of residential on-site e-car-sharing. Each scenario is distin-
guished by different objective functions and, therefore, by different invest-
ment decisions. Figure 4.17 shows the set-up of the five investigated scenar-
ios, and further details are given in the following subsections. It is important
to note that the scenarios are characterized by different local optimums, with

91



4 Investigation of the flexibility potential in multiple case studies

Table 4.2: Case study 3: List of the input parameters
Description Parameter Value Origin

Number of tenants J 8 -
DA prices P DA

T Time-Series ENTSO-E, (2022)
Power-related grid price P Gr,P 46.7 e

kW E-Control, (2021)
Energy-related grid price P Gr,E 33.3 e

kWh E-Control, (2021)
Grid fix rate C

Gr,FR
j

99.3 e
y E-Control, (2021)

Residential load pIL
J ,T Time-Series LoadProfileGenerator, (2021)

Interest rate (WACC) r 3% -
PV investment costs cPV 1.25 k e

kWp
PV Austria (2021)

Maximal installed PV p
PV,I
max 30 kWp -

PV lifespan nPV 25 y PV Austria 2021
PV generation profile p

PV,p
T Time-Series ENTSO-E, (2022)

PV LCOE cPV,LCOE 5.3 ecent
kWh -

BAT & EV input eff. ηBAT,in,ηEV,in 0.94 Wilson (2020)
BAT & EV output eff. ηBAT,out,ηEV,out 0.92 Wilson (2020)
BAT & EV standby-losses pBAT,L% 0.255 %

h Li et al. (2021)
BAT investment costs cBAT 230 e

kWh Wilson (2020)
BAT duration (E/P) dBAT 4 kWh

kW Wilson (2020)
BAT lifespan nBAT 15 y Cole et al. (2021)
BAT cycles limit NBAT 1 cycle

d Cole et al. (2021)
CSs costs Cφ,CEV,V2G Series E-Station Store, (2021)
CS lifespan nCS 10 y Xiao et al. (2020)
EV capacity EEV 40 kWh Nissan Europe, (2021)
EV lifespan nEV 15 y Nissan Europe, (2021)
EV investment costs CEV,I 18 ke Nissan Europe, (2021)
EV batteries LCOS cEV,LCOS 0.2 e

kWh Wilson (2020)
EV consumption profiles p

EV,C
J ,Γ,T Time-Series Gaete-Morales et al. (2021)

the only exception of the Fully Integrated E-Car-Sharing Company, which
represents the global optimum and thus allows the lowest total costs.

4.3.1.1 Baseline Scenario

In the baseline scenario, as shown in Figure 4.17, the residential building
tenants are characterized by a residential load and a driving need. They do
not have the opportunity to invest in PVs or BATs, but only in optimal CSs.
Furthermore, the tenants optimize their electricity consumption and their
investment individually. Thus, the objective function in the baseline scenario
and the total costs of the tenants are defined as below.

min
T

CDA
j + CGr

j + CEV
j j ∈ J (4.1)

CTot
j = CDA

j + CGr
j + CEV

j j ∈ J (4.2)
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4.3.1.2 Individual Scenario

In the individual scenario, the residential building tenants have the opportu-
nity to invest in PVs and BATs to reduce their yearly costs. In this scenario,
again the tenants optimize their electricity consumption and investment in-
dividually, as illustrated in Figure 4.17. The total costs and the objective
function are defined as follows.

min
T

CDA
j + CGr

j + CPV
j + CBAT

j + CEV
j j ∈ J (4.3)

CTot
j = CDA

j + CGr
j + CPV

j + CBAT
j + CEV

j j ∈ J (4.4)

4.3.1.3 External e-car-sharing company scenario

This scenario is characterized by an external e-car-sharing company J∗, which
covers the driving need of the tenants J , as depicted in Figure 4.17. The
tenants have the opportunity to invest in PVs and BATs without taking into
account their driving needs. At the same time, the external e-car-sharing
company optimizes the EVs’ and CSs’ operation and investment and the
tenants share the EVs made available by the e-car-sharing company. The
non-simultaneous tenants’ need for EVs allows, possibly, the e-car-sharing
company to cover their driving needs with fewer cars. Hence, the tenants
and the e-car-sharing company optimize their electricity consumption and
investment individually, as described in the following objective functions.

min
T

CDA
j + CGr

j + CPV
j + CBAT

j j ∈ J (4.5)

min
T

CDA
J∗ + CGr

J∗ + CEV
J∗ (4.6)

Furthermore, in this study, the costs incurred by the e-car-sharing company
CTot

J∗ are distributed among the tenants on the basis of their driving needs
(pEV,C

j,T ), as described in Equation (4.7). Hence, the total costs of the tenants
CTot

j are defined as depicted below.

CFee
j =

�T
t=1 pEV,C

j,t�J
j=1

�T
t=1 pEV,C

j,t

· CTot
J∗ j ∈ J (4.7)
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CTot
j = CDA

j + CGr
j + CPV

j + CBAT
j + CFee

j j ∈ J (4.8)

4.3.1.4 Partially integrated e-car-sharing company scenario

In this scenario, the e-car-sharing company J∗ can also invest in PVs and
BATs to reduce its costs (CTot

J∗ ), as shown in Figure 4.17. Since the rooftop
area of a residential building is generally limited, the e-car-sharing company
J∗ has the opportunity to use the part of the rooftop area, which is not used
by the tenants J , as depicted below.

pPV,I
J∗,max = pPV,I

max −
J�

j=1
pPV,I

j j ∈ J (4.9)

Hence, the objective function of the e-car-sharing company J∗ is defined as
follows, while the objective function and the total costs of the tenants are
calculated as in Equation (4.5) and Equation (4.8), respectively.

min
T

CDA
J∗ + CGr

J∗ + CPV
J∗ + CBAT

J∗ + CEV
J∗ (4.10)

4.3.1.5 Fully integrated e-car-sharing company scenario

The scenario with the full integrated e-car-sharing company is the most ideal
one. In this case, the tenants build up an energy community with an e-car-
sharing company to make joint investments in BATs, PVs, EVs and CSs, as
illustrated in Figure 4.17. Consequently, the total costs (CTot) are given by
the objective function in 4.11. Furthermore, the costs are distributed among
the tenants on the basis of their residential loads (pIL

j,T ) and driving needs
(pEV,C

j,T ), as depicted in 4.12.

min
T

J∗�
j=1

�
CDA

j + CGr
j + CPV

j + CBAT
j + CEV

j

�
(4.11)

CTot
j =

�T
t=1

�
pIL

j,t + pEV,C
j,t


�J

j=1
�T

t=1
�
pIL

j,t + pEV,C
j,t

 · CTot j ∈ J (4.12)
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Figure 4.18: Comparison of the annual total costs of the residential building tenants

4.3.2 Results

This section presents the results of the simulations performed in order to
evaluate the economic potential of residential on-site e-car-sharing. The op-
erational strategy of the technologies, which are implemented in the mixed-
integer linear optimization framework using the Python toolbox Pyomo (Py-
omo, 2021), is defined by the Gurobi solver (Gurobi Optimizer Reference
Manual, 2021). The annual total costs for the residential building tenants J
in the five different scenarios are resumed in Figure 4.18.

In the baseline scenario, the tenants optimize their electricity consumption
and investment in CSs to cover their residential and driving needs. It follows
that, in this simulation, no investment in PVs, BSs, or e-car-sharing system
is considered. The availability of the EV batteries allows the tenants to
flexibilize their consumption patterns to optimize their electricity withdrawals
and minimize their total costs. In this case, 47.2 MWh were bought at the
DA for an average price of 40 €

MWh . The grid costs (�J
j=1 CGr

j ) represent 18%
of the total costs, of which 37% are energy-related, 44% power-related and
19% are the fixed rate. The EVs’ costs (�J

j=1 CEV
j ) make up 73% of the total

costs, as shown in Figure 4.18. The optimal investment for the tenants is for
each a 3.7 kW CS without implementing a bidirectional inverter.
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In the individual scenario the tenants have the opportunity to invest in PVs
and BSs. Figure 4.19 presents the overall installed BAT capacity (�J∗

j=1 pBAT,I
j ·

dBAT), the total installed PV power (�J∗
j=1 pPV,I

j ) and the autarky and self-
consumption rates. The self-consumption rate describes the relationship be-
tween the energy used, which is produced from the photovoltaic plant, and
the total energy produced by the photovoltaic plant itself. The autarky rate
is the relationship between the energy used generated by the photovoltaic
plant and the total amount of electricity required by the tenants. It is ob-
servable that in the individual scenario, the residential building’s tenants
utilize almost the entire rooftop area installing 28.6 kWP PV power. Also,
the further investment in 18.7 kWh BAT capacity leads the tenants to a total
costs reduction of 1.98%, as shown in Figure 4.18. In this case, the DA costs
represent only 2% of the total costs. In total, 37.8 MWh were negotiated at
the DA, of which 25 MWh bought and 12.8 MWh sold. The operation of the
BATs allows the tenants to purchase energy when the DA prices are low and
to sell it again when prices are high. The self-production of energy through
PV leads to a significant reduction of energy-related grid costs. In fact, the
grid costs (�J

j=1 CGr
j ) are 27% lower in comparison to the baseline scenario.

On the other hand, the PV and BAT costs represent 10% of the total costs.
The opportunity to invest in PV and BAT does not affect the investment in
CSs. In fact, as in the baseline scenario, each tenant invest in a not bidirec-
tional 3.7 kW CS. However, it should be noted that the availability of the EV
batteries allows the tenants to achieve a noteworthy self-consumption rate
(65%), as shown in Figure 4.19.

In the external e-car-sharing company scenario, an external e-car-sharing
company covers the driving needs of the tenants, which invest in PVs and
BATs, taking into account only their residential load. In this scenario, the
e-car-sharing company does not have the opportunity to invest in PVs and
BATs. As shown in Figure 4.18, the total costs drop by over 19%. The
non-simultaneous use of EVs allows the e-car-sharing company to cover the
tenants’ driving needs with five cars (mEV = 5). This leads to a significant
reduction of the EVs’ costs (�J

j=1 CEV
j ) of 26%. Also in this case, the CSs

are not bidirectional, but have different nominal charging powers. In fact,
the e-car-sharing company invest in 1 CS with 3.7 kW nominal power, 3 with
7.4 kW and 1 with 11 kW. The reduced number of EVs causes a lower amount
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Figure 4.19: Photovoltaic data and installed battery storage capacity

of flexibility, leading to higher DA and grid costs. As a result, the DA and
the grid costs are, respectively, 148% and 20% higher in comparison to the
individual scenario. It is important to note that, since the residential building
tenants no longer have to cover their driving needs, they optimally invest in
less PV power (only 18.5 kWP ), as illustrated in Figure 4.19. Nevertheless,
the non-availability of the EV batteries makes it more convenient for the
tenants to invest in batteries, which are installed for more than 22 kWh.
These facts lead the tenants to have an autarky rate of 56% and a self-
consumption rate of 57%.

The partially integrated e-car-sharing company scenario is characterized by
an e-car-sharing company, which covers the driving needs of the tenants and
has the opportunity to invest in PVs and BATs. As observable in Figure 4.18,
the total costs drop by over 20% in comparison to the baseline scenario. Also
in this case, the non-simultaneous usage of EVs allows the e-car-sharing com-
pany to cover the tenants’ driving needs with five cars (mEV = 5), investing
in the same type of CSs used in the external e-car-sharing company scenario.
The e-car-sharing company invests in the remaining 11.5 kWP of PV avail-
able on the rooftop without investing in BAT. This investment involves the
maximum exploitation of the available PV power on the rooftop (30 kWP ),
reducing the DA and grid costs by 78% and 23%, respectively, in comparison
to the baseline scenario. Since the e-car-sharing company can invest in PV,
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its consumption patterns are considered in the calculation of the autarky
and self-consumption rates. Figure 4.19 shows how the opportunity for the
e-car-sharing company to invest in PV leads to an overall self-consumption
rate of 69%.

In the fully integrated e-car-sharing company scenario, the tenants and the
e-car-sharing company build up an energy community to make joint invest-
ments in BATs, PVs, EVs and CSs. This scenario represents the most ideal
one and leads to a total costs reduction of 29%, as illustrated in Figure 4.18.
In this case, the optimization aims to minimize the total costs, as described
in the objective function 4.11, and not to minimize the costs of each player
in J ∗ individually. The tenants’ driving needs are covered with five cars
(mEV = 5) and 5 non-bidirectional CSs: 1 with 3.7 kW nominal power, 3 with
7.4 kW and 1 with 11 kW. The optimization considers all residential loads
(�J

j=1 pRL
j,T ) and driving needs (�J

j=1 pEV,C
J ,Γ,T ) simultaneously, which lead to

optimal dispatching of the PV-generated electricity, optimal BS capacity us-
age, and optimal operation of the CSs. In fact, the DA costs (�J

j=1 CDA
j ) fall

by 80%, and the grid costs (�J
j=1 CGr

j ) fall by 66% compared to the baseline
scenario. Moreover, the decrease of the installed BAT (11.4 kWh) and the
increase of the autarky and self-consumption rates are remarkable, which in
this scenario are 62% and 77%, respectively.

Since the optimization framework optimizes the residential building as a sin-
gle agent and the costs are distributed among the tenants based on their
residential loads (pIL

j,T ) and driving needs (pEV,C
j,T ), the cost savings are not

shared equally. Figure 4.20 compares the tenants annual total costs (CTot
j )

in the five investigated scenarios.

It is observable that in the scenarios where the e-car-sharing company costs
are distributed on the basis of the tenants’ driving needs (pEV,C

j,T ), the tenants
with the higher driving need (tenants 3, 4 and 8) have slighter cost reduc-
tions compared to the tenants with a low driving need. In particular, in the
fully integrated e-car-sharing company scenario, where both the residential
load (pIL

j,T ) and driving need (pEV,C
j,T ) are considered to share the cost savings

(4.12), there are tenants for whom this set-up may not be economically ad-
vantageous. In fact, in this case study, tenants 2 and 3 minimize their costs
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Figure 4.20: Comparison of the tenants’ annual total costs

in the partially integrated e-car-sharing company scenario, as illustrated in
Figure 4.20. This happens because of their high residential load (pIL

j,T ). A
more sophisticated approach to share the total costs is required to make
this scenario the most economically convenient for all the tenants, such as
the Shapley value, the Nash bargaining solution, and different reinforcement
learning-based mechanisms.

4.3.3 Discussion

This case study provides a comprehensive overview of evaluating the economic
potential of a residential on-site e-car-sharing concept. The mixed-integer
linear optimization framework, presented in Chapter 3, is used to define the
optimal investment and operation of multiple technologies such as BATs,
PVs, EVs, and CSs. The flexibilities of the residential tenants are allocated
in the DA, which is characterized by fluctuating prices under consideration
of the grid costs.

In this investigation, the novel approach to determine the optimal number of
EVs and the optimal type of CSs for tenants of a residential building willing
to switch from private cars to an e-car-sharing system is applied. In the
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near future, new residential buildings can be expected to have an integrated
e-car-sharing system in order to optimize parking space and the use of PV
energy on-site. Therefore, this optimization-based approach can become a
useful tool to determine the technical edges of residential on-site e-car-sharing
systems.

The simulations have shown that integrating an e-car-sharing system in a
residential building allows for fewer cars but CSs with higher nominal power.
A reduced number of EVs results in lower total annual costs and space gain
in the residential building. From an economic point of view, it has been
shown that the tenants’ annual total costs can in fact, be reduced by 29%
in the ideal case in which the tenants build up an energy community with
the e-car-sharing company. Furthermore, in all the scenarios investigated,
the integration of bidirectional CSs is never cost-effective because of the high
investment costs.

It is worth noting that, in the case of an external e-car-sharing company, the
optimal installed PV capacity is reduced, and the optimal installed BAT ca-
pacity grows, compared to the case in which the tenants optimize themselves
individually. As a matter of fact, managing the charging of EVs reduces the
optimal size of BATs and increases the self-consumption rate of PVs.

Nowadays, e-car-sharing seems one of the most sustainable means of trans-
portation, in particular in urban areas, because of their zero local emissions.
Therefore, developing attractive business models and varied e-car-sharing of-
fers can possibly play a key role in the energy transition. In fact, these
business models apply to all residential buildings- old, new, and still un-
der construction. The reduction in the number of EVs from 8 to 5 and the
increase in optimal installed PV power demonstrates how the impact of resi-
dential on-site e-car-sharing can be significant for the energy transition on a
large scale.

It has to be noted that this study did not consider the investment and opera-
tional costs of a necessary communication infrastructure between the tenants
and the e-car-sharing system. Finally, the optimizations are performed with-
out taking into account any supplementary fee for the direct negotiations of
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energy in the DA and without considering any additional fee for the e-car-
sharing company, which in these scenarios reaches break-even. Directions for
future research could include the analysis of other markets, such as the re-
serve markets, or the application of different grid tariff designs to investigate
to what extent bidirectional CSs can become cost-effective.
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This chapter provides the synthesis and a discussion of the results achieved
in this work. In particular, Section 5.1 elaborates on the findings referring
to the research questions defined in Section 1.2. Furthermore, Section 5.2
provides an articulated discussion about the results achieved in Chapters 3
and 4. Section 5.2.1 presents the strengths, the limitations and the future
prospects of end-users providing flexibility giving an overview of the key
factors, which most influence the actual and future value of end-user energy
flexibilities. Finally, Section 5.2.2 elaborates on suggestions for future regula-
tion and policymaking based on the outcomes of the case studies investigated
in Chapter 4.

5.1 Findings referring to the research questions

The main objective of this work is to investigate thoroughly the value of
end-user energy flexibilities, tackling four research questions presented in
Section 1.2. The investigations and results in both Chapters 3 and 4 provide
insights to answer those questions. In this regard, this chapter follows up
with the detailed key findings referring to each research question. Beginning
with the first research question:

Research question 1: How can we effectively formulate flexibilities of dif-
ferent technology operations characterized by highly non-linear relationships
with the exclusive use of linear equations in order to implement them in a
versatile and modular mixed-integer linear optimization framework?
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Chapter 3 proposes a simple and complete method to describe the end-user
flexibilities. The technique presented allows to describe the flexible compo-
nents of an end-user (such as heat pumps and boilers) with the exclusive
use of linear relationships, which can be implemented in mixed-integer lin-
ear optimization problems. In particular, a novel data-based method for the
linear representation of a heat pumps operation is presented. The main idea
is to implement the end-user flexible components as virtual batteries with
variable capacity and time availability. Furthermore, a novel approach to de-
termine the optimal number of EVs and the optimal type of charging stations
for the end-users of a residential building willing to switch from private cars
to an e-car-sharing system is introduced. The modular architecture of the
mixed-integer linear optimization framework makes it capable of investigat-
ing a multiplicity of different scenarios with any possible end-user technology
portfolio. In Chapter 4, the mixed-integer linear optimization framework is
applied to real-life use cases with measured data to prove its effectiveness,
validity and reliability. The results show the suitability of representing mul-
tiple technologies as virtual batteries in order to preserve the linearity of the
equations.

Further, with regard to the second research question:

Research question 2: What are the benefits and drawbacks of different
charging strategies and to what extent do grid tariffs influence their prof-
itability?

In Section 4.1, different charging strategies for electric vehicles are analyzed
and compared with traditional EV charging. In order to answer this question,
the charging stations of an Austrian office site’s parking lot are examined.
The simulations show that managing the charging process can lead the overall
costs of the end-users to a reduction of more than 34%, in comparison to
unmanaged charging, which leads to high power peaks. Furthermore, this
work shows that V2G is not effective for the parking lot of an office site
with the assumed parameters, which represent the actual costs and tariffs
in Austria. The high costs reductions are mainly due to peak shaving. In
fact, the power-related grid costs can decrease by 68% if the charging of
EVs is managed and coordinated with the operation of a battery storage.
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Moreover, based on the performed sensitivity analyses, this work shows that
an increase in specific energy-related grid prices is unlikely to incentivize
the Austrian office site to implement managed charging in their parking lot.
Instead, an increase in specific power-related grid price makes EV’s charging
management more convenient and therefore incentivizes the Austrian office
site to implement it as well as to invest in a battery storage. However, this
analysis cannot be ruled out for private end-users. The time-of-use of the
charging stations is certainly longer in comparison to an office site and thus,
it is reasonably possible that the V2G charging strategy is cost-effective for
private end-users.

Continuing with the third research question:

Research question 3: To what extent can a rolling horizon optimization
approach reduce the total costs of flexible end-users in comparison to a simple
day-ahead optimization?

In Section 4.2, this work finds that trading energy in the day-ahead and the
intraday spot markets can lead the end-user to a reduction of the total costs
of 0.78% compared to the case in which only the trading in the day-ahead
spot market is executed. The price fluctuations in the spot markets, caused
largely by grid-connected renewables volatilities, imply profit opportunities
for flexible end-users and increase the optimal volume of energy traded in the
spot markets. This leads to an energy consumption increase of 3.21% and,
therefore, to an increase in energy-related grid costs. The increase in energy
consumption in order to minimize costs demonstrates how current market
design does not incentivize energy efficiency.

Finally, regarding the fourth research question:

Research question 4: What is the impact of residential on-site e-car-
sharing on end-users optimal investments in several technologies, including
solar photovoltaic?

This work investigates the optimal technology portfolio of residential end-
users willing to switch from private cars to an e-car-sharing system in different
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scenarios. The simulations in Section 4.3 find that integrating an e-car-
sharing system in a residential building reduces the costs of end-users by
29% and allows for fewer cars, but charging stations with higher nominal
power. Finally, the increase of the PV autarky and self-consumption rates
are remarkable, showing that attractive business models for e-car-sharing can
possibly play a key role in the energy transition.

5.2 Synthesis of the results

This chapter resumes the key findings of the thesis with respect to the re-
search questions raised in Section 1.2 and states the strengths, the limitations
and the future prospect of the provision of flexibility by end-users in Sec-
tion 5.2.1. Section 5.2.2 tackles the topic of future regulation and policymak-
ing for incentivizing end-users to become key participants in the electricity
spot markets and to support the grid operations.

5.2.1 Strengths, limitations and future prospects

The simulations and the results provided in the course of this thesis are gained
by using the mixed-integer linear optimization framework presented in Chap-
ter 3. This work illustrates the profitability of end-user flexibilities. However,
it is crucial to identify the strengths and the limitations that the provision of
flexibility by end-users implies and the future prospect that end-users flexi-
bility may have. This section aims to develop awareness by identifying key
factors concerning the provision of flexibility by end-users. This work distin-
guish between direct and indirect strenghts and limits. Direct strenghts and
limits are given by the straight impact that the provision of flexibility have,
while the indirect strenghts and limits are given by the external factors (e.g.,
market prices, government regulations etc.) in which the end-users operate.
The comprehensive list of identified key factors concerning the provision of
flexibility by end-users are shown in Table 5.1.
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Table 5.1: Strengths, limitations and future prospects of end-users providing flexibility

Strengths Limitations

Direct
– Reduction in electricity costs

– Higher profitability of investment

– Incentive for photovoltaic power

– Generation of local value and busi-
nesses

– Raise of awareness

– Safe-guard of end-users preferences

– Complex ICT infrastructure

– Need for computational power

– Variability in costs reductions

– Higher energy consumption

– Interface to end-user needed

– Privacy concerns

Indirect
– Increasing price volatility in the

electricity spot markets

– Increasing need of flexibility in the
distribution system

– Cheaper energy storage solutions

– Establishmet of new flexible tech-
nologies

– Increasing pressure to support the
energy transition

– Limited market access

– Obsolete grid tariff design

– Different interests of DSOs and en-
ergy suppliers

– Self-cannibalism of flexibility

– Long-term plannability discourages
DSOs from avoiding grid expansion

In Table 5.1, six direct strengths are highlithed. Firstly, the findings of this
thesis prove the high potential of the end-users in reducing the electricity
cost by providing flexibility. Furthermore, the provision of flexibility implies
higher profitability of various end-user investments. The results in Chapter 3
show higher profitability in the investments in electric boilers, heat pumps,
battery storages, solar photovoltaics and electric vehicles. In particular, Sec-
tion 4.3 illustrates the dramatic growth of autarky and self-consumption rates
of the photovoltaic by optimized operation of end-user flexibilities. Addition-
ally, it shows that end-users providing flexibility are incentivized to install
more photovoltaic power in comparison to non-flexible end-users. Moreover,
the generation of local value through flexibility provision leads to new busi-
nesses, which represent strength for the flexible end-users. The provision of
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flexibility raises the awareness of the end-users and consequentially also offers
an educational value to the demand side. Finally, the end-users preferences,
like room temperature, hot water temperature, charging of electric vehicles
are safeguarded, as shown in the simulated case studies in Chapter 3.

At the same time, there are six direct limitations identified for end-users pro-
viding flexibility, as shown in Table 5.1. Firstly, a complex ICT infrastructure
is needed. The communication between the end-users components is indis-
pensable for efficiently coordinating the components’ operation. Additionally,
the coordinated operation of various components needs unavoidably compu-
tational power, which is required by the end-users. Costs reductions may vary
according to the wholesale electricity spot market prices, which can lead to
uncertainties and lack of interest of the flexible end-users to change their
consumption patterns. Section 4.2 presents the evidence that the market-
oriented provision of flexibility can lead to higher energy consumption. As
mentioned above, the end-users preferences like room temperature, hot wa-
ter temperature, charging of electric vehicles are safeguarded. However, it
is required to set up those preferences in advance and an interface between
the end-user and the flexible components is needed. Finally, the continuous
measurement and data exchange within the ICT infrastructure is required.
This might raise privacy concerns for the end-users and thus, be a limitation
for the provision of end-users flexibility.

External factors are crucial for the future prospectives of end-users provid-
ing flexibility. In fact, the strenghts and the limitations that external cir-
cumstances can imply are manifold. First of all, the price volatility in the
electricity spot markets is expected to increase due to the growing number
of grid-connected uncontrollable renewable sources. This fact increases the
need for flexibility in the distribution system, which makes the participation
of end-users in the grid operation more valuable. Secondly, battery storages
prices fall by an average of 18% for every doubling of capacity. This makes
the flexibility provided by battery storage systems more profitable for the
end-users. Also, the establishment of new flexible technologies such as elec-
tric boilers, heat pumps and electric vehicles allows end-users to have access
to wider portfolio options and further flexibility options. Finally, the distri-
bution system is under increasing pressure from governments to decarbonize
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the electricity sector. This may lead to future regulations and policies that
incentivize end-user flexibilities’ grid-friendly operations.

Nevertheless, there are manifold indirect or environmental threats which can
become limitations for the provision of end-users flexibility. The current
rule of the wholesale electricity spot markets does not provide market access
to the end-users. As a consequence, flexible end-users may not receive the
market price signals, which represent one of the major incentives to provide
flexibility. One of the main threats for the provision of flexibility by the end-
users is the obsolete grid tariffs. In Section 4.1, the sensitivity analyses show
that flexible end-users are not incentivized to provide flexibility with a high
volume-related grid price. On the contrary, an increase in power-related grid
price would rather incentivize the use of flexibilities by the end-user. Nowa-
days, on the distribution level, the volume-related grid costs represent the
most significant element in electricity bills. Therefore, it is necessary that
grid tariffs become more aligned to the operational grid costs to improve the
efficiency of end-users flexibility activations. Moreover, the interest of the
DSOs and the energy suppliers may differ from each other. The energy sup-
plier incentivizes the use of flexibilities based on a market price-based logic.
Hence, a large amount of market-driven end-users causes high load peaks
on the distribution level, which increases the need for grid reinforcement.
Additionally, a large amount of market-driven end-users providing flexibility
influences the market prices and therefore reduces the profitability. We call
this effect self-cannibalism of flexibility. Finally, the investment of the DSOs
for grid reinforcement is directly remunerated through the grid tariffs by the
end-users. This fact assures a certain fixed income to the DSOs facilitat-
ing the grid planning process and discourages incentivizing the provision of
end-users flexibility.

5.2.2 Suggestions for future regulation and policymaking

Electricity grid regulation is expected to play a key role for the renewable
energy transition. In fact, as shown in Table 5.1, the regulatory framework
can generate opportunities and threats for end-users providing flexibility.
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In general, regulations can affect three key elements of the electrical grid:
the formation of standardized procedures and protocols for the provision of
end-users flexibility, the grid operators’ priorities and the grid tariff design.
Nowadays, the lack of standardized procedures and protocols represents a
limit for the provision of flexibility by the end-users. The efficient provision
of various flexibility options implies the exchange of sensible data, the need
of a structured bi-directional payment methods between the end-users and
the energy suppliers and the provision by the energy suppliers to the end-
users of a direct path to the electricity market products. In order to preserve
the privacy of the end-users and allow the provision of flexibility standardized
procedures and protocols which are capable of creating secure communication
channels between the different actors are required.

Furthermore, the actual responsibilities structure in the electricity supply
does not properly encourage the grid operators to enhance the existing grid
operation and actively manage the flexibilities of the demand side. Instead,
expanding the grid assures the grid operators a long-term plannability of
the cash-flows. This fact creates opportunities for intermediary players, like
energy suppliers and aggregators, which can use the end-users flexibility for
monetary purposes. The market-driven provision of flexibility by the end-
users constitutes a promising solution to promote the active participation of
the demand-side. Unfortunately, actual grid tariffs do not closely reflect the
grid operational costs. Therefore, the grid operators and intermediary play-
ers, like energy suppliers and aggregators, are moved by different interests.
On the one hand, the energy supplier uses the end-user flexibilities, based
on the spot market prices and remunerating the end-users with energy bill
reductions. On the other hand, the market-driven operation of flexibilities
leads to load peaks, increasing the need for grid reinforcement by the grid
operators.

Thus, the challenge of future regulation and policymaking is to harmonize
the scope and the incentives for the provision of end-users flexibilities. In this
context, harmonization is understood as regulatory changes and policymak-
ing, which leads to the use of end-users flexibilities by different stakeholders
towards a common goal. For this purpose, it is evident that suitable grid
tariff designs represent the key to achieving harmonization. The optimal and
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utopic tariff design faithfully reflects the energy and the operational costs of
the electricity supply. But, market energy prices strictly depend on the time
period in which the energy is purchased and the operational costs of the grid
strongly depend not only on the time period but also on the location and sup-
ply volume, according to the actual local grid congestion. This would cause
unfairness among the end-users (e.g., end-users connected to different grid
connection points have different grid prices). Hence, in this case, the only
way to protect the disadvantaged of the end-users and restore fairness would
be the implementation of cross transactions among the end-users, which leads
to a complex pricing system. Several projects investigate the effectiveness of
dynamic pricing obtaining promising results. However, the lack of standard-
ized procedures and protocols still prevents dynamic pricing systems from
being implemented on a large scale.

The findings of the simulated case studies in Chapter 4 indicate that grid
tariff designs based on the volume of energy consumed do not incentivize
flexible end-users to provide flexibility. On the one hand, the sensitivity anal-
ysis performed in Section 4.1.2.2 shows that an increase in specific energy-
related grid prices implies lower incentives for the provision of flexibility by
the end-users. On the other hand, the sensitivity analysis performed in Sec-
tion 4.1.2.3 demonstrates the strong impact of power-related grid prices on
the profitability of providing flexibility to the grid. The suggestion matured
in this work concerning future regulation and policymaking is a change in the
tariff design, favoring the increase in power-related grid prices and reducing
the volume-dependent prices. Furthermore, it is reasonably possible that the
implementation of dynamic grid prices becomes practicable with the acceler-
ated expansion of smart meters. Dynamic grid prices, considering the time
period, the location and supply volume according to the actual local grid
congestion, can be the key to faithfully reflect the energy and operational
costs of the electricity supply system.
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The increasing necessity of flexibility in the electrical grid enables various
opportunities for flexible end-users. This thesis contributes to this topic by
providing a versatile and modular optimization approach to thoroughly assess
the potential of those opportunities and evaluate suitable future regulation
and policymaking. The developed mixed-integer linear optimization frame-
work might be useful to flexible end-users to assess their economic potential
and also to regulatory entities to study the effect of new policies on the pro-
vision of flexibility by end-users. Furthermore, the novel data-based method
for the linear representation of a heat pumps operation has been validated,
applying the methodological approach to real-life use cases with measured
data. This model might serve as a useful tool for the end-users and heat
pumps providers to size and invest in the most suitable heat pump. More-
over, the novel approach to determine the optimal number of electric vehicles
and the optimal type of charging stations for tenants of a residential building
willing to switch from private cars to an e-car-sharing system can become
an interesting tool for e-car-sharing companies and real estate development
to determine the technical edges and the economic potential of residential
on-site e-car-sharing.

The studies of this work comprehensively use mathematical optimizations
aimed to minimize the total costs of single end-users or groups of end-users.
It is important to note that the optimization methods may lack plausibility in
real life since the decisions of human beings are not always driven exclusively
by monetary purposes. Furthermore, the simulations are performed without
considering any forecast errors of generation and consumption. Another lim-
itation of the investigations performed in this thesis is that the investment
and operational costs of a necessary communication infrastructure between
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the various components and stakeholders are not considered. Lastly, the op-
timizations are performed without taking into account any supplementary
fee for the direct negotiations of energy in the electricity spot markets. Ergo,
the total cost reductions achieved in the simulations might overestimate the
total cost reductions achievable in real-life.

With respect to the research questions and scope, three different case stud-
ies have been simulated and analyzed. Firstly, the economic potential of
different charging strategies has been studied for an existing office site in
Austria with multiple charging infrastructures. Secondly, a rolling horizon
optimization approach has been applied to simulate the optimal operation of
a real-life use case in Austria with measured data in order to determine the
opportunities of end-users flexibility performing sequential short-term trad-
ing in the intraday spot market. Finally, the economic potential of residential
e-car-sharing concepts has been evaluated.

There are a variety of conclusions that can be drawn from the results of
the three investigated case studies. The simulations of the first case study
have illustrated how managing the charging processes of electric vehicles in a
parking lot can lead to high cost reductions because of the power peaks that
would occur in the case of unmanaged charging. Furthermore, it has been
shown that an increase in specific power-related grid prices makes electric
vehicle charging management more convenient and, therefore, incentivizes
end-users to implement it and also to invest in additional storage capacity.
The operation of vehicle-to-grid is not cost-effective for charging processes
with low connection time. It is reasonable to conclude that bidirectional
charging stations on short-term parking areas or high-speed roads may not
be cost-effective.

Furthermore, it has been demonstrated that price fluctuations in the spot
markets, caused largely by grid-connected renewable energy sources, imply
profit opportunities for flexible end-users. Consequently, sequential short-
term trading in the intraday spot market can lead to remarkable reductions
in the total costs. This finding can become more important in the future
for the end-users providing flexibility since the grid-connected renewable en-
ergy sources and the associated price volatility is expected to increase. The
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simulations of the third case have shown that the development of attrac-
tive e-car-sharing business models can possibly play a key role in the energy
transition, incentivizing the end-users to install more photovoltaic power and
reducing local emissions and traffic congestions in urban areas.

Besides, the analytical approach for investigating the economic potential of
end-user flexibility has provided the possibility to reveal insights into possible
regulatory inhibitors for the provision of flexibility. The lack of standardized
procedures and protocols prevents dynamic pricing systems from being im-
plemented on a large scale. Future regulation and policymaking need to
incentivize the enactment of standardized protocols capable of creating se-
cure communication channels between the different actors in order to preserve
the privacy of the end-users and allow the provision of flexibility. Based on
the results of this work, it is reasonable to state that variations in differ-
ent grid tariff components notably affect the incentive for the end-user to
provide flexibility. Based on the investigated case studies, it can be stated
that a change in the tariff design, favoring the increase in power-related grid
prices and reducing the volume-dependent prices, would further incentivize
the provision of flexibility by the end-users without affecting the income of
the grid operators.

Aside from revealing insights into the topic of end-users flexibility, this thesis
may also formulate future directions of research. One of the future challenges
might be to investigate new dynamic tariff designs capable of faithfully reflect-
ing the energy and the operational costs of the electricity supply system. In
this context, future research may address weight-aggregated multi-objective
optimization approaches, based on CO2 emissions and end-users costs in or-
der to provide meaningful information on decision making. Furthermore, as
mentioned above, the simulations are performed without considering any fore-
cast errors of generation and consumption. Therefore, one future challenge
might be to investigate to what extent the quality of the forecasts can influ-
ence the reduction of the total cost achievable by the end-users in real-life.
Directions for future research could include the analysis of other electricity
markets, such as the reserve markets, to investigate to what extent end-users’
flexibility and bidirectional charging stations can become cost-effective.
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