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Driven by the electrification of energy systems, the boundaries between
the electricity, heating and transport sectors disappear and existing
market mechanisms face their limits. Heat pumps and electric vehicles
increase electricity consumption in residential buildings and create a new
use cases for Demand-Side Management. This dissertation quantifies the
techno-economic and ecological potential of Demand-Side Management
from the perspective of households. This potential is defined by its effect
on the change of costs, CO2 emissions and degree of self-sufficiency,
which are quantified in time-discrete annual simulations. The simulation
model is based on mixed-integer linear optimization. The results show
that residential Demand-Side Management achieves an improvement in the
techno-economic and ecological evaluation measures in all considered
cases. Certain market conditions such as dynamic electricity tariffs and
decentralized markets are beneficial and can thus be considered as
incentive mechanisms for Demand-Side Management.
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Abstract

Abstract
Driven by international climate targets, the electrification of heating systems and mobility is causing
the boundaries between the electricity, heating and transport sectors to disappear in the energy
system and existing market mechanisms to face their limits. Heat pumps and electric vehicles
increase electricity consumption in residential buildings and create a new use cases for DemandSide Management (DSM). This is where the present dissertation begins, aiming to quantify the
techno-economic and ecological potential of DSM from the perspective of households and to
investigate aspects of its implementation.
In this thesis, the potential of DSM is described by its effect on the change of three evaluation
measures: costs, CO2 emissions and degree of self-sufficiency, which are determined in timediscrete annual simulations. The model of an electrified residential energy system with model
predictive control developed for this purpose is based on mixed-integer linear programming and
produces an optimised energy schedule to minimise electricity costs or CO2 emissions. The detailed
consideration of CO2 emissions based on the dynamic CO2 factor and its use as an optimisation
objective brings a new perspective to the scientific debate. Furthermore, a design-of-experiments
simulation study is conceived to analyse technical influencing factors. Five electricity market
scenarios are created to examine different development paths of the electricity market.
The results show that residential DSM always achieves an improvement in the techno-economic
and ecological evaluation measures: if a photovoltaic system is available, cost savings are 2 – 3 %,
emission reductions are up to 8 % and the degree of self-sufficiency increases by 15 – 30 %. However,
it is a prerequisite to include a minimum prediction horizon of 8 – 12 h into the optimisation. The
cost saving potential under dynamic electricity tariffs depends on the price range and distribution
of high and low prices (2 – 13.1 %). Participating in decentralised peer-to-peer markets offers a large
cost saving or revenue potential for owners of photovoltaic systems (14.4 – 31.3 %). At the same
time, households without on-site generation benefit both monetarily (savings of 8.1 – 10.1 %) and
ecologically (CO2 reduction of 7.6 – 10.3 %).
In summary, this dissertation provides an understanding of the potential and requirements of DSM
implementation in residential buildings. Furthermore, the consideration of the market concepts
provides a framework for drawing conclusions on the impact of particular incentive mechanisms.

V

Kurzzusammenfassung

Kurzzusammenfassung
Ausgehend von den internationalen Klimazielen führt die Elektrifizierung von Heizsystemen und
Mobilität dazu, dass im Energiesystem die Grenzen zwischen den Sektoren Strom, Wärme und
Verkehr verschwinden und bestehende Marktmechanismen an ihre Grenzen stoßen. Wärmepumpen und Elektrofahrzeuge erhöhen den Stromverbrauch in Wohngebäuden und schaffen ein neues
Einsatzgebiet für Demand-Side Management (DSM). Hier knüpft die vorliegende Dissertation an,
mit dem Ziel, das techno-ökonomische und ökologische Potenzial von DSM aus der Perspektive
von Haushalten zu quantifizieren und Aspekte seiner Implementierung zu untersuchen.
In dieser Arbeit wird das Potenzial von DSM durch die erzielbare Änderung von drei Kennzahlen
beschrieben: Kosten, CO2 -Emissionen und Autarkiegrad, die in zeit-diskreten Jahressimulationen
ermittelt werden. Das dafür entwickelte Modell eines elektrischen Gebäudeenergiesystems basiert
auf der gemischt-ganzzahligen linearen Programmierung und erstellt einen optimierten Energiefahrplan zur Minimierung von Stromkosten oder CO2 -Emissionen. Die Nutzung der CO2 -Emissionen auf Basis des dynamischen CO2 -Faktors als Optimierungsziel bringt eine neue Dimension in
die wissenschaftliche Debatte zu DSM. Weiterhin wird ein Design-of-Experiments Simulationsplan
konzipiert, um technische Einflussfaktoren zu analysieren. Außerdem dienen fünf Szenarien dazu,
unterschiedliche Entwicklungspfade vom Strommarkt zu betrachten.
Die Ergebnisse zeigen, dass DSM im Haushalt stets eine Verbesserung der techno-ökonomischen
und ökologischen Kennzahlen erzielt: ist eine Photovoltaik-Anlage vorhanden, betragen die Kosteneinsparungen 2 – 3 %, die Emissionssenkungen bis 8 % und der Autarkiegrad erhöht sich um
15 – 30 %. Voraussetzung ist jedoch, einen Prädiktionshorizont von mindestens 8 – 12 h einzubeziehen. Das Kosteneinsparpotenzial bei dynamische Stromtarifen hängt von Preisspanne und
Verteilung von Hoch- und Niedrigpreisen an (2 – 13.1 %). Die Teilnahme an dezentralen Peer-to-PeerMärkten bietet ein großes Kosteneinspar- bzw. Einnahmepotenzial für Besitzer von PhotovoltaikAnlagen (14.4 – 31.3 %). Gleichzeitig profitieren Haushalte ohne Eigenerzeugung sowohl finanziell
(Einsparungen von 8.1 – 10.1 %) als auch ökologisch (CO2 -Reduktion von 7.6 – 10.3 %).
Zusammengefasst liefert diese Doktorarbeit Erkenntnisse über Potenzial und Anforderungen der
DSM-Implementierung in Wohngebäuden. Darüber hinaus schafft die Betrachtung der Marktkonzepte eine Grundlage für Rückschlüsse auf die Wirkung bestimmter Anreizmechanismen.
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Solar absorptance
Temperature coefficients of the PV
Slope of inclined surface
Integer variable
Hemispheric emissivity
Efficiency
Azimuth angle
Solar azimuth angle
Thermal conductivity
Wind velocity
Linear thermal transmittance
Density
Stefan-Boltzmann constant
Time period
Irradiation angle
Zenith angle
Temperature

Unit
–
K-1
◦

–
–
–
◦
◦

W m-1 K-1
m s-1
W m-1 K-1
kg m-1
W m-2 K-4
–
◦
◦
◦C

Subscripts
Symbol
A
a
acr
Air
Amb
Aux
Bat
Bat2EV
Bat2Grid
Bat2RL
Bat2HP

Description
Air node of the building
Absorbed
Air change rate
Air
Ambient air
Electrical auxilliary heater
Battery
Battery to EV
Battery to grid
Battery to residential load
Battery to heat pump
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Subscripts
Symbol
b
Cell
Chg
cloud
cold
con
d
Dischg
el
EV2Bat
EV2Grid
EV2RL
Ext
F
Flow
Glz
Grid2Bat
Grid2EV
Grid2RL
Grid2HP
Grn
h
hot
Inv
max
min
nom
norm
Pe
p
Pen
PV2Bat
PV2EV
PV2Grid
PV2RL
PV2HP
rad
Res
Ret
Roof
S
SC
SCC
Set

XVIII

Description
Beam
PV cell
Charging
Cloudage
Cold
Convective
Diffuse
Discharging
Electric
EV to battery
EV to grid
EV to residential load
External air
Floor node of the building
Supply water flow
Glazed component
Grid to battery
Grid to EV
Grid to residential load
Grid to heat pump
Ground
Heating
Hot
Inverter
Maximum
Minimum
Nominal
Normalised value
People
Peak load
Penalty (cost)
PV to battery
PV to EV
PV to grid
PV to residential load
PV to heat pump
Radiative
Residual load
Return water flow
Roof
Self-sufficiency, autarky
Self-consumption
Short circuit
Set point

Subscripts
Symbol
SH
Sky
Sol
STC
Tap
Ufh
w

Description
Space heating
Sky vault
Solar
Standard test conditions
Tapping (of domestic hot water)
Under floor heating
Water
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1. Introduction
Since the beginning of industrialisation, humankind has increased the global mean temperature by
approximately 0.8◦ C by burning fossil fuels (Allen et al. 2018, p. 53). This global warming is due to
the greenhouse effect, amplified by the anthropogenic input of greenhouse gases such as carbon
dioxide (CO2 ). Since 2000, the global concentration of CO2 in the atmosphere increased up to 10
times faster than the continuous rise over the last 800000 years (Allen et al. 2018, p. 53; IPCC 2018).
The Paris Agreement by the United Nations (UN) (2015) is seen by many as a decisive milestone. In
this document, the UN agrees on ‘holding the increase in the global average temperature to well
below 2◦ C above pre-industrial levels and pursuing efforts to limit the temperature increase to 1.5◦ C
above pre-industrial levels’ (UN 2015, p. 3).
The declared political goal of the German Federal Government is to reduce Germany’s greenhouse
gas emissions by at least 65 % by 2030, and to reach carbon neutrality in 2045 (see update of
Bundesregierung (2021) for Bundestag (2019)). A large proportion of greenhouse gas emissions
is attributable to the energy sector (295 million tons of CO2 equivalents in 2018, 41 % of total
greenhouse gas emissions) and the transport sector (164 million tons of CO2 equivalents in 2018,
22 % of total greenhouse gas emissions) (UBA 2020, pp. 9 – 10). Therefore, expansion targets for
renewable energies have been formulated, which should significantly reduce the specific CO2
emissions in the German electricity mix.
The building sector is responsible for 40 % of the global primary energy consumption, while heating
and cooling are responsible for a high share of the load (D’Ettorre et al. 2019, p. 3). With approximately 84 million tonnes in 2018, residential buildings are responsible for nearly 12 % of total
CO2 emissions (UBA 2020, pp. 9 – 10), mainly from heating. Currently, the residential heating
market is experiencing a shift towards more heat pump (HP) installations instead of conventional,
fossil-based technologies. As a result, the electricity demand in the building sector is increasing.
The sector coupling in households is further pushed by the ongoing transformation of individual
mobility away from combustion engines to electromobility. Gerhardt et al. (2018) forecast an electric
vehicle (EV) share of the overall car stock of 9 – 20 % by 2035, even increasing to 30 – 62 % by 2050.
Furthermore, Hacker et al. (2014) expect 42 % of new car registrations to be EVs by 2035, rising to
82 % by 2050. As a result of electrification, the boundaries between the power, heating and transport
sectors are fading.
The concept of demand-side management (DSM) is considered a valuable approach for reacting to
the fluctuating and increasing imbalance between generation and load. For this purpose, storages
can be charged with surplus renewable energy during off-peak periods and windy periods, for
example, by means of suitable control systems, which would then be discharged when the demand
is higher than the renewable energy power generation. Consequently, both grid operators and
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households can benefit from DSM, provided that technologies can be used to automate this without
compromising users’ comfort needs and preferences (Castillo-Cagigal et al. 2011). Furthermore,
sufficient incentives are required.
According to Allerding (2013), two options exist for implementing incentives for DSM: the first is
direct incentives, meaning that the energy supplier can contractually assure the right to influence
and control specified devices following external control signals. Such a contract could be realised,
for example, with electricity tariffs for interruptible consumption units such as EVs or HPs. In
return for a cheaper tariff, the energy supply company is allowed to switch off the unit at a specified
blocking time. The second option is indirect incentives, which can be created by providing signals,
for example, which can indirectly influence the consumer’s load behaviour. These can be variable
prices, as found in most use cases and scientific studies (Beck et al. 2017; Hillemacher 2014; Huang
et al. 2019; Le et al. 2020).
Furthermore, the ongoing reduction or possible termination of feed-in payment and uncertain
marketing alternatives have led to a decline in new solar installations (Deacon et al. 2020). Decentralised peer-to-peer (P2P) energy trading markets have the potential to bring renewable energy
installations back on track by increasing the value of the energy generated for all parties involved
(Deacon et al. 2020). The term peers stands for equals who provide each other with resources,
such as energy, in a nonhierarchical, collaborative network (Clement et al. 2019). This leads to
the possibility of many private households participating in the electricity market (Dietrich 2015).
Thus, the degree of utilisation of decentralised, renewable electricity producers can be increased
and contribute to reducing CO2 emissions and lowering feed-in peaks into the grid (Dietrich 2015).
However, there are still few studies on the DSM potential for households in such markets.
It is crucial that all parties involved (i.e., network operators, system manufacturers, and residential
customers) fully understand the future use cases of DSM in households – only then can they be
considered as early as possible in product and system development. In addition, they serve to target
the development of incentive mechanisms among policymakers and utilities.
Therefore, this dissertation will quantify the techno-economic and ecological potential of DSM for
the individual household. The results will help to understand possible requirements associated
with the implementation of residential DSM, with a particular focus on HPs and EVs. A detailed
consideration of CO2 emissions based on the dynamic CO2 factor and their reduction through
targeted DSM brings a new perspective to the scientific debate.
The remainder of this dissertation is structured as follows:
In Ch. 2, an extensive overview of the literature in the research field of residential DSM is presented.
The research gap is derived, and the research questions to be answered by this dissertation are
formulated. Subsequently, the basic principles of the system components in residential energy
systems are explained in Ch. 3.
Ch. 4 includes a description of the methodology applied in this study. In particular, the technoeconomic and ecological evaluation measures are defined, and the modelling approaches selected
for the simulation study are introduced. As a main method for modelling the model-predictive
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control of the energy system, the mixed-integer linear programming (MILP) approach is explained.
Furthermore, the design of experiments (DoE)-based method for the assessment of influencing
factors for the DSM potential is introduced.
The model implementation, including data and validation, is presented in Ch. 5.
Ch. 6 contains the results that are required to answer the research questions. The chapter is
subdivided into the following sections: a comparison of different DSM strategies, an evaluation of
the influencing factors, and an assessment of the economic boundary conditions.
The presented results are summarised and discussed in Ch. 7, considering the strengths and limitations of the approach in the context of the scientific field. The research questions are answered, and
starting points for further research are proposed.
In Ch. 8, the dissertation is concluded with a summary of the methods and findings.
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This chapter provides a comprehensive introduction to electricity consumption and DSM from a
residential perspective. To this end, it starts by presenting the challenges posed by the integration
of new technologies and sector coupling in residential energy systems. Then, the concept of DSM
is introduced and embedded into the context of electricity markets and incentives mechanisms.
Subsequently, the research questions arising from the research gap are formulated at the end of this
chapter.

2.1. Electricity consumption in households
In 2019, private households in Germany required 123 TWh of electricity, representing approximately
27 % of the total electricity demand (BNetzA 2020, p. 31). Only 13.47 TWh of this was heating
electricity, particularly for electric heat generators such as HPs or night storage heaters. At that time,
space heating was still mostly covered by fossil fuels (BNetzA 2020, p. 292). According to Hammel
et al. (2019), more than 66 % of all residential buildings are heated with oil and gas while 16 % are
supplied with district heating and approximately 4 % each are heated with solar thermal, pellet
heating, electric heating and HP (Hammel et al. 2019).
The electricity consumption of households is characterised by a baseload with occasional load
peaks caused by appliances such as washing machines, dishwashers, and ovens. This is expected
to change with the electrification of residential heating and mobility. In the project GridSpy, Jack
et al. (2018) monitored the electricity consumption of 42 households and investigated the influence
of photovoltaic (PV), HP, EV, and battery storage on the load profile. Fischer et al. (2015) analysed
the same effects based on simulations. Both studies concluded that the installation of new, high
power consumers in the course of sector coupling massively increases power consumption. For
example, replacing a gas boiler with an electric HP leads to a 4.2-fold increase in annual electricity
consumption (Fischer et al. 2015). The purchase of an EV also increases power consumption by
approximately 60 %. In addition, an increasing number of households install PV systems, which can
reduce the annual electricity demand from the grid by up to 85 % but potentially causes significant
feed-in peaks simultaneously (Fischer et al. 2015).
In Fig. 2.1, exemplary load profiles based on data from a paper by Jack et al. (2018) are mapped.
The solid black curve is the average daily profile for a single-family house during winter. The load
profile of a household with a PV system is presented as a dashed curve. Compared with the house
without PV, the electricity demand during the day is significantly lower, even in the negative range
at times. The semicolon line shows the load profile with an HP heating system, which during winter

5

2. Residential demand-side management
is significantly higher overall than the profile without HP. The two grey curves show load profiles
with an EV present. The solid grey line denotes a scenario where an EV was plugged in to charge for
approximately 4-6 hours immediately after the person returned from work. By contrast, the dashed
grey line depicts the load profile assuming that the electricity supplier offered a reduced nighttime
tariff; a likely scenario would be that the EV charger is equipped with a timer, and charging would
start later at night (Jack et al. 2018).

Figure 2.1.: Exemplary visualisation of the influence of PV systems, electrical HPs, and EVs on the electrical load
profiles of households. The solid line shows a load profile without consumption-intensive devices. The semicolon
line represents the load profile of a household with HP. The dashed curve shows a profile with a PV system, and
the two grey lines are two possible load profiles with EVs. This representation is based on measurement data from
Jack et al. (2018).

This figure shows how strong the influences of PV systems, HPs and EVs are on the load profile. An
EV has the most substantial effect as it can double the demand during the evening peak both during
summer and winter (Fischer et al. 2015). In fact, the charging process also stretches these peaks
into the late evening (Jack et al. 2018). In particular, an EV increases the number of peak load hours
by a factor of 13 (Fischer et al. 2015). Fischer et al. (2015) quantified the effect of an HP to 3.6-times
higher peak loads, which occur mainly during the winter season when hot water is tapped. A PV
system only slightly reduces consumption peaks (–3.7 %), but produces feed-in peaks up to 60 %
of the size of the consumption peaks. This effect is severe when PV penetration in the district is
high, and therefore, a high simultaneity can be expected (Jack et al. 2018). PV systems and EVs both
increase the daily fluctuation of aggregated demand. The effect of batteries has not been studied
thus far. Although the results of Fischer et al. (2015) and Jack et al. (2018) cannot be generalised, it is
clear that the effect of electrification in different forms has a huge impact.
Households are connected to the distribution network and receive their electricity from the power
supply company. This company, as the balance responsible party (BRP), is in charge of purchasing
the electricity transported to its balance group on the market, for example the European Energy
Exchange (EEX), and compensating for any deviations. These compensations include costs for grid
stabilisation and balancing energy. In contrast to industrial companies, households do not have to
contractually estimate their electricity consumption in advance. This means that it is necessary to
make an estimate based on a representative parameter. The BRP uses the standardised load profile
(SLP) from the German Association of Energy and Water Industries (German: Bundesverband der
Energie- und Wasserwirtschaft; BDEW), which represents a characteristic load profile (BDEW 2020).
With the help of the SLP, the load behaviour of the corresponding electricity consumers can be
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predicted on average over a sufficiently large number of customers. In terms of the household
sector, this means that the load profile of a single household may exhibit more significant deviations
from the SLP, where the SLP represents an average load profile derived from a sufficiently large
number of households within the balance group. With the increasing market diffusion of smart
meters, new opportunities are arising for planning (Aichele et al. 2014, p. 105).
In summary, the increasing penetration of HPs, EVs, and PV systems in the residential sector makes
the SLP decreasingly suitable for forecasting residential electricity demand. On the one hand, this
is because the electricity demand profile for a PV system is temporarily negative during the day,
meaning that electricity is fed into the grid. On the other hand, additional devices such as EVs and
HPs increase the evening, night, and morning demand. To obtain a benefit, the excess electricity
must be synchronised with the additional demand. This can be achieved by installing battery
storage or through active DSM. However, as scheduling is also becoming more difficult for the
BRP, the additional information from smart meters provides it with the opportunity to charge the
respective households for deviations or to induce a change in the load profile through targeted
incentives (Aichele et al. 2014, p. 105).

2.2. Demand-side management
In this section, an overview of residential DSM is provided. For this purpose, a concept definition is
given first, followed by a discussion of implementation aspects. Subsequently, literature sources
convey an idea of the potential for load shifting in the residential sector.

2.2.1. Definition of terms
In the ongoing debate about how to influence the consumption behaviour of electricity consumers
in terms of time and quantity, whether in the private, commercial, or industrial sector, the terms
demand-side management (DSM), load management, energy management, and demand response
have become well-established. The individual terms are partly used as synonyms; for example,
Allerding (2013) distinguished DSM and load management by summarising DSM as the incentives
for influencing the load and load management as the specific processes for influencing it (Allerding
2013, p. 36). Still, the term DSM is defined in varying breadths, and thus, no uniform definition
exists (Castillo-Cagigal et al. 2011, p. 2339; Khripko 2016, p. 14).
In the context of electricity consumption, the concept of DSM was initially described in the 1980s
by Gellings (1985) as the activities of electric utilities that aim to influence customers’ consumption
to match the desired load shape. Rabl et al. (1988) defined DSM as load-shape modification for
reducing the demand for capacity due to peak loads. Among other aspects, the authors referred to
peak load limitation, valley filling, and load shifting (Rabl et al. 1988, p. 100). These were among
the fundamental load shape changes described by Gellings (1985, p. 1469), which are presented in
Fig. 2.2.
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Figure 2.2.: Fundamental load shape changes for influencing the electrical load with demand-side management
(own illustration based on Gellings (1985, p. 1469)).

Lund et al. (2015, p. 787) distinguished the load shapes introduced by Gellings (1985) into strategic
and nonstrategic approaches. The strategic approaches are load conservation and load growth,
which require strategic planning such as efficiency improvement. The nonstrategic approaches are
peak shaving, valley filling, load shifting, and load smoothing. Their definitions overlap because,
under the premise of a (nearly) constant electricity demand, both a reduction in peak load and an
increase in load during off-peak periods cause load shifting (Lund et al. 2015, p. 787).
Gellings et al. (1989, p. 910) emphasised that DSM primarily involves considering electricity demand
as a flexible variable and adjusting it to specific signals according to the market participants’ needs.
Gellings (1985) had previously stressed that while any DSM activity aims to induce a load shape
change, the success depends mainly on the implementation and the balance between supplier
and customer needs. Load shifting is, at least theoretically, conceivable at every point of the load
curve and goes along with an increase in flexibility of the system (Hillemacher 2014). Flexibility is
generally defined as the share of load that the user is able to shift (Mata et al. 2020, p. 6).
Scholars have attempted to quantify this flexibility in field experiments and meta-studies, where
DSM potentials of 9 % (Wolak 2011), 5 – 10 % (Srinivasan et al. 2017), and up to 40 % (Faruqui et al.
2013) are reported. However, Davis et al. (2013, pp. 404 – 405) indicated that most field studies suffer
from potential biases, such as the involvement of only volunteers. This has implications for the
actual expected DSM potential of residential customers, which the authors estimated to be 6 – 14 %
(Davis et al. 2013, p. 406). Furthermore, they showed that dynamic tariffs lead marginally (3 %)
to an overall reduction in electricity consumption (Davis et al. 2013, p. 406). Ultimately, however,
this is firmly due to the tariff design. Depending on the incentive, Faruqui et al. (2010) expected
households to be able to reduce their peak load by 6 – 20 % and by as much as 27 – 44 % when smart
appliances are installed for automatic load shifting. The load shifting potential of a household
depends, for example, on income (Burger et al. 2020) or the presence of large electrical loads (Wolak
2011). However, a proper quantification of DSM potential, including new technologies and new
energy market boundary conditions, is still missing.
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2.2.2. Implementation
Just like the idea of making energy demand more flexible and adapting it to current generation
capacities, the practical implementation if DSM is not new in principle: DSM with electrical storage
heaters has already been practised since the middle of last century (Kleinmaier et al. 2009, p. 61).
By means of corresponding control signals, storage heaters are usually charged at night. This
control enables the base-load power plants to be operated evenly, which leads to gentle power plant
operation with optimal efficiency and minimal emissions (Kleinmaier et al. 2009).
Kleinmaier et al. (2009, p. 61) proposed transferring this advantage of night storage heaters to today’s
challenges; that is, to counteract the fluctuating and increasing imbalance between generation
and load, future storage heaters can be charged with surplus regenerative energy during off-peak
periods and/or periods of strong wind by means of suitable control systems.
The benefits associated with DSM comprise several aspects:
1. DSM yields a reduction in the need for backup generation and an increase in the utilisation
rate of renewable energy systems (RES), as these technologies can be exploited more (Moura
et al. 2010, p. 1467; Mata et al. 2020, pp. 10 f.). In buildings, peak demand can be reduced,
thus decreasing the requirements and investments in the grid (Spiegel et al. 1998, p. 346;
Castillo-Cagigal et al. 2011, p. 2339).
2. DSM can be combined with additional comfort and security features that improve responsiveness to demand, reduce the environmental impact, and allow users to monitor their electricity
consumption (Papagiannis et al. 2008, p. 179).
3. DSM can reduce energy costs for customers and create business models for EVs and HPs
(Mata et al. 2020, pp. 10 f.).
4. DSM potentially causes behavioural change towards more flexible energy consumption and
increased environmental awareness (Mata et al. 2020, pp. 10 f.).
Consequently, both the grid operator and the consumer can benefit from DSM measures. From
the point of view of energy supply companies, early approaches to the discussion considered the
primary goal of DSM to be a smoothing of the load curve; that is, a levelling of the load by reducing
the peak load while simultaneously filling the load valleys. Due to the energy transition, renewable
energies and residual load balancing are moving into the focus of load shifting concepts. Temporal
and quantitative discrepancies occur between fluctuating generation and energy demand, which
are increasingly making the cost-intensive provision of considerable reserve capacities necessary
(Hillemacher 2014, p. 23). The consumer can implement DSM, for example, to make the best
possible use of electricity from his or her PV system in the best possible way and thus save costs.
However, the deployment of DSM also faces several challenges:
1. the absence of smart infrastructure (and high costs for installation),
2. a lack of comprehension about the advantages and benefit of DSM by the user (unclear
business models), and
3. an increase in the complexity of the system (Strbac 2008, pp. 4425 f. Mata et al. 2020, p. 10).
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As a result, private households can benefit from DSM, provided that there are technologies that
realise this in an automated way without compromising the comfort needs and preferences of the
users (Castillo-Cagigal et al. 2011, p. 2339).
Furthermore, as was mentioned by Hillemacher (2014), system flexibility is a critical ingredient in
the implementation of DSM. In particular, a dedicated PV generation system is an important driver
and provides incentives for load shifting, regardless of the market design. As not every household is
able to install a PV system, the widespread use of DSM also requires sufficient incentives from the
market side. Based on the preceding argumentation, it is evident that concepts are implemented
that generate benefits for both sides. Allerding (2013) differentiated between two options for
implementing DSM: first, direct incentives mean that the energy supplier can contractually assure
the right to influence and control specified devices by means of external control signals. This is
currently realised, for example, with the electricity tariffs for interruptible consumption units such
as EVs or HPs: In return for a cheaper tariff, the energy supply company is allowed to switch off
the unit at a certain blocking time if necessary. Second, indirect incentives can be created by, for
example, providing signals that can indirectly influence the consumer’s load behaviour. These
signals can be variable prices, as found in most use cases and scientific studies (Beck et al. 2017;
Hillemacher 2014; Huang et al. 2019; Le et al. 2020). Especially concerning climate change and the
CO2 reduction targets already mentioned in the introduction, CO2 signals for incentive generation
are also conceivable.
For indirect influence through incentives, the market design is crucial. Possible design options are
discussed in more detail in Sec. 2.3.

2.3. Demand-side management in the context of electricity
markets
The electricity system in its current structure has evolved from a series of laws and directives at
national and international levels (Krisp 2007, pp. 67 – 68). A particular milestone in the history
of the energy system is the 1997 Kyoto Protocol to the United Nations Framework Convention
on Climate Change (UNFCCC). This was the first time that targets for environmental protection
were addressed and specified (Krisp 2007, pp. 31 ff.). In the Kyoto Protocol, the signatory states
committed to individual emission reduction targets.
The climate targets resulting from the Kyoto Protocol motivated the expansion of renewable energies. In Germany, the Electricity Feed-in Act obliged energy suppliers to purchase electricity from
renewable sources at a fixed price until a share of 5 % of the electricity mix was reached. In 2000, the
new Renewable Energies Act (German: Erneuerbare Energien Gesetz; EEG) replaced the Electricity
Feed-in Act, which had existed since 1991, and the 5 % limitation was abolished. Consequently, the
feed-in tariff rates increased substantially (Krisp 2007, pp. 155 f.). It thus contributed considerably
to the expansion of renewable energies; since 2002, approximately 110 GW (50 GW Wind, 52.7 GW
PV, 7 GW Biomass) have been installed in Germany as a result of the EEG (ISE 2021). In 2019, a
share of renewable energies in gross electricity generation of 46 % was achieved, with an average of
401 g of CO2 equivalents emitted per kilowatt-hour.
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In fact, CO2 emissions are volatile depending on current electricity production (Stoll et al. 2014).
The addition of RES improves the CO2 intensity of electricity (in combination with the coal phaseout), but the volatile availability of wind and solar radiation leads to more significant residual load
fluctuations. The residual load is the share of electricity consumption that is independent of volatile
energy sources. It is, therefore, the residual demand for electricity that flexible conventional power
plants primarily cover. If the residual load is negative, more electricity is fed in from wind and solar
farms than is demanded, which causes the electricity price on the EEX to fall (in some cases, it can
even become negative). Conversely, a high residual load indicates that much additional electricity
is required, and then electricity becomes more expensive on the EEX.
In Fig. 2.3, the residual load of Germany, the EEX price, and the dynamic CO2 factor of the electricity
mix are plotted. The correlation between residual load and EEX price, which was already observed
by Roon et al. (2010), is visible.

Figure 2.3.: Residual load, CO2 intensity, and EEX prices of a week in January 2019 in Germany (data downloaded
from Bundesnetzagentur | SMARD (2021)).

While successfully reducing carbon emissions of the electricity mix, the expansion of RES also
causes new challenges for the electricity system. As described in Sec. 2.1, the increasing number
of households with PV systems, HPs, or EVs makes it more challenging to forecast the residential
load profiles. With the increasing share of renewable feed-in from large PV plants and wind farms,
system operators face increasing uncertainties on both the generation side and consumption side.
DSM is considered a powerful instrument for tackling these challenges, as households can shift
loads to reduce peaks or fill valleys (see Fig. 2.2). Nevertheless, without incentives, this existing
potential probably remains unused (Allerding 2013). For this reason, transformations and revisions
of the market design are necessary to incorporate more flexibility into the market structure. Several
studies and research projects have dealt with ideas and concepts (Newbery et al. 2018; Praetorius
2014). In general, any market design must fulfil the basic requirements of the energy system,
meaning the goals of a liberalised electricity market: security of supply (Krisp 2007, p. 48; BMWi
2015, p. 34 ff.); overall economic efficiency; open, transparent, nondiscriminatory competition
(Barth 2014); environmental compatibility (Krisp 2007, p. 85); economic efficiency (Praetorius 2014,
p. 126); and energy efficiency (Krisp 2007, p. 65).
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Thus far, the participation of the residential demand side is limited by the electricity market, which
according to Stoll et al. (2014, p. 490) is mainly due to the lack of dynamic subhourly prices. In
addition to electricity price reforms, decentralised electricity markets, also known as P2P markets,
are an option that were tested by Mengelkamp et al. (2017), for example. In the following subsections,
these two electricity market designs, which are relevant for integrating households into electricity
markets, are explained in more detail.

2.3.1. Pricing schemes
Electricity prices comprise of various price components resulting from the costs of the physical
provision of electricity as well as country-specific taxes and surcharges. In Germany, the regulated
price components account for approximately 70 % of the electricity price and can be divided into
taxes, levies, and fees:
• The taxes include the electricity tax (0.0205 e kWh−1 ) and the value-added tax (19 %).
• Fees are charges, particularly for the use of the electricity grid. The so-called grid fees result
from the costs of servicing, maintaining, extending, and operating transmission networks
(37300 km) and distribution networks (1814200 km) (BNetzA 2020, p. 39). Furthermore, they
cover the costs of ancillary services, such as control energy. This is necessary to guarantee the
stability of the grid and thus the security of supply at all times. The grid fees also include the
fees for the operation of metering points (BDEW 2018).
• Additionally, specified surcharges are levied on the electricity price, such as the EEG surcharge,
which serves to finance the EEG payments, a guaranteed feed-in tariff for renewable energy
plants for 20 years.
The current flat-rate tariffs do not promote DSM, except among PV owners who benefit from DSM
by exploiting their self-generated power. Political ideas aim to reduce the price level and make
electricity-based heating and mobility more attractive. They include, for example, the shifting of
costs to other sectors (e.g., EEG surcharge on fossil fuels instead of electricity) or the creation of
special funds for replacing specific price components (Büchner et al. 2018; Liebau 2012; Newbery et
al. 2018; Peek et al. 2016; Reetz 2017). Greater importance is attached by far to dynamic tariffs as a
suitable instrument for incentive regulation (Faruqui et al. 2010; Gottwalt et al. 2011; Jansen et al.
2015; Praetorius et al. 2017). They are a powerful instrument for using flexibility and, if implemented
correctly, for reducing costs.
The concept of balancing electricity demand and supply via price signals has been studied for over
half a century (Boiteux 1960). Early examples of practical implementations can be traced back to the
1980s in France and the United States (Sanghvi 1989, p. 87). However, technological developments
such as smart meters have pushed the use of dynamic tariffs in recent years.
In Fig. 2.4, the most frequently reported types of dynamic tariffs are visualised. There are Timeof-Use tariffs (solid black line), where prices vary over different periods; Critical-Peak Pricing
(semicolon line), where strong price signals are induced for short periods to reduce peak load; as
well as Real-Time Pricing (dashed line), where the price signals reflect market conditions nearly in
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real time (Dutta et al. 2017, pp. 1134 f. Albadi et al. 2008; Eid et al. 2016). Thus, Real-Time Pricing is
best suited to balancing electricity demand and supply depending on the current situation and is
the optimal price strategy in terms of economic efficiency (Dutta et al. 2017, p. 1136), but also the
most complicated. Therefore, only a handful of studies to date have designed reasonable dynamic
price structures.

Figure 2.4.: Visualisation of different dynamic pricing mechanisms: Time-of-Use Pricing, Real-Time Pricing and
Critical-Peak Pricing (own illustration following the representation of Weck (2017, p. 392)

Variable pricing models are subject to the following requirements: they must serve the purpose of
incentive regulation, punish non-system-supporting consumption behaviour and encourage the
use of existing flexibility in the electricity grid. Instead of self-sufficiency solutions, load shifting
should be promoted to increase overall system efficiency. At the same time, the price components
must still fulfil their purpose of covering respective costs. This means that the revenue from the
EEG surcharge must cover the costs arising from the payment of the EEG remuneration. Likewise,
the grid fees collected must cover the grid costs (BMWi; BMWi 2014; 2015). Therefore, it has been
suggested as reasonable to dynamise each price component in itself, such as the EEG surcharge
(Praetorius et al. 2017) and grid fees (Zander et al. 2016).

2.3.2. Decentralised electricity markets
The ongoing reduction or possible termination of the feed-in payment and uncertain marketing
alternatives have led to a decline in new solar installations (Deacon et al. 2020). Decentralised energy
trading markets, also called peer-to-peer (P2P) markets, have the potential to bring renewable
energy installations back on track by increasing the value of the energy generated for all parties
involved (Deacon et al. 2020). The term ‘peers’ stands for equals who provide each other with
resources, such as energy, in a nonhierarchical, collaborative network (Clement et al. 2019, p. 307).
This leads to the possibility for many private households of participating in the electricity market
(Dietrich 2015, p. 3). Thus, the degree of utilisation of decentralised, renewable electricity producers
can be increased and contribute to the reduction of CO2 emissions and the lowering of feed-in
peaks into the grid (Dietrich 2015, p. 5). In a simulation study with 100 households, Mengelkamp
et al. (2018) showed that local sufficiency could be increased by up to 16 % with P2P trading and
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DSM, while simultaneously the electricity price could be reduced by 0.1 e kWh−1 as well as load
peaks by 40 %.
In a conventional market structure, households buy their electricity from the utility (unidirectional),
and only those with self-generation are able to feed their surplus into the grid for compensation
(see Fig. 2.5, left). By contrast, in a P2P market, all households can participate and bidirectionally
trade electricity with each other (see Fig. 2.5, right). Not all participants need to have a PV system,
for example; however, Long et al. (2017) demonstrated that in a community with a PV penetration
of 30 – 60 % (the number of PV owners to all households), the benefit for the whole community is
the highest (≥ 30 % cost reduction).

Figure 2.5.: Peer-to-peer markets compared with conventional market structures, following the visualisation of
Wörner et al. (2019). Left: the conventional market structure, where households buy their electricity from the
utility, and only those with self-generation are able to sell their surplus. Right: the P2P market structure, where all
households can participate and bidirectionally trade electricity with each other.

One of the first detailed mentions of the P2P concept for energy systems was by Beitollahi et al.
(2007). However, P2P markets still only exist in theoretical frameworks or proofs of concept (Wörner
et al. 2019). One pilot project, for example, is Quartierstrom (Ableitner et al. 2019; Quartierstrom
2021), a project implemented in Walenstadt, Switzerland, with 37 participating households. The
main objective is to investigate a transaction-based energy market that regulates the provision
and payment of electricity between consumers, producers, and the local electricity grid operator.
Another proof of concept exists in the LAMP project (LAMP 2021; Mengelkamp et al. 2018). Both
examples show that P2P electricity markets reduce energy costs for consumers and increase revenue
for producers (Ableitner et al. 2019). On the one hand, this is due to the lower grid fees for energy
transmission, as only the lowest distribution grid level is used (Ableitner et al. 2019). On the other
hand, the energy is primarily sold directly from the producer to the consumer, which shortens the
value chain. This enables consumers to obtain energy directly from renewable sources, even if
they are unable to install a corresponding system for technical or financial reasons. Bitsch (2020)
was also able to demonstrate that P2P markets could achieve smoothing of the residual load in the
community and an increase in the degree of self-sufficiency in the P2P community.
When implementing a market mechanism for a P2P market, there are options that differ mainly
with regard to the general concept of the market design. The main elements of the market design
are the bidding and the price-setting mechanism (Mengelkamp et al. 2017).
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A bid consists of a price and a certain amount of energy. The bid submission and negotiation
can be discrete in time (as in the pilot projects Brooklyn Microgrid, LAMP, and Quartierstrom) or
continuous (as in the European energy exchanges) (Schwab 2020; Wang et al. 2017). In principle,
the bidding can occur before the energy delivery, with each buyer i forecasting its energy demand
E D,i and each seller j forecasting its energy supply offer E S,j for the negotiation period (Brousmichc
et al. 2018; Mengelkamp et al. 2018). In this case, a penalty cost mechanism for deviations is
required if a participant is unable to deliver or consume purchased electricity, and there is the
potential for participants to lose economic efficiency (Mengelkamp et al. 2018; Wang et al. 2017). In
a retrospective bidding process, the energy is consumed first, and a price bid for the consumed or
supplied energy is submitted retrospectively based on the energy difference recorded by a smart
meter. This is done in the Quartiersstrom project (Ableitner et al. 2019; Tiefenbeck et al. 2020;
Wörner et al. 2019).
Furthermore, there is the storage-to-storage alternative, in which, in light of the uncertainties of the
other two bidding mechanisms, only predefined energy quantities are traded between participants
with storage to ensure the capability for purchase and delivery. The price bids of the buyers p i and
the sellers p j are collected in the order book with the respective units of measures E D,i and Yj . This
is exemplified in Table 2.1.

Table 2.1.: Exemplary order book for a P2P market auction (based on Wang et al. (2017)).

i
1
2
3
3

Buy orders
pi (e kWh−1 )
E D,i (kWh)
0.13
3
0.1
1
0.095
4
0.09
2

j
1
2
3
4

Sell orders
pj (e kWh−1 )
E S,j (kWh)
0.12
2
0.125
1
0.34
3
0.14
2

Many price-setting mechanisms exist. The goal is always the same: to find a price for each energy
transaction between households that satisfies both the seller and the buyer. Generally, there are
auctions with either uniform or individual clearing prices (Mengelkamp et al. 2017, p. 875). While a
large part of the traditional energy price consists of taxes, surcharges, and fees, a P2P market may
have other fees (Mengelkamp et al. 2017, p. 875). It is also essential that the mechanism provides
an incentive to participate in the P2P market, implying that consumers should not pay more than
grid tariffs (maximum price p max ), and sellers should receive more than the EEG feed-in payment
(minimum price p min ). Mengelkamp et al. (2017) argued that these signals should serve to indicate
energy scarcity or surplus.
The price at which energy is traded can either result from the midpoint between supply and demand
or the final agreement at a so-called market-clearing price. In both cases, the incoming bids in
the order book are ordered, as in Table 2.1, ascending (for offered energy) and descending (for
demanded energy). Either, as in the LAMP project (Mengelkamp et al. 2018), the top positions are
matched and transacted at the mean value of supply and demand, or the price results from the final
price agreement (offer price still below demand price) and applies to all successfully traded energy
units. The option also exists that the price is automatically calculated from the ratio of supply and
demand quantities in a range between the maximum and minimum price. This means that there is
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no risk of buyers and sellers not reaching an agreement (Wörner et al. 2019), and it has been tested,
for example, in the Quartierstrom project (Tiefenbeck et al. 2020).

2.4. Research questions
Expanding upon the outline of the influence of the electrification of residential space heating and
private mobility, this chapter has demonstrated the significance and benefits that DSM can have for
households. Associated advantages are especially the creation of new business models that provide
benefits for the residential customer and system operators (Spiegel et al. 1998, p. 346; CastilloCagigal et al. 2011, p. 2339). By increasing self-sufficiency or with adequate financial incentives,
costs for the consumer can be reduced. Furthermore, decentral RES integration is supported (Moura
et al. 2010, p. 1467). The behaviour change towards more flexible energy consumption may also
trigger environmental awareness and motivation (Papagiannis et al. 2008, p. 179; Mata et al. 2020,
pp. 10 f.).
However, challenges still exist in implementing DSM as the system complexity is increased (Strbac
2008, pp. 4425 f.). The cost of installing smart meter devices increases the barrier for customers to
switch to a dynamic tariff. This barrier is also reinforced by a lack of understanding of DSM business
models. A lack of acceptance for load automation is another problem on the customer side (Strbac
2008, pp. 4425 f.). From the perspective of a potential market incentive provider, there is a general
unawareness of the effect of incentives on customer behaviour. This has led to a situation where the
current market rules do not support DSM, and thus, the full exploitation of the available flexibility
in the grid is missed. Furthermore, there is still relatively little certainty about the flexibility of
large electrical consumers such as HPs and EVs and their contribution to the DSM potential of
households (Mata et al. 2020, pp. 10 f.).
Although numerous studies have been conducted in the field of DSM and decentral technologies
such as HPs, PV systems, and batteries have been investigated for their flexibility and DSM potential,
comprehensive analysis remains lacking on the overall interrelationships between market signals,
system components, and user behaviour and preferences. DSM is often applied to optimise for
dynamic tariffs (Lee et al. 2019; Paridari et al. 2014). There is a strong dependence of cost savings
on the electricity market design (Faruqui et al. 2010) and the price spread of possible dynamic
electricity prices. Many studies use the average CO2 factor to calculate the CO2 intensity of the
power consumption of a system. Thus far, except the works of Sou et al. (2013) or Fiorini et al. (2018),
for example, the use of dynamic CO2 signals for actively reducing CO2 emissions through DSM
is relatively under-represented in research on residential DSM. Therefore, its ecological potential
lacks a systematic quantification.
This dissertation starts exactly at this point and draws an integrated picture of DSM potentials for
the individual household. Besides quantifying cost-saving potentials, the detailed consideration of
CO2 emissions based on the dynamic CO2 factor and their reduction through targeted DSM brings
a new perspective to the scientific debate. Furthermore, a systematic parameter evaluation specifies
the technical requirements associated with residential DSM. In addition, this dissertation regards
new market design concepts for DSM incentive creation, such as dynamic tariffs and decentralised
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P2P markets, to investigate the DSM potential in dependence on the development of the electricity
markets. Furthermore, these findings can then be used by the various stakeholders and policy
makers to draw conclusions on the effect of certain market mechanisms. Therefore, arising from
the research gap is the following research question:
Research question. How significant is the techno-economic and ecological potential of DSM
strategies in electrified residential energy systems?
To answer this question, the following sub-aspects are examined in more detail:
Subquestion 1. How do different optimisation objectives for DSM affect different residential energy
systems’ techno-economic and ecological potential?
Subquestion 2. What effect does the introduction of dynamic electricity tariffs or a decentralised
P2P market have on the DSM in households, and which market design can be considered beneficial
for DSM?
Subquestion 3. Which technical parameters have a significant influence on the results and consequently can be derived as requirements associated with the implementation of residential DSM?
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Residential energy systems are designed to meet the energy demand of a household, in particular,
to ensure the supply of electricity and heat. This chapter describes the state-of-the-art for electrical
domestic heating energy systems. The chapter is divided into the sections electricity generation
and storage, heat generation and storage, and intelligent controls.

3.1. Electrical system
In the past, the supply of electricity was ensured by the connection to the grid alone. With the
increasing affordability of PV for private households, PV systems have been installed more frequently
to partially cover the households electricity demand. This share can be increased by the installation
of a stationary battery. In this section, the technical fundamentals of the PV technology and electrical
storages are presented.

3.1.1. Photovoltaic power generation
A solar cell is a semiconductor device for the direct conversion of sunlight into electrical energy
(Wagner 2019, pp. 47 ff.). It is divided into two layers: a positively charged layer and an negatively
charged layer. As free electrons diffuse between the layers, an electric field is created, which is used
to generate electricity (Wagemann et al. 2010, pp. 29 ff.). To use the energy generated by the solar
cells, a consumer must be installed in the line connecting the two different areas of the solar cell.
The electrical power on the direct current (DC) side of the solar system P PV,DC in W is defined as
the product of current I in A and voltage U in V.
P PV,DC = U · I

(3.1)

A current-voltage (U I ) characteristic curve illustrates the relationship between current and voltage
in the solar cell with connected electrical load. For each level of solar irradiation there is a different
curve. These characteristics are given in the data sheets of the solar cell manufacturers. An example
of U I -curves from SENEC (2019) is provided in Fig. 3.1a. Fig. 3.1b presents the corresponding power
curve. There, the power of the PV module can be read on the y-axis at different irradiation intensities
depending on the voltage (x-axis). With increasing voltage, the power also increases quasi-linearly
until it drops sharply at very high voltage. This is due to the fact that the current drops rapidly in the
same voltage range (see Fig. 3.1a).
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(a) U I -curves (SENEC 2019)

(b) Power curves (SENEC 2019)

Figure 3.1.: Exemplary PV curves based on the technical data of SENEC (2019) including U I -curves and power
curve. The different line types in both plots indicate the global solar radiation for which the curves are valid: solid
lines for 1000 W m−2 , semicolon lines for 800 W m−2 , and dashed lines for 400 W m−2 .

The highest point of the power curve is called maximum power point (MPP) and is located near
the open circuit voltage (Eicker 2012, pp. 259 ff.). The MPP also depends on the solar irradiance
and cell temperature ϑCell , which is defined by the following equation Eq. (3.2) by (Skoplaki et al.
2009, p. 25). The calculation involves the ambient temperature ϑExt , the irradiance on the sloped
surface G Sol,β (see Eqs. (5.1–4)), and the Ross coefficient k Ross , equal to 0.0563 K m2 W−1 , which is
the value for modules on pitched roofs (Goss et al. 2017, pp. 114 f.).
ϑCell = ϑExt + k Ross ·G Sol,β

(3.2)

With G Sol,STC = 1000 W m−2 and ϑSTC = 25 ◦ C, related to the standard test conditions (values for
Central Europe), the MPP voltage and MPP current are then calculated using (Bellia et al. 2014;
Joemann 2015; Quaschning 1996):
³
´
ln G Sol,β
´ · (1 + αTU · (ϑCell − ϑSTC ))
U MPP = U STC · ³
ln G Sol,STC

I MPP = I STC ·

G Sol,β
G Sol,STC

· (1 + αT I · (ϑCell − ϑSTC ))

(3.3)

(3.4)

The temperature coefficients for current αT I and for voltage αTU in % K−1 , as well as U STC and
I STC are specific features of the modules that can be found in the data sheets.
The efficiency of the PV module ηPV is defined by Eq. (3.5) and refers to the ratio of generated power
over the solar energy arriving on the module area.
ηPV =
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P PV,DC
G Sol,β · A PV

(3.5)
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The efficiency is affected by optical and electrical losses. Optical losses include reflection, shadowing
and transmission losses, and electrical losses include resistive and recombinant losses. The first
solar cells were produced around 1954 with an efficiency of 5 %. These were initially used mainly
in aerospace applications. Due to the oil crisis in the 1970s and the severe reactor accident at
Chernobyl in 1986, they were increasingly used in power generation. At that time, however, the cost
of PV modules were still very expensive (Quaschning 1996, pp. 20 f.). Since 2000, however, costs have
decreased significantly and have become affordable for private homeowners, also due to financial
funding through the EEG. Today, over 90 % of the world’s installed PV cells are made of silicon.
These cell types are divided into monocrystalline and polycrystalline. Monocrystalline silicon
technology achieves efficiencies of 24 % (Zahorransky 2019, p. 391). However, the manufacturing
process involves high production costs because silicon of very high purity is required. By contrast,
polycrystalline silicon cells require much less energy to manufacture. However, only efficiencies of
approximately 19 % can be achieved with this type of cell due to the lower quality of the material
(Luceño-Sánchez et al. 2019, pp. 5 ff.).

3.1.2. Inverter
Almost all of today’s power grids are operated with alternating current (AC). The reasons for this
lie in the ease of provision and transmission over long distances, as it can be transformed very
efficiently to other voltage levels. In addition, electrical consumers can be connected easily and
reliably. However, batteries, fuel cells and PV cells only supply direct current (DC), which causes the
necessity for the inverter technology.
Inverters are power electronic components that convert DC to AC, where the energy flows from the
DC to the AC system (Schröder 2008, pp. 1 ff.). Therefore, they are the link between the two power
systems. In photovoltaic systems, the inverter is the interface to the utility grid and thus the central
element (Eicker 2012, pp. 258 f.). Eq. (3.6) describes the relationship between the DC power and the
AC power with the inverter efficiency ηInv .
P PV,AC = P PV,DC · ηInv

(3.6)

This efficiency depends on the output power of the PV, or its ratio to the nominal power of the
inverter and varies depending on the manufacturer. In Fig. 3.2, the efficiency curve of the SUNNY
BOY 1.5 / 2.0 / 2.5 inverter from SMA (2019) is presented.
In addition to the task of converting DC power to AC power as efficiently as possible, it is responsible
for the operation of the PV system in the MPP (Eicker 2012, pp. 258 f.). To keep the solar modules
constantly in the MPP, the inverter specifically changes its internal resistance. This process is called
MPP tracking (Schröder 2008, pp. 1080 f.).
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Figure 3.2.: Inverter efficiency curve representing ηInv in % over the ratio of the PV output power P PV,DC to the
nominal power of the inverter P Inv,nom for the SUNNY BOY 1.5 / 2.0 / 2.5 inverter from SMA (2019).

3.1.3. Battery
Batteries belong to the electrochemical elements (i.e., electrochemical energy storages and converters). They use changes in the electrical charge to efficiently store electricity (Kurzweil et al. 2018,
pp. 19 ff.). An electrochemical element basically consists of an ion conductor (the electrolyte) and
two electrodes with current conductors. The electrode with the negative potential is called the
anode, and the one with the positive potential is called the cathode (Crastan et al. 2018, pp. 501 f.).
Batteries are differentiated in terms of the materials used; one of the most widely used battery types
are lithium-ion-batteries (Crastan et al. 2018, p. 509). In them, lithium (Li) ions are inserted, in both
the positive and negative electrodes. Graphite (C) is often used for the anode and a metal oxide
(M O2 ) for the cathode. During discharging, the cathode absorbs lithium ions from the electrolyte
space, while the anode releases lithium ions to the electrolyte. During the charging process, this
turns around; the reaction equation of the charging process is formulated as follows: Li M O2 + C
−→ Li1−x M O2 + Lix C (Crastan et al. 2018, pp. 510 – 511).
The ions released in this process are exchanged via the electrolyte, which consists of lithium salts
dissolved in solvents (Kurzweil et al. 2018, pp. 165 f.). A membrane serves as a separator between
anode and cathode so that the processes of reduction and oxidation are spatially separated (Crastan
et al. 2018, p. 499).
Different battery technologies are usually evaluated on the basis of different characteristics. These
include weight-based power density (in W kg−1 ), weight-based energy density (in Wh kg−1 ), charge
and discharge efficiency (in %), self-discharge (in % per month) and lifetime (calendar lifetime or
maximum number of charge and discharge cycles). A variety of application fields exist for electrochemical storage; portable (laptops, tools, etc.), transportation (electro mobility) and stationary
(Bergholz 2015, p. 25). Lithium-ion batteries are currently considered state-of-the-art for a wide
range of applications, including PV storage systems and electric vehicle (EV)s (Crastan et al. 2018,
p. 509). They have high energy densities of 150 – 200 Wh kg−1 , efficiencies of approximately 95 %,
and achieve up to 10 000 cycles (Kurzweil et al. 2018, p. 20).
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Each battery is equipped with a battery management system that monitors cell temperatures,
charge and discharge performance, overcharge and deep discharge, and controls load balancing
and charging (Kurzweil et al. 2018, p. 250). In particular, the state of charge (SOC) is supervised,
which according to Eq. (3.7) provides information about the amount of energy E in Wh that is stored
in the battery.
E = SOC · E max
(3.7)
In most applications, the battery voltage is measured for this purpose and used as a measure of the
SOC (Kurzweil et al. 2018, p. 245) by dividing it by the open circuit voltage U 0 :
SOC =

U
U0

(3.8)

A high SOC thus corresponds to a high cell voltage, which, according to Mültin (2014), accelerates
the ageing process of the battery. There have not been many studies that investigate how much
this ageing process depends on a too high battery voltage and to what extent this is a limiting
factor for the flexibility of battery management. Thus far, it has been considered reasonable to
charge the battery with free electricity from a PV system (Mültin 2014, p. 65). However, a low SOC
and cell voltage (deep discharge) can damage the battery because it leads to irreversible capacity
loss (Kurzweil et al. 2018, p. 243). From the limitations of the SOCs between deep discharge and
overcharge, it follows that not all of the capacity can be used (Kurzweil et al. 2018, pp. 233 f.).
The battery management system itself requires a certain amount of power to charge the battery.
Together with the electrical conversion losses, this leads to a degradation of the overall efficiency of
the battery system. The lower the set charging power, the lower the efficiency of the power used
(Mültin 2014, p. 66).
Batteries irreversibly lose capacity through charging cycles and calendrical ageing. When EVs can
feed energy back into the grid, the term vehicle-to-grid services is discussed. In this case, the EV
battery is used as grid storage to support RES integration. However, concerns exist regarding battery
degradation caused by the increased number of charging cycles (Wang et al. 2016, p. 194). In Wang
et al. (2016), the authors presented a method for quantifying the degradation of EV batteries by
calculating the battery capacity loss caused by both calendar ageing and cycling operation (Wang
et al. 2016, p. 202). They further demonstrated that when grid services were provided on a daily
basis, the ten-year capacity loss increased by 3.62 – 22.6 %. In what the authors consider to be more
likely cases, EVs provided vehicle-to-grid services 20 – 200 times per year (Wang et al. 2016, p. 200).
Ten-year capacity losses increased by 0.38 – 1.18 % (Wang et al. 2016, p. 201).

Stationary battery
The areas of application for battery storage systems are manifold: In residential buildings, batteries
can increase PV self-consumption to reduce electricity costs (Müller 2018, pp. 31 – 46). Furthermore,
neglecting ageing processes, the ability of batteries to switch between consumption and supply,
enables the participation in energy markets. Typical PV storage systems have outputs of a few
kilowatts and storage capacities of a few kilowatt-hours (Figgener et al. 2020, p. 2). Luthander et al.
(2015, p. 92) found that most systems installed batteries with a capacity of 0.5 – 1 times the PV peak
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power (e.g., a system with a 5 kWp PV plant would install a battery with a capacity of 2.5 – 5 kWh).
As Tsiropoulos et al. (2018) expected battery costs to fall significantly in the future, more residential
PV owners might be able to install a battery as well.

Electric vehicle battery
Unlike stationary batteries, which are continuously available for charging, EV batteries are not: The
EV’s presence and absence times depend on the mobility profile of the user and have to be included
in the optimisation by the energy management system only when it is present. It discharges the
storage for the operation of its electric engine on the way, and usually returns with a lower SOC. By
contrast to stationary storage, however, it can also be charged en route.
While the stationary battery storage is only there for load shifting or storage of electricity for the
household, the EV has the primary use case transportation. Thus, flexibility is constrained by the
driving profile because there must always be enough capacity in the battery at the time of departure
for the user to reach his destination. For example, if the user arrived home in the evening with
empty storage and wanted to leave 10 h later with a fully-charged battery. The theoretical flexibility
of EVs would then include the timing of charging – either immediately or just before departure.
Practically, however, the flexibility is limited by the user. The user must specify a minimum SOC.
This gives him some assurance that critical distances (e.g., to the hospital) can be reached at any
time. This minimum SOC must be reached as soon as possible by charging when the electric vehicle
is connected to the charging station. Thereafter, the vehicle can be flexibly dispatched until the
time of departure, with the requirement that the desired state of charge is reached no later than the
time of departure (Mültin 2014, p. 70).
A user interface allows the user to set which maximum and minimum charging power should be
available for a charging process. Technically, the vehicle is capable of charging with a power range
from 2 – 22 kW. However, Mültin (2014, pp. 122 ff.) demonstrated in his results that the maximum
charging power was limited to 2 kW by his test subjects. This is reasonable to not exceed the load
limit of the grid connection by the additional use of other household appliances.

3.2. Heating system
A residential system for space heating generally consists of a heat generator, an optional heat storage
tank, the heat distribution system, a radiator or heat transfer unit, and the building. In systems with
an electric HP for space heating, the transfer unit is ideally an underfloor heating system. The HP is
often designed as a bivalent system, equipped with an electric auxiliary heater. The heating system
must be dimensioned so that it can efficiently maintain a desired room temperature in the building
as well as to ensure domestic hot water (DHW) supply. In this section, the functional principles
of the technical components of a typical HP heating system, namely the electric HP with auxiliary
heating element and terminal unit and the hot water tank, are explained.
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3.2.1. Heat pump
A heat pump (HP) is a thermodynamic machine that absorbs energy in the form of heat at a
low temperature level from a heat source and, by adding drive energy, releases heat at a higher
temperature level to a heat sink (Sabel et al. 2018, pp. 396 f.). A distinction is made between
compression and sorption HPs, which differ in the form of the input drive energy. In compression
HPs, the necessary drive energy is supplied in the form of mechanical energy. Sorption HPs use heat
as drive energy (Sabel et al. 2018, pp. 396 f.). At this point, only the operating principle of electrically
driven compression HPs is further detailed, as these are the most widespread HP types in residential
buildings (Herwig et al. 2016, p. 250).
The idealised HP process is a left-handed thermodynamic cycle (Herwig et al. 2016, pp. 248 f.). This
cycle is visualised in Fig. 3.3. First, the heat transfer medium absorbs thermal energy Q̇ a from a
heat reservoir at a low pressure level and is vaporised in the evaporator (4–1). With the help of an
electrically driven compressor, the vapour is compressed and brought to a higher pressure level
(1–2). In addition to the pressure, the temperature also increases. In the condenser, the medium
transfers heat energy Q̇ h to a heat sink. Then, the vapour cools down and then expands in the
expansion valve (3–4) (Sabel et al. 2018, pp. 396 f.).

Figure 3.3.: Functional principle of a HP: A heat transfer medium (refrigerant) is evaporated in a closed circuit by
supplying environmental heat, mechanically compressed and condensed again by releasing heat to the heating
circuit of the building (own representation based on Böckh et al. (2015, p. 388)).

The efficiency of the HP process is described by the coefficient of performance (COP), which is
the ratio of the heating power Q̇ h to the applied electric power P el , both in W (Herwig et al. 2016,
p. 248).
Q̇
COP = h
(3.9)
P el
The COP depends on the source temperature (e.g., external air temperature) and the flow temperature of the system, but also on the operating point. These relations are visualised in Fig. 3.4. HPs
generally achieve high efficiencies of COP ≥ 1 (Herwig et al. 2016, p. 248). The maximum is the
Carnot factor COPCarnot , that is achieved when the HP process is reversible (Herwig et al. 2016,
p. 250 ff.). The Carnot factor corresponds to (Meggers et al. 2012, p. 49):
COPCarnot =

T hot
T hot − T cold

(3.10)
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The quality factor of a HP describes how close the real COP is to the Carnot factor (Meggers et al.
2012, p. 50). Typical HPs with COPs between 3 and 5 have degrees of quality of approximately 40 %
of the Carnot factor (Pomianowski et al. 2020, p. 7), special low-exergy HPs reach up to 60 % of the
Carnot performance factor (Meggers et al. 2012, p. 50).
Electric HPs are distinguished in terms of the type of heat source used: outdoor air, ground and
water: Outside air, ground and water. As a result, the different types of HPs achieve different levels of
efficiency because the heat sources are available at different temperature levels. While ground and
water provide a rather constant source temperature, the external air temperature underlies strong
daily and seasonal variations. Constant higher heat source temperatures lead to higher system
efficiencies for the ground-source heat pump (GSHP) and the water-source heat pump (WSHP)
while the ASHP can temporarily achieve higher COP when the conditions are advantageous (Deng
et al. 2019, p. 175; Valancius et al. 2019).
Another key figure for the evaluation for HP systems is the seasonal performance factor (SPF), which
is calculated as follows and strongly depends on the part load behaviour and the COP at part load
(Dongellini et al. 2017):
Pτ
Q̇ h (t )
SPF = Pτt =1
(3.11)
P
t =1 el (t )
In the context of smart grids, HPs are considered an important part of the demand side that can
be actively managed to support the realisation of a smart grid (Arteconi et al. 2013; Fischer et al.
2017; Lund et al. 2015; Papaefthymiou et al. 2012). Coupling HPs with thermal storage or actively
using the thermal inertia of buildings offers the possibility to decouple electricity consumption
from heating demand, leading to operational flexibility that can be used in a smart grid (D’Ettorre et
al. 2019; Lund et al. 2015). The potential flexibility is mainly determined by heat demand, HP size,
storage size, and dynamic system characteristics (Fischer et al. 2017, p. 346). However, there are
constraints on HP application and efficiency that must be considered when integrating HPs into a
smart grid. Knowing and planning for these bottlenecks when designing components can improve
the flexibility characteristics and lifetime of a HP unit (Fischer et al. 2017, p. 354). This includes,
for example, minimum run and pause times and ramp rate constraints: Losses occur during the
start-up of each operating cycle because the compressor must recover the pressure differential
between the evaporator and condenser.
Variable-speed compressors allow step-less control of power consumption by adjusting the inverter
frequency (Fischer et al. 2017, p. 354). These so-called modulating HPs can achieve longer running
times and thus fewer start-up and shut-down operations, which is why these efficiency losses have
rather little influence (Clauß et al. 2019, p. 4).
More importantly, the change in COP at part load is one of the key phenomena of modern HPs
(Clauß et al. 2019). However, the operating performance of the HP is not proportional to the
compressor frequency. Variable-speed HPs have approximately 20 % higher COP levels at part
load compared with the maximum load (Dongellini et al. 2017, p. 5). This is caused by the fact
that when the compressor is operated at high frequencies, the influence of leakage and heating on

26

3. Electric energy systems in buildings

(a) Heating power Q̇ h (solid curve) and COP (dashed curve) of an
air-source heat pump (ASHP) over the external air temperature
for flow water temperatures of 35 ◦ C (black) and 55 ◦ C (grey).

(b) Heating power Q̇ h (solid curve) and COP (dashed curve) over
the modulation.

Figure 3.4.: HP curves based on Bosch (2019); Shao et al. (2004); Dentel et al. (2017); Dongellini et al. (2017)

the suction gas is increased (Clauß et al. 2019, p. 4), which also leads to a reduction in the volume
efficiency of the compressor (Shao et al. 2004, p. 807). In addition, also at slower compressor speed,
the COP is decreasing. This is because low frequencies (≤ 30 Hz) adversely affect the compressor
friction by reducing the thickness of the lubrication fluid. Thus, frictional losses are increasing
(Shao et al. 2004, pp. 806 – 807). Variable-speed HPs are designed not to operate below a certain
minimum compressor speed specified by the manufacturer (approximately 20 Hz), otherwise the
life of the HPs would be significantly reduced (Lee et al. 2019, p. 78). This principle is visualised in
the exemplary performance curves in Fig. 3.4b.

3.2.2. Auxiliary heating element
There are three basic operation modes for heat pumps that affect the system dimensioning: monovalent, bivalent and mono-energetic. If the building’s heating load and DHW preparation is covered
only by the HP, this is called monovalent operation (Klein et al. 2014, p. 194). In bivalent operation,
another heat generator (e.g., gas boiler) takes over the peak loads so that the HP does not have
to be oversized. This saves investment costs and is common for the planning of ASHP systems
(Bagarella et al. 2016, p. 486). In mono-energetic operation, this additional heat generator is a direct
electric heating element that is integrated in the buffer storage tank or in the heating flow (Buderus
2019, pp. 25 f.). The sizing of the HP is then not based on the standard design point, but on the
bivalence point or bivalence temperature, which is the external air temperature at which the heat
pump operates at its maximum heating output (Buderus 2019, pp. 25 f.). However, since the outdoor
temperature is only a few days a year below the bivalence point, the heating element is rarely used
(approximately 5 % of the annual heating work).
The heating element directly converts electric current into heat. It usually contains a currentcarrying heating coil that is electrically insulated from the water to be heated. Thus, very high flow
water temperatures of ≥ 80 ◦ C can be achieved (Buderus 2019, p. 85). For this reason, it can be used
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for heating support and peak load coverage, to reduce cycling and for thermal disinfection of the
DHW. The heating power of the auxiliary heating element Q̇ h,Aux in W is defined by Eq. (3.12)
Q̇ h,Aux = P el · ηAux

(3.12)

The efficiency ηAux is approximately 1, which means that nearly 100 % of the electrical energy is
converted into heat. Compared with the efficiency of the HP reported in Subsec. 3.2.1, this value is
much worse, which is another reason why the heating rod should not cover more than 5 % of the
heating energy to operate the overall system as economically as possible.

3.2.3. Heat transfer unit
The heating load in the building can be distributed either by air or water as transfer medium. The
latter option is the most common in residential buildings. The supply water heated by the heat
generator is transported via piping to the transfer unit, through which it delivers heat to the room
(BDH 2020). Typical transfer units are, for example, conventional radiators designed for flow water
temperatures of approximately 55 ◦ C. In combination with HPs and/or solar heating support, panel
heating systems are well suited, as they only require flow water temperatures of approximately
30 – 35 ◦ C. Panel heating can be installed in the floor, on the wall but also on the ceiling. The
advantage of panel heating is that a large surface area is available for heat dissipation and the
heating load of the building can be covered with very low system temperatures. This is particularly
useful in combination with a HP, as it can be operated more efficiently at lower flow temperatures.
The heat transfer of an underfloor heating system Q̇ Ufh in W depends on the mass flow rate ṁ
in kg −1 , the temperature difference ∆ϑ in K and the specific heat capacity of the medium c p in
J kg-1 K-1 :
Q̇ Ufh = ṁ · c p · ∆ϑ
(3.13)

3.2.4. Heat storage
In general, thermal energy storage (TES) systems have the task to absorb thermal energy and
releasing it at a later point in time. Besides storing of thermal energy, they can be used to extend the
operating time of a plant, increase its life by reducing the number of start-up processes (Leonhardt
2016, p. 3), and to perform DSM. TES systems exist as closed and open systems. Open systems allow
the storage mass to change, while in closed systems it remains constant. Based on the storage media
used, a distinction is made between the sensitive and latent storage systems. In sensitive storage
systems, heat is stored in the storage medium by increasing its temperature. In latent heat storage
systems, the addition of heat leads to a change in the state of aggregation. Since in households
for drinking water and heating actually only water storage tanks are used, in this work only these
systems are considered.
Based on the first law of thermodynamics, the energy balance of a sensible closed reservoir is
established (Duffie et al. 2013, p. 377), where both the mechanical work and the change in potential
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and kinetic energy are negligible. Thus, the energy balance can be simplified to the internal energy
U TES . The change in storage energy of a thermal accumulator results from the incoming and
outgoing heat fluxes and the dissipation term to the ambient in the considered time interval d t .
¡
¢
d E TES dU TES
d T TES
=
= m · cp ·
= −Q̇ Dischg + Q̇ Chg − k · A · T TES − T Amb
dt
dt
dt

(3.14)

Thermal storages are available in different structural types, which differ mainly in their loading
technology. It is possible to load directly or indirectly. Direct storage tank charging is done by
supplying hot water into the tank and indirect storage tank charging is performed by transferring
heat to the water in the tank through a heat exchanger. There are storage tanks that are equipped
with several heat exchangers. These are loaded indirectly, for example, and can be discharged
directly to provide domestic hot water (Leonhardt 2016, pp. 5 – 6).

3.3. Building system controls
The purpose of a control system is to use observations to automatically intervene in a system
to create or maintain a desired state. In an energy system, the control is mainly responsible for
coordinating the energy flows and meeting the demand for electricity and heating.
To benefit from energy flexibility opportunities, systems must be intelligently controlled (Péan
et al. 2019, p. 36). This is realised at a higher control level and requires the presence of local
controllers that ensure the correct operation of the different components (see Fig. 3.5). Based
on the information collected by the various sensors in the system, weather data, and electricity
prices, the higher-level control algorithm determines a strategy for the operation of the system and
provides the local controllers with the appropriate signals (Péan et al. 2019, pp. 36 – 37). Therefore,
it is a basic requirement for the implementation of a higher-level control for DSM that the energy
system is equipped with sufficiently accurate sensors and connectivity. By now, sub-meters for
measurements in building subsystems, are not available by default in a residential building (Li et al.
2014, p. 518).
In this section, an overview on the basics of model predictive control (MPC) is presented. Furthermore, the state-of-the-art in building modelling for the use in residential intelligent controls is
introduced.

3.3.1. Model-predictive control
The model predictive control (MPC) belongs to the intelligent control techniques and thus differs
fundamentally from rule-based control (RBC), both in concept and complexity (Péan et al. 2019,
p. 37). RBCs are simple, heuristic methods, following the if-then-principle (Péan et al. 2019, p. 37).
They are widely used as controls for residential energy systems. However, they do not achieve
optimal performance (Clauß et al. 2019, p. 501). By contrast, MPCs use a model to predict the
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Figure 3.5.: Example of smart home energy system control with higher-level controller (own illustration based on
Péan et al. (2019, p. 37)). The home energy system consists of a HP, an EV, a PV battery system and electrical loads.

system’s behaviour (Fischer et al. 2017). They achieve significant improvements in transient response, robustness to failures, and constant performance under various conditions (Afram et al.
2014, p. 352). They can be used to control either simple processes as well as complex systems
(Camacho et al. 2007, p. 2). However, they are more difficult and expensive to implement (Péan et al.
2019, p. 45). The complexity increases when the number of control loops is large. This also bears
the risk of feedback loops and nonoptimal system behaviour. The availability of powerful computer
systems enables the systematic optimisation with a MPC (Detering 2003, pp. 77 – 86).
The origin of MPC dates back to the late seventies (Camacho et al. 2007, pp. 5 ff.). The term MPC
does not refer to a specific control algorithm but rather describes a strategy that can be implemented
with different algorithms (Afram et al. 2014; Camacho et al. 2007; Wimmer 2005). These control
algorithms use a model of the process to obtain the control signal by minimising an objective
function and considering constraints and disturbance factors (Camacho et al. 2007, p. 1). The
interactions of the core components of an MPC are outlined in Fig. 3.6 by the three boxes inside the
dashed MPC-area: Optimisation problem, model, and prediction.
As to be observed in Fig. 3.6, the optimisation problem is the central element of the control. It can
be characterised in different ways. In the context of power system modelling, linear optimisation is
often chosen. For this, some model simplifications are necessary, but the performance of finding a
solution is significantly better. There have been numerous examples of applications of dynamic
modelling of household energy systems based on a MPC as a (mixed-integer) linear optimisation
problem in the literature (Fiorini et al. 2018; Lee et al. 2019; Paridari et al. 2016; Sou et al. 2013). The
objective function of the optimisation is essential and it is often formulated as cost function (Péan
et al. 2019, p. 41). According to Péan et al. (2019, pp. 46 – 47), objective functions may also include,
for example, minimisation of fossil-based energy’s primary costs, energy consumption, peak power,
robustness of control, flexibility, or convenience. Furthermore, the formulation of the constraints
and the information situation about the external perturbation factors and inputs are a critical part
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Figure 3.6.: Basic structure of a MPC (own visualisation following Péan et al. (2019, p. 41)). The MPC basically
consists in the optimisation problem, the model and the prediction derived from inserting future control inputs
to the model. The control input is then supplied to the real HP. Measurements provide information to the MPC on
the status in the real building.

of the control and can significantly influence the performance of the MPC, as can the model and
the optimisation function (Afram et al. 2014).
The prediction is created using the model. Its quality depends on the data quality about the past
system behaviour and the accuracy of the future perturbations and inputs (Sauter 2019, pp. 12 ff.).
In this context, the selection of the prediction horizon and the sampling time also plays a role.
The prediction horizon is the time period that the model looks into the future and includes in
the planning. The sampling time is the time after which the optimisation is repeated with new
information. In particular, this means that a power system MPC, for example, creates the optimal
schedule at a certain time considering the next 24 h (prediction horizon) and sends corresponding
control signals to the components. After 1 h (settling time), it repeats the optimisation for the
next 24 h, thus looking one hour further into the future than before. Supervisory level controllers
typically operate with prediction horizons of 24 h and a slow sampling time of approximately 1 h.
Fast moving disturbances are controlled by a lower level controller included the device, which
operates with a shorter time horizon and a faster sampling time (Afram et al. 2014, pp. 350 f.).
The model of the system is used to predict the future system behaviour based on past and present
values and the proposed optimal future control actions (Afram et al. 2014, pp. 346 ff.). Consequently,
the process model plays a crucial role for the controller (Li et al. 2014, p. 518). Indeed, it must
reflect the dynamic behaviour of the controlled system as accurately as possible and, therefore, be
able to capture the process dynamics to accurately predict the future results. Moreover, it must
be easy to implement and understand. Since MPC is not a unique technique but a set of different
methods, there are many types of models used in different formulations (Camacho et al. 2007). In
the following section, further details on simplified but accurate building modelling approaches are
given.
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3.3.2. Building models
A core component of building heating system control is the creation of energy prediction models
for the building’s energy systems, such as heating, ventilation and air conditioning (HVAC) systems,
on-site energy generation, and energy storage systems. In addition, the built-in thermal mass
represents a suitable storage medium, which can be used flexibly with the help of appropriate
models (Péan et al. 2019, p. 36).
However, developing highly accurate energy prediction models for building systems is challenging.
Most building energy systems are complex nonlinear systems that are highly influenced by weather
parameters, occupant behaviour, and building type (Li et al. 2014, p. 518) – detailed modelling
would also require complex models that take a long time to simulate. Lately, the attention to
model simplification reduced due to the increase in available computing power (Kramer et al. 2012,
p. 219). According to Perera et al. (2016), new energy management tools based on online control
mechanisms required the integration of dedicated building heating models characterised by short
computational stuff and acceptable accuracy. In recent years, there has been a large number of
studies re-focusing on improving the accuracy as well as simplifying building energy models to
make them suitable for online control and optimisation (Li et al. 2014, p. 518).
Approaches to building modelling can be broadly divided into white-box and black-box models, with
the latter also referred to as data-driven models (Li et al. 2014, pp. 518 – 522). In addition, there are
so-called grey-box models which represent a compromise of both (Li et al. 2014, p. 520). Data-driven
models are neuronal networks and have the advantage that they are very fast and can accurately
represent the building on whose data they are based (Kramer et al. 2012, pp. 320 f.). With software
available today, they are also relatively easy to create if the appropriate database is available (Li et al.
2014, p. 520). However, this is exactly what makes them unsuitable for many simulation studies,
especially when no specific building is to be represented and no data is available. Moreover, they
can only represent the building configuration with whose data they were trained. White-box models
are more detailed because they are based on physical equations and thermodynamic relationships
such as the building modelling software TRNSYS (TRNSYS 2017). A common approach among
white-box models are the so-called lumped-capacitance models, or resistance-capacitance (RC)
models (see e.g., Kramer et al. (2012)). They can also be augmented and combined with data. Such
hybrid modelling approaches then fall into the realm of grey-box models, as applied, for example,
by Sperber et al. (2020). Due to their relevance for this dissertation, the RC approach is explained in
more detail:
The use of lumped-capacitance models can be traced back to an electrical analogy model developed
in 1936 for problems of thermal conductivity, which was later taken up again by Rouvel (1972) and
further developed. In an RC model, the physical components of the building are summarised in
a few resistors and capacitors, establishing an analogy with electrical circuits (Wang et al. 2019,
pp. 2 f.). The thermal network can be simple, few resistors and capacitors, or very complex, with
a large number of interconnected nodes (Belic et al. 2019, pp. 518 f.). For example, the model
presented in the study by Reynders et al. (2014) consisted of eleven resistors and eight capacitors
(R11C 8), Bacher et al. (2011) introduced a R4C 4 model and Perez et al. (2015) developed a R7C 4
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network. A reduced example of a R2C 1 mode with three nodes, two resistors, one capacitor in node
2, and heat injection Q̇ in node 1 and 2 is provided in Fig. 3.7.

Figure 3.7.: Example of an R 2C 1 thermal network with three nodes, two resistors, one capacitor in node 2, and
heat injection Q̇ in node 1 and 2.

The energy balances for the different nodes are set up and solved to calculate the temperatures and
heat flows within the building components (Bacher et al. 2011, p. 1516; Perez et al. 2015, p. 273). The
general energy balance to be solved is defined by Eq. (3.15), exemplarily for the node 2 of Fig. 3.7.
C1 ·

d ϑ2 ϑ1 − ϑ2 ϑ3 − ϑ2
=
+
+ Q̇ 2
dt
R1
R2

(3.15)

Here, subscripts 1,2, and 3 denote the nodes; C is the capacitance of the mass of the element under
consideration in J m−2 K−1 ; R is the resistance between the nodes in K W−1 ; and Q̇ is a load affecting
the node temperature, in W.

33

4. Methodology
This chapter presents the methodology followed in this dissertation, as visualised in Fig. 4.1. First,
the structure of the simulation study is outlined in Sec. 4.1. This includes the description of the reference systems and the derivation and description of the electricity market scenarios. Subsequently,
in Sec. 4.2, the model development is presented, starting with a derivation of the modelling approaches based on the specific requirements, followed by a description of the model structure and
the underlying theoretical background for the optimisation approach. In Sec. 4.3, the evaluation
procedure is presented. This especially includes the selection of suitable evaluation measures and
an overview of the fundamental aspects of the DoE methodology.

Figure 4.1.: Methodical framework of the study, consisting of the set-up of the simulation study, the development
of the simulation model, and the evaluation.

4.1. Conceptual set-up of the simulation study
This dissertation aimed to quantitatively determine the DSM potential of residential buildings from
a techno-economic and ecological point of view. The research question posed earlier (Sec. 2.4) was
answered with the help of simulation experiments. Different system configurations and technical
as well as user-specific parameters were analysed in terms of their influence on residential DSM.
The simulation study covered the current boundary conditions and allowed a statement about the
potential for influencing parameters through conceivable changes in the electricity market. For
this reason, the electricity market and especially electricity price scenarios were developed. In this
section, the defined reference system configurations and market scenarios are introduced.
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4.1.1. Definition of system configurations
Seven reference energy system configurations were defined for the simulation study. They were
designed for a four-person household living in a single-family house of massive construction (see
Table A.1). The building had a heat demand of approximately 85 kWh m-2 a-1 and 50 l DHW
consumption per person per day. Based on Bost et al. (2011, p. 28), an annual consumption of
4500 kWh was assumed for the electrical load profile.
As the focus of this research is on electrification in the household, reference household Sys1 was
equipped with an HP for space heating and DHW as well as an EV with an annual consumption
of 3500 kWh, which corresponds to approximately 17500 km of driving. The EV has a charging
efficiency of 0.93 (Kurzweil et al. 2018, p. 235) and a maximum charging power of 2.3 kW (Mültin
2014, p. 60). To be able to distinguish the effects of DSM with an HP from DSM with an EV, two
other reference systems were configured: Sys2 had only an HP, whereas Sys3 only had an EV, and
no electricity-based heating technology was present.
Furthermore, for both cost- and CO2 -controlled DSM, the availability of a PV plant is a decisive
factor for the DSM of the overall system (Beck et al. Hillemacher 2017; 2014). Therefore, systems
Sys4, Sys5, and Sys6 characterised the same three households as Sys1, Sys2, and Sys3, but with the
difference that each of them was equipped with an additional PV system with an installed capacity
of 5 kWp. The roof-top system was oriented to the south, and the modules were installed on a
sloped roof with an inclination angle of 45◦ (Tjaden 2013, p. 10).
As a further reference system, the system Sys4 was equipped with an additional stationary battery
to create Sys7, which had a maximum energy storage capacity of 5 kWh (Bost et al. 2011). The
efficiency of the battery storage system was assumed to be 0.88 (Kurzweil et al. 2018; VARTA 2018).
In summary, the described systems are listed as follows:
•
•
•
•
•
•
•

System 1 (Sys1): Residential building with HP and EV
System 2 (Sys2): Residential building with only HP
System 3 (Sys3): Residential building with only EV
System 4 (Sys4): Sys1 with additional PV
System 5 (Sys5): Sys2 with additional PV
System 6 (Sys6): Sys3 with additional PV
System 7 (Sys7): Sys4 with additional stationary battery

The assumptions for the system components are reported in the specific subsections of Sec. 5.3.

4.1.2. Scenario development
Scenarios are eventuality statements and serve to systematically consider the future by describing
possible developments in a structured way (Dieckhoff et al. 2014, pp. 9 f.). The formulation of
scenarios was introduced into energy policy concerns in the 1970s by Meadows et al. (1972). Wellestablished scenarios are effective means of visualising uncertainties (Dieckhoff et al. 2014, pp. 9 f.).
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Therefore, the scenario method served this simulation study by covering the range of market design
development paths.
The electricity market scenarios were elaborated according to Samweber et al. (2017), who conducted an extensive scenario analysis to examine the future framework conditions for grid expansion
in Germany (Samweber et al. 2018). Their methodological approach comprised six phases for the
development of integrated scenarios (Samweber et al. 2017, pp. 5 – 10), namely the
1. identification of potential influencing factors and classification into the categories of economy,
social, technology, and politics;
2. investigation of the interdependencies between the influencing factors by drawing up a
cause-effect relationship matrix (Samweber et al. 2017, pp. 19 – 22; Regett et al. 2017, p. 2);
3. selection of key factors and determination of disruptive factors. Factors with a high degree of
active influence and suggestibility are called ambivalent factors and are considered critical
key factors;
4. determination of possible attributes (descriptors) and their development for all key factors;
5. formation of raw scenarios. A raw scenario represents a bundle of individual critical descriptors that are consistent with each other. A consistency matrix can support this purpose;
6. development of the final scenarios by adding the noncritical descriptors to the raw scenarios.
In this work, scenarios were created from the perspective of households and their opportunities
for participation in the electricity markets. As visualised in Fig. 4.2, different market structures
can provide incentives and involve households in the electricity market. They can be divided into
unidirectional incentives such as dynamic tariffs and bidirectional markets where households can
participate in trading. All are dependent on the political direction and the desired integration of
private households as market participants. The structure of the electricity market can be either
centralised or decentralised. In a centralised structure, households can act unidirectionally on the
electricity market and use the incentives offered, such as electricity tariffs or payments for power
feed-in and various forms of ancillary services. The tariff structure includes the design of electricity
prices and feed-in tariffs. These can be flat, which means that they are independent of external
factors, but dynamic tariffs are also likely (see Sec. 2.3). Different approaches exist for designing
dynamic tariffs, affecting the price spread between low and high price periods in particular. In
addition to variability, the tariff structure also involves the absolute level of the prices, resulting
from the presence of the individual price components and their level. The market for ancillary
services, such as control and balancing power, requires an additional market actor – a so-called
aggregator. The reason for this is that there are specific requirements for the availability of control
and balancing power, which households can only guarantee as a large pool of households and
with batteries. An example of this business model is Sonnen, which markets control and balancing
power by aggregating flexible batteries of many home storage units (Sonnen GmbH 2020). However,
since the individual household does not actively participate in this concept and it requires the
involvement of an aggregator, system services were not considered further in the electricity market
scenarios of this thesis (indicated by the dashed box).
Therefore, the next tasks were differentiating the market structure into centralised and decentralised
as well as designing electricity tariffs. First, the current electricity market’s baseline scenario (Sc01),
including a fixed tariff of 0.319 e kWh−1 , EEG payment of 0.082 e kWh−1 , and central structure,
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Figure 4.2.: Schematic tree diagram of incentive mechanisms for DSM in households participating in the electricity
market. The five boxes on the lower level of the tree diagram represent the different incentive mechanisms that
create business models for residential DSM; the dashed boxes indicate that the category is not included in the
scope of this research; and the remaining three solid boxes are represented in the electricity market scenarios.

was defined. Furthermore, three different tariff structures of dynamic prices were generated that
fluctuated to different degrees (a detailed description follows in Subsec. 5.2.1). The availability of
dynamic electricity prices from the energy supplier was considered in a central market structure in
which the household can react unidirectionally to signals from the grid operator. Combined with the
assumption of a fixed EEG feed-in tariff of 0.082 e kWh−1 (BNetzA 2021), this resulted in Sc02, Sc03,
and Sc04. In a different scenario (Sc05), a decentralised market structure was postulated; in this case,
there is a P2P market (described in Subsec. 5.2.2) on which households can trade electricity among
themselves. In addition to the ‘normal’ electricity price from the utility (0.319 e kWh−1 ), which was
assumed to be fixed in this case, a new dynamic electricity price was created that depended on the
behaviour of the respective households and on how much electricity is offered and demanded. A
total sum of flat price components such as grid fees and taxes of 0.1469 e kWh−1 must be paid by
the buyer to the grid operator; on top of that, the prices negotiated on the P2P market are paid from
the buyer to the seller. This also results in a dynamic feed-in tariff for the sellers. Outside the P2P
market, there is no more EEG payment for this as the electricity price for residual electricity that is
not available on the P2P market comes from the grid at a flat tariff.
This resulted in five electricity market scenarios, which are summarised in Table 4.1 (BDEW; BNetzA
2021; 2021).
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Table 4.1.: Overview of the electricity market scenarios.

Scenario
System structure
Grid electricity prices
Feed-in tariff
P2P market
Feed-in limit

Sc01
central
flat
flat
none
70 %

Sc02
central
dynamic
flat
none
70 %

Sc03
central
dynamic
flat
none
70 %

Sc04
central
dynamic
flat
none
70 %

Sc05
decentral
flat
none
yes
none

4.2. Model development
Depending on the level of abstraction to be achieved, suitable modelling approaches exist (Borshchev et al. 2004, p. 3): At the detailed level, abstraction is low and the model is physically detailed.
This approach is used when individual objects with precise sizes, distances, velocities, or temperatures are of relevance. Problems involving global trends and aggregated feedback are modelled at
a high level of abstraction because individual elements such as people, vehicles, and houses are
not observed individually. Indeed, most problems are somewhere in between at a medium level
of abstraction and detail. Physical modelling of energy systems is part of the dynamic systems
approach called equation-based modelling (Borshchev et al. 2004; van Dyke Parunak et al. 1998).
Developments in the entire energy or electricity sector are more likely to be modelled with system
dynamics (Ahmad et al. 2016) and electricity markets are often also modelled agent-based, especially in recent years because agent-models can cover every level of detail (Krewitt et al. 2011; Reeg
et al. 2013; Ringler et al. 2015; Rylatt et al. 2013). It is common to subdivide simulation models and
to realise different layers with different modelling approaches (Kremers et al. 2010). Based on the
requirements explained in the following subsection, the model developed for this dissertation is
elaborated in Subsecs. 4.2.2 and 4.2.3.

4.2.1. Requirements
For this dissertation, a simulation model that could investigate the influence of technical, climatic,
and market constraints on household DSM was developed. This imposed some essential requirements on the modelling approach: first, an understanding of the modelling target had to be defined,
and then the following requirements on the model had to be mapped within the system boundaries.
Primarily, the model had to contain the most important system components of an electricity-based
household system and be modular and flexibly expandable to represent possible changes in the
energy system, such as through the addition of new equipment (e.g., a fuel cell or an air conditioning
system). The operation of the entire energy system within defined boundary conditions had to be
guaranteed at all times. For the energy management system, this meant complying with all specified
boundary conditions of the system states, such as power limits of the devices or temperature limits
of the storage tanks. Furthermore, the efficient operation of the system had to be ensured within
these system limits. This means that losses should be minimised, and the equipment should be
operated at an operating point that is as efficient as possible. To achieve these goals, a sufficient
level of detail had to be selected for the modelling. All of the crucial physical state relationships
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that may exceed the boundary conditions had to be modelled to ensure proper operation. For the
efficient operation of the overall system, the efficiencies of the individual plants and the critical loss
mechanisms in the system had to be modelled.
In addition, the system was assumed to be fully networked and centrally controlled by DSM software
based on MPC. This would optimise the system to various optimisation goals (e.g., CO2 emissions,
costs, and others), receiving and processing signals and information from the electricity market
model.
Therefore, the strategy selected for this research was as follows. The simulation model was subdivided into two layers: the electricity market layer with the pricing models and the decentralised
electricity market and the energy system layer with detailed models of the system components of the
respective household. The household’s energy system was implemented as a parametric model. The
MPC is an optimisation problem, which is why an optimisation model was implemented. For each
reference household, different energy system variants were generated to meet the electricity and
heat demand of the building. By carefully coupling the optimisation model with a market model,
the household can receive signals from the market, such as electricity prices and CO2 emission
factors, and optimise its energy flows depending on these signals. A structure based on agent-based
modelling enables the simulation of a P2P market.
The simulation model was implemented in MATLAB®, exploiting the Optimization Toolbox™ and
the Parallel Computing Toolbox™ (MathWorks 2019).

4.2.2. Agent-based structure
The model was organised in an agent-based structure. In agent-based modelling, the system
behaviour results from the decisions and actions of individual, decentralised agents. Therefore, it is
not predetermined at the central system level (Reeg et al. 2013, p. 49). The agents are independent
entities with the following basic functions: (a) perception of the environment; (b) processing of
information; and (c) execution of actions (Urban 2004, pp. 1 – 2). They are assigned different
characteristic features, including in particular (1) autonomy, (2) cooperation and communication
skills, (3) rationality, as well as (4) intelligence and learning ability (Urban 2004, p. 2).
In the simulation model AMIRIS by Krewitt et al. (2011), each component is represented as an
agent. These agents were designed with a specific structure and behaviour for the respective model
component (generation plant or market actor). The behaviour of the same class agents can be
varied by setting different parameters and equipping them with different strategies.
This theory was applied in this dissertation (see Fig. 4.3). Component models of the household’s
energy system devices were developed, which could be configured as desired. The agent is the
superior instance that can monitor the system components in the household and control them
centrally and optimally with the help of MPC. It interacts with the electricity market agents and
other available household agents (if relevant in the market scenario). With the collected information
on electricity prices, CO2 emissions and surplus energy or demand from other households, the
agent plans the energy flows of its components for its forecast and planning horizon. As soon as new

40

4. Methodology
information becomes available at a later point in time, it adjusts the planning. The agent always
pursues its individual goal, which is attributed to it (e.g., cost minimisation) (Urban 2004, p. 1 – 2).
The interaction with other agents is opportune. This means that if the information from the market

Figure 4.3.: Agent-based structure of the simulation model.

is constant, and if the market scenario does not allow interaction with other decentralised agents,
the agent-based structure is not used (shaded grey in Fig. 4.3).

4.2.3. Optimisation
The goal of the schedule simulation is to control the entire energy system in such a way that the
benefit for the household is maximised. This results in an optimisation problem that must be solved
using an optimisation procedure. Mathematically, the term optimisation refers to determining
extreme values of a function within an acceptable range. In most cases, optimisations are used
to support decision-making processes directly related to the degrees of freedom of the problem.
These degrees of freedom are represented by variables (Kallrath 2013, p. 1). In this context, the
term optimisation includes, on the one hand, the transfer of the specific application problem into
mathematical form and, on the other hand, the solving of the problem (Jarre et al. 2019, p. 1). In the
following paragraphs, the objectives of the optimisation as well as the approach in this dissertation
are presented.

Optimisation objectives
In the use case of this dissertation, the optimisation was aimed at creating a schedule that best
achieves a certain optimisation goal. In principle, many different optimisation objectives are
conceivable (Clauß et al. 2017, p. 3) including minimising costs, maximising the use of RES or PV
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self-consumption (Beitollahi et al. 2007), and minimising peak loads (Clauß et al. 2019; Vanhoudt et
al. 2014) or CO2 emissions (Clauß et al. 2019; Hedegaard et al. 2017; Knudsen et al. 2016; Pedersen
et al. 2017).
The motivation for households to implement DSM is primarily for economic reasons, meaning
saving costs, for example, under dynamic tariffs; moreover, reducing one’s CO2 footprint is an added
value for environmentally conscious customers Kristinsdóttir et al. 2013, p. 4; Sou et al. 2013, p. 4051.
Above all, the ecological benefit is decisive, as only small monetary savings can be expected on the
financial side (Sou et al. 2013, p. 4051). For this purpose, the following two optimisation strategies
were implemented:
• minC τ : Minimisation of energy costs in the simulation period τ (referred to as min(C))
• min CO2 τ : Minimisation of energy-related CO2 emissions in the simulation period τ (referred
to as min(CO2 ))
A simultaneous optimisation for both objectives was not considered in this dissertation as it would
require the implementation of multi-objective optimisation (Ehrgott 2005). In such an optimisation,
the solution compromises both objectives, being a so-called Pareto-optimal solution (Vogelsang
2014, pp. 29 ff.). Consequently, a comparison is not possible. Nevertheless, this study aimed to
examine CO2 minimisation as a reasonable alternative to the widespread practice of costs-only
optimisation. Thus, the different optimisation objectives were examined and compared as two
separate DSM strategies.

Mixed-integer linear optimisation
For scheduling power plants and energy generators, and consumers in a virtual grid, various approaches and scheduling algorithms exist for optimisation, such as heuristics (rule-based methods),
linear programming, and MILP (Gelazanskas et al. 2014, S. 29). The latter is considered a state-ofthe-art method for power systems (Steck 2012) in theory and practice. In numerous scientific papers,
the MILP approach has been used for energy flow optimisation and power plant dispatch (Dullinger
et al. 2018; Meschede 2018; Sou et al. 2013; Stoll et al. 2014). In particular, Fiorini et al. (2018),
Duman et al. (2021), Bonthu et al. (2019), Paridari et al. (2014), and Lee et al. (2019) have applied
MILP to MPC-based optimisation in household power systems. MILP belongs to integer-based
optimisation and gets its name because at least some of the variables are integers. A MILP problem
consists of a linear objective function and linear constraints. Their formulation is essential for
the optimisation (Kallrath 2013, p. 2). It is also possible to reformulate or approximate nonlinear
problems using binary variables (Kallrath 2013, p. 83). In the following, the essential basics of MILP
are presented.
The general formulation of a linear optimisation problem is:
©
ª
min c τ x|Ax ≤ b, A eq x = b eq
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In this context, c τ x describes the linear objective function, which is to be minimised considering
the constraints formulated as equality constraints A eq x = b eq and inequality constraints Ax ≤ b
(Steck 2012, pp. 27 ff.). The constraints are also constructed from linear terms (Kallrath 2013, p. 13).
The objective function of MILP consists of first-degree polynomials with variables x and objective
function coefficients c (Steck 2012, p. 27):
cτ x = c1 · x1 + c2 · x2. . . + cn · xn

(4.2)

The number of terms depends on the number of time steps in the simulation and is related to
the complexity of the model. In most cases, the objective function is a cost function – even if the
cost does not necessarily have to be measured in money units (in the work of Fiorini et al. (2018),
it is CO2 emissions). The objective function is thus composed of cost and revenue terms as well
as penalty costs. They arise because optimisation models are based on the assumption that all
constraints are strictly fulfilled in the optimum. Consequently, it follows that all constraints are
equally important. However, this is not always reasonable for real problems (Kallrath 2013, p. 192).
So-called soft constraints (such as comfort temperatures) are considered to be less stringent than
hard constraints (such as mass balances), which must be satisfied at all times. Soft constraints
can be implemented in the model using relaxation variables. These attribute specific costs, called
penalty costs, to the violation of constraints (Kallrath 2013, p. 190). Since these costs are not physical,
they are discretionary and should be set very high (Meschede 2018, p. 81). Somewhat lower, they
can be chosen, for example, to reduce the energetically inefficient start-up processes as start-up
costs.
The strength of MILP lies in the availability of different variable types, which, in contrast to regular
linear programming, enables a detailed simulation of technical complexities (Steck 2012, p. 24).
These variable types are summarised as follows (Kallrath 2013, pp. 10 – 13):
•
•
•
•
•
•
•

Continuous variables {x ∈ R | LB ≤ x ≤ U B }
Integer variables {δ ∈ Z | LB ≤ δ ≤ U B }
©
ª
Binary variables δBin ∈ Z | 0 ≤ δBin ≤ 1
Semicontinuous variables {x ∈ R | 0 ∨ LB ≤ x ≤ U B }
Free variables {x ∈ R}
Discrete variables σ ∈ {σ1 , σ2 , ..., σn }
©
ª
Special ordered set of variables λi ∈ R+

In the implementation, variables are first declared as continuous or integer. Integer variables are
used, for example, for quantities. By setting lower (LB ) and upper (U B ) bounds, binary variables
can be defined as a particular type of integer variable required for zero-one decisions, such as
when a plant can only be on or off. Continuous variables can take any value within their bounds.
Free variables are continuous variables without bounds. Semicontinuous variables can only take
the value zero or any value between a LB and U B . They are defined similarly to continuous
variables and are constrained with an auxiliary binary variable δ in an inequality constraint such
©
ª
that x ∈ R | LB · δBin ≤ x ≤ U B · δBin (Kallrath 2013, pp. 174 f.). Thus, if the auxiliary variable is
0, then the variable is also 0, and if the auxiliary variable is 1, then x must be greater than its LB .
These variables can be used to define minimum production or minimum transportation quantities
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efficiently. The special ordered set (SOS) of variables is an ordered set of n positive real variables
©
ª
λi ; that is, λi ∈ R+ . SOS sets of type 1 and type 2 differ in the declaration of the λi ³as an integer
´
P
variable (SOS-1) or as continuous variables (SOS-2). Given a convexity constraint 1 = n
λ ,
i =1 i
only one λi value – in the case of type 1 – or two adjacent λi values – in the case of type 2 – may be
different from zero. The existence of ordered relations between variables is an essential property in
SOS quantities. This ordered structure is given by a reference condition (Kallrath 2013, pp. 148 ff.).
SOS-1 variable sets can thus be used to assign discrete values σ ∈ {W1 ,W2 , ...,Wn } (Kallrath 2013,
p. 148). SOS-2 variable sets are a method for modelling nonlinear relations as a linear approximation;
that is, to approximate values between the specified points X 1 and X 2 (Kallrath 2013, pp. 149 ff. Sou
et al. 2013, p. 4054). A detailed explanation is provided in Subsec. 5.3.1, where SOS-2 variable sets
are used for modelling the inverter efficiency and the HP COP curve.

4.3. Evaluation
Within the dissertation framework, evaluation measures were defined that serve as indicators for the
performance of the DSM. The DoE methodology is suitable for the integrated analysis of influencing
factors and their effects on the defined target criteria. The performance indicators are presented in
Subsec. 4.3.1, followed by a brief introduction to the DoE methodology and the experimental design
applied in this study in Subsec. 4.3.2.

4.3.1. Evaluation measures
A differentiated evaluation according to techno-economic and ecological measures was applied to
assess DSM in residential buildings. The measures defined were (1) energy costs, (2) CO2 emissions,
and (3) self-sufficiency.
Furthermore, this work only referred to the operation of the system components, which is why
investment costs and emissions for the manufacture of products were not considered. The reason
for this is that the focus was on DSM, and thus, the additional benefit of DSM measures was
analysed for each existing system. Therefore, it was assumed that a household already has the
relevant system components and does not purchase them specifically for the implementation of
DSM. It is therefore not a question of including DSM in the dimensioning and investment decision
but rather of evaluating the later implementation of an energy management system.
The energy costs included only operating costs. Accordingly, depreciation for investments or
maintenance costs was not included. Costs are the most widespread measure in the literature for
the evaluation of simulation results. As a measure for evaluating the success of DSM, costs are used
in most scientific studies (Beck et al. 2017; Hillemacher 2014; Huang et al. 2019). They represent an
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important measure for the customer when adopting any business model. The energy costs C τ in
e for the period τ are defined as follows:
Cτ =

τ X
n
X
t =1 i =1

E i (t ) · p i (t )

(4.3)

Here, E i (t ) is the energy flow i in the time step t , and p i (t ) is the price for the energy flow i in t .
The CO2 emissions caused by electricity consumption were selected as an evaluation measure
for assessing the ecological effects of DSM. They depend strongly on the total amount of energy
consumed, the energy source (own PV, neighbour’s PV, or grid), and when the electricity from the
grid is used. Using the 15-minute resolved information of the CO2 footprint, similar to Fiorini et al.
(2018, p. 25), Le et al. (2020), and Mejia et al. (2020), the total emissions CO2 τ in kgCO2 for the period
τ are defined as follows:
τ X
n
X
CO2 τ =
E i (t ) · f CO2 ,i (t )
(4.4)
t =1 i =1

Similar to Eq. (4.3), E i (t ) is the energy flow i in the time step t and f CO2 ,i (t ) is the specific CO2
factor for the energy flow i in t .
As a result of less attractive PV feed-in tariffs, self-sufficiency became one of the first motivations for
controlling PV systems in households (Castillo-Cagigal et al. 2011, p. 2338). As a household uses its
PV energy, Bhandari et al. (2009, p. 1643) stated that it could save the money that would otherwise
have been paid.
The degree of self-sufficiency is a relative, dimensionless indicator that quantifies the use of selfproduced PV electricity. In this context, it is the share of self-generated energy in the total energy
consumption (Luthander et al. Quaschning 2015; 2013). In mathematical terms, the degree of selfsufficiency r S is expressed in % for the period τ defined from the amount of energy self-consumed
P
P
by the household τt =1 E SC (t ) and the total energy consumption τt =1 E i (t ) (Luthander et al. 2015,
p. 82):
Pτ
E SC (t )
r τS = Pt τ=1
· 100
(4.5)
t =1 E i (t )
An exemplary residential household with annual electricity consumption of 3000 kWh a−1 and a
PV system that produces 2000 kWh a−1 consumes 1000 kWh a−1 of its PV electricity. According
to the definition previously described, the share of self-sufficiency is 1000
3000 · 100 = 33.3 %. With
1000
2000 · 100 = 50 % the degree of self-consumption is defined.
Among the many studies that have focused on self-sufficiency with PV, Bost et al. (2011) quantified
the degree of self-sufficiency that can be achieved without storage or load shifting activity at
20 – 34 %. They indicated that through systematic optimisation this value has the potential to be
increased by 3 – 7 %. Electricity-based HPs, as well as EVs, can also benefit from self-generated
PV electricity and simultaneously increase the self-sufficiency by 5 – 10 % point (Gudmunds et al.
2020, p. 1212; Huang et al. 2019, pp. 15 f.). Furthermore, simulations with additional batteries have
revealed that, depending on the installed battery capacity, values of 40 – 79 % (with 2.5 kWh) and
56 – 93 % (7.5 kWh) can be achieved (Gudmunds et al. 2020, p. 1212). In general, Bost et al. (2011,
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pp. 38 f.) summarised that self-sufficiency increases with increasing PV generation and decreasing
demand.

4.3.2. Design of Experiments
A systematic examination of the factors influencing residential DSM was conducted by employing
the design of experiments (DoE) methodology. DoE – a statistical method for the efficient planning
and evaluation of test series – was developed in the 1920s (Kleijnen 2015, p. 12). It can be applied in
all engineering disciplines and is therefore widely used today (Siebertz et al. 2017).
The DoE methodology is used to investigate cause-effect relationships. Running experiments takes
a certain amount of time, which quickly rises to uneconomical dimensions as the number of factors
and their specifications increase. Simply omitting some experimental runs, however, can lead to a
loss of information. Systematic methods can reduce the number of tests to a minimum without
losing information. With different experimental designs, the desired significance of individual
main effects and various interaction effects of the factors can be adjusted in favour of further
optimisations (Schiefer et al. 2018, pp. 1 ff.). The statistical experimental design thereby replaces
the one-factor-at-a-time procedure, in which only a single factor is changed per experimental run
while the others are kept constant. In addition to the higher number of experiments, no interaction
effects can be detected with this method (Siebertz et al. 2017, p. 88).
The elaboration of this methodology for this dissertation was substantially supported by the master
thesis of Henne (2021). The experiment planning and the evaluation were conducted out using the
statistical software Minitab ® (Minitab Ltd. 2020).

Definition of terms
In DoE, the structure to be investigated is called a system. It must have clearly defined boundaries,
namely the system boundaries (Siebertz et al. 2017, p. 3). In practice, the system can either be an
experimental installation or a computer model; in any case, it is regarded as a black box (Kleijnen
2015, p. 24). All possible input variables into a system are called parameters. The parameters
included in the experimental design are called factors, and therefore, they are a carefully selected
subset of the parameters (Siebertz et al. 2017, p. 5). The factor settings are called levels. In an DoE
study, each factor is tested on a minimum of two different levels (Siebertz et al. 2017, p. 6). A system
can have one or more functions. The fulfilment of the functions is reflected in measurable results,
which help to distinguish good and bad systems. Therefore, these results are also called quality
criteria (Schiefer et al. 2018, p. 15). The so-called effect characterises the impact of a factor on the
system. The effect quantifies the average registered change of the quality attribute when the factor
setting changes (Siebertz et al. 2017, pp. 12 – 15). If the effect of a factor also depends on the setting
of another factor, it is called an interaction effect (Siebertz et al. 2017, pp. 15 – 21).
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Experimental design
The essential part of the DoE is the construction of suitable experimental designs. In recent years,
many experimental designs have been established, which can be adapted to different applications.
The selection of a suitable experimental design is based on several preliminary considerations,
including whether linear or nonlinear dependencies are known, the number of factors and factor
levels, the degree of detail, the time required, and the costs per series of experiments.
Experimental designs in which several factors are tested are called factorial experimental designs.
Here, several factors are varied against each other simultaneously, and mean values are formed
over their results, and effects are calculated in this way (Gundlach 2004, pp. 51 f.). This process is
visualised in Table 4.2.
Table 4.2.: Example of a 23 full-factorial design to visualise the procedure from creating the planning matrix to the
effect matrix (own visualisation based on Gundlach (2004, p. 53)).
planning matrix
No.
1
2
3
4
5
6
7
8

A
–1
1
–1
1
–1
1
–1
1

B
–1
–1
1
1
–1
–1
1
1

independent variable matrix
C
–1
–1
–1
–1
1
1
1
1

A
–1
1
–1
1
–1
1
–1
1

B
–1
–1
1
1
–1
–1
1
1

AB
1
–1
–1
1
1
–1
–1
1

C
–1
–1
–1
–1
1
1
1
1

AC
1
–1
1
–1
–1
1
–1
1

BC
1
1
–1
–1
–1
–1
1
1

result matrix
ABC
–1
1
1
–1
1
–1
–1
1

y1

y2

y3

effect matrix
23 experiments

y1
y2
y3

As shown in the exemplary tables, the experimental design is prepared in a planning matrix. From
this, the matrix of independent variables is generated, which, in addition to the factors, also contains
the coded interactions. After the experiments or simulations have been conducted, the results
are inserted into the result matrix. Subsequently, the effects of the individual factors and the
interactions can be calculated.
The example presented is a full-factorial design in which all factor combinations are tested. For
a two-stage experimental design (two factor levels) with three factors, 2k = 23 = 8 test runs – in
this case annual simulations – are necessary; for k = 10 factors, 210 = 1024 test runs are already
required. With a high number of factors, the full-factorial design (i.e., testing all possible factor
combinations) is not feasible in terms of time and costs. Part-factorial designs are a modification of
full-factorial designs. Here, the investigation of higher-order interactions is replaced by investigations of additional factors. As a result, more factors can be investigated with the same number of
test runs compared with full-factorial designs. Thus, for example, the three-way interaction ABC of
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the 23 full-factorial design from Table 4.2 can be replaced by an additional factor D. The number of
experiments when adding one factor thus amounts to 2k−1 (Gundlach 2004, pp. 55 – 58).
When the number of factors increases greatly, so-called screening experimental designs can be
used. Such designs are intended to reduce the number of experiments while keeping the loss of
information to a minimum (Siebertz et al. 2017, p. 28). Thus, they serve to identify significant
factors (Gundlach 2004, p.60). For this purpose, specially designed experimental designs guarantee
a reliable analysis of the system (Siebertz et al. 2017, p. 28). Plackett et al. (1946) developed a
screening method (Plackett-Burman design) in which the number of experiments is considerably
reduced based on part-factorial experimental designs. In the extreme case, with a Plackett-Burman
design, k +1 experiments can be conducted with k factors to be tested. However, these experimental
designs are associated with a low degree of detail, and furthermore, no interaction effects can be
considered (Gundlach 2004, pp. 60 f.).
In this dissertation, DoE was utilised to identify the factors influencing DSM in households and to
quantify their effects. Eighteen factors were selected for examination. Since no interaction effects
were considered in this context and only two values were examined in each case, the PlackettBurman experimental design was an appropriate approach for this screening.
The selected factors were subdivided into the categories of technical, user-dependent and predetermined (e.g., location and dimensioning). The category user-dependent refers to the behavioural
aspects of the user in terms of consumption and comfort. Technical parameters that may also be
modified by the user (such as the minimum SOC) are not included in this classification. In the
following, the factors and their respective two factor levels {–1; 1} are presented. The configuration
of Sys4 is used as a basis in all cases since a PV, an EV, and an HP are present in this system. The
additional stationary battery was excluded from the analysis to ensure that the DSM effects of the
other components were not blurred by the presence of a storage opportunity available at any time.
First, the technical parameters were enlisted:
A:
B:
C:
D:
E:
F:
G:

Optimisation objective {min(C); min(CO2 )}
Limit of charging power of the EV {3.6; 7.2} kW
Minimum comfort SOC set point for the EV {0.2; 0.8}
Minimum modulation speed of the HP {0.1; 0.3}
Bidirectional charging with the EV {‘No’; ‘Yes’}
Maximum flow temperature for space heating {35; 40} ◦ C
Prediction horizon {16; 24} h

The optimisation objective refers to the choice of the objective function (cf. Subsec. 4.2.3). The
maximum charging power was used to investigate to what extent the installation of a wall-box with
a higher charging power impacted the DSM. The comfort SOC refers to the limitation of the EV
flexibility presented in Subsec. 3.1.3 by a user-selected minimum SOC, which must be reached
as soon as possible. The modulation speed was limited to a lower limit by the manufacturer (cf.
Subsec. 3.2.1), and the influence of this limitation was examined. Furthermore, the bidirectional
charging of the EVs was considered. Since additional charging cycles reduce the lifetime, this option
should only be implemented if it contributes to the additional usefulness of the DSM. The maximum
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flow temperature is a parameter of the heating curve and affects the HP’s efficiency. The effect was
quantified by this analysis as well. As already described in Subsec. 3.3.1, the prediction is of essential
importance for an MPC. Therefore, the influence of the prediction horizon on the quality of the
DSM measures was considered.
The following the user-dependent parameters were specified:
H:
I:
J:
K:

Electrical profile {1; 2}
Mobility profile (ID) {210094; 330791}
Room temperature set point {19; 22} ◦ C
DHW tapping temperature {40; 45} ◦ C

The electrical load profile is the load profile of electricity consumed by household appliances and
lighting. This is an input vector to the model as an inflexible profile. The temporal distribution of
electricity consumption was varied to identify possible constraints on the DSM. The same applies
to the mobility profile, which mainly influences the periods during which the EV is at home, and
the frequency and distribution of the distances travelled. For the different profiles for mobility and
electricity consumption, the sum was kept constant over the year. As further parameters, the set
point temperatures for the room air and the DHW tapping were varied. It was expected that both
parameter adjustments would cause an increase in the total energy demand and, as a consequence,
more energy might be shifted in absolute terms. However, this assumption was to be verified and –
in particular – quantified.
Lastly, the parameters predetermined by the system and its dimensioning were as follows:
L:
M:
N:
O:
P:
Q:
R:

Building type {‘Massive’; ‘Light’}
Volume of TES {500; 750} l
Volume of DHW storage {220; 330} l
Maximum energy of the EV battery {18; 22} kWh
Installed PV power {4; 7} kWp
Azimuth angle of the PV modules {–30; 30} ◦
Location (weather data) {‘Kassel’; ‘Mannheim’}

The building types studied were massive and light structure buildings. Furthermore, the storage
volumes of the TES and the DHW storage were each increased by 50 %, the storage capacity of the
EV battery was varied, and the installed power and orientation of the PV system were investigated.
Furthermore, the influence of the climatic conditions, in this case, a warmer and sunnier location,
was determined by varying the location.
The response variables for evaluating the parameter influence were the cost savings (∆C τi ) and
emission reductions (∆CO2 τi ) achieved by implementing DSM compared with the benchmark
without DSM. Thus, the effects revealed by the DoE results are directly related to their influence on
the DSM potential.
In Table A.4, the complete Placket-Burman experimental design generated for this PhD thesis is
reported. The results for each of the 32 experiments were entered in the response matrix. They
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were obtained by running each of the simulation experiments twice – once with and once without
optimisation.
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5. Model implementation
The simulation model was the core instrument for the investigations in the present work. It was
composed of the following submodels from which the results for the evaluation were derived:
• Input data processing
• Electricity market models
• Optimisation model of the residential energy system
This chapter provides a comprehensive description of the model implementation. To this end, it
starts by presenting the input data and some of the preprocessing steps. Then, the market models
and the formulation of the optimisation problem are introduced, followed by the presentation of the
component models. Subsequently, the validation procedure is reported at the end of this chapter.

Remarks on the notation in this chapter
All optimisation variables are vectors in the dimension of the number of time steps in the optimisation horizon. In the present text, the vectors are represented by the bold notation, and it applies
E = (E 1 , E 2 , ...)τ . Furthermore, to simplify the notation for convenience and the reading fluidity, the
time instance (t ) is omitted whenever possible, that is, when the terms do not contain mixed time
instances such as (t ) and (t − 1).

5.1. Input data processing
The input data involve weather data, load profiles, and market data. The load profiles represent the
behaviour of the household; that is the inflexible loads of residential electric appliances, DHW tap
profiles, occupancy of people, and EVs. In this section, the input datasets are introduced, and some
key preprocessing steps are outlined.

5.1.1. Weather
The weather data are typical reference year (TRY) data sets provided by DWD (2019). These are
obtained as hourly data points from long-term measurement and observation series at 15 representative weather stations for different climate zones in Germany in the years from 1988 to 2007. The TRY
is then compiled from actual weather segments in such a way that the monthly and seasonal mean
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values, especially of air temperature, correspond as closely as possible to the long-term mean values
of the measurement period. Thus, the TRY is a database composed of individual measurements
containing different meteorological parameters for each hour of the year and represents an average
characteristic weather pattern for the year. The 15 climate zones representative for Germany are
listed by DWD (2017, p. 6) and cover all regions from the coast and the North German lowlands to
the fringes of the Alps. For this work, the location Kassel was chosen as a default site with a medium
climate. For the DoE analyses, Mannheim was selected as it is a warm and above all sunny location.
The weather data were utilised in the models of PV electricity generation for the building model to
determine the heating load and the HP model at a quarter-hourly resolution. This required some
preprocessing in which, on the one hand, further necessary weather parameters, such as solar
radiation onto inclined or vertical surfaces and the sky temperature, were calculated. On the other
hand, the hourly data were interpolated.

Interpolation
The weather data were available in hourly resolution but the data were required in smaller time steps
for the simulation. The subhourly data for temperature and the humidity ratio can be interpolated.
However, for the other data, especially relative humidity and solar radiation, this would result in a
loss of physical correctness. Therefore, the relative humidity was recalculated with the interpolated
data of drying temperature and vapour pressure. For solar radiation, the constancy of the amount
of energy available within an hour must be ensured (i.e., the total energy available must remain
constant), and at the same time, the profile must not exhibits any discontinuities. McDowell
et al. (2018, p. 520) proposed an algorithm for this purpose that calculates the radiation over each
subhourly time step from a reconstructed profile of current solar radiation. Consequently, this
algorithm was adopted for the present work.

Solar irradiation on sloped surfaces
The information on solar radiation in the weather data applies to horizontal surfaces. Since solar
radiation is required as an input for the building model and the PV model, the irradiance on
the horizontal surface (β = 0◦ ) must be transferred to the sloped surfaces. This is necessary for
determining the irradiance on the inclined collector surface (e.g., β = 30◦ ) as well as on the vertical
exterior walls of the building (β = 90◦ ) for all four compass directions (S-W-N-E).
The global radiation G Sol in W m−2 is the sum of direct and diffuse radiation (Duffie et al. 2013,
pp. 5 – 6). The conversion of the radiation on inclined surfaces is performed separately for direct
and diffuse radiation and summed as follows:
G Sol,β = G Sol,d,β +G Sol,b,β
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The direct irradiation on the inclined surface G Sol,b,β is defined as the product of the direct irradiation G Sol,b and the cosine of the irradiation angle θ:
G Sol,b,β = G Sol,b · cos θ

(5.2)

The diffuse irradiance on the inclined surface G Sol,d,β is calculated using the following formula,
taking into account the cosine of the inclination angle β (Quaschning 1996, pp. 100 – 104):
G Sol,d,β = G Sol,d,β ·

1
· (1 + cos β)
2

(5.3)

The angle of inclination is given, and cos β is known. The irradiation angle θ is calculated with
Eq. (5.4) and depends, besides the inclination angle, on the zenith angle of the sun θ z and the solar
azimuth γSol in ◦ , as well as on the azimuth angle of the inclined surface γ in ◦ . The latter describes
the deviation of the orientation of the surface from the longitude of the site, where zero is south,
east is negative, and west is positive: {γ ∈ R | − 180 ≤ γ ≤ 180} (Duffie et al. 2013, pp. 13 – 15). Just
like the tilt angle, this orientation of the surface is known.
¡
¢
cos θ = cos θ z · cos β + sin θ z · sin β · cos γSol − γ

(5.4)

The parameters of the sun’s position depend on the location on earth, day of the year, and time of
the day. Comprehensive documentation on their calculation can be found in Duffie et al. (2013,
pp. 13 – 19) and Reich et al. (2018, pp. 70 – 72).

5.1.2. Electricity consumption
The residential load (RL) represents the power consumed by household appliances. This load is
assumed to be inflexible and is used as input vector P RL in the model. The electrical load profiles
used were real data and originated from smart meter measurements in 25 different households
across Germany in 2012 and 2013 conducted by the company discovergy (Beck et al. 2017, pp. 609 f.).
Three typical household profiles with a resolution of 60 s were selected from the available datasets.
This selection was based on the analyses of Beck et al. (2017) and under the requirement that the
household must not have any extraordinary high-power appliances, such as a sauna. Furthermore,
neither an HP, an EV, nor a PV system should be present since these were represented separately in
the model. Two of the profiles were from four-person households with different overall consumption
levels and exhibited typical evening peaks, and the third was a rather flat profile from a two-person
household (Beck et al. 2017, pp. 609 – 610). The profiles are plotted for an average day in Fig. 5.1. To
use them for different households in the model, the three profiles were normalised and scaled to
the individual household’s annual electricity consumption. It is important to note that this method
could potentially cause unrealistic, overly high, peaks in the consumption profile. However, this
was equalised by choice of the step size from d t ≥ 300 s.
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Figure 5.1.: Average daily electricity consumption profiles of the selected households. The consumption profile of
a year is averaged over the hours of the day; thus, an average daily profile of the consumption is obtained. Load
profile 1 (black line) is a relatively flat profile from a two-person household, and load profiles 2 (red) and 3 (blue)
are from four-person households with typical evening peaks (Beck et al. 2017, pp. 609 – 610).

5.1.3. Domestic hot water tapping
The profiles for drinking water tapping were generated with the tool DHWcalc (version 2.02b), which
was developed as part of the International Energy Agency’s Solar Heating and Cooling Program
(IEA-SHC). It is provided as open-source software by the University of Kassel (Jordan et al. 2017).
The software outputs DHW profiles as .txt files that indicate flow rates for each time step (for
single-family homes, most values are zero).
A user interface allows various inputs to be defined before running the software (Jordan et al.
2017, pp. 6 – 17). For this dissertation, a DHW consumption of 50 l per person and day was
assumed (Mühlbacher 2007, pp. 24 ff.). The mathematical framework for the profiling builds on
statistical probability distributions (Jordan et al. 2017, pp. 9 ff.). The tool applies the cumulative
frequency method, where a probability function is integrated over time. The authors defined four
tap categories in the standard tap distributions: short tapping (e.g., handwashing), medium tapping
(e.g., dishwashing), bathing, and showering. For short and medium taps, the probability is a step
function consisting of constant values for daytime (5 – 23 h) and nighttime (23 – 5 h) (Jordan et al.
2017, pp. 10 – 11). The overall probability function consists of a product of the daily, weekly, and
seasonal distributions (Jordan et al. 2017, p. 18).

5.1.4. Mobility profiles
The mobility profiles were required for the EV charging model to determine when the EV is at home
and connected to the grid. According to Schuller et al. (2014), this can have a significant impact on
its flexibility. In addition, the driving profile specifies the travel distance, which determines how
much energy is drawn from the battery for each trip. This information was extracted from data from
the German Mobility Panel (MOP) – a household mobility survey conducted annually since 1994
(MOP 2017). The dataset, also used by Schuller et al. (2014) and others, contains the travel diaries of
11945 different households. Since some of them participated more than once, 25622 records are
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available. The data contain detailed information on the households, persons, and most importantly
their mobility (time, duration, means of transportation, distance travelled, and destination).
Based on the individual trip records of each person in the household, time series were generated
for this study that could be used as input for the simulation model. For this purpose, the presence
(absence) profiles of the individuals were derived from the departure times and the duration of the
trips. Thus, for the household, a vector for the number of occupants was generated {n Pe ∈ Z | 0 ≤
n Pe ≤ n max
} as well as a corresponding occupancy vector for the EV {n EV ∈ Z | 0 ≤ n EV ≤ 1}. For
Pe
visualisation, in Fig. 5.2, the presence profile of the four-person household with ID 210094 is plotted
as a black line, and the presence profile of the vehicle is visualised as a red line. On the right y-axis,
the distances travelled by car are shown as a blue line.

Figure 5.2.: Mobility profiles for one week of the four-person household ID 210094 (urban area, two teenage
children, medium income, trip records in 2004 – 2006), obtained from the data of MOP (2017). The black line
indicates the number of people present at home, the red line indicates the presence of the car. Furthermore, the
blue line shows the trip distances travelled by car in km.

With the information about the kilometres driven by the car, the consumption profile is obtained.
For each absence phase of the car, the driven kilometres are accumulated from the time of departure,
and the sum is written to the time of return, resulting in the vector for the energy consumption
E Drive . In this case, it is assumed that even if several paths are combined, the reduced SOC is
relevant for the optimisation only upon return.

5.1.5. Market data
The electricity market input data that were used included the residential electricity price and grid
data from the electricity system and the wholesale market.
The residential electricity price was not only used in Sc01 but also served as a base for the development of the dynamic prices, as described in Subsec. 5.2.1. It was taken from BDEW (2021,
p. 9). It is a flat electricity tariff, consisting of the following components: supply, sales, distribution (0.077 e kWh−1 ), grid fees (0.078 e kWh−1 ), EEG surcharge (0.065 e kWh−1 ), and others
(0.048 e kWh−1 ). Furthermore, value-added tax (19 %) is added to sum the total electricity price to
0.319 e kWh−1 .
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The electricity market data were required to obtain the EEX prices, the residual load, and the CO2
factor of the electricity mix. The latter was required as an input to the objective function of the
optimisation problem, as explained in Subsec. 4.2.3. Furthermore, all three of the data sets were
used as indicators for the dynamic pricing model. The data was derived from the German Grid
Association (Bundesnetzagentur | SMARD), providing a data set containing the total amount of
electricity production, consumption, imports and exports, and the wholesale market prices at the
EEX. The data from 2019 were used in this work.
The wholesale market prices p EEX in e MWh−1 were used without preprocessing.
The residual load P Res in MW, defined as the electrical power (P Cons in MW) demanded in an
electricity network minus the share of fluctuating feed-in from supply-dependent generators such
as renewable energy plants (P Gen,RES in MW), is computed using Eq. (5.5):
P Res = P Cons − P Gen,RES

(5.5)

Using the electricity production data for every energy source, the electricity mix for every time step
can be derived. Multiplied with the specific CO2 factors for the electricity generation of the different
technologies f CO2 ,i in kgCO2 kWh−1 (LfU 2018), the CO2 emission factors of the power generation
mix f CO2 in every time step are computed.
f CO2 =

n P
X
Gen,i
i =1 P Gen

· f CO2 i

(5.6)

5.2. Electricity market models
In this dissertation, two different electricity market designs, introduced in Sec. 2.3, were considered,
namely dynamic tariffs and decentralised P2P markets. They provided price vectors as input for
the optimisation model of the residential energy system. In this section, both market models are
described.

5.2.1. Electricity prices
The model for deriving the dynamic electricity tariffs relies on the approach published during the
model development phase of this dissertation in Freier et al. (2019). It includes the dynamisation
of all government-imposed price components (fees, taxes, and surcharges). The pricing model is
visualised in Fig. 5.3.
As already stated in Sec. 2.3, each price component targets the collection of money for a specific
purpose. Therefore, it is postulated that any (dynamic) tariffs must still cover the amount of money
required for financing their initial purposes (Illing 2014; Praetorius et al. 2017; Zähringer et al. 2016).
This boundary condition for a price component i is formulated using Eq. (5.7) with the electricity
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Figure 5.3.: Schematic of the dynamic pricing model. The algorithm includes the following five steps: (1) Splitting
of a reference price into its price components, (2) normalisation of the indicator vector, (3) dynamisation of
selected price components, (4) reallocation of dynamic and flat price components and finally (5) provision of the
final dynamic tariff to market participants.

consumption E and the original flat price component p i within time interval t and costs C τi within
the period τ.
τ ¡
X
¢ !
p i (t ) · E (t ) = C τi
(5.7)
t =1

Therefore, the dynamic pricing model relies on the actual electricity price introduced in Subsec. 5.1.5.
The dynamisation is conducted for every price component separately. This is why, as a first step, the
electricity price is split into its component (see Fig. 5.3).
The calculation of dynamic price components must be linked to an indicator. Three possibilities
were adopted in this dissertation: EEX day-ahead spot price p EEX , the residual load in distribution
grid P Res , and the greenhouse gas emission factor of the grid electricity f CO2 , all of which were
already reported in Fig. 2.3 and introduced as input data in Subsec. 5.1.5. This new method was developed based on Zähringer et al. (2016), Nabe et al. (2014), and Praetorius et al. (2017, pp. 95 – 103).
As preparation, the indicator was normalised (Roon et al. 2010). In the following example, the
algorithm is presented using the EEX prices as an exemplary indicator. Analogously, this routine
can be applied for any dynamic price component depending on any indicator.

p EEX
norm (t ) =

³
´
p EEX (t ) − min p EEX
¡
¢
¡
¢
max p EEX − min p EEX

(5.8)

Subsequently, the vector of the normalised indicator p EEX
norm is used to calculate the specific costs
per unit c i , accounting for the boundary condition introduced. This is done for every different price
component i .
Cτ
ci = P ¡ i
(5.9)
¢
p EEX
norm
The dynamic price component is then calculated as follows:
p EEX
=
i

p EEX
norm · c i
E

(5.10)
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Then, the dynamic and possible nondynamic price components are reallocated, resulting in the
final dynamic tariff. Finally, this tariff is provided to the market participants.

5.2.2. Peer-to-peer energy system
The decentralised market model consists of several steps, some of which take place at the central market platform, and some of which take place within individual households. The model is
visualised in Fig. 5.4.

Figure 5.4.: Schematic of the peer-to-peer model. The trading process includes the following five steps: (1)
Forecasting the prices for the future trading period based on stored data of the previous period, (2) provision of
forecasts to every market participant, (3) optimisation of system behaviour within the individual household and
sending of consumption information to market platform, (4) market clearing and price determination, and (5)
accounting and billing of energy transactions. The resulting clearing prices are stored and used for the forecast in
the subsequent market period.

The P2P electricity trading model was developed based on the Quartierstrom project, described
in Subsec. 2.3.2. This means that the negotiation of the energy takes place retrospectively; that
is the purchased and fed-in electricity is accounted for in the balance sheet. The advantage of
selecting the time point of the negotiation in this way is that no assumptions have to be made about
measures to be taken in case of noncompliance with an electricity supply or purchase agreement.
Such assumptions would have a significant effect on the business model and would determine the
result. On the other hand, it necessitates the agents of the individual households forecasting the
P2P prices, based on which they plan and realise their consumption. For this purpose, a simple
(naive) forecast is implemented as a first step in the model. According to Ashouri et al. (2019), the
naive prediction approach assumes that the hourly load is equal to the value at the same hour in the
week before. Typically, the naive prediction is is carried out with the previous day’s values. While
the predicted values of the naive method are generally considered not very accurate, it is intuitive
and requires little implementation effort (Ashouri et al. 2019). In this dissertation, the mean values
of the previous day and those of the same day one week before were used as prediction values.
p̂(t ) =
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1
· p(t − 96) + p(t − 672)
2

(5.11)
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This forecast is provided to all market participants. Each household optimises its energy schedule
based on the received price forecast (details on the optimisation are provided in Sec. 5.3). The
household realises the energy consumption and feed-in. Afterwards, the households report their
consumed and provided energy quantities (based on the smart metering data).
The pricing is based on the market balance equilibrium model (Schumann et al. 2011, pp. 22 – 24).
This means that the intersection of the supply and demand curves gives the market-clearing
price, an auction mechanism also applied at the day-ahead market of the EEX (Bader 2017, p. 13;
Süßenbacher 2011, pp. 27 ff.). This first involves the determination of the total demanded energy
vector E D of all buyers i in each time step:
ED =

n
X

E D,i

(5.12)

i =1

Analogously, the vector of the total supplied energy E S of all sellers j in each time step is computed:
ES =

n
X

E S,j

(5.13)

j =1

Subsequently, the supply-demand ratio r SD is derived:
r SD =

ED
ED +ES

(5.14)

Finally, the clearing price p clear results from the r SD in the context of the minimum and maximum
price. Based on the assumption that the seller would not sell their electricity for less than the feed-in
payment and not buy energy for more than grid price, p min and p max are determined under the
consideration of possible additional levies on P2P energy p P2P (as e.g., fees or taxes). In Sc05 of this
study, p P2P is equal to 0.1469 e kWh−1 .
³
´
p clear = p P2P + r SD × p max − p min

(5.15)

After this step, the clearing price vector for this auction period is stored for the forecast at the
beginning of the subsequent auction. As a final step, each household balances its energy flows
concerning actual costs and emissions. The available supplied energy is equally distributed to the
consumers, and the remaining demand is purchased from the grid.
The resulting price is dynamic, varying depending on the r SD within each time step. When only
local PV is auctioned, this results in a price that is equal to the grid price level when there is no solar
radiation. Once local electricity is produced, it covers a high percentage of local demand. Therefore,
the total electricity price of the market participants is lower during the hours of generation. Since
a PV system only produces during the day and mainly in summer, the price curve follows a valley.
This was also the case in the studies of Mengelkamp et al. (2018, p. 928) and Reis et al. (2020, p. 4).
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5.3. Residential energy system model
In this section, the model of the electric residential energy system is described. To begin, Fig. 5.5
presents a schematic of the model components: a stationary battery (Bat), a PV generator (PV ), an
inverter (Inv) grid connection (Grid), an HP system (HP), the battery of the EV (EV ), the electrical
power consumption of other residential loads (RL), and the MPC-based energy manager. The
shortcuts serve to specify the corresponding energy flows. For example, E PV2EV is the energy flow
from the PV system to the EV, and E Grid2HP is the energy flow from the grid into the HP. The

Figure 5.5.: Residential energy system model consisting of the following components: a supervisory controller
(MPC), stationary battery (Bat), photovoltaic generator (PV ), inverter (Inv), grid connection (Grid), heat pump
system (HP), battery of the electric vehicle (EV ), and electrical power consumption of other household devices
(RL).

centrally located energy manager organises and optimises the energy flows between the system
components. It is implemented as a supervisory control and realised as MPC. Its position in the plot
does not mark its physical placement but rather the point at which the energy flows are accounted
for. This means that all energy balances established between model components in this chapter
relate to this point.
In the following subsections, the optimisation problem is formulated, and the component models
with their specific variables and optimisation constraints are presented.
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5.3.1. Formulation of the mixed-integer linear optimisation problem
In the optimisation problem, the input parameters are given as fixed time series, whereas the plant
behaviour is represented by several variable vectors. The following objective functions are defined,
in which the energy flows E i are the decision variables and the objective function coefficients are,
depending on the optimisation strategy, equal to the electricity prices p i (see Eq. (5.16)) or the
emission factors f CO2 i (see Eq. (5.17)).
½
¾
τ X
n ¡
X
¢
min C τ =
E i (t ) · p i (t ) +C τPen

(5.16)

½
¾
τ X
n ¡
X
¢
min CO2 τ =
E i (t ) · f CO2 i (t ) + CO2 τPen

(5.17)

t =1 i =1

t =1 i =1

The terms of the objective function are the vectors of the different energy flows multiplied by the
objective function coefficients. The energy flows i ∈ {1, 2...n} are divided into several groups, each of
which can be assigned different objective function coefficients; these include the grid consumption
(E Grid2RL , E Grid2EV , E Grid2HP , E Grid2Bat ), the grid feed-in (E PV2Grid , E Bat2Grid , E EV2Grid ), the selfconsumption (E PV2RL , E PV2HP , E PV2EV , E Bat2RL , E Bat2HP , E Bat2EV ), as well as the penalty terms
for start operations or soft constraints.
To solve the optimisation problem, the intlinprog solver from the MATLAB® Optimization
Toolbox™ is utilised (MathWorks 2019), which creates energy schedules under consideration
of a prediction. However, with an increasing prediction horizon τP , the quality of the projected
data decreases. Therefore, in the real world, planning is not a one-time exercise but is repeated
periodically (Dudek 2009, pp. 115 ff.). The principle is called planning on a rolling basis and
originated in production planning (Rust 2010, pp. 65 ff.) before being adopted in control sciences
(Rawlings et al. 1993), later becoming state-of-the-art in MPC (Prívara et al. 2011, p. 565).
Therefore, in the receding procedure, a new schedule is created chronologically on the basis of
an updated prediction (Fleischmann et al. 2008, p. 84). This always occurs after a time τR < τP ,
meaning before the previously created schedule has been completely processed. This results in a
temporal overlap of the two schedules, which is depicted graphically in Fig. 5.6. There, the dark
coloured diamonds represent the time steps that are implemented after the receding time horizon
τR has elapsed. The light grey diamonds represent the time steps that are only included in the
planning. In optimisation period 2, the time steps of the previous time horizon τR lie in the past.
The entire prediction horizon τP is then shifted ahead by the amount of time that has elapsed.
Typically, the prediction horizon for MPC optimisations of heating systems is 5 – 48 h, and the
control horizon is 4 – 5 h (Afram et al. 2014, pp. 350 f. Široký et al. 2011, p. 3084). The time step
is usually set between 15 min and 3 h (Široký et al. 2011, p. 3084). In this work, the simulation
parameters given in Table 5.1 were set. By default, the prediction was assumed to be perfect.
The following subsections present of the component models and how they are realised in the
algorithm.
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Figure 5.6.: Schematic of the receding optimisation horizon (following Dudek (2009, p. 119)). The dark coloured
diamonds represent the time steps that are implemented after the rolling time horizon τR has elapsed; the light
grey diamonds represent the time steps that are only included in the planning; and the diamonds with a dashed
border are the past time steps.

Table 5.1.: Overview of the simulation parameters. The default values for the prediction and control horizon, as
well as the sampling time step, are based on common values in the literature and specific modelling requirements
(Afram et al. 2014, pp. 350 f. Široký et al. 2011, p. 3084).

Simulation parameter
Prediction horizon τP
Control horizon τR
Time step t
Simulation period τ

Default setting
24 h
4h
900 s (15 min)
365 days

5.3.2. Photovoltaic system
The PV power generation and conversion model consists of the PV modules and the inverter. It
relies on the fundamental equations presented in Subsec. 3.1.1. It is used to determine the available
PV power on the AC side and distribute it among the consumers, or respectively store or in-feed
it. These power flows are described by the following variable vectors P PV2RL , P PV2EV , P PV2HP ,
P PV2Bat , and P PV2Grid , all in W. Here, the indices correspond to the energy flows from Fig. 5.5.
First, the vector for the maximum achievable PV power P max
at each time step is computed from
PV,DC
the solar radiation on the sloped surface of the solar panels G Sol,β (from Eq. (5.1)) and external air
temperature ϑExt as calculatedhin Eqs. (3.1–5).
The actual PV power is a variable that can be set by
i
the optimiser, where P PV,DC ∈ 0; P max
.
PV,DC

The efficiency of the inverter ηInv is a variable that depends, in a nonlinear relation, on the ratio
between the DC power of the PV system and the nominal power of the inverter (see also Fig. 3.2).
This nonlinear relationship, shown as a dashed line in Fig. 5.7, is approximated by implementing
a SOS variable set of type 2 (introduced in Subsec. 4.2.3). The linear approximation is marked as
a solid line in the same figure. The crosses mark the breakpoints that divide the segments of the
approximation. For the implementation, five breakpoints are defined, at which the efficiency at
a certain power ratio is defined and among which other values can be interpolated. These points
are located at power ratios of 0.05, 0.1, 0.2, 0.4, and 1. The linear approximation is obtained using
an SOS-2 set of n positive real variables {λi ∈ R+ }, while a maximum of two adjacent λi values
may be different from zero. These values are determined through the combination of the reference
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Figure 5.7.: Inverter efficiency curve.

condition (Eq. (5.18)) and the convexity condition (Eq. (5.19)). The reference condition defines the
values for the ratio between PV power and inverter power at i = 5 points.
P PV,DC
P max
Inv

= 0.03 · λ1 + 0.1 · λ2 + 0.2 · λ3 + 0.4 · λ4 + 1 · λ5

(5.18)

The convexity condition must also be satisfied, where it is defined that at most two adjacent values
for λi may differ from zero.
5
X
1=
λi
(5.19)
i =1

Thus, all λi can be uniquely determined, making the reference condition hold true. With the
resulting λi values, the respective inverter efficiency can be determined using Eq. (5.20).
ηInv = 0.86 · λ1 + 0.95 · λ2 + 0.96 · λ3 + 0.97 · λ4 + 0.978 · λ5

(5.20)

To provide an example, for a power ratio of 0.3, the values λ3 = 0.5 and λ4 = 0.5 are derived while
λ1 = λ2 = λ5 = 0. Then, both convexity and reference conditions are fulfilled, and the inverter
efficiency equals 0.96 · λ3 + 0.97 · λ4 = 0.965. The resulting inverter efficiency leads to the AC power
that can be provided by the PV system, as given by Eq. (3.6).
The main degree of freedom given to the optimiser lies in the distribution of the PV power flows to
the consumers in the residential system. The following power balance applies:
P PV2RL + P PV2Grid + P PV2HP + P PV2Bat + P PV2EV = P PV,AC

(5.21)

Furthermore, an effective power limitation for the feed-in power of 70 % of the installed power
currently applies in Germany. According to § 9, section 2, EEG, this is a basic requirement for
receiving the EEG payment (Bundestag 2017). The inverter monitors and, if necessary, regulates
the operating power. Since a solar plant in Germany – depending on the orientation – rarely
operates at its technical optimum, there are only a few days on which there is no regulation at all.
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Nevertheless, this limitation is implemented in the model by the inequality condition Eq. (5.22),
while P PV2RL ≤ P RL holds.
P PV2Grid ≤ P p · 0.7
(5.22)
The parameters in Table 5.2 can be configured by the user of the model. For the reference systems
considered in this dissertation (see Subsec. 4.1.1), the default values are reported.

Table 5.2.: Overview of the parameters for the PV system. The default values are based on common values in the
literature and data sheets (SENEC 2019; SMA 2019; Tjaden 2013, p. 10;Peper et al. 2021, p. 11; SMA 2019).

Parameter
Installed peak power P p
Inclination angle β
Azimuth angle γ
Current I STC
Voltage U STC
Short circuit Current I SCC
Open circuit voltage U SCC
Temperature coefficient for current αT,I
Temperature coefficient for voltage αT,U
Inverter maximum power P max
Inv

Default setting
5 kWp
45 ◦
0 ◦ (South)
5.98 A
54.7 V
6.46 A
64.9 V
-0.0027 % K−1
0.00054 % K−1
5 kW

5.3.3. Electrical storages
The electrical storage models include the stationary battery and the EV battery. Both are similar in
structure, with the difference being that the EV needs more restrictive conditions due to its driving
and presence profile.

Stationary battery
The battery storage is represented by the following continuous variables: charge power P Bat,Chg ∈
h
i
h
i
0; P max
, discharge power P Bat,Dischg ∈ 0; P max
, and state of charge SOCBat ∈ [0; 1], which
Bat,Chg
Bat,Chg

provide information about the stored energy. Furthermore, the binary variables δBat,Chg and
δBat,Dischg are required, which indicate whether the charging mode or the discharging mode or
neither is active in a time step. The battery efficiency is assumed to be constant. The charge and
discharge balances for the stationary battery are defined using Eqs. (5.23) and (5.24):
P Grid2Bat + P PV2Bat = P Bat,Chg

(5.23)

P Bat2Grid + P Bat2RL + P Bat2EV = P Bat,Dischg

(5.24)

Then, in Eq. (5.25), the energy balance of the battery is established in discrete form. By the expression
SOCBat (t − 1), the SOC in the previous time step is integrated. Furthermore, the losses that occur
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during the injection as well as the withdrawal process can be balanced by the corresponding battery
efficiency ηBat .
max
E max
Bat · SOCBat (t ) = E Bat · SOCBat (t − 1) + P Bat,Chg (t ) · d t · ηBat −

µP

Bat,Dischg (t ) · d t

¶

ηBat

(5.25)

The battery cannot be charged with energy beyond its maximum energy. Likewise, no more energy
can be fed back than is stored in the battery (Mültin 2014, p. 66). The following inequality constraint
ensures that charging is stopped when the maximum energy E max
is reached:
Bat
max
P Bat,Chg (t ) · d t · ηBat + E max
Bat · SOCBat (t − 1) ≤ E Bat

(5.26)

The inequality constraints in Eqs. (5.27) and (5.28) limit the charge and discharge energy of the
battery by using the auxiliary binary variables to decide whether the battery is off, in charge mode,
or in discharge mode.
P Bat,Chg ≤ P max
(5.27)
Bat,Chg · δBat,Chg
P Bat,Chg ≤ P max
Bat,Dischg · δBat,Dischg

(5.28)

Eq. (5.29) also defines how the battery cannot be charged and discharged simultaneously.
δBat,Chg + δBat,Dischg ≤ 1

(5.29)

The parameters for the stationary battery in Table 5.3 can be configured by the user of the model.
For the reference systems considered in this dissertation (see Subsec. 4.1.1), the default values are
reported.

Table 5.3.: Overview of the parameters for the stationary battery system. The default values are based on common
values in the literature and data sheets (Bost et al. 2011; VARTA 2018; Luthander et al. 2015, p. 92).

Parameter
Maximum usable energy E max
Bat
Maximum (dis-)charging power P max
Bat,Chg
(Dis-)charging efficiency ηBat

Default setting
4 kWh
2.2 kW
0.938

Electric vehicle battery
Analogously, the formulation of the restrictions for the EV battery follow. Eqs. (5.30–33) describe the
power balances for charging and discharging.
P Grid2EV + P PV2EV + P Bat2EV = P EV,Chg
E Drive
+ P EV2Grid + P EV2RL + P EV2Bat = P EV,Dischg
dt
µP
¶
EV,Dischg (t ) · d t
max
E max
EV · SOCEV (t ) = E EV · SOCEV (t − 1) + P EV,Chg (t ) · d t · ηEV −
ηEV

(5.30)
(5.31)
(5.32)
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max
P EV,Chg (t ) · d t · ηEV + E max
EV · SOCEV (t − 1) ≤ E EV

(5.33)

Eq. (5.31) differs for the EV compared with the stationary battery: First, E Drive represents the power
required for the driven distance of the EV and is defined as a relaxed variable. In the time step
when the EV returns home, the total amount of energy consumed (200 Wh km−1 ) is subtracted.
This corresponds with the information as it is available to the optimiser, even if the actual energy
consumption is distributed over the absence time.
Second, the power flows from the EV to the residential consumers or grid are only relevant when
discharging at
allowed. This is realised by the introduction of the integer variable
h home is generally
i
δEV,Dischg ∈ 0, δmax
, where δmax
is set to 0 to avoid discharging at home. Thus, the
EV,Dischg
EV,Dischg
power flows P EV2Grid , P EV2RL , and P EV2Bat are controlled by Eq. (5.35).
P EV,Chg ≤ P max
EV,Chg · δEV,Chg

(5.34)

P EV2Grid + P EV2RL + P EV2Bat ≤ P max
EV,Chg · δEV,Dischg

(5.35)

δEV,Chg + δEV,Dischg ≤ 1

(5.36)

Additionally, when present at home (n EV = 1), the EV battery is forced to charge to a minimum
SOC required by the users to ensure their mobility. The following combination of two inequality
constraints in Eqs. (5.37) and (5.38) with the binary variable δEV allow charging to be forces when
SOC ≤ SOCmin
.
EV
min
SOCmin
EV − SOCEV − SOCEV · δEV ≤ 0
³
´
min
SOCEV − SOCmin
EV − 1 − SOCEV · (1 − δEV ) ≤ 0

(5.37)
(5.38)

Furthermore, if the EV is not at home and plugged in (n EV = 0), it cannot be charged or discharged,
as expressed by the following two equations:
P EV,Chg (n EV = 0) = 0

(5.39)

P EV,Dischg (n EV = 0) = 0

(5.40)

The parameters in Table 5.4 can be configured by the user of the model. For the reference systems
considered in this dissertation (see Subsec. 4.1.1), the default values for the EV are reported.

Table 5.4.: Overview of the parameters for the EV battery. The default values are based on common values in the
literature and data sheets (Renault 2017; Schuller et al. 2014; Mültin 2014, p. 60).

Parameter
Maximum usable energy E max
EV
Maximum (dis-)charging power P max
EV,Chg
(Dis-)charging efficiency ηEV
Minimal comfort SOC SOC min
EV
Discharging at home δmax
EV,Dischg
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Default setting
20 kWh
3.7 kW
0.964
0.4
0
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5.3.4. Building model
Since the building has an influence on the flexibility of the HP (Heinekamp et al. 2020), a simplification of the model in favour of the calculation time should not affect the accuracy of the
results. Furthermore, the MILP requires a linear building model. Additionally, a configuration of
the building for simulating different building types, insulation standards, and geometry must be
enabled. Provided with these objectives and requirements, the building model was developed. This
was significantly supported by the master thesis of Ceccolini (2020) and presented in Freier et al.
(2020).
Starting with the RC (R5C 3) model of Perez et al. (2015), it was elaborated to an R31C 6 model
consisting of 31 resistors and six capacitors, as presented in Fig. 5.8. In the figure, the resistors are
labelled with R#, the capacitors with C #, and the load injected into the nodes is indicated by arrows.
The modelled building is defined with a rectangular layout with a user-specified floor area.
In the RC model, the building is divided into five parts. The opaque envelope represents the vertical
exterior walls. Unlike the model of Perez et al. (2015), the roof and floor are not combined in the
opaque envelope because the roof usually has different structures (lighter), and the floor must be
separate because it contains the radiant panel that injects energy from the heating system. The
glazing or transparent envelope summarises all window areas defined by the window-to-wall ratio
entered into the model. The internal mass represents the internal walls and the external walls set
to adiabatic, indicating that they are not external but face the neighbouring house with the same
room temperature.
In the following paragraphs, the calculation of all resistors and all capacitors is presented, followed by
an explanation of the calculation of the heat gains until finally the energy balances in the respective
nodes of the building model are set up. The resistors and capacitors are constant throughout the
simulation time as they depend on the building’s physical properties. Heat gains, however, are
vectors as they fluctuate over the course of a day or year.
The resistors (R 2−5 , R 8 , R 13−16 and R 23 , R Glz ) that model conductive heat transfer are defined:
Rk =

ei ,j
λthi , j · A k

(5.41)

where R is the resistance in K W−1 , e i,j is the distance between nodes i and j in m, R is the resistance
in K W−1 , ei,j is the distance between nodes i and j in m, A k is the surface area of the kth component
in m2 , and λthi,j is the thermal conductivity of the material in ei , j in W m−1 K−1 .
For surface resistances, a distinction was made between convective and radiative resistances as well
as external and internal surfaces. The surface resistances are calculated by dividing 1 by the sum
of the convective and radiative heat transfer coefficients for the surface of the kth component, as
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Figure 5.8.: Building thermal network following the representation in Freier et al. (2020, p. 2).
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shown in Eq. (5.42). There are three external surface resistances (R 1 , R 20 , and R 22 ) and five internal
surface resistances (namely R 6−7 , R 9−12 , R 17−19 , R 21 , and R 24−28 ).
Rk = ¡

1
¢
h con + h rad · A k

(5.42)

The radiative heat transfer coefficient h rad is calculated using Eq. (5.43):
h rad = 4 · ² · σ · ϑ A

3

(5.43)

where ² is the hemispherical emissivity of the radiating body (0.9 for grey bodies); σ is the StefanBoltzmann constant corresponding to a value of 5.67 · 10−8 W m−2 K−4 ; and ϑ A is the mean temperature of the surface in K. The value of ϑ A is equal to the set point of room temperature (constant)
for the internal surfaces and equal to the external air temperature for the external surfaces.
The internal convective heat transfer coefficient h con,i in W m−2 K−1 is equal to 5.0 for upward,
2.5 for horizontal, and 0.7 for downward heat flow direction, as reported in DIN (2018, p. 160).
The external convective heat transfer coefficient h con,e in W m−2 K−1 is calculated based on the
standard with the wind speed ν adjacent to the surface and expressed in m s−1 , and the value for ν
is assumed to be constant and set to the annual mean wind speed in the weather input data.
h con,e = 4 + 4 · ν

(5.44)

The air change rate is modelled by an additional resistor R acr , which is defined by Eq. (5.45), where
ρ Air is the air density fixed equal to 1.2 kg m−3 ; V is the air volume in m3 ; AC H represents the air
changes in h−1 ; and c p Air is the heat capacity of the air equal to 1000 J kg−1 K−1 . The air changes
per hour are assumed constant for most of the year, except for summer nights, where it is increased
assuming that people have their windows open.
R acr =

1
H
V · ρ Air · c p Air · AC
3600

(5.45)

The presence of thermal bridges is modelled by the resistor R Ψ with Ψ as the linear thermal
transmittance in W m−1 K−1 and the length of the thermal bridge e Ψ in m.
RΨ = eΨ · Ψ

(5.46)

The resistor R Glz models the transparent components with the thermal conductivity λth,Glz in
W m−2 K−1 and the surface area of the glazed components A Glz in m2 .
R Glz =

1
A Glz · λth,Glz

(5.47)

The internal capacitors C 1 , C 2 , and C 3 in J K−1 of the casing are calculated using Eqs. (5.48–50).
As can be seen in Fig. 5.9, the capacitors C 1 and C 3 are located at the respective internal node
that is closest to the surfaces (nodes 2 and 4); hence, they are calculated based on the distance to
the two surface nodes (1 and 5) and the same distance from the capacitor to the inside (but with
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other physical properties). The capacitor in the middle of the casing, C 2 includes the remaining
parts of the distances to the neighbouring nodes. The node positioning is fixed (Perez et al. 2015,
pp. 271 – 272).

Figure 5.9.: Node positioning in the casing (Freier et al. 2020, p. 3).

´
³
C 1 = e 1,2 · ρ 1,2 · c p 1,2 + e 1,2 · ρ 2,3 · c p 2,3 · A k

C2 =

³¡

(5.48)
´

e 2,3 − e 1,2 · ρ 2,3 · c p 2,3 + e 3,4 − e 4,5 · ρ 3,4 · c p 3,4 · A k
¢

¡

¢

³

´

C 3 = e 4,5 · ρ 3,4 · c p 3,4 + e 4,5 · ρ 4,5 · c p 4,5 · A k

(5.49)
(5.50)

Here, e is the distance between two nodes in m; ρ and c p are the density in kg m−3 and the heat
capacity in J kg−1 K−1 as weighted averages of the physical properties of the materials on the length
in question; and A k is the total surface area of the outer walls, namely the enclosure surface area, in
m2 . Analogously, Eq. (5.51) computes the capacitor of the inner mass in node 7.
³
´
C 4 = e 6,7 · ρ 6,7 · c p 6,7 · A i

(5.51)

Furthermore, the capacitors of the ground floor are computed using Eqs. (5.52) and (5.53).
³
´
C 5 = e F,8 · ρ F,8 · c p F,8 + e 8,9 · ρ 8,9 · c p 8,9 · A F

(5.52)

³
´
C 6 = e 9,10 · ρ 9,10 · c p 9,10 + e 10,G · ρ 10,G · c p 10,G · A F

(5.53)

The external and internal heat gains are marked as red arrows in Fig. 5.8. They are vectors that differ
depending on the time step. For the computation of the internal gains, the radiative-convective
fraction f con/rad (e.g., 0.6 radiative, 0.4 convective, as in (DIN 2018, p. 160)) is applied. The radiative
part of the heat gains is added to all the internal surface nodes (roof, casing, inner walls, floor,
and glazing) and the convective part is added to the air node. For the heat gains from people Q̇ Pe
(Eq. (5.54)), a value of 125 W per person, when present at home, is assumed (VDI 2015, p. 27).
The heat gains from the the electrical equipment Q̇ RL is derived from the residential load profile
(Eq. (5.55)).
Q̇ Pe = f con,rad · 125 · n Pe
(5.54)
Q̇ RL = f con,rad · P RL · A

(5.55)

The external gains include the heat inlet from solar radiation Q̇ Sol and from long-wave radiation
exchange with the sky vault Q̇ Sky and ground Q̇ Grn . The internal gains result from the sum of people
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occupancy and electrical equipment (see Eqs. (5.54) and (5.55)). The occupancy and residential
load profiles are taken from the input data presented in Subsecs. 5.1.2 and 5.1.4.
The solar radiation gains on the external surfaces are calculated with the solar absorptance αSol ,
the solar radiation G Sol in W m−2 , and the surface of the component A in m2 . The solar radiation,
as explained in Subsec. 5.1.1, was previously calculated for the vertical walls (North, East, South,
and West) as well as for the horizontal wall (i.e., the roof) (Pinterić 2017, pp. 72 ff.).
Q̇ Sol,1 =

4
X

αSoli ·G Sol,i · A i

(5.56)

i =1

Q̇ Sol,13 = αSolRoof ·G Sol,Roof · A Roof

(5.57)

The solar gains through the windows are all added to the floor, which is a simplification because the
solar gains to the walls are neglected. The solar gains through the glazed components are calculated
based on DIN (2018, pp. 223 f.).
Q̇ Sol,F =

4
X

³
´
g Glz · 1 − F f r · F sh,i ·G Sol,i · A i

(5.58)

i =1

The solar gains on the window surfaces are distributed equally to the external and internal surfaces
of the glazing.
Q̇ Sol,11 = Q̇ Sol,12 = 0.5 ·

4 ¡
X

´
¢ ³
1 − g Glz · 1 − F f r · F sh,i ·G Sol,i · A i

(5.59)

i =1

The estimation of the long-wave radiation exchange between exterior building surfaces and the sky
requires knowledge of the sky temperature. The sky temperature is calculated using Eq. (5.60), with
the outdoor air temperature ϑExt in ◦ C, the hemispheric emissivity ²0 , and the cloud cover factor
f cloud . The latter two parameters can be derived from the dew point temperature and the ratio of
diffuse to total solar radiation as in TRNSYS (2017, p. 327).
¡
¢0.25
ϑSky = ϑExt · ²0 + 0.81 · (1 − ²0 ) · f cloud

(5.60)

Q̇ Sky on the external surfaces is computed using Eq. (5.61) (Pinterić 2017, p. 73), where the radiative
heat transfer coefficient h rad,Sky computed in Eq. (5.43) is used as well as the view factor F Sky , which
is equal to 0.5 for vertical walls and equal to 1 for the roof (DIN 2018, p. 160).
³
´
Q̇ Sky,k = h rad,Sky · F Sky · ϑSky − ϑExt · A k
(5.61)
The gains from long-wave radiation exchange with the ground are calculated using Eq. (5.62) with
the radiative heat transfer coefficient of the ground h rad,Grn in W m−2 K−1 (accordingly computed
with Eq. (5.43)); the view factor F Grn , which is equal to 0.5 for vertical walls; and the surface of the
component A c,w . The temperature of the ground ϑGrn is assumed to be constant. At the surface
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node 13, no long-wave radiation exchange occurs with the ground since a horizontal roof does not
face the horizontal ground (view factor equal to F Grn = 0).
¡
¢
Q̇ Grn,k = h rad,Grn · F Grn · ϑGrn − ϑExt · A k

(5.62)

Once the resistors and capacitors have been specified and the external and internal heat gains
computed, the building model is described by a set of first-order differential equations. Some
exemplary energy balances are reported as follows; the remaining equations that are established
analogously can be found in Appendix A.1.2. In Eq. (5.63), the energy balance in air node A is given.
0 = Q̇ RL,A +Q̇ Pe,A +

ϑ0 − ϑA ϑ0 − ϑA ϑ14 − ϑA ϑ5 − ϑA ϑ12 − ϑA ϑ6 − ϑA ϑF − ϑA
+
+
+
+
+
+
(5.63)
R acr
RΨ
R 24
R6
R 18
R7
R 11

By Eq. (5.64), the energy balance in node 1, located at the outer surface of the building, is presented.
It is affected by the external heat gains as well as the radiative resistor of the surface R 1 and R 2 .
0 = Q̇ Sol,1 + Q̇ Grn,1 + Q̇ Sky,1 +

ϑ0 − ϑ1 ϑ 2 − ϑ 1
+
R1
R2

(5.64)

Furthermore, Eq. (5.65) reports the energy balance in node 2 as an example of a node where a
capacitor is present.
d ϑ2 ϑ1 − ϑ2 ϑ3 − ϑ 2
C1 ·
=
+
(5.65)
dt
R2
R3
The energy balance in node 9 (Eq. (5.66)) is crucial as it contains the underfloor heating element;
thus, the heat from the heating system is injected at this point.
0 = Q̇ Ufh +

ϑ8 − ϑ9 ϑ10 − ϑ9
+
R 14
R 15

(5.66)

The parameters in Table 5.5 can be configured to specify the building. For the reference building
considered in this dissertation (see Subsec. 4.1.1), the default values are reported.

Table 5.5.: Overview of the parameters for the building. The default values are based on building performance
simulation standards (DIN EN ISO 52016-1; VDI standard 2078).

Parameter
Building type
U-values
Geometry (length × width × height)
Internal partition
Window share of exterior walls
Window type
Solar absorbance of the walls αSol
Thermal bridges Ψ
Air changes AC H
Heat gain per person
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Default setting
Massive (Table A.1)
Walls: 0.24 W m−2 K−1 , Roof: 0.22 W m−2 K−1
7.746 m × 7.746 m × 7 m
10 % (60 m2 · 0.1 = 6 m2 )
20 % (216.9 m2 · 0.1 = 43.38 m2 )
Type 4 (Table A.3)
0.6
0.05 W m−1 K−1
0.41 h−1
125 W
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5.3.5. Heating system
The heating system consists of the HP, underfloor heating in the building, as well as thermal energy
storages for space heating and DHW preparation. The topology that the model is based on is
visualised in Fig. 5.10. There, the water flow is included as well as the most important pumps and
valves that are controlled by the supervisory MPC controller.

Figure 5.10.: Topology of the heating system model consisting of the following components: a supervisory
controller (MPC), heat pump (HP), the building’s underfloor heating system (UFH), and thermal energy storages
for space heating (TES) and for DHW preparation (DHW ).

In the following paragraphs, the implementation of the component models within the MILP optimisation is explained in detail.

Underfloor heating system
The control of the heat flux injected to node 9 (c. f. Eq. (A.10)) of the building’s thermal network is
realised as a proportional control of the mass flow rate ṁ Ufh of the circulating pump. The control
parameter for the underfloor heating system c ṁ is a continuous variable {c ṁ ∈ R | 0 ≤ c ṁ ≤ 1} acting
on the mass flow rate in the heating circuit (Eq. (5.67)). It depends on the temperature difference
(ϑSet − ϑ A (t )). The control variable is set to 1 when the actual room temperature differs by more
than 2 K from the set point. It is set to 0 when the room temperature is higher than the set point.

c ṁ (t ) =



1

¡

¢
ϑSet −ϑ A (t )
2K





0

ϑA (t ) ≤ ϑSet − 2K
¡
¢
ϑSet − 2K ≤ ϑ A (t ) ≤ ϑSet

(5.67)

ϑ A (t ) ≥ ϑSet

The heat flow results from the following equation:
¡
¢
Q̇ Ufh = c ṁ · ṁ max
Ufh · c p · ϑFlow − ϑRet

(5.68)
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The temperature for the flow and return water is defined with the heat curve presented in Fig. 5.11.
The underlying assumption is that the heating surfaces are perfectly dimensioned and are always
able to provide the exact specified amount of heat to the room air.

Figure 5.11.: Heat curve for the heating system.

For the dimensioning of the residential heating system, the procedure described by the standard
DIN EN 12831-1:2017-09 (2017) is followed, and the maximum required water flow rate in the
underfloor heating system is derived. The parameters in Table 5.6 report the default values that are
adopted for the reference systems (Subsec. 4.1.1).

Table 5.6.: Overview of the parameters and default values for the underfloor heating system based on DIN EN
12831-1:2017-09 (2017).

Parameter
Room set point temperature ϑSet
A
Maximum water flow rate ṁ max
Ufh

Default setting
22 ◦ C
0.3 kg s−1

Inverter-driven heat pump
The HP is modelled as a modulating ASHP. This means that its performance depends on the
modulation and on the external air temperature that enters the HP. For this, the model relies on the
temperature-dependent performance curves from the data sheets as well as on an implementation
approach for the modulation by Dentel et al. (2017). Both are described in the following paragraphs
and are finally combined.
The static performance curves are linear approximations of heating power Q̇ h in W, the absorbed
power Q̇ a in W, and the electrical power P el in W. They are derived from manufacturer data sheets
and describe the performance of the HP in dependence of the external air temperature entering the
fan and the flow temperature of the water. Fig. 5.12 presents the static performance curves for a
mono-energetic ASHP with integrated 120 l buffer storage, a 9 kW auxiliary heater for residential
buildings, manufactured by Bosch Thermotechnik (Bosch 2019, type Compress 7000i AW 7 IR-S
AWMB).
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Figure 5.12.: Exemplary HP static performance curves, depending on inlet air temperature ϑExt on the x-axis and
flow temperature ϑFlow (solid lines: ϑFlow = 35 ◦ C , dashed lines: ϑFlow = 55 ◦ C ). The black curves represent the
electric power P el , the red curves represent the heating power Q̇ h and the blue curves represent the absorbed
power Q̇ a . The green lines are the COP values to be read on the secondary y-axis. The crosses indicate the
operation points for the computation of the K coefficients (at ϑExt = {−7, 2} ◦ C and ϑFlow = {35, 55} ◦ C ).

The static performance curves are mathematically described by Eqs. (5.83–85).
Q̇ h = K 1 · ϑExt + K 2 · ϑFlow + K 3

(5.69)

P el = K 4 · ϑExt + K 5 · ϑFlow + K 6

(5.70)

Q̇ a = K 7 · ϑExt + K 8 · ϑFlow + K 9

(5.71)

The nine K coefficients are constants, derived from the operation points A-7W35, A2W35, A-7W55,
and A2W55, which are located at ϑExt = {−7, 2} ◦ C and ϑFlow = {35, 55} ◦ C ). In the figure, these
points are indicated by crosses.
The compressor of a modulating HP is controlled by a frequency inverter. This ensures that the
HP’s power output is always adjusted to suit the demand. As described in Subsec. 3.2.1, the change
of the COP at part load is an important phenomenon (Clauß et al. 2019, p. 2). It increases the
model complexity to a necessary level as it is important to model the modulation’s influence on the
short-term behaviour of the HP system when performing demand response (Clauß et al. 2019, p. 14).
Therefore, the modulation speed Y , defined as the normalised inverter frequency, is introduced as
a semicontinuous variable {Y ∈ R | 0 ∨ Y min ≤ Y ≤ 1}. This means that when the HP is switched off,
the modulation speed is equal to zero, and as soon as the HP is switched on, the modulation speed
has a lower limit of Y min = 0.2 (Lee et al. 2019, p. 78). This is realised by introducing the binary
variable δon ∈ {0, 1} and applying it, according to Dullinger et al. (2018, p. 1653), to the modulation
as described by Eq. (5.72).
Y ≥ Y min · δon
(5.72)
As previously mentioned, the modulation speed influences the efficiency of an HP (Shao et al. 2004,
p. 814; Dongellini et al. 2017, p. 5). Based on the paper of Dentel et al. (2017), the power curves and
the COP are modelled as functions of the modulation speed Y , which is visualised in Fig. 5.13.
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Figure 5.13.: Relative HP performance curves (at inlet air temperature ϑExt = −7 ◦ C and flow temperature
ϑFlow = 35 ◦ C ). The solid black curve represents the electric power factor f P el defined as the electric power
over the nominal electric power. Analogously, the red curve represents the heating power factor f Q̇ h and the blue
curve represents the absorbed power factor f Q̇ a . At a modulation speed of 40 %, all the values are equal to 1. This
characteristic is based on Dentel et al. (2017, p. 294).

The relation between the parameters is not linear. A linearisation would result in a large error,
especially in the case of the COP because then, the COP peak at the nominal operation point cannot
be modelled. To model the nonlinear function in the MILP problem, the functions COP = f (Y )
and Q̇ h = f (Y ) are discretised and approximated in linear segments. For the approximation of the
COP curve, a type-2 SOS variable is required. The COP curve is segmented into eight linear parts
(number of points n = 9; see the crosses in Fig. 5.13). The reference constraint is formulated in
Eqs. (5.73) and (5.74) and the convexity condition is given by Eq. (5.75).
n
X

Y =

Y i · λi

(5.73)

i =1

Y = 0.2 · λ1 + 0.3 · λ2 + 0.4 · λ3 + 0.5 · λ4 + 0.6 · λ5 + 0.7 · λ6 + 0.8 · λ7 + 0.9 · λ8 + 1 · λ9
1=

n
X

λi

(5.74)
(5.75)

i =1

Subsequently, the COP values, as well as the values for the heating power Q̇ h in W, are derived
depending on the definition of the λi values resulting from Eqs. (5.73–75):
COP =

n
X

COPi · λi

(5.76)

Q̇ h,i · λi

(5.77)

i =1

Q̇ h =

n
X
i =1

From the results, the electrical power P el and the absorbed power Q̇ a , both in W, are computed as
follows:
Q̇
(5.78)
P el = h
COP
Q̇ a = Q̇ h − P el
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(5.79)
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This means that the performance curves introduced by Eqs. (5.69–71) have to be modified to account
for the modulation. However, as shown in Fig. 5.13, the effect of the modulation differs between Q̇ h ,
P el , and Q̇ a . For this reason, the resulting modulation factors must be calculated for the heating
power Y h , the electric power Y el , and the absorbed power Y a . This is done by dividing the values at
the current modulation speed (retrieved from Eqs. (5.76–79)) by the value at the nominal operating
point. The nominal operation is at a modulation speed of Y = 0.4.
Yh=

Y el =

Ya=

Q̇ h
nom

(5.80)

P el
P nom
el

(5.81)

Q̇ h

Q̇ a
nom

Q̇ a

(5.82)

The calculated modulation factors are multiplied with the static performance curves of the HP and
thus modify Eqs. (5.69–71).
¡
¢
Q̇ h = K 1 · ϑExt + K 2 · ϑFlow + K 3 · Y h

(5.83)

¡
¢
P el = K 4 · ϑExt + K 5 · ϑFlow + K 6 · Y el
¡
¢
Q̇ a = K 7 · ϑExt + K 8 · ϑFlow + K 9 · Y a

(5.84)
(5.85)

Fig. 5.14 shows the resulting performance curves of the HP, which depend on the modulation speed.
The line style indicates different external air temperature levels ϑExt = {−7, 2} ◦ C.

Figure 5.14.: Modulation-dependent HP performance curves at a flow temperature ϑFlow = 35 ◦ C and different
inlet air temperatures ϑExt (solid lines: ϑExt = −7 ◦ C, dashed lines: ϑExt = 2 ◦ C). The black curves represent the
electric power P el , the red curves represent the heating power Q̇ h and the blue curves represent the absorbed
power Q̇ a . The green lines are the COP values to be read on the secondary y-axis.
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To keep the number of starting operations to a minimum, a penalty is introduced. Therefore,
the binary variable {δstart ∈ Z | 0 ≤ δstart ≤ 1} is defined to indicate a start. In the case of cost
minimisation, these costs are defined as follows:
C τPen =

X

δstart · p Pen

(5.86)

To count the number of starting operations, the approach described by Dullinger et al. (2018,
p. 1656) is followed. For this, the integer variable {δswitch ∈ Z | −1 ≤ δswitch ≤ 1} is defined. Together
with the previously introduced binary variable δon , the following equality constraint ensures that
δswitch is equal to 1 when switching on, equal to −1 when switching off, and equal to 0 otherwise.
−δon (t − 1) + δon (t ) − δswitch (t ) = 0

(5.87)

Furthermore, Eqs. (5.88–90) are required to identify only the switching on operations (Dullinger
et al. 2018, p. 1656). First, the inequality constraint below achieves the following: when δswitch is
equal to 1, δstart can not be equal to 0.
δswitch ≤ δstart

(5.88)

Second, the combination of the following two equations established by Dullinger et al. (2018,
p. 1656) ensures that δstart is set to 0, when δswitch is either equal to 0 or to −1.
−2 · (1 − δstart ) ≤ δswitch − 1

(5.89)

δswitch − 1 ≤ −1 · (1 − δstart )

(5.90)

The HP can operate in three different operation modes, namely providing heat to the TES for space
heating (at a level of 35 ◦ C), providing heat for DHW preparation (at a level of 55 ◦ C), or being
switched off. These modes are described by the binary variables {δon,SH ∈ Z | 0 ≤ δon,SH ≤ 1} and
{δon,DHW ∈ Z | 0 ≤ δon,DHW ≤ 1}, while the following equation holds:
δon,SH + δon,DHW = δon

(5.91)

The HP is not able to provide heating power for space heating and for DHW simultaneously:
δon,SH + δon,DHW ≤ 1

(5.92)

For the dimensioning of the HP, the procedure described by Buderus (2019) is followed. The parameters in Table 5.7 are configured for the reference systems in this dissertation (see Subsec. 4.1.1) as
reported for the default values.
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Table 5.7.: Overview of the parameters for the HP. The default values are based on common values in the literature
and data sheets (Buderus 2019; Wemhöner et al. 2000).

Parameter
Minimal modulation speed Y min
Nominal COP COPnom
HP
nom
Nominal heating power Q̇ h

Default setting
0.2
3.4
5 kW

Electric heating element
An electric heating element is integrated into an HP system in the buffer tank (immersion heater) or
in the heating flow (flange heater). In this model, it is located in the heating flow. Therefore, the
£
max ¤
variable vector for the heating power of the auxiliary heater is Q̇ Aux ∈ 0; Q̇ Aux in W.
Since the heating output of an air-to-water HP decreases as the outside temperature drops, in
practice, an air-to-water HP is planned monoenergetically with an electric heating rod as a second
heat generator. Then, the planning of the heating capacity of the air source HP is not based on the
standard design point (e.g., −15 ◦ C), but on the bivalence point (e.g., −5 ◦ C). The heating element
often has an output of approximately 50 – 60 % of the output of the air source HP.
Q̇ HP = Q̇ Aux + Q̇ HP

(5.93)

Heating elements in HPs for space heating usually have a maximum power of 2.5 – 10 kW and are
preinstalled in most HPs (Buderus 2019). In this model, the dimensioning of the heating element
is based on the procedure of DIN EN 12831-1:2017-09 (2017). In Table 5.8, the default values are
reported.

Table 5.8.: Overview of the parameters and the default values for the auxiliary heating element (Buderus; DIN EN
12831-1:2017-09 2019; 2017).

Parameter
max
Maximum power of axillary heater Q̇ Aux
Efficiency of heating element ηAux

Default setting
6 kW
1

5.3.6. Thermal storages
The models of thermal storage include that of the buffer tank for space heating and the other for
DHW preparation. Both are similar in structure. The storages are modelled as perfectly stratified
storages, containing water of the maximum temperature and of the minimum temperature, represented only by the mean temperature. Still, as long as the mean temperature is higher than the
minimum, then there is a certain amount of water with the maximum temperature to be used.
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For the modelling of the storage system, an energy balance in the form of an equality restriction is
formulated in each case. In doing so, the differential energy balance described in Eq. (3.14) must be
converted into a discrete form (Duffie et al. 2013, pp. 377 ff.).
³
¡
¢´
E TES (t ) = E TES (t − 1) + Q̇ Chg (t − 1) − Q̇ Ufh (t − 1) − k · A TES · ϑTES (t − 1) − ϑAmb · d t
(5.94)

h
i
The storage temperature ϑTES ∈ ϑmin
; ϑmax in ◦ C is a variable serving as an indicator of the SOC.
TES TES
The limits for the storage temperature are vectors and change depending on the current heating
curve. It therefore applies ϑmin
= ϑRet and ϑmax
= ϑFlow . The heating curve is defined as a function
TES
TES
of the outside air temperature. The flow temperature increasing from one time step to the next and
flow water being taken from the buffer tank at this temperature would not ne physically possible
because the tank has not yet been able to heat up. However, this inaccuracy is of a minor extent;
dϑ

for an exemplary outdoor air temperature gradient of dExt
= 1 K (which, for example, occurs less
t
often than in 0.01 % of the cases within the data set of Kassel), a gradient in the heating curve
dϑ

of dFlow
= 0.43 K follows. A storage tank of a volume V TES = 300 l would need approximately
t
5 min for temperature adjustment at a volume flow of 1 l s−1 . Consequently, for small temperature
gradients and time steps of d t ≥ 300 s, this inaccuracy is acceptable.
ϑTES =

E TES
V TES · ρ w · c p w

(5.95)

The flow rate for DHW tapping is given in the profile introduced in Subsec. 5.1.3. With the constant,
household-specified DHW temperature, the mixing ratio for the DHW mixing valve is derived as
ṁ

a function of the current storage temperature ṁ hot = f (ϑTap ). The storage is modelled as ideally
cold
stratified. The HP control is with DHW priority, heating the storage with a flow temperature equal
to 55 ◦ C. The hot water tapping temperature depends on the household but it ranges between
ϑTap ∈ [40, 45] in ◦ C, which is also the minimum storage temperature. The maximum storage
temperature is the flow temperature, namely 55 ◦ C.
Analogously to the TES, the energy balance for the DHW storage is formulated as the discrete form
of Eq. (3.14) (Duffie et al. 2013, pp. 377 ff.):
³
¡
¢´
E DHW (t ) = E DHW (t −1)+ Q̇ Chg (t − 1) − Q̇ Tap (t − 1) − k · A DHW · ϑAmb − ϑDHW (t − 1) · d t (5.96)

Furthermore, the SOC is represented by the temperature while, different from the
h TES, the boundari
ies of the storage temperature are kept constant for the DHW storage. ϑDHW ∈ ϑmin
; ϑmax .
DHW DHW
ϑDHW =

E DHW
V DHW · ρ w · c p w

(5.97)

The parameters in Table 5.9 can be configured by the user of the model. For the reference building
considered in this dissertation (see Subsec. 4.1.1), the default values are reported. In particular, the
dimensions of the DHW storage are based on the assumed number of persons in the household
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(Clauß et al. 2019, p. 505). Klein et al. (2017) analysed TES tank sizes in terms of their energy
flexibility and found that TES with a capacity of two full operating hours offers roughly the equivalent
level of flexibility as substantially larger storages. These days, many TES in HP systems are also
dimensioned for two full load hours to enable them to bridge the blocking periods of the energy
suppliers. Therefore, the dimensioning of the TES tank for space heating in this model is also based
on the approximate capacity of two full operating hours (Klein et al. 2017, p. 932).

Table 5.9.: Overview of the parameters for the thermal energy storages. The default values are based on common
values in the literature and data sheets (Buderus 2019; Clauß et al. 2019, p. 505; Klein et al. 2017, p. 932; Pinamonti
et al. 2020).

Parameter
TES volume V TES
TES surface A TES
TES set point temperature ϑSet
TES
DHW storage volume V DHW
DHW storage surface A DHW
DHW set point temperature ϑSet
DHW
Ambient temperature ϑAmb
U-values k TES and k DHW

Default setting
500 l
3.91 m2
35 ◦ C
220 l
2.26 m2
55 ◦ C
20 ◦ C
0.35 W m−2 K−1

5.4. Validation and verification
The simulation model was a critical basis for all investigations in this dissertation. Therefore, with
the aim of avoiding erroneous statements from simulation models, verification and validation
formed an integral part of the modelling process (Rabe et al. 2008, p. 2). As summarised by Sargent (1998), verification checks whether the model is constructed correctly, and validation checks
whether the correct model is constructed. This means that the verification corresponds to the
formal proof of the correctness of the simulation model and is thus the assurance that a model has
been correctly transformed from one type of description to another type of description (Rabe et al.
2008, p. 14 f.). Validation, on the other hand, is intended to ensure that the developed model reflects
the behaviour of the original system with sufficient accuracy (VDI 2014, part 1, p. 37).
The selection of a validation technique is normally made under consideration of, for example, the
model properties, purpose of the study, effort and availability of measurement data (Rabe et al.
2008, p. 93). In the context of the present dissertation, the behaviour of the HP, in particular the
nonlinear dependence of the coefficient of performance on the outside air and flow temperature
as well as on modulation, was approximated and thus simplified by linearisation. The building
model as an RC network was also highly simplified and required detailed testing. Furthermore, the
power generation model of the PV system had to validated, as these data were particularly crucial
for the evaluation of the results. Each of the existing techniques serves to exclude errors and thus
to increase the credibility of the model and the results; complete correctness can never be proven
(Rabe et al. 2008, p. 93 f.). Validation is always model-specific, gradual, and the result of a long
process (Rabe et al. 2008, p. 34). According to the definition of Sargent (1998, p. 167), the validity

81

5. Model implementation
of a model is, in some respects, a subjective decision based on the results of various tests and
investigations (Rabe et al. 2008, p. 2 ff.). In this simulation model, it is not possible to validate the
overall model with real measured values as the model does not correspond to a specific real building.
In keeping with the principle of continuous verification reported by Rabe et al. (2008, pp. 2 ff.), the
process does not start at the end but is present during the whole model development process. This
is done mainly by conducting regular plausibility checks on the results and processed input data,
performing continuous debugging of the program code, as well as discussing and reviewing code
and intermediate results with technical experts.
In the following, the applied error measures are introduced, and subsequently, the validation of
selected model components is presented.

5.4.1. Error measures
To establish a comparison and thus quantify the quality of the model, various error measures were
used (Ruiz et al. 2017, pp. 2 ff.). The uncertainty indices used were the mean bias error (MBE), the
normalised mean bias error (NMBE), the coefficient of variation of the root mean squared error (CV
(RMSE)), and the coefficient of determination (R2 ).
The MBE is the average of the errors of a data sample (Ruiz et al. 2017, pp. 2 ff.). In general, the
target value for the MBE is 0, while positive MBE values indicate that the model underestimates
measured data, and negative values indicate an overestimation (Ruiz et al. 2017, p. 2). The MBE can
be calculated from the values mi obtained by the simulation model developed and the values si
provided by measurements or simulations using validated models, where n is the number of data
points measured:
Pn
(m i − s i )
MBE = i =1
(5.98)
n
The MBE provides information on the absolute value of the error without the context of the impact
on the overall simulation results. Therefore, the normalised MBE (NMBE) is used to determine the
global difference between the actual values and the predicted values. As described by Eq. (5.99), the
MBE is divided by the mean value of the measured values m. Similar to the interpretation of the
MBE, positive and negative values indicate the under- or overestimation of the simulation, whereas
values in the range of ±10 % are considered acceptable (Ruiz et al. 2017, pp. 2 – 3).
NMBE =

1
1
· MBE · 100 =
·
m
m

Pn

i =1

¡

mi − si
n

¢

· 100

(5.99)

However, the main problem of the MBE and the NMBE as indicators of model quality is that they
suffer from cancellation errors if the sum of both positive and negative values reduces the value
(Ruiz et al. 2017). Consequently, the CV (RMSE) is also applied, which characterises the variation
in error between measurements and simulation output. It is not influenced by cancellation errors
as the difference between measured and simulated values is squared. Thus, it is an indicator of
whether the model correctly represents the load shape (Ruiz et al. 2017, p. 2 – 3). For validation

82

5. Model implementation
purposes, the value should be smaller than 30 % (Ruiz et al. 2017, pp. 2 – 3). It is calculated as follows
(Robertson et al. 2013, p. 60):
v
uP
¢2
u n ¡
1 t i =1 m i − s i
CV (RMSE) =
·
· 100
m
n

(5.100)

Finally, the R2 expresses the proximity of the simulated values to the regression line of the measurements (Ruiz et al. 2017, pp. 2 – 3). It can take values between 0 and 1, where a value of 1 means that
the simulated values perfectly match the measured values. It is a general consensus that the value
for the R2 should never be less than 0.75 (Ruiz et al. 2017, p. 3). It is computed using the following
equation:

2
P
P
P


n· n
m ·s − n
m · n
s


i =1 i i
i =1 i
i =1 i

R2 = 
 sµ

¶
³
´
³
´

2
2 
Pn
Pn
Pn
Pn
2
2
n · i =1 m i − i =1 m i
· (n · i =1 s i − i =1 s i )

(5.101)

5.4.2. Validation of model components
Validation of the photovoltaic model
The model of the PV generator was validated regarding the correct computation of the annual
electricity generation. For this purpose, data from a database that contained a nationwide record
of monthly electricity yield from PV plants in Germany were used (SFV 2020). These data were
filtered for PV systems up to a maximum installed capacity of 10 kWp and tilt angles of aperture
surfaces between 25◦ and 35◦ . For the validation, the data of the postal code areas 32000 – 37999
were used, and a simulation was performed for the TRY weather data of Kassel because they covered
roughly the same climatic conditions. Still, the weather data input were subject to uncertainty as
the number of sunshine hours and solar radiation can vary from year to year. The data included
plants installed from 1992 onward. For each year, the average plant size (installed capacity) was
determined, and 28 (n = 28) reference cases are created from the data of the 28 years. In 1992, only
two plants were recorded, whereas in 2008, there were 145. The average installed capacity increased
from approximately 1.5 kWp before 1999 to 3.5 – 5 kWp in 2000 – 2009 and 5 – 5.8 kWp in 2010 – 2019.
Each of these plants i was simulated in the model, and the annual energy yield (s i ) resulting from
the simulation was compared against the energy yield (m i ) given in the reference data.
The results are presented as a scatter plot in Fig. 5.15a, and the corresponding error measures are
documented in Table 5.10. The MBE in power generation is 65.84 kWh a−1 , and the NMBE is 1.84 %
and thus sufficiently small. Only four major outliers can be observed, which can be attributed to
the age of the plants (three of them occur with plants installed before 1999).
The discrepancy between the model and the data was mainly due to the weather data. The real
data strongly depend on the meteorological year, whereas in the simulation with the TRY, only
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Table 5.10.: Error measures MBE, NMBE, CV (RMSE), and R2 for the PV model validation.

Error measure
MBE (kWh a−1 )
NMBE (%)
CV (RMSE) (%)
R2 (–)

(a) Scatter plot of the simulated power generation over the reference data with the linear regression line.

Value
65.84
1.84
9.73
0.97

(b) Dependency of the individual NMBE values to the sun hours
in the weather year.

Figure 5.15.: Graphs depicting the PV model’s verification.

an average year was available. An analysis of the errors in correlation with parameters from the
actual historical weather data of DWD (2020) revealed a correlation of the NMBE with the annual
sunshine hours (Fig. 5.15b). In particular, in a year with a high number of sunshine hours, the
model underestimated the yield of the PV system, whereas in a year with a below-average number
of sunshine hours, the simulation results tended to be too high. In view of the uncertainty caused
by the meteorological data and considering the error measures reported in Table 5.10, the PV model
was considered to be sufficiently valid.

Validation of the building model
The building model was verified using a cross-model procedure. This method allows for understanding the model boundaries and the influence of the different model assumptions. However,
there is a risk of inaccuracies in the reference model, and therefore, it is not always certain that a
deviation necessarily implies an error in the model to be validated. The verification was performed
using TRNSYS, an established simulation software environment. The Type56 element was used to
model the building. The validation of the building model was substantially supported by the master
thesis of Ceccolini (2020).
In the validation of the building, the presence of the heating system was neglected, and only the
building temperature under free-floating conditions was considered. The building dimensions
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(length × width × height) for the validation was 10 m × 12 m × 2.7 m, with 10 % of the floor area
occupied by internal walls. The validation focused on the air temperature profile in node A of the
building model, and it concerned the building model development and the related simplifications
in terms of building geometry, window areas, ventilation, and building envelope. For the validation
of the building types, eight cases were defined, and for each one, simulations were conducted
for 120 days (January – April) using weather data from the Kassel site. Two building types were
defined (CB: concrete and WB: wood building, referring to Tables A.1 to A.2). The following cases
were considered: the absence of any load (subscript 0) for verifying the correct modelling of the
convective and radiative heat transfer; the presence of only solar and long-wave radiation (subscript
R); smaller window size equal to 10 % of the external vertical wall area, instead of 20 %, (subscript
sW ); and finally the assumption of an air change rate of 0.41 h−1 (subscript ACR).
The validation measures were computed for the data of March and April, thus neglecting the first
two months to avoid observing any influence of initial conditions. The results for the validation
measures for the respective cases are reported in Table 5.11 and presented in graphs in Fig. 5.16. In
Fig. 5.16a, the data for the temperature in the air node of the building ϑA from the simulation model
(y-axis) and the TRNSYS reference model (x-axis) are plotted for WBR,sW,ACR , and in Fig. 5.16a for
the validation case CBR,sW,ACR . The plots for the other validation cases can be found in Fig. A.1.

Table 5.11.: Error measures MBE, NMBE, CV (RMSE), and R2 for the building model validation data for the months
of March and April (61 days).

Error measure
MBE (K)
NMBE (%)
CV (RMSE) (%)
R2 (–)

WB0
0.004
0.05
1.43
0.99

WBR
1.4
9.97
11.1
0.98

WBR,sW,ACR
0.53
4.58
5.44
0.99

WBR,ACR
0.97
7.4
8.82
0.98

Error measure
MBE (K)
NMBE (%)
CV (RMSE) (%)
R2 (–)

CB0
−0.02
−0.28
0.61
0.99

CBR
1.2
8.61
8.93
0.99

CBR,sW,ACR
0.37
3.48
3.81
0.99

CBR,ACR
0.77
6.23
6.58
0.99

From the values of the error measures, it became clear that the RC model results were very close to
the TRNSYS results for cases CB0 and WB0 . Cases CBR and WBR performed worst and barely lay
within the acceptable range for the NMBE. The MBE in the cases was 1.4 K and 1.2 K, respectively,
which are high even considering the inaccuracy of temperature sensors of approximately 0.5 K.
CBR,sW,ACR and WBR,sW,ACR performed slightly better than CBR,ACR and WBR,ACR , indicating that
the RC model more accurately modelled the influence of the windows and the the air changes.
However, all the validation values were within the acceptable range reported in Subsec. 5.4.1, as
visualised in Figs. 5.16c and 5.16d. The y-axis is scaled between 0 and 1, where 0 represents the target
value for the validation (indicated by the dotted horizontal line) and 1 represents the boundary value
for an acceptable result for the validation (indicated by the dashed horizontal line). For this, the
NMBE was divided by 10 % as values within the range of 0 – 10 % are considered good, as explained
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(a) WBR,sW,ACR

(b) CBR,sW,ACR

(c) Graphical representation of the error measures of Table 5.11
for the building geometry

(d) Graphical representation of the error measures of Table 5.11
for the building geometry

Figure 5.16.: Results of the cross-model validation of the RC building model with TRNSYS.

in Subsec. 5.4.1. Analogously, the CV (RMSE) was divided by 30 %, allowing values of 0 – 30 % for
this validation. Finally, R2 , where a value of 1 stands for a perfect validation, was turned around by
subtracting R2 from 1 and divided by 1 − 0.75 = 0.25, as the boundary for acceptable values is 0.75.
Consequently, considering the validation subcases and referring to the master thesis of Ceccolini
(2020), the building model was considered sufficiently accurate within the relevant conditions.

Validation of the heat pump model
When validating the HP, the operating points had to be confirmed in terms of their physical plausibility and in line with the state of technology. In this context, characteristic values for efficiency
are particularly decisive. The detailed operating mode was not validated with measured data since
this is a degree of freedom of the optimisation. The verification and validation of the model were
limited to checking that the reproduction of the efficiency was sufficiently accurate.
For the validation of the operating points of the HP, the COP at all operating points is related to
the Carnot efficiency for each simulation case. In general, the COP can never be greater than the
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Carnot COP. Furthermore, it is a valid point that today’s HPs can achieve maximum efficiencies
of 40 – 60 % of the Carnot efficiency (Meggers et al. 2010; Meggers et al. 2012; Pomianowski et al.
2020; Zajacs et al. 2020). The curves for 40 %, 50 % and 60 % of Carnot efficiency are plotted as
solid dashed and dotted lines in Fig. 5.17, based on the plot of Pomianowski et al. (2020, p. 7). COP
as a function of temperature difference ∆T between the external air inlet temperature ϑExt and
the water outlet temperature ϑFlow are then scattered as grey circles for all operating points of the
annual simulation. For comparison, data from the literature are plotted, as crosses for data from
Pomianowski et al. (2020) and as downward triangles for GSHPs, as leftward triangles for WSHPs,
and as diamonds for ASHPs from Ruhnau (2019, p. 6) were plotted.

Figure 5.17.: Comparison of the simulation results with energy efficiency data of HP systems as a function of
the temperature difference ∆T between the air inlet temperature ϑExt and water outlet temperature, or flow
temperature ϑFlow . The curves for 40 %, 50 % and 60 % of Carnot efficiency are drawn as solid, dashed, and dotted
curves, respectively. This is the range of the efficiency of typical HPs (Meggers et al. 2012, p. 50). The plotted data
points from the literature are from Pomianowski et al. (2020) and Ruhnau (2019), where the crosses above a COP of
10 indicate special low-exergy HPs (Pomianowski et al. 2020, p. 7), the diamonds represent ASHPs, the downward
triangles represent GSHPs, and the leftward triangles represent WSHPs (Ruhnau 2019, p. 6).

It can be clearly observed that all operating points are below 60 % of the Carnot efficiency; therefore,
no physically implausible condition is reached at any time step. Moreover, the literature data of
Pomianowski et al. (2020) and the ASHP values of Ruhnau (2019) are exactly in the range. As can
also be seen from the probability distribution (grey curve), by far the majority of operating states lie
in this range.
The values that are clearly below the 40 % Carnot curve are in the range of temperature differences
below 15 K. Typical HPs are sized to a range of 20 – 40 K (Meggers et al. 2010, p. 3); below 20 K the
potential COP increases rapidly, and specific low-exergy HPs can cover this (Zajacs et al. 2020, p. 2).
As a detailed review revealed, these operating points are isolated times in summer when a heating
demand temperature is briefly undershot, and the HP briefly turns on in heating mode. Due to
the high outside air temperatures and simultaneously low flow temperature (due to the heating
curve), a small temperature difference exists. According to Meggers et al. (2010, p. 3), temperature
differences ∆T ≤ 10 K are not considered feasible. Since this occurred in only 17 of 15000 time steps
(0.1 %), this examination was sufficiently successful.
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Furthermore, the SPF (see Eq. (3.11)) was inspected. For this purpose, data from the project wpsmart (Günther et al. 2020) were used. In this project, measurement data of real HP systems are
collected to investigate, among other aspects, the efficiency values of HPs in differently renovated
buildings (Günther et al. 2020). In Fig. 5.18, the individual SPF values of all simulations performed
in this work are plotted. The distribution of the values over all simulations is additionally visualised
in the box plot on the right side. The area between the dashed lines marks the range of SPF values
from all field test data sets from wp-smart. They range within 3 – 3.6. However, higher SPF values
were also reported, for example, by Clauß et al. (2019, p. 11), who described systems with SPFs of
3.41 – 4.43 in their evaluation. Thus, all simulation results for SPF were in a reasonable range and
considered validated.

Figure 5.18.: Comparison of SPF values with field test data from the wp-smart project. On the left, the individual
SPF values of the simulations performed in this work are plotted, and on the right, the distribution of SPF values
of all simulations is summarised in a box plot. The area between the dashed lines marks the range of SPF values
from all field test data sets from wp-smart. They range within 3 – 3.6 (Günther et al. 2020).
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In this chapter, the simulation results are described to answer the research questions formulated in
Sec. 2.4 regarding the techno-economic and ecological potential of DSM strategies in electrified
residential energy systems. To quantify this potential (i.e., the benefit of implementing DSM) the
reference case without DSM is presented first (Sec. 6.1). Subsequently, the individual aspects of the
research question are analysed with regard to different DSM strategies (Sec. 6.2), different electricity
market scenarios (Sec. 6.5), and technical influencing factors on the DSM potential (Sec. 6.3).

Remarks on the notation of units in this chapter
In this chapter, the evaluation measure always refers to yearly operation. Therefore, in the text, the
units are written as e instead of e a−1 and kg instead of kgCO2 a−1 .

6.1. Reference case
The unoptimised case, which will be referred to as Ref in this dissertation, is required as a comparative case to evaluate the benefits of implementing DSM. When Ref is applied, the consumption is
not shifted, and the self-consumption is scheduled based on an RBC algorithm. This RBC follows
a merit order logic, so that when there is a demand, primarily the self-generated PV electricity is
used (as much as available), further demand is provided from the battery (if one is available and
charged), and the remaining demand is supplied from the grid. The EV is charged from the time of
connection until full SOC. The results for the evaluation measure for this Ref case are reported in
Table 6.1.

Table 6.1.: Evaluation measures for the seven reference systems for the reference case Ref in Sc01

Evaluation measure
Costs (e)
Emissions (kg)
Self-sufficiency (%)

Sys1
3450.4
3925.7

Sys2
2250.2
2527.7

Sys3
2640.5
3001.9

Sys4
2603.4
3318.6
17.7

Sys5
1451.8
1981.1
24.8

Sys6
1883
2517.5
18.8

Sys7
2401.5
2996
27.1
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6.2. Optimisation objectives
In this section, the influence of the selection of the optimisation objective is analysed. At first, the
resulting energy schedules are compared for the different DSM strategies. Then, the evaluation
measures of costs C τ , CO2 emissions CO2 τ , and self-sufficiency rate r S τ are interpreted for both
DSM strategies.

6.2.1. Comparison of optimised energy schedules
To evaluate the different optimisation strategies, the seven systems are simulated without DSM,
with the DSM strategy min(C), and with the DSM strategy min(CO2 ). All of these simulations, 21 in
total, were conducted for a simulation period of one year in Sc01. In the following, the optimised
schedules of the different optimisation strategies and the reference are analysed by presenting
exemplary periods of three days each. In each case, how the energy flows are scheduled is reviewed.
To gain a better understanding, in each case, it is visualised whether the respective energy comes
from the household’s own PV (dark-grey coloured) or the grid (intermediate grey coloured) as well
as the curve of the CO2 factor (solid line). To analyse the EV charging behaviour, Sys6 is examined.
To examine the HP operation, Sys5 is considered, and finally, the use of the battery is observed for
Sys7.
First, in Fig. 6.1, the energy schedules for EV charging of Sys6 during three days in July are presented
for the different DSM strategies. Here, Fig. 6.1a presents the results for the DSM strategy Ref; Fig. 6.1b
presents the results for the DSM strategy min(C); and Fig. 6.1c presents the results for the DSM
strategy min(CO2 ). The light-grey shaded area indicates the periods where the EV is at home. The
intermediate grey bars represent the charging energy from the PV, and the dark-grey bars visualise
the charging energy from the grid. The discharging of the battery is not plotted but the dashed line
representing the SOC drops after returning home by the sum of consumed energy during travel.
Furthermore, the solid line plots the dynamic CO2 factor.
In the figures, it can be observed that the EV is charged very differently in the three considered cases.
Without DSM, the EV is charged directly after returning home with nominal power until full SOC
is reached. Part of this charging energy also comes from the PV system if the charging time and
PV electricity generation overlap in time. When applying the DSM strategy min(C), the charging
is scheduled to a later period in time, such as just before departure time, to partly charge with
PV energy. The implementation of min(CO2 ) schedules the charging to minimise CO2 emissions.
Hence, around the x-axis marker 02.07., a low-CO2 factor period can be observed between two local
peaks. The EV is charged in this period to avoid charging at a higher CO2 factor at a later point in
time.
Moreover, in Fig. 6.2, the energy schedules for the HP of Sys5 during three days in February are
presented for the different DSM strategies. Fig. 6.2a presents the results for DSM strategy Ref;
Fig. 6.2b presents the results for DSM strategy min(C); and Fig. 6.2c presents the results for DSM
strategy min(CO2 ). The light-grey bars represent the energy from the PV to the HP, and the dark-grey
bars are the energy from the grid to the HP. The dashed line represents the temperature in the TES
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(a) Results for the DSM strategy Ref.

(b) Results for the DSM strategy min(C).

(c) Results for the DSM strategy min(CO2 ).

Figure 6.1.: Energy schedules for EV charging of Sys6 during three days in July. On the left y-axis, the energy flows
from the PV to the EV (E PV2EV , dark-grey area), from the grid to the EV (E Grid2EV , medium-grey area), as well as
the CO2 emission factor (solid curve) can be read. On the right y-axis, the SOC (SOCEV , dashed curve) is presented.
Furthermore, the light-grey shaded area indicates the periods when the EV is present at home.
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and the dotted line represents the temperature in the DHW storage. The solid line plots the dynamic
CO2 factor.
Other than the EV charging, the explanations for the HP operation, the optimisation behaviour, are
less straightforward, as many parameters are involved (e.g., heat demand, DHW tapping, storage
temperatures, and efficiency influenced by system temperatures). However, it is evident that in
the case of the DSM implementation, the HP operates at more cycles. In Fig. 6.2c, this is especially
the case when the CO2 factor is relatively high. This suggests that the optimisation in the case of
min(CO2 ) attempts to use as little energy as possible when the CO2 factor is high and switches the
HP off.
Finally, in Fig. 6.3, the energy schedules for the PV and battery of Sys7 during three days in July
are presented for the different DSM strategies. Fig. 6.3a presents the results for DSM strategy Ref;
Fig. 6.3b presents the results for DSM strategy min(C); and Fig. 6.3c presents the results for DSM
strategy min(CO2 ).
The different use of the battery in the three optimisations is visible when comparing the three subfigures. In the reference case, due to RBC being implemented, PV electricity is primarily consumed
in the household itself (dark-grey area). As soon as there is a surplus, the energy is stored in the
battery (medium-grey area). When its SOC is at full charge, further surplus energy is fed into the grid
(light-grey area). Later, as soon as there is more demand than PV electricity available, the required
energy is taken from the battery until the SOC is at 0. Then, further demand is covered from the
grid. In the CO2 minimisation strategy, the battery is used to avoid drawing from the grid when
the CO2 factor is high. For example, at the x-axis marker 02.07., a period with a lower CO2 factor is
present between two local peaks. In Fig. 6.3a, the battery is already empty shortly after sunset, and
grid power must be consumed at a high CO2 factor, and in Fig. 6.3c, power is discharged from the
battery during the peaks.

6.2.2. Comparison of total costs, emissions, and degree of
self-sufficiency
The results for the evaluation measures yearly cost C τ , yearly CO2 emissions CO2 τ , and overall
degree of self-sufficiency r S τ are reported in the following two tables, specifically for the DSM
strategy min(C) in Table 6.2 and the DSM strategy min(CO2 ) in Table 6.3.

Table 6.2.: Evaluation measures in the seven reference systems for the DSM strategy min(C) in Sc01.

Evaluation measure
Costs (e)
Emissions (kg)
Self-sufficiency (%)

Sys1
3410.8
3855.3

Sys2
2231.1
2506.3

Sys3
2608.4
2944

Sys4
2526.6
3175.3
23.6

Sys5
1403.4
1903.6
32.2

Sys6
1842.3
2436.3
21.7

Sys7
2365
2902
33.7

The yearly costs for the seven reference systems range within 1400 – 3410 e when implementing
min(C) and within 1410 – 3410 e when implementing min(CO2 ). The emissions from energy system
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(a) Results for the DSM strategy Ref.

(b) Results for the DSM strategy min(C).

(c) Results for the DSM strategy min(CO2 ).

Figure 6.2.: Energy schedules for HP of Sys5 during three days in February. On the left y-axis, the energy flows
from the PV to the HP (E PV2HP , dark-grey area), from the grid to the HP (E Grid2HP , medium-grey area), as well as
the CO2 emission factor (solid curve) can be read. On the right y-axis, the temperatures in the TES (ϑTES , dashed
curve) and the DHW storage (ϑDHW , dotted curve) are presented.
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(a) Results for the DSM strategy Ref.

(b) Results for the DSM strategy min(C).

(c) Results for the DSM strategy min(CO2 ).

Figure 6.3.: Energy schedules for the PV and battery of Sys7 during three days in July. On the left y-axis, the
energy flows from the PV to the grid (E PV2Grid , light-grey area), to the battery (E PV2Bat , medium-grey area), and
self-consumption (E SC , dark-grey area), as well as the CO2 emission factor can be read. On the right y-axis,
the charging and discharging power of the battery (P Bat , solid curve) and the SOC (SOCBat , dashed curve) are
presented.
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operation amount to 1903 – 3855 kg with min(C) and 1890 – 3744 kg with min(CO2 ). The degrees
of self-sufficiency of the systems with PV range within 23.5 – 33.7 % (min(C)) and 23.6 – 34 %
(min(CO2 )).
Table 6.3.: Evaluation measures in the seven reference systems for the DSM strategy min(CO2 ) in Sc01.

Evaluation measure
Costs (e)
Emissions (kg)
Self-sufficiency (%)

Sys1
3410.8
3744.4

Sys2
2233.3
2482.5

Sys3
2609
2863.1

Sys4
2532.9
3084.9
23.5

Sys5
1410.2
1890.2
32.6

Sys6
1843
2362.1
21.7

Sys7
2390.8
2745.2
34

Considering the data in Table 6.2, the following can be summarised. The highest costs arise for the
systems without PV with 2231.1 – 3410.8 e. This is because only operational costs are accounted
for, and self-generated PV power is balanced with 0 e kWh−1 . The systems equipped only with an
HP have operational costs of 2231.1 e without and 1403.4 e with PV, which is 37.1 % less. Slightly
higher are the costs for the systems with only an EV, namely 2606.4 e without and 1842.3 e with PV,
thus reducing costs by 29.3 %. Sys7 has 161.6 e (6.4 %) fewer costs compared with Sys4 due to the
presence of the battery. Analogously, the highest sum of emissions arises for the systems without PV
with 1903.6 – 3855.3 e, the reason being that a value of 0 kg kWh−1 is accounted for self-generated
PV energy. The systems provided only with an HP cause 2506.3 kg without and 1903.6 kg with PV
(a reduction of 24 %). The values are slightly higher for the systems with only an EV, resulting in
2944 kg without and 2436.3 kg with PV (17.3 % lower). The battery of Sys7 achieves a reduction of
273.3 kg (8.61 %) compared with Sys4.
In the following, the data reported in the tables are interrelated with those of the reference cases
and visualised in Fig. 6.4, where the results of the change in the evaluation measure achieved
by optimised DSM are presented. The relative changes in the values when DSM is implemented
compared with the reference case (Ref ) in % can be read on the y-axis. A downward bar indicates
a decrease in the performance measure, and an upward bar indicates an increase. In white, the
results are shown for the DSM strategy cost minimisation (min(C)) and in grey for the DSM strategy
emission minimisation (min(CO2 )). The bar chart in Fig. 6.4a shows the reduction in costs, the bar
chart in Fig. 6.4b shows the reduction in CO2 emissions, and the bar chart in Fig. 6.4c shows the
increase in self-sufficiency for the systems with their own PV plant.
In Fig. 6.4a, it is evident from the white bars that in each system, the cost can be reduced by DSM.
Moreover, as expected, the cost savings are larger when the DSM strategy min(C) is followed. It is
noticeable that the savings of the three systems without their own PV plant (Sys1, Sys2, and Sys3) are
lower and do not fall below the value of –0.5 %. The savings here are used only to optimise efficiency
in HP operation and EV charging management. The Sys4, Sys5, and Sys6 systems can achieve cost
savings of up to –3 % through DSM, as they can – and this is also seen in Fig. 6.4c – significantly
increase their degree of self-sufficiency. In both DSM strategies, they achieve a 15 – 35 % increase.
In Fig. 6.4b, the grey bars indicate that in each system, the CO2 emissions can be reduced by DSM.
This succeeds to a greater extent when the DSM strategy min(CO2 ) is followed. The systems without
PV come to –3 % with HP and EV respectively only with EV and to approximately –1.5 % with only
the HP. These systems with PV even increase their self-consumption by 20 – 40 % with min(CO2 )
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(a) Relative differences in yearly costs.

(b) Relative differences in yearly CO2 emissions.

(c) Relative differences in total degree of self-sufficiency.

Figure 6.4.: Bar plots of the relative differences in the evaluation measures due to the implementation of the DSM
strategies min(C) and min(CO2 ).

and thus create a reduction of CO2 emissions by 4 – 8 %. The min(C) strategy saves significantly less
CO2 emissions, which is due to the fact that significantly lower self-sufficiency levels are achieved.
In particular, Sys4 with HP, EV, and PV and Sys6 with EV and PV degrees of self-sufficiency that are
increased approximately 10 % higher with min(CO2 ). With Sys5, the difference is smaller both in
the increase in the degree of self-sufficiency and in the resulting CO2 emission reduction.
Thus, it can be summarised that in the comparison of DSM with Ref an improvement of the
evaluation measure is always achieved. The reduction potentials for costs and CO2 emissions for
the systems with PV are up to twice as large, as these systems achieve a significant increase in the
degree of self-sufficiency. In the scenario Sc01 simulated here, there is a fixed electricity tariff. As a
result, the DSM strategy min(C) is only slightly better than min(CO2 ) in terms of costs but performs
significantly worse in terms of CO2 emissions and degree of self-sufficiency.

96

6. Results

6.2.3. CO2 avoidance costs
The hypothetical change from the DSM strategy min(C) to min(CO2 ) thus leads to slightly higher
costs but also to savings on the emissions side. Therefore, CO2 avoidance has its price, which can
be formulated in the unit e t−1 .
∆C τ
C τCO = 1000 ·
(6.1)
2
∆CO2 τ
The avoidance costs C τCO , which result in Sc01 for the seven systems, are summarised in Table 6.4.
2

The values range within 0.26 – 507.08 e t−1 . The highest value by far is for Sys5, the system with HP
and PV, without an EV or a stationary battery. The value results because the differences between CO2
reduction in min(C) and min(CO2 ) are only small. Thus, the cost minimisation, only saves 13.4 kg
less CO2 compared with the reference than the CO2 minimisation. By contrast, cost minimisation
saves 6.8 e more. Both values are very small for a whole year, and therefore, this high value for
abatement costs should not be overestimated.

Table 6.4.: CO2 avoidance costs for the seven reference systems in Sc01.

Avoidance costs C τCO (e t−1 )
2

Sys1
0.26

Sys2
91.71

Sys3
6.9

Sys4
69.29

Sys5
507.08

Sys6
9.58

Sys7
164.26

Nevertheless, the resulting avoidance costs are placed in the context of the current recommendations for CO2 prices as follows. For this purpose, Fig. 6.5 presents the calculated avoidance costs
from Table 6.4 as bar charts for all seven reference systems. In addition, the climate costs from the
study of Matthey et al. (2019) as well as the current CO2 price are plotted as horizontal lines.

Figure 6.5.: Graphical representation of the CO2 avoidance costs in Sc01 from Table 6.4.

In 2021, a CO2 price of 25 e t−1 was introduced, and by 2026, the price planned to move to a corridor
of 55 – 65 e t−1 (BMUB 2020). The price level 25 e t−1 is drawn as a semicolon line. Furthermore,
Matthey et al. (2019) from the German Environment Agency (German: Umweltbundesamt; UBA)
collected the cost rates for air pollution, noise, land degradation, traffic damage, environmental
costs of electricity, and heat generation among other variables and estimated consequential climate
damage costs (Matthey et al. 2019, p. 9). In each case, the recommended climate impact costs for
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the year 2030 (dashed lines) and the year 2050 (solid lines) are plotted in this figure. The UBA recommends the use of a cost rate of 205 – 240 e t−1 and a sensitivity analysis with a value of 670 – 730 e t−1
because impacts of climate change are cross-generational. The value of 640 – 730 e t−1 is based on
an equal weighting of the benefits for present and future generations and thus treats climate change
damage as an intergenerational problem (Matthey et al. 2019, p. 9). A time preference rate of 1 %
for the lower limits and 0 % for the upper limits was therefore used (Matthey et al. 2019, p. 9). For
example, a pure time preference rate of 1 % means that the damages incurred by the next generation
(in 30 years) are considered to only be 74 %, and those incurred by the following generation (in 60
years) are considered to only be 55 %. By contrast, with a pure time preference rate of 0 %, present
and future damages are equally weighted (Matthey et al. 2019, pp. 9 f.).
The calculated values resulting from the trade-off between min(C) and min(CO2 ) are, with the exception of Sys2 and Sys5, significantly lower than the climate costs recommended by UBA. However,
since the order of magnitude is kilograms rather than tonnes avoided, the avoidance costs per year
are not significant in absolute terms. Consequently, if an EV is available and charging is scheduled
with the aim of minimising CO2 emissions, it is profitable both in terms of costs and emissions. By
maximising the use of PV electricity, both costs and emissions are saved, and if, in addition, the grid
purchase is shifted based on the dynamic CO2 factor, the cost savings are barely affected when the
electricity price is constant.

6.3. Parameter analysis
In this section, the DoE series of experiments are evaluated to answer the subquestion 3 regarding
system-related influencing factors and possible resulting requirements (see Page 17). In Subsec. 4.3.2, the selection of 18 influencing factors was described, which can be divided into the
categories of technical, user-dependent, and dimensioning factors. To quantify the influencing
factors of the parameters on the DSM potential, the Plackett-Burman experimental design from
Table A.4 was used, in which 32 simulation experiments with different parameter configurations
and combinations were defined. For each simulation experiment, the simulation was run twice,
once with DSM and once without optimisation. For the evaluation, the absolute difference of the
evaluation measures cost ∆C τ , CO2 emissions ∆CO2 τ , and degree of self-sufficiency ∆r S τ between
DSM and reference was studied.
The graphical representation presents the effects of the change of the parameter setting from –1 to 1
on the change in the DSM potential. Therefore, the left y-axis shows the mean cost savings in 1000 e
as well as the mean CO2 emission reduction in tons (t), and the right y-axis shows the mean increase
in self-sufficiency in %. The mean values were computed by averaging the results of all simulation
experiments for each factor level. On the x-axis, the factor levels are shown, which correspond to
the values defined in Subsec. 4.3.2 (first value: –1, second value: 1). The effects are visualised by the
lines, where the dashed lines with circles represent ∆CO2 τ , the solid lines with crosses represent
∆C τ , and the semicolon lines with stars represent ∆r S τ . The steeper the line, the larger the effect
of the specific parameter on the evaluation measure. In the course of this section, the effects on
the DSM potentials are presented. The higher the values for the evaluation measures, the higher
the DSM potential in the form of cost savings, CO2 reduction, or increase in self-sufficiency. In
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Appendix A.5, the effects of the parameters on the absolute values of the evaluation measures are
visualised.
In Subsec. 4.3.2, the selected factors analysed in the DoE simulations were subdivided into the
categories of technical, user-dependent, and predetermined (e.g., location and dimensioning). The
following subsections describe the effects of the parameters in each of the three categories.

6.3.1. Technical influencing factors
The technical parameters contain the optimisation objective {min(C); min(CO2 )}, the maximum
charging power of the EV {3.6; 7.2} kW, the minimum comfort SOC set point for the EV {0.2; 0.8},
and the minimum modulation speed of HP {0.1; 0.3}, as well as the option of bidirectional charging
with EV {‘No’; ‘Yes’}, the maximum flow temperature for space heating {35; 40} ◦ C, and finally the
prediction horizon {16; 24} h.
In Fig. 6.6, the results for these seven technical factors are provided. The curves present the influence
of factors A – G on the average yearly changes in costs ∆C τ (circles and dashed lines), CO2 emissions
∆CO2 τ (crosses and solid lines), and degree of self-sufficiency ∆r S τ (stars and semicolon lines) due
to the implementation of DSM. As explained, the gradient between the results of factor setting –1
and 1 was determined for the impact of changing the respective factor on the emissions and cost
savings by DSM (i.e., on the DSM potential). The subplots Figs. 6.6a–g show the results for each
parameter, with emission savings ∆CO2 τ in t and the cost savings ∆C τ in 1000 e on the left y-axis
and the increase in self-sufficiency ∆r S τ in % on the right y-axis.
First, the analysis of the optimisation objective (Fig. 6.6a) shows, aligning with Sec. 6.2, that with
min(C) (–1), the cost savings are 6.26e higher and with min(CO2 ) (1), the CO2 reduction increases
by 63.03 kg, while the self-sufficiency increases by 0.3 %. However, as this evaluation was performed
for Sc01, the costs savings through DSM were small (see Fig. A.2a). This was extensively analysed in
Sec. 6.2.
Regarding the technical constraint of the EV, the maximum charging power for EV charging P max
EV,Chg
(Fig. 6.6b) influenced the DSM potential, since increasing it to 7.2 kW slightly increased the achievable ∆C τ by 58.15 e and ∆CO2 τ by 29.24 kg. Moreover, it is visible that ∆r S τ also increased by 0.3 %.
As observed in Fig. A.5b, the increase of the maximum charging power led to a decrease of the overall
yearly self-sufficiency rate r S τ and consequently to an increase in CO2 τ . This could be due to a
bad alignment of the times where PV power was available and the times the EV was plugged in. An
increase in the maximum charging power led to shorter charging periods as the EV battery reached
a full SOC faster. Thus, the benefit of implementing optimised charging with DSM was higher as the
reference gets worse. Additionally, the minimum set comfort SOC SOC min
(Fig. 6.6c) affected the
EV
DSM potential negatively. The mean ∆r S τ decreased by –0.42 % and the potential CO2 savings by
–21.47 kg. The decrease of ∆C τ by –2.4 e is smaller because the lower self-sufficiency rate led to
an increase in revenues. Furthermore, allowing discharging of the EV to the household δmax
EV,Dischg
(Fig. 6.6e) affected the improvement of the degree of self-sufficiency but did not contribute to higher
cost savings potential or CO2 reductions. This is due to the losses that occurred when charging
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(a) Optimisation objective.

(e) δmax
.
EV,Dischg

(b) P max .
EV,Chg

(c) SOC min .
EV

(f ) ϑmax .
Flow

(d) Y min .

(g) Prediction

Figure 6.6.: Main effects plots of the technical parameters (factors A – G) on the average yearly changes in costs
∆C τ (circles and dashed lines), CO2 emissions ∆CO2 τ (crosses and solid lines), and the degree of self-sufficiency
∆r S τ (stars and semicolon lines) due to the implementation of DSM.

and discharging the EV. With a charging efficiency of ηEV = 0.964 (Table 5.4), from 1 kWh shifted by
using the EV as a storage, the remaining amount of usable energy was only ≈ 0.93 kWh.
In the following, the parameters acting on the heating system are considered. The influence of the
modulation constraint Y min (see Fig. 6.6d) indicates that a change in the modulation constraint
caused a slight increase in ∆C τ and ∆CO2 τ , due to a decrease of ∆r S τ . In addition, the influence
of the maximum flow temperature for space heating ϑmax
(Fig. 6.6f) did not affect the DSM to a
Flow
great extent. However, as a higher flow temperature affected the SPF negatively, in particular, the
SPF with ϑmax
= 35◦ C was equal to 3.12, while with ϑmax
= 40◦ C, the mean SPF was 3.07. As a
Flow
Flow
consequence, the costs and CO2 emissions rose by +7.9 e and 28.24 kg, while the self-sufficiency
was not affected.
Finally, the prediction horizon (Fig. 6.6g) influenced the DSM potential as a longer prediction
horizon improved the results: The increase in the prediction by 8 h almost doubled ∆r S τ (+2.01 %),
significantly increased ∆C τ by 99.1 e, and increased ∆CO2 τ by 63.28 kg. This observation raises
the question of whether a critical value exists for the prediction horizon below which no significant
techno-economic and ecological advantages can be achieved by implementing DSM compared
with the reference. In Sec. 6.4, further analysis on the influence of the prediction is conducted.
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6.3.2. User-dependent influencing factors
The user-dependent parameters are the electrical profile {1; 2}, the mobility profile (ID) {210094;
330791}, the room temperature set point {19; 22} ◦ C, and the DHW tapping temperature {40; 45} ◦ C.
In Fig. 6.7, the results of the evaluation of the simulations from the DoE experimental design are
presented. The plot is structured similarly to Fig. 6.6 and shows the impact of the user-dependent
parameters (factors H – K) on the average yearly changes in costs ∆C τ (circles and dashed lines),
in CO2 emissions ∆CO2 τ (crosses and solid lines), and in the degree of self-sufficiency ∆r S τ (stars
and semicolon lines) due to the implementation of DSM by changing the factor setting from –1 to 1.
The subplots Figs. 6.7a–d present the results for the individual user-dependent parameters, with
emission savings ∆CO2 τ in t and on the right y-axis the cost savings ∆C τ in 1000 e.

(a) RL profile.

(b) Mobility profile.

(c) ϑSet .
A

(d) ϑSet .
DHW

Figure 6.7.: Main effects plots of the user-dependent parameters (factors H – K) on the average yearly changes in
costs ∆C τ (circles and dashed lines), CO2 emissions ∆CO2 τ (crosses and solid lines), and degree of self-sufficiency
∆r S τ (stars and semicolon lines) due to the implementation of DSM.

First, the results indicate that the change of the RL profile (at constant annual electricity consumption) only had a minor effect on the DSM potential. The RL profile at factor level 1 already
correlated more closely with the PV electricity generation. This can be deduced from the fact that
even without DSM, the degree of self-sufficiency was 1.43 % higher with profile 1 than with –1,
leading to lower costs and emissions at the same time (see Fig. A.6a). Moreover, with DSM, the
degree of self-sufficiency was higher and costs and emissions lower for RL profile 2 (see Fig. A.3a).
However, the benefit of DSM over Ref was small, with a marginal increase in average self-sufficiency
of 0.27 % and mean cost savings of 2.56 e to be achieved by DSM. Moreover, the change of the
mobility profile (with unchanged travel performance of the EVs), on the other hand, had a very large
positive influence on the DSM potential. With the second mobility profile, the average degree of
self-sufficiency was increased by 1.68 % through DSM. Already without DSM, the average degree of
autarky in mobility profile 1 was 1.97 % higher than in profile –1 (Fig. A.6b). The savings potential
for costs and emissions likewise increased by 22.79 e and 44.85 kg.
Finally, increasing the temperature setpoints for room air ϑSet
and DHW tapping ϑSet
led, as
A
DHW
anticipated, to an increase in mean total costs (with v: 148.34 e; without DSM: 142.68 e) and
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total emissions (with DSM: 168.29 kg; without v: 167.07 kg) as visualised in Figs. A.3c, A.3d, A.6c,
and A.6d. However, the setpoint increase of the room air by 3 ◦ C had hardly any influence on the
DSM potential regarding CO2 reductions (–1.62 kg) and cost savings (–5.66 e). With an increase of
the DHW tapping temperature by 5 ◦ C, however, the DSM potential was reduced slightly more; that
is ∆CO2 τ decreased by –11.26 kg, ∆C τ decreased by –10.16 e, and ∆r S τ decreased by –0.01 %.

6.3.3. Predetermined influencing factors
The group of parameters predetermined by the system and its dimensioning include the building
type {‘Massive’; ‘Light’}, the volumes of the TES {500; 750} l and the DHW storage {220; 330} l, as well
as the maximum energy of the EV battery {18; 22} kWh, the installed PV power {4; 7} kWp and its
azimuth angle {-30; 30} ◦ , and the location {‘Kassel’; ‘Mannheim’}.
Arranged similarly to Figs. 6.6 and 6.7, Fig. 6.8 presents the results of the evaluation of the simulations
from the DoE experimental design for the predetermined parameters (factors L – R). The subplots
Figs. 6.8a–g present the results for the individual parameters; on the left y-axis are the emissions
savings ∆CO2 τ in t and on the right y-axis are the cost savings ∆C τ in 1000 e.

(b) V TES .

(a) Building type.

(e) P p .

(d) E max .
EV

(c) V DHW .

(f ) γ.

(g) Location.

Figure 6.8.: Main effects plots for the influence of the predetermined system parameters (factors L – R) on the
average yearly changes in costs ∆C τ (circles and dashed lines), in CO2 emissions ∆CO2 τ (crosses and solid lines),
and in the degree of self-sufficiency ∆r S τ (stars and semicolon lines) due to the implementation of DSM.
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Firs, the change in building type from massive ( –1) to light (1) construction had a strong influence
on the DSM potential; that is ∆CO2 τ decreased by –23.35 kg, ∆C τ decreased by –16.83 e, and ∆r S τ
decreased by –0.4 % (Fig. 6.8a). However, when looking at the total emissions and total costs found
in Figs. A.4a and A.7a in the Appendix, slight differences can be observed for the reference case
without DSM (building –1 results in –4.46 e, –8.13 kg and the same r S τ as building 1). In the energy
system of building –1, a slightly higher average degree of self-sufficiency was achieved with DSM
(0.4 %). In addition, the total costs and the total emissions were also lower for building –1, namely
–31.48 kg and –21.29 e, respectively. These different effects with and without DSM caused a higher
DSM potential in building type –1, which is the massive building made of concrete.
Furthermore, among the parameters presented, the volumes of the TES V TES , DHW storage V DHW
and usable energy of the EV battery E max
had the least effect on the DSM potential (∆C τ within
EV
–5.41 – 4.29, ∆CO2 τ within –6.58 – 12.28, and ∆r S τ within -0.1 – 0.18). In the case of the thermal
storages, potential benefits from DSM are compensated for by increased losses, and in the case of
the EV battery, a larger usable capacity only minimally increases the improvement through DSM.
Notably, however, time-dependent losses such as self-discharge were not modelled for the battery,
which could possibly also cancel out the small improvements.
The remaining three parameters – installed PV power P p , azimuth angle γ of the modules, and the
location – all influence the sum of available PV energy. In Sec. 6.2, it was already observed that
the availability of a PV plant and access to self-generated energy have significant impacts on both
cost savings and CO2 reduction. Accordingly, the DSM potential increases with a larger amount
of available energy. This can be seen in Fig. 6.8e, where at parameter setting 1 (7 kWp ) the savings
potential ∆CO2 τ increases by 43.4 kg and ∆C τ almost doubles (419.43 e). At the same time, the
degree of self-sufficiency ∆r S τ increases by 1.68 %. The unequally higher cost savings compared
with the CO2 savings are due to the fact that part of the savings are achieved through the higher
degree of self-sufficiency. However, significantly more PV electricity was fed into the grid, which can
be seen from the fact that the self-consumption rate of the systems with greater PV decreases by
–11 % (without DSM from 66.3 % (–1) to 55.1 % (1) and with DSM from 74.5 % (–1) to 63.4 % (1)).
The improved cost-saving potential also comes largely from more revenue for electricity feed-in.
As observed in Fig. 6.8f, the effect of the azimuth angle γ is marginal compared with the PV size.
However, a greater DSM potential exists with a 30◦ west orientation than with a –30◦ east orientation.
A west-facing PV system generates more electricity in the late afternoon, whereas an east-facing
system generates more electricity in the morning. With the scheduling of the EV charging, the west
orientation produces better results. Finally, the location is evaluated in Fig. 6.8g. Here, in addition
to the Kassel location (–1), Mannheim (1) is also considered. Mannheim has nearly 1000 more
hours of beam solar radiation per year and is almost 2 ◦ C warmer overall (Kassel: ϑExt = 9.5 ◦ C and
Mannheim ϑExt = 11.2 ◦ C). Consequently, the DSM potential in Mannheim is higher, that is, ∆C τ by
103.22 e, ∆CO2 τ by 27.59 kg, and ∆r S τ by 0.36 %.
In a nutshell, some of the factors predetermined by the system and its dimensioning significantly
affect the DSM potential, especially the factors that determine the amount of PV energy generated
on-site (i.e., installed PV power and location). However, this concerns the fact that the additional
available energy is used to increase self-sufficiency and thus contributes to reducing CO2 emissions
CO2 τ . In addition, more surplus energy is fed into the grid (reduced self-sufficiency), thus yielding
revenue, which impacts the total costs C τ . Moreover, all the predefined parameters cannot be
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influenced by the users nor by the DSM implementation. The results in this subsection therefore
demonstrate the different circumstances for DSM, such as in different building types, different
amounts of PV generation, or different sizes of storages. Increasing the energy flexibility through
larger storage systems can be anticipated. Therefore, the results provide a quantification of this potential advantage for DSM, which was demonstrated to be negligible. In addition, the observations,
with regard to the robustness of the results, serve to convey an understanding of the differences that
can be expected under different site or building conditions.

6.4. Influence of the prediction
For DSM realised by MPC, the prediction is a key factor for the implementation of any optimisation
strategy (Afram et al. 2014, pp. 350 ff.). The prediction can mainly be characterised by the prediction
horizon that was introduced in Subsec. 5.3.1. In Fig. 6.6g, it is observed that the prediction horizon
influences the DSM potential. Compared with a prediction horizon of τP = 16 h, a prediction
horizon of τP = 24 h almost doubles ∆r S τ and significantly increases ∆C τ and ∆CO2 τ .
These findings suggest that a critical value exists, meaning a minimum value, for the prediction horizon. For this purpose, further simulations were conducted. For Sys1, Sys4, and Sys7, simulations for
the period of one year are conducted while the prediction horizon was varied: τP = {4; 8; 12; 16; 24} h.
In Fig. 6.9, the results of the variation of the prediction horizon for the reference systems Sys1, Sys4,
and Sys7 are presented. The relative changes of the values at different DSM prediction horizons
to the default value (24 h) are always shown in % on the y-axis, and on the x-axis, the prediction
horizon τP is entered. The different symbols stand for the three systems considered, with the
result of min(C) and min(CO2 ) for each prediction horizon. A value in the positive range means an
increase in the ratio. With a prediction horizon of 0 h, the reference case Ref is drawn in and shown
with a dashed line. The diagrams in Figs. 6.9a and 6.9b show the increase in total operating costs,
whereas the diagrams in Figs. 6.9c and 6.9d show the increase in CO2 emissions.
The results demonstrate how costs and emissions both decreased with an increasing prediction
horizon. In Figs. 6.9a and 6.9b, all the results of DSM with a prediction horizon equal to 4 h are
above the dashed 0 % line representing the costs of the reference case without DSM. This means
that all three tested systems with this short prediction horizon have no cost savings from the DSM
implementation. With a prediction horizon of 8 h, however, at least the results for Sys1 and Sys4 are
below the reference line but the cost savings are only around 1 %. Sys7, meanwhile, is still clearly
above the reference, and the costs are approximately 2 % higher. From τP = 16 h onwards, no result
with DSM is above the reference. In general, Sys7 performs worst with the DSM strategy min(CO2 )
because in the considered scenario Sc01, when applying the optimisation based on the dynamic
CO2 factor, a misestimation due to poor prediction affects the CO2 emissions. Since the electricity
price is constant, strategy min(C) is not affected by a short prediction horizon of the prices as it
does not make a difference. With τP = 24 h, which is the default value for all other simulations as
recommended by researchers such as Afram et al. (2014, pp. 350 f.) and Široký et al. (2011, p. 3084),
all costs of the DSM results are below the reference.
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(a) Relative differences in yearly costs depending on the prediction horizon with min(C).

(b) Relative differences in yearly costs depending on the prediction horizon with min(CO2 ).

(c) Relative differences in yearly CO2 emissions depending on
the prediction horizon with min(C).

(d) Relative differences in yearly CO2 emissions depending on
the prediction horizon with min(CO2 ).

Figure 6.9.: Relation between prediction horizon τP and the resulting differences in the evaluation measure.

In Figs. 6.9c and 6.9d, the threshold at which DSM performs better than the reference based on
the RBC algorithms is significantly lower for CO2 emissions. Already at τP = 12 h, all systems with
both optimisation objectives are below the dashed reference line. Already at a prediction horizon
of 8 h the results of all considered DSM results except the min(C) in Sys7 are considerably below
the reference in some cases (–1.3 to –4.2 %). Furthermore, it is noticeable that, the performance of
Sys7 with the CO2 minimisation strategy is the second worst at τP = 4 h with approximately 6.8 %
higher emissions than the reference; by contrast, at τP = 24 h, it achieves the largest CO2 savings
with –8.2 %. The increase in the prediction horizon is, therefore, particularly influential in this
case. The behaviour is different for Sys1 with min(C), where the results at τP = 24 h with –1.6 % are
hardly better than at τP = 4 h with –0.24 %, while the values are always below those of the reference
simulations.
In summary, the prediction horizon is a crucial parameter. The shorter the prediction horizon, the
faster the model converges to an optimal solution. This is because there are fewer variables in each
optimisation problem within the optimisation period. Each optimisation variable is a vector of
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variables whose length depends on the prediction horizon (e.g., if the prediction horizon is 24 h,
each variable is a 96-row vector; if the prediction horizon is 4 h, it contains only eight rows). With
the software and hardware setup provided, the computation times for a one-year simulation with
the respective prediction horizons are approximately 1.2 h for τP = 4 h, 1.5 h for τP = 12 h, and
2.2 – 3 h for τP = 24 h.
Nevertheless, the shorter the prediction horizon, the lower the DSM potential. For cost savings,
τP ≥ 16 h is required; τP ≥ 12 h is the requirement for achieving CO2 reductions. If Sys7 is neglected,
τP ≥ 8 h is sufficient. The computation time of the τP = 24 h is 44 – 97 % longer than for τP = 12 h
and 4.7 – 42 % longer than for τP = 16 h. However, for each optimisation period, the absolute
difference is ≤ 1 s and no problem for the MPC.

6.5. Influence of market scenarios
After comparing the DSM strategies in the previous sections and examining the influencing factors
in Sc01, the influence of the boundary conditions of the electricity market is now examined on the
basis of the defined electricity market scenarios. They differ mainly in their tariff design. To evaluate
the different electricity market scenarios, the seven systems are simulated without DSM and with
the DSM strategy min(C). To add to the findings from Sc01 (Table 6.2), simulations are conducted
for Sc02, Sc03, Sc04, and Sc05. Furthermore, the reference cases are computed for the different
scenarios. Note that in Sc05, the reference is computed without the presence of a P2P market such
that the prices and emission factor for the grid supply are similar to those in Sc01.
The electricity market scenarios differ from each other mainly in the tariff design of the electricity
prices. Different dynamic tariffs were applied in scenarios Sc02, Sc03, and Sc04. They represent
so-called time-of-use tariffs and fluctuate in quarter-hourly steps on the basis of different indicators
for the fluctuations, as described in Subsec. 5.2.1. In Sc02, there is thus a dynamic electricity price
CO
depending on the CO2 factor p dyn2 ; in Sc03, it depends on the residual load in the grid p Res
; and in
dyn
Sc04, the tariff is based on the EEX market prices p EEX
(a detailed analysis follows in Subsec. 6.5.3).
dyn
The electricity price in Sc05 is the resulting clearing price p clear from the P2P market and thus
depends directly on the energy schedules of the participating households and the equipment of
the households in the community. Therefore, this analysis includes two communities that contain
the reference systems Sys1 – Sys7. They differ in PV penetration, with the availability of only half as
many PV installations in Comm II as in Comm I (see Subsec. 6.5.3).
In Table 6.5, descriptive statistical measures of the prices in the five scenarios can be found, with
the fixed price in the base scenario, the dynamic tariffs, and the respective clearing prices of the two
P2P communities. The minimum and maximum prices, as well as the mean prices, are given in each
case. The difference between the minimum and maximum price describes the price spread of the
tariff over the whole year. The parameter ∆p 24 h reflects the average price spread that is measured
within 24 h (prediction horizon).
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Table 6.5.: Descriptive statistical measures of the electricity prices in the five scenarios. In Sc05, the clearing price
of the P2P market depends on the assumptions with regard to the community of participating households, which
is why two communities were tested and the results reported.

p min (e kWh−1 )
p max (e kWh−1 )
p (e kWh−1 )
∆p 24 h (e kWh−1 )

0
0.6019
0.3257

Sc05
(Comm I)
0.15
0.3189
0.293

Sc05
(Comm II)
0.1546
0.3189
0.2993

0.0914

0.0914

0.0754

Sc01

Sc02

Sc03

Sc04

0.3189
0.3189
0.3189

0
0.81
0.327

0
0.7534
0.328

0

0.201

0.1743

6.5.1. Comparison of total costs, emissions, and degrees of
self-sufficiency
The outcomes of the implementation of min(C) in all five scenarios were analysed by comparing
the evaluation metrics, as in Subsec. 6.2.2, with the reference case Ref. As already mentioned in the
introduction to this section, the costs of the reference systems differed in the scenarios (see Table A.6
in the Appendix). In the P2P scenario Sc05, Sc01 was used as the reference. This is due to the basic
assumption that the implementation of DSM in some form is a prerequisite for participation in the
P2P market. In the reference without DSM, participation was not possible for the household, and it
would purchase electricity at the fixed grid electricity. Unlike in Table 4.1 for Sc05, the reference
household was paid a feed-in tariff as in Sc01. The assumption for Sc05 refers to participation in the
P2P market, where the household actively decides to participate in the market and accepts the risk
of not receiving remuneration for possible excess feed-in in exchange for the higher revenue.
In Fig. 6.4, the results of the change in the evaluation criteria for the seven considered reference
systems in all the five scenarios are graphically presented. The absolute changes in the values
when DSM (min(C)) is implemented compared with the reference case (Ref ) can be read on the
y-axis. The bars coloured in different levels of grey visualise the results in the different market
scenarios. The bar chart in Fig. 6.10a shows the reduction in costs in e, the bar chart in Fig. 6.10b
shows the reduction in CO2 emissions in kg, and the bar chart in Fig. 6.10c shows the increase in
self-sufficiency in % for the systems with their own PV plant. The results of Sc05 are presented here
only for the Comm I (35 households, among which 20 households own a PV).
In Fig. 6.10a, it can be seen that more cost savings could be achieved in all supplementary scenarios.
In particular, Sys1 benefitted by saving 150 – 200 e with the dynamic electricity prices from Sc02
and Sc03. Sys7 highly profited from its battery with the dynamic electricity prices and achieves
savings of more than 300 e in Sc02 and Sc03. The cost savings in Sc04 were barely larger than in
the base scenario Sc01. The significant savings that Sys4, Sys5, and Sys6 in particular achieved
in Sc05 by trading on the P2P market are striking. In this scenario, households with their own PV
systems can sell their surplus electricity to their neighbours. The price they receive on the P2P
ranges within 0.003 – 0.172 e kWh−1 , with an average price of 0.146 e kWh−1 , which is significantly
higher than the EEG feed-in tariff from the other scenarios (see Table 6.5). However, with the goal of
higher revenues, households accept lower levels of self-sufficiency. This is evident from the results
in Fig. 6.10c, where the degrees of self-sufficiency of Sys4, Sys5, and Sys6 increase compared with
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(a) Cost savings per year.

(b) Reduction of yearly carbon emissions.

(c) Change in the degree of self-sufficiency.

Figure 6.10.: Bar plots of the changes in the evaluation measures, namely costs, emissions, and self-sufficiency,
for the different system configurations in different market scenarios. On the y-axis is the absolute derivation of
the yearly values compared with the reference without DSM. The colour of the bars indicates the scenario.

the reference case but remain significantly lower compared with the increases achieved in the other
scenarios.
All three dynamic electricity prices tested correlated positively with the CO2 factor (unlike, for
example, in the study of Paridari et al. (2016)). Considering the CO2 reductions in Fig. 6.10b, it
appears that, with the exception of Sys7 in Sc05, a CO2 reduction was always achieved compared
with the reference without DSM. However, it can be seen here that not all scenarios achieved better
results than Sc01 for all systems. The systems without EV, for example, achieved the largest CO2
reductions in Sc01.
In all other systems, Sc02 and Sc03 enabled higher or equally high CO2 savings as in Sc01. In
Sc05, the following was observed for systems without their own PV installation: While in all other
scenarios, they did not have access to decentralised CO2 -free PV electricity, P2P trade now allowed
them to buy the PV surplus from their neighbour. Thus, while the CO2 factor in the electricity mix
never fell below 0.1132 kg kWh−1 in the 2019 data used in this study, each kWh bought from the
neighbour yielded huge potential savings and the systems achieved 230 – 320 kg CO2 reduction.
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Sys7, with its battery, on the other hand, barely participated in the P2P market in Sc05. This was
correspondingly indicated by the results of the master’s thesis of Bitsch (2020), which was supervised
within the framework of this doctoral thesis. Compared with the reference case, however, the degree
of self-sufficiency was slightly reduced since, at particularly good P2P prices, some PV surplus is
sold instead of being fed into the grid. This led to Sys7 purchasing slightly more electricity from the
grid operator, which is why there was also an increase in CO2 emissions. After all, only the DSM
strategy min(C) was considered here, in which CO2 plays no role.

6.5.2. Dynamic electricity tariffs
In Fig. 6.11, the respective annual duration curves of the dynamic electricity prices from scenarios
Sc02, Sc03, and Sc04, as well as the total energy consumed at different price level times, are shown.
For this purpose, the year was divided into 20 time periods, each comprising 35040
20 = 1752 time
steps. The subdivision refers to different sections of the price-year duration line. The individual
bars then are the sum of the energy consumed at all time steps where the dynamic electricity price
lies in the respective section of the annual duration line. The light- or dark-grey shaded parts of
the respective bars indicate whether energy consumption was increased (dark-grey) or reduced
(light-grey) in this price range by implementing DSM compared with the reference case without
DSM. Overall, this reveals the trend of load shifting – from high price periods to low price periods.
The respective subplots present the Sys1 (Figs. 6.11a, 6.11c, and 6.11e) and Sys4 (Figs. 6.11b, 6.11d,
and 6.11f) in the Sc02 (Figs. 6.11a and 6.11b), Sc02 (Figs. 6.11c and 6.11d), and Sc02 (Figs. 6.11e
and 6.11f) scenarios.
In Fig. 6.11, it appears clear that in Sc02 and Sc03, significantly more energy is shifted to the two
cheapest price ranges. This energy moves from the four most expensive price ranges, as well as
from the middle price range. In Sc04, however, this trend is not as clear. Much is shifted within the
middle price range; specifically, a reduction in energy consumption occurs in the more expensive
half of the time periods as well as a simultaneous increase in the less expensive half. The difference
is supposedly due to the distribution of prices, which can be clearly seen in the difference in the
course of the annual duration lines. These are much steeper in Sc02 and Sc03 than in Sc04, where
prices in the middle range differ less from section to section. Thus, the shift from energy to slightly
lower prices has a smaller lever on total costs. The two systems shown in Fig. 6.11 differ in that Sys4,
unlike Sys1, has its own PV plant. This is why the overall energy consumption is lower but does not
have a noticeable effect on the shift of energy through DSM.
Consequently, among the three scenarios with dynamic electricity prices, Sc03 achieved the highest
cost savings. The assumption that this could be due to the largest mid-term price spread ∆p 24 h
was not confirmed, as this was only 0.17 e kWh−1 in Sc03 but 0.2 e kWh−1 in Sc02. At the same
time, emissions were reduced the most in Sc02. The increase in self-sufficiency compared with
the reference case was lowest in Sc02 at 2 – 4.5 %. In Sc03 and Sc04, on the other hand, autarky
improvements of 3 – 7.5 % were achieved. An evaluation of the distribution of the 10 % highest and
lowest price time steps in the scenarios revealed that these were distributed rather evenly in Sc02
and Sc04 and extremely differently in Sc03 seasonally. Almost all high prices occurred in summer
and most low prices in winter. Thus, in Sc03, there was less load shifting from very low to very high
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(a) Distribution of the energy consumption of Sys1 in Sc02.

(b) Distribution of the energy consumption of Sys4 in Sc02.

(c) Distribution of the energy consumption of Sys1 in Sc03.

(d) Distribution of the energy consumption of Sys4 in Sc03.

(e) Distribution of the energy consumption of Sys1 in Sc04.

(f ) Distribution of the energy consumption of Sys4 in Sc04.

Figure 6.11.: Bar plots for Sys1 and Sys4 showing the total energy consumption at different price levels for the
different dynamic pricing scenarios Sc02, Sc03, and Sc04. The solid lines represent the sorted annual curves of the
respective dynamic prices. By binning the price into 20 slots and summing the energy consumed within each bin,
the total consumption at the different price levels was derived. The dark- and light-grey shaded parts of the bars
indicate whether, in each price slot, the DSM reduces or increases the overall consumption.
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price periods. Instead, the degree of self-sufficiency was increased in the extremely high prices (very
possible in summer), and further savings were then targeted from medium to low prices. This also
fits with the increased energy consumption in some periods with rather high prices in Figs. 6.11a–d.

6.5.3. Decentralised markets
For the analysis of the impact of the P2P scenario on DSM, two communities were examined.
The results for Comm I were already presented in Subsec. 6.5.1. This community consisted of 35
households, each comprising five times the seven reference systems. Of the reference systems, four
out of seven had their own PV system, which is why this ratio also corresponds to the PV penetration
in the community (20 PV installations). Comm II was defined in exactly the same way but the PV
penetration was halved (10 PV installations). However, the reference systems evaluated at the end
remained the same.
In Fig. 6.12, the results of the change in the evaluation criteria for the seven considered reference
systems in Sc05 are graphically presented. The absolute changes in the values when DSM (min(C))
was implemented compared with the reference case (Ref ) can be read on the y-axis. The bars
coloured in different levels of grey visualise the results for the different communities. The bar chart
in Fig. 6.12a shows the reduction in costs in e; the bar chart in Fig. 6.12b shows the reduction in
CO2 emissions kg; and the bar chart in Fig. 6.12c shows the increase in self-sufficiency in % for the
systems with their own PV plant.
The P2P prices resulting from the P2P negotiations of Comm II were overall slightly higher than
those of Comm I (see Table 6.5). The minimum value for the P2P clearing price p min
was equal to
clear

0.1546 e kWh−1 (compared with 0.15 e kWh−1 ), and thus, the price was on average p clear = 0.2993
making it 0.0063 e kWh−1 higher than in Comm I. These different prices led to the consequence
that in Comm II the systems with their own PV generation could sell their surplus electricity to
the community at a marginally higher price. This allowed them to generate more revenue and
reduce their costs to a greater extent than in Comm I. Accordingly, the systems without their own
PV achieved fewer cost savings in Comm II as they could buy less PV electricity (reduced energy
supply E D on the P2P market), and this energy was more expensive. In terms of CO2 , less reduction
potential was observed in all systems, which is due to the fact that the entire community had less
CO2 -free electricity available. The degrees of self-sufficiency barely differed between Comm I and
Comm II.
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(a) Cost savings per year.

(b) Reduction of yearly carbon emissions.

(c) Change in the degree of self-sufficiency.

Figure 6.12.: Bar plots of the changes in the evaluation measures, namely costs, emissions, and self-sufficiency,
for the different system configurations in market scenario Sc05, assuming two different communities. On the
y-axis, the absolute deviation of the yearly values is compared with the reference without DSM.
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Building on the results described in Ch. 6, this chapter analyses and discusses the answers to the
research questions. To this end, the results are first briefly summarised and contextualised with
relevant studies from the research field. The research question formulated in Sec. 2.4 with its
subquestions 1 – 3 are thus answered in the course of this chapter with the interpreted results. The
strengths and weaknesses of this study are then discussed, and the limitations of the methodology
are addressed. Finally, the relevance of the results of this doctoral thesis is assessed, and open
questions are formulated as recommendations for further research.

7.1. Summary and context of results
To meet the objectives of the thesis as a comprehensive techno-economic and ecological potential
analysis, evaluation criteria were first defined. These metrics, which indicate the potential of DSM
measures for the individual household, were the reduction of operating costs, the reduction of
operational CO2 emissions, and the increase of the degree of self-sufficiency. They were each
specified for one year and include only operation and no investment costs or emissions.
Concerning the main research question presented in Sec. 2.4 (How significant is the techno-economic and ecological potential of DSM strategies in electrified residential energy systems?), it can be
summarised that in the comparison of DSM with Ref, an improvement in the evaluation metric was
always achieved. Overall, in today’s electricity market with fixed electricity tariffs, only up to 1 % of
the costs can be saved by using DSM without PV. This confirms, among other things, the results of
Gottwalt et al. (2011), which revealed that the savings from standard equipment for households,
even those with smart appliances, are moderate. By contrast, when optimised to a dynamic CO2
signal, up to 5 % of emissions can be saved in operation. In systems with a PV system (Sys4, Sys5,
Sys6, and Sys7), self-consumption was increased significantly by 15 – 30 %. Thus, DSM can achieve
additional cost savings of 2 – 3 % and emission savings of up to 8 %.
In the following subsections, the answers to the subquestions are discussed.

7.1.1. Demand-side management strategies
Sec. 6.2 contained the results that now serve to answer subquestion 1 (How do different optimisation
objectives for DSM affect different residential energy systems’ techno-economic and ecological potential?). They indicated that different optimisation objectives of the DSM strategies had a significant
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impact on the techno-economic and ecological DSM potential. Cost optimisation was compared
with CO2 optimisation. In general, both DSM strategies were able to reduce costs and emissions
and improve the degree of self-sufficiency.
However, since there was a fixed electricity tariff in the basic scenario Sc01 simulated for Sec. 6.2,
the DSM strategy min(C) was only slightly better than min(CO2 ) in terms of cost savings. In terms
of CO2 emissions and self-sufficiency, the performance of min(C) was considerably lower. This
discrepancy in emission reduction and cost savings between min(C) and min(CO2 ) resulted in
fictitious climate costs. These represent the sum that is forfeited in cost savings for an additional
tonne of CO2 avoided. These avoidance costs were, except for Sys2 and Sys5, significantly lower
than the climate costs recommended by UBA from Matthey et al. (2019). However, since the order
of magnitude of emission abatement is in the kilogram range, the avoidance costs per year were not
significant in absolute terms.
Sys2 and Sys5 were similar in that no EV was present in the systems, only an HP or an HP in
combination with a PV. However, suppose that an EV was available, and the charging was planned
with the optimisation goal of minimising CO2 emissions; in that case, it would be profitable in terms
of both costs and emissions through the increased use of PV electricity. If, in addition, the grid
purchase was shifted based on the dynamic CO2 factor, the cost savings would hardly be affected in
Sc01.
Overall, these results are consistent with the assumption of Stoll et al. (2014), who stated that using
the dynamic CO2 factor for DSM further reduces the carbon footprint. Especially in light of the fact
that cost savings tend to be small unless there is a financial incentive such as dynamic electricity
prices, the DSM strategy min(CO2 ) is a viable opportunity for not only economically increasing the
degree of self-sufficiency but also shifting grid purchases to times when the CO2 factor becomes low.
Numerous consumers acting in this way could lead to a higher degree of utilisation of renewable
energy sources and a reduction of load shedding, such as from wind farms.

7.1.2. Electricity markets
Regarding subquestion 2 (What effect does the introduction of dynamic electricity tariffs or a decentralised P2P market have on the DSM in households, and which market design can be considered
beneficial for DSM?), Sec. 6.5 revealed that different tariff designs of dynamic electricity prices
enable different levels of cost savings. The pricing methodology presented by Freier et al. (2019)
was applied, where 15-minute resolved dynamic prices were designed based on indicators for the
fluctuations. The prices were based on the EEX prices, the residual load, and the dynamic CO2
CO
factors of the electricity mix. Thus, three different tariffs were generated, namely p dyn2 , p Res
, and
dyn
³
´
EEX
p dyn , where the superscript always represents the underlying indicator. The Sc03 tariff p Res
dyn
achieved the most considerable cost savings (2.2 – 13.1 %), favoured by the following two facts. The
annual duration line indicated that all price ranges occurred reasonably regularly. At the same time,
they were distributed in such a way that loads were shifted from very high prices to relatively low
prices, but also from the range of medium prices to the periods of extraordinarily
³
´ low prices. This
CO

effect outweighed the marginally higher short-term price range in Sc02 p dyn2 , which has been
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identified as a critical parameter for savings by Freier et al. (submitted 2022) and Gottwalt et al.
(2011). Nevertheless, all three dynamic prices created significantly more incentives for DSM than in
Sc01, and simultaneously, the DSM strategy min(C) also saved CO2 .
The analysis of Sc05 with a P2P market demonstrated that for the two different P2P communities considered, there was a significant potential for savings in both cost and CO2 . The systems
without PV benefitted from buying electricity from the neighbour, which is always cheaper than
grid electricity. At the same time, the systems with PV benefit from better revenues by feeding
surplus electricity into the grid, compared with the EEG feed-in tariff. The win-win situation was
complete, as CO2 emissions were also saved. The plants with PV saved slightly less CO2 than in the
other electricity market scenarios, but the plants without PV had an enormous saving potential,
because unlike in all other scenarios, they had access to decentralised, CO2 -saving PV electricity
in the P2P market. This corresponds to the results of the simulation study of Mengelkamp et al.
(2018), in which significantly more PV electricity stayed within a community of 100 households
and significantly increased local sufficiency. Overall, however, the resulting price in the P2P market
depends strongly on the amount of decentralised PV electricity available in the community. With
higher PV penetration, costs and emission savings increase for households without PV and decrease
for households with their own PV system. Long et al. (2017) demonstrated that in a community
with a PV penetration of 30 – 60 %, the benefit for the whole community was the largest (i.e., the
community reduced costs by 30 %), as already mentioned in Subsec. 2.3.2. However, the results only
referred to a P2P market where the boundary conditions correspond to the assumptions made in this
study. With other regulations regarding network charges or other levies, participation restrictions
and pricing models, the situation can be quite different.

7.1.3. Technical influences
In Sec. 6.3, the results of the DoE parameter study were presented in the context of subquestion 3
(Which technical parameters have a significant influence on the results and consequently can be
derived as requirements associated with the implementation of residential DSM?). These provided
a comprehensive overview of the factors that influence the potential of DSM. Among the technical
parameters, besides the factors of DSM strategy and the maximum EV-charging power, the prediction horizon was especially significant for the DSM potential. Increasing the prediction horizon
by 8 h almost doubled ∆r S τ (+2.01 %), increasing ∆C τ by 99.1 e and ∆CO2 τ by 63.28 kg. With
the software and hardware setup provided, the computation times for a one-year simulation with
prediction horizons τP of 4 – 24 h varied within 1.5 – 3 h. The larger the forecast horizon, the longer
the calculation time. The decisive factor was the number of variables in an optimisation period,
which depend on the time horizon included in the optimisation. However, the shorter the prediction
horizon, the lower the DSM potential because with less information about the upcoming situation,
the savings potential cannot be exploited.
Furthermore, the analysis revealed that some of the factors dictated by the system and its sizing
significantly influenced the DSM potential, especially the factors that influenced the amount of
PV energy generated on-site (i.e., installed PV power and location). These results confirm the
findings of Henne (2021), who focused mainly on dimensioning parameters and emphasised the

115

7. Discussion
location and the associated solar radiation supply as crucial parameters. This was related to the fact
that the additional available energy was used to increase self-sufficiency and thus contributed to
reducing CO2 emissions CO2 τ . In addition, more surplus energy was fed into the grid (reduced selfsufficiency), which brought revenues that affected the total costs C τ . However, all given parameters
could neither be influenced by the users nor by the DSM implementation. The results of this
subsection, therefore, showed the different prevailing conditions for DSM, such as for different
building types, different amounts of PV generation, or different sizes of storage. An increase in
energy flexibility from more extensive storage is expected; thus, the results provide a quantification
of this potential benefit for DSM, which was found to be negligible. In addition, the results provide
an understanding of the robustness of the DSM potential under different conditions.
To summarise, Fig. 7.1 presents an overview of the factors investigated. The subplots include the
factors sorted by effect on costs in Fig. 7.1a, sorted by effect on emissions in Fig. 7.1b, and sorted by
effect on the self-sufficiency rate in Fig. 7.1c.

¯
¯
(a) Factors sorted by ¯∆C τ ¯.

¯
¯
(b) Factors sorted by ¯∆CO2 τ ¯.

¯
¯
(c) Factors sorted by ¯∆r S τ ¯.

Figure 7.1.: Sorted bar plots of the factors’ main effects on the techno-economic and ecological DSM potential.

The visualisation underlines that the prediction horizon, the mobility profile, as well as the installed
PV capacity immensely influenced the techno-economic and ecological potential of the DSM implementation. Further factors that affected the results to a significant extent were the optimisation
objective, the maximum charging power and minimum SOC of the EV, the minimum modulation
speed of the HP, the building type, the azimuth angle of the PV, and the location. Furthermore, the
defined reference systems Sys1 – Sys7 allowed for the following conclusions to be drawn about the
role of the different system components:
In this context, the results indicated that assuming a flat electricity tariff, the configuration of the
PV system plays a central role for the DSM potential. The reduction potentials for costs and CO2
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emissions were up to twice as large for the plants with a PV system because these plants achieved a
significant increase in the degree of self-sufficiency.
The system comparison also revealed that the HP hardly contributed to the DSM potential. This fits
with the results of Mata et al. (2020, p. 7), who identified individual load shifting potentials between
3.2 % and 16.8 % depending on load and country but limited the flexibility potential of HPs. The
results of the simulations in this study also indicated that the complex interrelationships between
heating demand, outdoor air (and thus COP), storage levels, and tapping meant that DSM signals
could hardly be responded to. On the other hand, a shift to ‘more favourable’ times was also affected
by efficiency losses or storage losses and thus generated fewer benefits. Therefore, it can be seen in
the results in Figs. 6.4 and 6.5 that the systems without EV, where either only one HP or one PV with
an HP was available, had a lower emission saving potential in terms of costs. This also affected the
avoidance costs, which were significantly higher for the systems with only HP than the systems with
only EV.
EVs, therefore, contribute substantially to the DSM potential. DSM without PV only saved up to
1 % of the costs, with optimisation on CO2 signals up to approximately 5 % emissions. Without EV
with only an HP, it was only 1 – 2 % (see Fig. 6.10a). For the systems with PV, the cost savings were
up to three times higher (approx. 3 %) and the emission savings reached up to 8 %. As Gudmunds
et al. (2020) found, an EV in households with a solar PV system offers the possibility of replacing a
stationary battery. However, according to them, it also makes sense to combine a stationary battery
and an EV, as they can also replace each other when storing PV electricity (Gudmunds et al. 2020).
This recommendation could only be confirmed to a limited extent, as the battery only brought an
additional benefit in the case of a dynamic optimisation signal, such as dynamic electricity tariffs or
CO2 optimisation in Sc01.

7.2. Strengths and limitations of methods
In this dissertation, a simulation-based approach was selected. The defined evaluation metrics
included costs as the value for economic decision-making, CO2 emissions for ecological benefits,
and the degree of self-sufficiency for quantifying the degree of independence of the household from
the public electricity supply, thus also representing the decentralised character of the electricity
consumption. This combination of metrics distinguishes this work from other studies and provides
a comprehensive picture that leaves the prioritisation and individual definition of benefits open
to interpretation. Whether a system and DSM achieve a benefit can be most favourable for one
household, while another household might see the greatest value in the maximum degree of selfsufficiency.
A simulation model was developed for the purpose of answering the research questions posed.
Accordingly, the model’s complexity was chosen such that the relevant systems could be mapped
and flexibly configured. At the same time, electricity market assumptions and simulation parameters were configurable. Furthermore, the model’s level of detail was chosen in such a way that the
relevant behaviour of the system components was represented with sufficient accuracy, but also
that no unnecessary details led to a slowing of the computing time. The nonlinear relationships
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between COP, outdoor air temperature, and modulation speed were modelled based on linear
approximations for the HP. To enable the MPC for annual simulations, MILP optimisation was
implemented and the corresponding nonlinear relationships were transferred to linear terms. This,
as well as the step size of 15 minutes, represent a limitation of this method because consequently,
the short-term behaviour of HP described by Clauß et al. (2019) cannot be adequately represented.
However, the representation of modulating HPs described as essential by Lee et al. (2019) corresponds to the state of the art and was fulfilled in this work, allowing a superior assessment compared
with on-off cycling HPs and thus very simplified models.
It was beyond the scope of this study to examine grid-specific statements such as the support of
grid stability. As analysed in Gottwalt et al. (2013), for example, with regard to the coordinated
charging of EV for peak load reduction, it was therefore technically infeasible to conclude whether
DSM reduced the demand for control power, for example, for the systems considered in this work.
The results for the electricity market scenarios should be evaluated with caution, as scenarios are
always only eventuality statements and serve to describe possible future developments systematically in a structured manner (Dieckhoff et al. 2014, pp. 9 f.). Nevertheless, the only certainty is that
none of the scenarios will actually occur – only various paths are tested. Therefore, this study was
unable to encompass the entire number of possible pathways as assumptions about the design of
the electricity market, structures, and tariffs depend on policy and can always change with new
legislation.
For the consideration of the factors influencing the DSM potential, a Plackett-Burman experimental
design was established in this DoE study. This has benn proven to be very strong in terms of the
number of factors investigated in relatively few simulation experiments. However, with the PlackettBurman design being a so-called screening experimental design, it was not possible to observe
interaction effects, as was done by Henne (2021), for example, who used a full factorial experimental
design. Moreover, a weakness was that only two factor levels were examined and thus no nonlinear
impacts could be observed. This thus misleadingly gives the impression of a linear interaction. It
must be kept in mind that the results of this DoE experiment only apply to the selected factor levels
and no reliable statement can be made about the range in between, nor can one extrapolate in a
further direction.
In addition, the evaluation of the DoE plots had the disadvantage of the definition of the two factor
levels being decisive for the observed effect. If a factor is varied between two extremes, the effect
is probably greater than if it was varied between two values that are closer together. This must be
taken into account in the interpretation. Therefore, the DoE results show the influence of the factor
change itself. In a mathematical sense, the first derivative of the model is determined; that is, the
³
´
change of the response variable Y by the change of the factor A dd YA . In a specific example, this
µmeans, for
¶ example, the change in mean annual CO2 emissions by changing the prediction horizon
d ∆CO2 τ
.
d τP
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7.3. Relevance of the results
It is well established that DSM can generate benefits for both the household consumer and the
network operator by creating new business models (Spiegel et al. 1998, p. 346; Castillo-Cagigal et al.
2011, p. 2339). DSM can reduce costs for the consumer while promoting RES integration (Moura
et al. 2010, p. 1467). Increasing flexible energy consumption triggers environmental awareness
(Papagiannis et al. 2008, p. 179; Mata et al. 2020, pp. 10 f.). The challenges in the implementation of
DSM are the increased system complexity, the costs of installing smart meter devices, and a lack
of understanding of DSM business models. In addition, current market rules cannot sufficiently
incentivise DSM and the opportunity to fully exploit existing flexibility in the grid is lost.
This dissertation adds to the existing research a comprehensive analysis of the techno-economic
and ecological DSM potentials for the individual household with different decentralised systems
such as HPs, EVs, PV systems or batteries. A systematic parameter assessment specifies the technical
requirements associated with residential DSM to also include the influence for DSM in system
dimensioning. This information then serves as an initial estimate in system planning as well as for
manufacturers of innovative technologies. Furthermore, new electricity market design concepts
for DSM incentives are compared in this work. Moreover, these findings can be used by various
stakeholders and policy makers to draw conclusions on the effect of certain market mechanisms.
Thus, this dissertation has presented a broad analysis of the overall interrelationships between
market signals, system components, and user behaviour. The strong dependence of cost savings on
electricity market design (Faruqui et al. 2010) and on the price range of possible dynamic electricity
prices was quantified by the scenario analysis. The use of dynamic CO2 signals to actively reduce
CO2 emissions through DSM is rather poorly represented in research and practice. Therefore, by
focusing on CO2 optimisation as an alternative optimisation strategy for cost optimisation, a new
perspective is added to the scientific discussion. Thus, this work not only provides a systematic
quantification of the ecological potential but also a concrete example for the implementation of a
CO2 controlled MPC.
The savings of CO2 emissions through DSM are relevant until electricity generation is carbon
neutral. With the expansion of renewable energies in the energy system, the CO2 factor of the
electricity mix has dropped significantly in recent years. The mean value was 0.485 kg kWh−1
in 2017, 0.47 kg kWh−1 in 2018, and 0.41 kg kWh−1 in 2019 (UBA 2020). Thus, the CO2 factor
exhibits a strong downward trend (–0.15 kg kWh−1 within those three years). Freier et al. (submitted
2022) investigated the saving of CO2 emissions using various similar dynamic prices as in Sc03 and
Sc04 during 2017 – 2019. Here, the CO2 savings hardly decreased, although the mean CO2 factor
decreased significantly. This was due to the fact that the mean short-term CO2 spread decreased only
slowly within 24 h, namely by –0.029 kg kWh−1 within the years considered. Fluctuations remained
large even when an increasing number of renewable energies were installed. This short-term CO2
spread, just like the short-term price spread in dynamic tariffs, seems to have a greater influence
on savings potentials. Nevertheless, once individual savings are small, DSM could contribute to
harmonise demand and generation, thus potentially reducing storage needs.
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In terms of recommendations for the implementation of DSM, it can be summarised based on the
results that the widespread use of the benefits of DSM promotes the spread of MPC in households.
Furthermore, the spread within a short time in the dynamic signal (price or CO2 signal) is crucial
for the benefits of DSM in households. Here, the price design must be defined with careful consideration. A prerequisite for optimisation according to CO2 is of course the availability to the consumer
of the CO2 signal, the dynamic carbon intensity in the network, in at least an hourly resolution
(Kristinsdóttir et al. 2013). Furthermore, to use it as a control signal for DSM functions, a prediction
for approximately one day in advance should be provided (Kristinsdóttir et al. 2013, p.21).

7.4. Further research recommendations
The results of the conducted simulation study included a quantification of the techno-economic
and ecological potential of implementing MPC-based DSM for answering the research question.
Based on the strengths and weaknesses of this work and the answer derived to the research question,
further research needs were identified through the findings.
A core achievement of this work was the comparison of the DSM strategies min(C) and min(CO2 ).
This comparison could be extended by considering a DSM strategy in which both objectives are
optimised at the same time. This was beyond the scope of this study as it would require the
adoption of a multi-objective optimisation where the solution is a trade-off between the two
objectives (Ehrgott 2005). This requires either a prior weighting of the objectives or a Pareto
multi-objective optimisation. State-of-the-art methods for Pareto optimisation techniques are
evolutionary algorithms (i.e., randomised search heuristics) that, inspired by the process of natural
evolution, iteratively improve the existing solutions further and further (Scholz 2018, pp.169 – 187).
The feasibility of these approaches in terms of computational time for MPC could also be tested in
this process.
In addition, future research could transfer the approach of this study to the grid level and explore
the influence of DSM in a few households or across a large grid area by means of grid simulations.
This could, on the one hand, determine a possible positive or negative influence of DSM on grid
stability. On the other hand, it may be possible to quantify the extent to which an optimisation
driven by the dynamic CO2 signal can increase the degree of utilisation of renewable energy sources
in the grid.
Furthermore, it is conceivable that different residential energy systems could be considered in
future research, whereby the systems described in this dissertation could be upgraded with cooling
and ventilation components. This will be increasingly critical in the future as these components are
used more frequently in new buildings. In this context, opening up the perspective of households
and investigating DSM in nonresidential buildings are also useful steps. Here, CO2 minimisation
would be of particular interest as there are still very few scientific studies on it.
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The background of this dissertation is the rapidly changing and increasing electricity consumption
of residential buildings due to sector coupling and electrification in heating and private mobility.
More and higher peak load hours pose major challenges for grid operators and increase households’
energy costs.
DSM offers the possibility of time-shifting loads and consequently reducing peaks, increasing
consumption during low-load periods and thus generating new business models. DSM can lead
to a higher utilisation rate of decentralised generated PV energy and thus contribute to cost and
emission reduction. However, if households do not own a PV system, sufficient incentives for DSM,
such as dynamic electricity tariffs or local P2P markets, are still missing. In addition, MPC and smart
meters, necessary for DSM, are costly and increase the system’s complexity, which is why customers
still lack awareness and motivation.
This research aimed to quantify the techno-economic and ecological potential of DSM systematically, consider different optimisations for DSM, and investigate the effect of varying boundary
conditions regarding the electricity market and technical constraints.
To address the research question, operating costs, CO2 emissions, and the degree of self-sufficiency
were selected as evaluation metrics, and a MILP model was developed that simulated an MPCoptimised residential energy system equipped with an HP, an EV, a PV system and a stationary
battery. Five electricity market scenarios were developed, including a base scenario, three dynamic
electricity tariff scenarios, and a P2P market scenario. The tariffs applied in Sc02, Sc03, and Sc04
differed in the indicator on which the dynamic price fluctuation was based. For the investigation of
the influencing factors, a DoE methodology was applied: a Plackett-Burman experimental planning
matrix was established, in which 18 factors were altered at two factor levels in 32 simulations.
The main results of the research showed that DSM consistently achieved cost savings and emission
reductions in all systems considered and in all electricity market scenarios. In a scenario without
DSM incentives, the cost minimisation was limited to increasing the degree of self-sufficiency. It
thus required the presence of a PV system to generate a benefit. The optimisation to the dynamic
CO2 factor of the electricity mix also brought cost savings by increasing the degree of self-sufficiency;
simultaneously, significant CO2 savings were achieved by rescheduling grid supply.
While the selection of the Plackett-Burman experimental design limits the generalisability of the
results by only covering two factor settings each, this approach provides new insight into the various
influences of a variety of factors on all three evaluation measures; besides factors that influence
the amount of available PV energy, the mobility profile of the EV and the prediction horizon of the
MPC have a significant impact on the DSM potential. A prediction horizon of 8 – 12 h minimum is
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required to obtain a superior performance with DSM than without DSM (implementation of RBC
instead of MPC). Based on these conclusions, practitioners should consider thoughtfully and not
reduce it too much in favour of computing time.
Furthermore, two optimisation objectives for the MPC were tested. It was found that optimising for
dynamic CO2 signal could achieve significant CO2 reductions. Since this savings potential depends
on the short-term CO2 spread, savings are expected to be stable even if the average CO2 factor
of electricity generation decreases in the future. This nonmonetary benefit to the household can
complement the moderate cost savings. In addition, CO2 factor-driven DSM, applied across the
grid, can increase the utilisation rate and reduce the shutdown of renewable energy generators.
Finally, the consideration of different electricity market scenarios revealed that the three dynamic
tariffs tested as well as the P2P market were beneficial for all systems under the assumptions made
and served to provide households with a worthwhile incentive structure for DSM. The three tariffs
distinguished in terms of the range of fluctuation between the minimum and maximum price over
the year but also within a short period of time. This short-term price spread, together with the
distribution of exceptionally high and low prices, led to additional savings. The tariff based on
the residual load allowed the most considerable savings since, on the one hand, the price spread
was relatively high, while on the other hand, the distribution of the extreme prices was even over
the year. Consequently, loads shifted from very high prices to relatively low prices and from the
range of medium prices to the times of low prices. Based on the assessments made for two different
communities, the results of this work indicate that a P2P can potentially provide substantial benefits
to households. This is particularly true when there is a certain critical PV penetration within the
community – at the same time, however, not every household is equipped with a PV system. The
PV owners can sell surplus electricity under good conditions to their neighbours, who also benefit
because the price is always lower than grid electricity. In addition, they can significantly reduce
their emissions by having access to decentralised PV electricity.
This dissertation has thus answered the research hypothesis for the systems and scenarios under
consideration by quantifying the techno-economic and ecological potential and examining it in the
context of technical and economic constraints. Further research is required to determine the effects
of DSM across a large grid area on system stability and RES utilisation. To better understand the
implications of DSM in general, other types of electric appliances or buildings should be investigated.
Further research is also required to consider multi-objective DSM.
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A. Annex
A.1. Building model
A.1.1. Physical properties
In this dissertation, two reference buildings are regarded, namely a massive residential building
with a heavy structure and a wooden building with a light structure. Below, the different layers with
the physical properties of the material is reported for the reference buildings.

Table A.1.: Physical properties of the building envelope of the massive building.
´
³ 2 ´
³
´
³
´
³
kg
R mW K
s (m)
ρ
λth mWK
c p kgJ K
3
m
External walls (Distances between nodes: e 1−2 = e 4−5 = 0.03 m, e 1−2 = e 4−5 = 0.155 m)

Layer

EPS insulation
0.170
30
0.045
1450
3.778
Concrete block
0.2
1700
1.12
1000
0.179
Total
0.37
4.956
Roof
EPS insulation
0.2
30
0.045
1450
4.444
Concrete block
0.05
1700
1.12
1000
0.045
Total
0.25
4.489
Ground floor (Distances between nodes: e F −8 = e 10−G = 0.03 m, e 8−9 = e 9−10 = 0.155 m)
Concrete block
0.2
1700
1.12
1000
0.179
EPS insulation
0.17
30
0.045
1450
3.778
Total
0.37
3.956
Partition walls (Distance between nodes: e 6−7 = 0.15 m)
Concrete block
0.1
1700
1.12
1000
0.089
Total
0.1
0.089

Table A.2.: Physical properties of the building envelope of the light building.
´
³
´
³
´
³ 2 ´
³
kg
s (m)
ρ
λth mWK
c p kgJ K
R mW K
m3
External walls (Distances between nodes: e 1−2 = e 4−5 = 0.02 m, e 1−2 = e 4−5 = 0.094 m)

Layer

EPS insulation
Ply Wood

0.13
0.0975

30
500

0.045
0.13

1450
1600

2.889
0.750
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Layer

s (m)

ρ

³

kg
m3

´

´
³
c p kgJ K

³
´
λth mWK

³ 2 ´
R mW K

Total
0.228
3.639
Roof
EPS insulation
0.15
30
0.045
1450
3.333
Ply Wood
0.15
500
0.13
1600
1.154
Total
0.3
4.487
Ground floor (Distances between nodes: e F−8 = e 10−G = 0.03 m, e 8−9 = e 9−10 = 0.155 m)
Concrete block
0.2
1700
1.12
1000
0.179
EPS insulation
0.17
30
0.045
1450
3.778
Total
0.37
3.956
Partition walls (Distance between nodes: e 6−7 = 0.15 m)
Ply Wood
0.1
500
0.13
1600
0.769
Total
0.1
0.769

The model configuration allows to set different window types. In Table A.3, the parameters of the
window types used are reported.

Table A.3.: Physical properties of the different window³types implemented
in the building model.
´
λth,Glz W
g
Ffr (−)
Fsh (−)
(−)
Glz
m2 K

Window type

1: Single
2: Double
3: Double with low-emissivity coating
4: Triple with low-emissivity coating

253.9
1.51
0.793
0.54

0.86
0.76
0.6
0.41

0.1
0.1
0.1
0.1

0.3
0.3
0.3
0.3

A.1.2. Building model’s energy balances
The energy balances in the various nodes are reported in the following equations: Eqs. (A.1–5) are
the nodes characterizing the opaque casing (nodes 1 to 5).
0 = Q̇ Sol,1 + Q̇ Grn,1 + Q̇ Sky,1 +

0 = Q̇ RL,5 + Q̇ Pe,5 +

XL

ϑ0 − ϑ1 ϑ 2 − ϑ 1
+
R1
R2

(A.1)

C1 ·

d ϑ2 ϑ1 − ϑ2 ϑ3 − ϑ 2
=
+
dt
R2
R3

(A.2)

C2 ·

d ϑ3 ϑ2 − ϑ3 ϑ4 − ϑ 3
=
+
dt
R3
R4

(A.3)

C3 ·

d ϑ2 ϑ3 − ϑ4 ϑ5 − ϑ 4
=
+
dt
R4
R5

(A.4)

ϑ4 − ϑ5 ϑ14 − ϑ5 ϑ6 − ϑ5 ϑA − ϑ5 ϑF − ϑ5 ϑ12 − ϑ5
+
+
+
+
+
R5
R 28
R 19
R6
R9
R 17

(A.5)

A. Annex
Eqs. (A.6) and (A.7) are the nodes characterizing the inner mass (nodes 6 and 7).
0 = Q̇ RL,6 + Q̇ Pe,6 +

ϑ14 − ϑ6 ϑA − ϑ6 ϑF − ϑ6 ϑ5 − ϑ6 ϑ12 − ϑ6
+
+
+
+
R 26
R7
R 12
R 19
R 21
C4 ·

d ϑ7 ϑ6 − ϑ7
=
dt
R8

(A.6)

(A.7)

Eqs. (A.8–11) are the nodes characterizing the ground floor (nodes F, 8, 9 and 10).
0 = Q̇ Sol,F + Q̇ RL,F + Q̇ Pe,F +

ϑ14 − ϑF ϑ6 − ϑF ϑ5 − ϑF ϑA − ϑF ϑ12 − ϑF ϑ8 − ϑF
+
+
+
+
+
(A.8)
R 25
R 12
R9
R 11
R 10
R 13
C5 ·

d ϑ8 ϑF − ϑ 8 ϑ 9 − ϑ8
=
+
dt
R 13
R 14

(A.9)

ϑ8 − ϑ9 ϑ10 − ϑ9
+
R 14
R 15

(A.10)

0 = Q̇ Ufh +
0 = Q̇ Sol,F + Q̇ RL,F + Q̇ Pe,F +

ϑ14 − ϑF ϑ6 − ϑF ϑ5 − ϑF ϑA − ϑF ϑ12 − ϑF ϑ8 − ϑF
+
+
+
+
+
(A.11)
R 25
R 12
R9
R 11
R 10
R 13

Eqs. (A.12) and (A.13) are the nodes characterizing the transparent components (nodes 11 and 12).
0 = Q̇ Sol,11 + Q̇ Grn,11 + Q̇ Sky,11 +

ϑ0 − ϑ11 ϑ12 − ϑ11
+
R 20
R Glz

(A.12)

ϑ11 − ϑ12 ϑ14 − ϑ12 ϑ6 − ϑ12 ϑ5 − ϑ12 ϑA − ϑ12 ϑF − ϑ12
+
+
+
+
+
R Glz
R 27
R 21
R 17
R 18
R 10
(A.13)
Eqs. (A.14) and (A.15) are the nodes characterizing the roof (nodes 13 and 14).
0 = Q̇ Sol,12 + Q̇ RL,12 + Q̇ Pe,12 +

0 = Q̇ Sol,13 + Q̇ Sky,13 +

0 = Q̇ RL,14 + Q̇ Pe,14 +

ϑ0 − ϑ13 ϑ14 − ϑ13
+
R 22
R 23

(A.14)

ϑ13 − ϑ14 ϑA − ϑ14 ϑ6 − ϑ14 ϑF − ϑ14 ϑ5 − ϑ14 ϑ12 − ϑ14
+
+
+
+
+
(A.15)
R 23
R 24
R 26
R 25
R 28
R 27

Finally, the air node balance is formulated in Eq. (A.16).
0 = Q̇ RL,A +Q̇ Pe,A +

ϑ0 − ϑA ϑ0 − ϑA ϑ14 − ϑA ϑ5 − ϑA ϑ12 − ϑA ϑ6 − ϑA ϑF − ϑA
+
+
+
+
+
(A.16)
+
R acr
RΨ
R 24
R6
R 18
R7
R 11
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A.2. Validation plots

(a) WB0

(b) WBR

(c) WBR,sW,ACR

(d) WBR,ACR

(e) CB0

(f ) CBR

(g) CBR,sW,ACR

(h) CBR,ACR

Figure A.1.: Data scatters and regression lines for the building model validation cases. The temperatures in the air
node ϑA can be read on the y-axis for the simulation and on the x-axis for the TRNSYS reference model.
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A.3. Experimental design
A.3.1. Placket-Burman planning and results matirx
For the DoE analysis, the following factors are selected for the screening of influences on the DSM
potential:
A:
B:
C:
D:
E:
F:
G:
H:
I:
J:
K:
L:
M:
N:
O:
P:
Q:
R:

Optimization objective {min(C); min(CO2 )}
Limit of charging power of the EV {3.6; 7.2} kW
Minimum comfort SOC set point for the EV {0.2; 0.8}
Minimum modulation speed of HP {0.1; 0.3}
Bidirecitonal charging with EV {’No’; ’Yes’}
Maximum flow temperature for space heating {35; 40} ◦ C
Prediction horizon {16; 24} h
Electrical profile {1; 2}
Mobility profile (ID) {210094; 330791}
Room temperature set point {19; 22} ◦ C
DHW tapping temperature {40; 45} ◦ C
Building type {’Massive’; ’Light’}
Volume of TES {500; 750} l
Volume of DHW storage {220; 330} l
Maximum energy of EV battery {18; 22} kWh
Installed PV power {4; 7} kWp
Azimuth angle of PV modules {-30; 30} ◦
Location (Weather data) {’Kassel’; ’Mannheim’}

In Table A.4, the Placket-Burman experimental design created using the statistical software Minitab ® (Minitab Ltd. 2020). Is includes eighteen factors and defines the factor settings for 32
simulation experiments.
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Table A.4.: Plackett-Burman planning matrix for eighteen factors in 32 simulation experiments.

Experiment
i
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

A
1
–1
–1
1
–1
–1
–1
1
1
1
1
1
–1
–1
–1
–1
–1
–1
1
1
–1
1
1
1
–1
1
1
–1
–1
1
1
–1

B
1
–1
1
–1
–1
–1
1
1
1
–1
1
1
1
–1
1
1
–1
–1
–1
1
–1
–1
1
–1
1
–1
1
–1
1
–1
–1
1

C
–1
–1
1
1
1
1
1
1
1
–1
–1
1
–1
–1
1
1
–1
1
1
–1
1
–1
–1
–1
–1
1
1
–1
–1
–1
1
–1

D
–1
–1
1
1
1
1
1
–1
1
1
1
–1
–1
1
–1
–1
–1
–1
1
1
–1
–1
–1
–1
1
–1
1
1
1
1
–1
–1

E
–1
–1
1
1
–1
1
–1
–1
1
1
1
1
1
–1
1
–1
1
–1
–1
–1
1
1
1
–1
1
–1
–1
1
–1
–1
1
–1

F
1
–1
1
–1
1
1
1
–1
–1
1
1
–1
–1
–1
1
1
–1
1
–1
1
1
1
1
1
–1
–1
–1
–1
–1
1
–1
–1

G
1
–1
–1
1
1
1
–1
1
–1
1
–1
1
1
1
1
1
–1
–1
1
–1
–1
–1
1
–1
–1
–1
–1
1
–1
1
–1
1

H
–1
–1
–1
–1
1
–1
1
1
–1
1
1
–1
1
–1
–1
1
1
1
1
–1
–1
1
1
–1
1
1
1
1
–1
–1
–1
–1

Factors
I
J
1 1
–1 –1
–1 1
1 –1
–1 1
–1 –1
–1 –1
–1 1
1 1
–1 –1
–1 1
–1 –1
–1 –1
1 1
1 –1
1 1
–1 1
1 –1
1 1
–1 –1
1 1
1 1
1 –1
1 –1
1 1
–1 –1
1 –1
1 –1
1 –1
–1 1
–1 1
–1 1

K
1
–1
1
–1
–1
1
–1
1
–1
–1
–1
–1
1
–1
1
–1
1
–1
1
1
1
–1
–1
1
1
1
1
1
–1
1
–1
–1

L
–1
–1
–1
–1
1
1
–1
1
1
1
–1
1
1
–1
–1
–1
–1
1
–1
–1
1
1
–1
1
1
–1
1
–1
1
1
–1
1

M
1
–1
1
–1
–1
–1
1
–1
1
1
–1
–1
1
1
–1
–1
–1
1
–1
–1
1
–1
1
–1
–1
1
1
1
–1
1
1
1

N
–1
–1
1
1
–1
1
–1
1
1
–1
–1
–1
1
1
–1
1
1
1
–1
1
–1
1
1
–1
–1
1
–1
–1
1
1
–1
–1

O
1
–1
1
–1
–1
1
–1
–1
–1
1
1
1
1
1
–1
1
1
1
1
–1
–1
–1
–1
1
–1
–1
1
–1
1
–1
1
–1

P
–1
–1
–1
–1
–1
1
1
1
1
1
–1
–1
–1
1
1
–1
1
1
1
1
–1
–1
1
1
1
–1
–1
–1
–1
–1
1
1

Q
–1
–1
1
1
1
–1
–1
–1
–1
1
–1
1
–1
1
–1
1
1
–1
–1
1
1
–1
1
1
1
1
1
–1
–1
–1
–1
1

R
–1
–1
–1
–1
–1
1
1
–1
1
–1
1
1
–1
–1
–1
1
1
–1
1
–1
1
–1
1
1
–1
1
–1
1
1
1
–1
1

Table A.5.: Plackett-Burman response matrix for eighteen factors in 32 simulation experiments.

i
1
2

XLIV

∆
without DSM
DSM
∆C τi ∆CO2 τi ∆r S,i τ
C τi
CO2 τi r S,i τ
C τi
CO2 τi r S,i τ
(e)
(kg)
(%)
(e)
(kg)
(%)
(e)
(kg)
(%)
415.9 215.4
3.8
3054.9 3319.5 20.5 2639 3104.2 24.3
395.7
97
0.2
2905 3184.1 20.1 2509.3 3087.1 20.3

A. Annex

i
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

∆
∆C τi ∆CO2 τi ∆r S,i τ
(e)
(kg)
(%)
368.3
90.1
0.34
390.1 201.3
3.34
405.6
145
1.89
979.5 211.3
3.02
923.5 143.6
1.51
791.4 205.1
3.89
924.5 191.9
3.61
777.2 288.2
3.77
444.5 167.1
1.34
423.2
168
2.67
385.3 112.3
1.73
796.3 239.6
5.44
862.3 226.2
5.88
518.7 243.4
4.22
776.7
62.4
2.65
742.1 133.8
2.56
970.4 346.2
5.41
725.7 150.1
1.56
386.3
92.1
1.64
362.8 174.6
1.68
970.4 387.6
7.33
834
222.8
3.61
763
130.5
3.99
390.8 114.2
1.05
365.2
135
1.71
558.1 267.6
3.8
488.4
95
1.77
511.9 278.9
2.19
793.6 179.3
1.69
891
172.8
3.4

without DSM
C τi
CO2 τi r S,i τ
(e)
(kg)
(%)
3047.9 3345 18.3
2802.3 3071.6 20.8
3002.5 3340.3 19.2
2894.9 2902.1 26.4
2835.2 2826.9 27.7
3067.5 3172.5 25.5
2967 2956.3 26.7
2849.3 2977.4 25.6
2896.6 3132.3 22.1
2755.1 2977.2 20.2
2882.3 3159.5 21.2
2947.9 3072.2 25.6
2937.4 2986.7 26.1
2849.5 3090.7 22.3
2893.3 2968.4 26.3
2811.2 2906.8 29.7
2850 2888.5 30.8
2919.6 3011.4 24
2851.1 3108.6 21.8
2973.4 3270 22.5
2754.4 2754.5 28.5
2713.2 2748.3 28.5
3024.5 3131.8 25.8
2743.8 3007.3 21
2856.9 3128.3 21.1
2710.4 2930.5 25
2770.5 2957.3 22.8
2955.3 3216.9 21.2
3098.9 3211.6 23.7
2943.8 2978.2 24.6

C τi
(e)
2679.7
2412.2
2596.9
1915.4
1911.7
2276.1
2042.4
2072.1
2452.1
2331.9
2496.9
2151.7
2075.1
2330.8
2116.6
2069.1
1879.6
2193.9
2464.7
2610.6
1784
1879.2
2261.4
2353
2491.7
2152.3
2282.1
2443.4
2305.3
2052.8

DSM
CO2 τi
(kg)
3255
2870.3
3195.3
2690.8
2683.3
2967.4
2764.4
2689.2
2965.2
2809.2
3047.2
2832.7
2760.5
2847.4
2906
2772.9
2542.3
2861.3
3016.5
3095.4
2366.9
2525.6
3001.2
2893.1
2993.3
2662.9
2862.3
2938
3032.3
2805.3

r S,i τ
(%)
18.6
24.2
21.1
29.4
29.2
29.4
30.4
29.3
23.4
22.9
22.9
31
32
26.5
28.9
32.2
36.2
25.6
23.5
24.2
35.8
32.1
29.8
22.1
22.8
28.8
24.5
23.4
25.4
27.9
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A.4. Further results of the scenario analysis
A.4.1. Costs of the reference case in all scenarios
Table A.6.: Costs (e) of the seven reference systems for the reference case Ref in Sc02 – Sc05. As the dynamic CO2
factor and the energy schedules are independent from the scenario, Emissions and degree of self-sufficiency are
similar to Table 6.1.

Scenario
Sc02
Sc03
Sc04
Sc05

Sys1
3437.9
3422.6
3432.3
3450.4

Sys2
2215.6
2132.1
2229.7
2250.2

Sys3
2627.4
2723.4
26 31.8
2640.5

Sys4
2744.8
2632.8
2636.9
2603.4

Sys5
1558.5
1388.3
1480
1451.8

Sys6
1997.9
2012.7
1916.2
1883

Sys7
2575.1
2406
2443.4
2401.5

A.4.2. Evaluation measures in all scenarios
Table A.7.: Evaluation measures for the DSM strategy min(C) in Sc02 – Sc05.

Evaluation measure
Sc02
Costs (e)
Emissions (kg)
Self-sufficiency (%)
Sc03
Costs (e)
Emissions (kg)
Self-sufficiency (%)
Sc04
Costs (e)
Emissions (kg)
Self-sufficiency (%)
Sc05 (Community 1)
Costs (e)
Emissions (kg)
Self-sufficiency (%)
Sc05 (Community 2)
Costs (e)
Emissions (kg)
Self-sufficiency (%)

XLVI

Sys1

Sys2
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A.5. Further main effects plots for the DoE analysis
A.5.1. Influences on the evaluation measures with DSM
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Figure A.2.: Main effects plots of the technical parameters (factors A – G) on the average yearly costs C τ (circles
and dashed lines), CO2 emissions CO2 τ (crosses and solid lines), and degree of self-sufficiency r S τ (stars and
semicolon lines) of the DSM cases.
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(c) ϑSet
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Figure A.3.: Main effects plots of the user-dependent parameters (factors H – K) on the average yearly costs C τ
(circles and dashed lines), CO2 emissions CO2 τ (crosses and solid lines), and degree of self-sufficiency r S τ (stars
and semicolon lines) of the DSM cases.
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Figure A.4.: Main effects plots of the predetermined system parameters (factors L – R) on the average yearly costs
C τ (circles and dashed lines), CO2 emissions CO2 τ (crosses and solid lines), and degree of self-sufficiency r S τ
(stars and semicolon lines) of the DSM cases.
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A.5.2. Influences on the evaluation measures without DSM

(a) Optimization objective

(b) P max
EV,Chg
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Figure A.5.: Main effects plots of the technical parameters (factors A – G) on the average yearly costs C τ (circles
and dashed lines), CO2 emissions CO2 τ (crosses and solid lines), and degree of self-sufficiency r S τ (stars and
semicolon lines) of the cases with no DSM.
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Figure A.6.: Main effects plots of the user-dependent parameters (factors H – K) on the average yearly costs C τ
(circles and dashed lines), CO2 emissions CO2 τ (crosses and solid lines), and degree of self-sufficiency r S τ (stars
and semicolon lines) of the cases with no DSM.
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Figure A.7.: Main effects plots of the predetermined system parameters (factors L – R) on the average yearly costs
C τ (circles and dashed lines), CO2 emissions CO2 τ (crosses and solid lines), and degree of self-sufficiency r S τ
(stars and semicolon lines) of the cases with no DSM.
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Techno-economic and ecological evaluation of demand-side management in electrified residential energy systems


Julia Freier

Driven by the electrification of energy systems, the boundaries between
the electricity, heating and transport sectors disappear and existing
market mechanisms face their limits. Heat pumps and electric vehicles
increase electricity consumption in residential buildings and create a new
use cases for Demand-Side Management. This dissertation quantifies the
techno-economic and ecological potential of Demand-Side Management
from the perspective of households. This potential is defined by its effect
on the change of costs, CO2 emissions and degree of self-sufficiency,
which are quantified in time-discrete annual simulations. The simulation
model is based on mixed-integer linear optimization. The results show
that residential Demand-Side Management achieves an improvement in the
techno-economic and ecological evaluation measures in all considered
cases. Certain market conditions such as dynamic electricity tariffs and
decentralized markets are beneficial and can thus be considered as
incentive mechanisms for Demand-Side Management.
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