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Summary

As a consequence of the energy transition, the traditional power system faces several
challenges. Generation becomes increasingly dependent on weather conditions, due
to the increasing contribution of renewables. As a result, the volatility of electrical
energy prices is increasing. Additionally, peak loads are expected to increase, due
to the electrification of residential energy demand for heating and transportation.
This requires both more generation and grid capacity. The electrification of energy
demand is driven by the need to increase energy efficiency; the use of heat pumps
and Electric Vehicles (EVs) reduces overall energy demand, but increases electricity
demand.

This electrification is both a challenge and an opportunity, as flexibility at the
demand side is expected to increase as a result. Flexibility refers to the capacity
to increase or decrease the load in a certain time frame. By applying Demand
Response (DR) this flexibility can be used to shift load in time. In case of DR
end-users adjust their consumption patterns in response to certain incentives. For
example, DR can be used to match flexible demand to (renewable) generation or
to reduce peak loads.

The energy transition as well as technological progress drive the increasing
integration of information and communication technologies in the current grid and
hence the transformation towards the so-called ‘smart grid’. This smart grid paves
the way for the introduction of DR. To support decision-making on (the way of)
implementing DR, insight into the prospects and value creation is essential. The
benefits of DR strongly depend on the flexibility available and on the successful
implementation of DR programs. Therefore, various smart grid pilots are being
initiated to study the effects of DR. Evaluation of the pilot results is considered
essential for identifying the flexibility available and understanding which design
features can best be used to unlock this flexibility. Consequently, this flexibility
can be used to study the potential value of DR for the power system.

This research explores the flexibility in residential electricity demand and the
potential value of demand response for the power system, based on the results of
two Dutch field tests. In the first pilot, Your Energy Moment, a dynamic tariff
was used to stimulate both manual and semi-automated DR. The participants were
informed about the tariff day-ahead through a Home Energy Management System
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ii Summary

(HEMS), connected to a wall-mounted display in their living room. To respond
to price fluctuations, consumers could manually shift load in time, or use their
semi-automated ‘smart’ appliance, which automatically optimized its operation
time based on user preferences and the tariff. In the second pilot, PowerMatching
City, automated DR was applied to disclose the flexibility of residential heating
systems, i.e. heat pumps and micro combined heat and power systems (µCHPs).
Hence, participant interaction, other than initial approval, was not required in
this pilot set-up. The appliances automatically responded to price signals, which
were defined by the applied multi-objective multi-agent market based system (the
PowerMatcher).

Different methods to evaluate DR field test results are developed in this thesis.
These methods consider differences in pilot set-ups and available data. Based on
the results of Your Energy Moment it is concluded that nowadays mainly white
goods can be used for DR. Using a reference group and a two sample t-test the
smart washing machine load shift is quantified. The load during the evening is
decreased, while the load during the midday is increased. This reduces the evening
peak load and increases self-consumption of PV generation. Manual and semi-
automated DR prove to be equally effective for increasing the self-consumption of
PV generation. The main effect of the use of the semi-automated function is a
load shift from the evening to the night. As a result, the semi-automated function
increases flexibility.

The load shift remained stable over a long period of time (>1 year), indicating
a structural change in behavior. Furthermore, load is shifted from the evening
to the midday or night irrespective of the exact moment of evening peak-pricing.
That is because the time period available to delay white good cycles is generally
large enough to shift load to the cheapest time slot available. This is concluded
based on an analysis of the difference in the peak load of the two participant groups
that were subject to a different moment of evening peak-pricing. Therefore, the
results suggest that a simple and transparent tariff is effective to stimulate (mainly
manual) residential DR for white goods. Such a tariff needs to consist only of a
few levels and should emphasize the ‘favorable’ moment to use electricity.

Relative to the residential load, the flexibility of white goods is limited. With
the increasing penetration of energy efficient technologies, such as heat pumps and
µCHPs, this flexibility is expected to increase. The flexibility of these appliances is
analyzed by using multiple regression and artificial neural networks to model the
effect of the price on the load in PowerMatching City. The resulting load models
can be used to quantify the effect of price on the load, i.e. the flexibility, during each
time step. The performance of the two different methods used to model load and
flexibility is validated by comparing their results. Artificial neural networks prove
to be most effective to model the (nonlinear) relations between load, time, weather
circumstances and flexibility. The differences between both models are illustrated
by visualizing the heat pump and µCHP flexibility. In general, both devices have a
considerable amount of flexibility available, especially during the day. Based on an
analysis of different heating systems, it is argued that this flexibility is to a great
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extent subject to the heat demand, type of heating system and the dimensioning
of the different elements. However, regardless of these aspects, there is flexibility
in the system. Hot water buffers, which can easily be used for automated DR, can
increase this flexibility.

To make the link between field test results and their potential impact on the
power system, a model is developed to assess DR benefits from a power system
perspective. As input the model uses the flexibility that was quantified based on
the results of the above-mentioned two field tests. In addition to flexibility of white
goods, heat pumps and µCHPs, the flexibility of EVs is incorporated (based on
Dutch mobility statistics). By including the flexibility of EVs, an overall outlook
on flexibility in (future) residential electricity demand is provided.

DR benefits are divided into (i) the energy market value, and (ii) the grid value.
In a liberalized power system, as is the case in the Netherlands, these benefits
can generally be assigned to the two main power system stakeholders: the energy
supplier and (local) grid operator. The energy market and grid value have so far
mainly been studied separately, due to modeling complexity. This thesis combines
the existing models used for the quantification of benefits for the energy market on
the one hand and the grid on the other, thereby creating insight into the distribution
and sum of benefits from a power system perspective. To determine annual capital
and operational expenditures for the grid and energy market, the developed model
simulates hourly load and (renewable) generation profiles. The grid costs are based
on grid capacity investments and grid losses, while the market costs are based
on generator capacity investments and generation costs. To provide insight into
the effects of DR, three different DR-optimization strategies are developed: (i)
grid based, (ii) energy market based, and (iii) energy market based with capacity
constraints. The grid - and energy market based strategies focus on minimizing
the costs for the grid operator and energy supplier respectively, while the energy
market based with capacity constraints strategy combines the objectives of both
stakeholders.

The prospects of these different DR strategies are studied using the Netherlands
as a case study. As DR benefits are subject to future power system developments,
different scenarios are used. The results show that in all scenarios DR generates
significant value. Thereby indicating that DR can be used to efficiently facilitate
the energy transition. Most benefits are related to avoided grid investment costs.
However, when scenarios become more extreme, with respect to the penetration
of renewables and energy efficient technologies, benefits become more dispersed.
From a system perspective, a DR strategy that is energy market based with capacity
constraints is most effective to utilize residential flexibility. This combined strategy
is expected to be most profitable for the end-user as well, as (part of) the DR
benefits are likely to flow back to the consumer, either directly through financial
incentives that stimulate DR or indirectly through a decrease in energy prices
and/or grid tariffs.

As the results in this thesis indicate that a combined strategy (which
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considers both the grid- and energy market value) is most effective, future
research should focus on how to integrate DR in current network planning and
market processes. However, a pre-condition for changing these practices is that
all main power system stakeholders are enabled to utilize (part of) the potential
of DR. Hence, it is important to clearly define roles and responsibilities of all
(future) stakeholders within the (smart) grid.

In this thesis, flexibility is analyzed based on the effect of DR control signals,
or incentives, in different field tests. Thereafter, through optimization of this
flexibility, the potential power system benefits of DR are studied. These benefits
are expected to (partly) flow back to the end-user, e.g. through (financial)
incentives used to stimulate DR. Future research is needed for the optimization
and standardization of such incentives, thereby making the link between power
system benefits and the design of DR control signals.



Samenvatting

Door de energietransitie wordt het traditionele elektriciteitssysteem
geconfronteerd met een aantal uitdagingen. Door de toename van de bijdrage van
duurzame energiebronnen wordt het aanbod van elektriciteit steeds afhankelijker
van de weersomstandigheden. Als gevolg neemt de volatiliteit van de
elektriciteitsprijs toe. Daarnaast is de verwachting dat, door de elektrificatie van
de huishoudelijke energievraag voor warmte en transport, piekbelastingen zullen
toenemen. Dit vereist meer opwek- en netcapaciteit. Drijvende factor achter de
elektrificatie van de energievraag is de noodzaak tot meer energie-efficiëntie; het
gebruik van warmtepompen en Elektrische Voertuigen (EV’s) vermindert de
totale vraag naar energie, maar verhoogt de elektriciteitsvraag.

Deze elektrificatie vormt een uitdaging maar biedt ook kansen, doordat hierdoor
naar verwachting de flexibiliteit aan de vraagkant zal toenemen. Flexibiliteit is de
capaciteit om de elektriciteitsvraag te verhogen of te verlagen in een bepaalde
periode. Door Demand Response (DR) toe te passen kan deze flexibiliteit ingezet
worden om de vraag te verschuiven in de tijd. Wanneer DR wordt toegepast, passen
eindgebruikers hun verbruikspatronen aan in reactie op bepaalde prikkels. Zo kan
DR bijvoorbeeld worden gebruikt om de flexibele vraag te laten aansluiten op het
aanbod van (duurzame) energie of om piekbelastingen te verlagen.

De energietransitie, alsmede de technologische vooruitgang, nopen tot een
toenemende integratie van informatie- en communicatietechnologieën in het
huidige elektriciteitssysteem en leiden tot de transformatie naar een zogenaamd
‘smart grid’. Dit smart grid maakt de weg vrij voor de introductie van DR. Om
besluitvorming over (de manier van) DR-implementatie te ondersteunen, is inzicht
in de perspectieven en waardecreatie essentieel. De baten van DR zijn sterk
afhankelijk van de beschikbare flexibiliteit en van een succesvolle implementatie
van DR-programma’s. Daarom worden verschillende smart grid-pilots opgezet om
de effecten van DR te onderzoeken. Evaluatie van de resultaten van deze pilots is
essentieel voor het identificeren van de beschikbare flexibiliteit en voor kennis
omtrent welke ontwerpen het beste gebruikt kunnen worden om deze flexibiliteit
te ontsluiten. Vervolgens kan deze flexibiliteit gebruikt worden om de potentiële
waarde van DR voor het elektriciteitssysteem te onderzoeken.

Dit onderzoek analyseert de flexibiliteit in de huishoudelijke elektriciteitsvraag
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en de potentiële waarde van DR voor het elektriciteitssysteem, op basis van de
resultaten van twee Nederlandse pilotprojecten. In de eerste pilot, Jouw Energie
Moment, is een dynamisch tarief gebruikt om zowel handmatige als
semi-geautomatiseerde DR te stimuleren. De deelnemers werden een dag van
tevoren genformeerd over het tarief via een Huis Energie Management Systeem
(HEMS), welke was verbonden aan een display aan de muur in hun woonkamer.
Om te reageren op prijsfluctuaties, konden de consumenten handmatig de vraag
verschuiven in de tijd, of gebruik maken van hun semi-geautomatiseerde ‘slimme’
apparaat, dat automatisch de optimale starttijd bepaalde op basis van de
gebruikersvoorkeuren en het tarief. In de tweede pilot, PowerMatching City, werd
automatische DR toegepast om de flexibiliteit te ontsluiten van huishoudelijke
verwarmingssystemen, d.w.z. de warmtepomp en de micro-warmtekracht-
koppeling (µWKK). Dus, deelnemer interactie, met uitzondering van initiële
goedkeuring voor deelname, was niet vereist in deze pilot-opstelling. De
apparaten reageerden automatisch op prijssignalen die werden gegenereerd door
het multi-objective multi-agent markt-gebaseerd-systeem (de PowerMatcher).

In dit proefschrift zijn verschillende methoden ontwikkeld om de resultaten
van DR-pilots te evalueren. Deze methoden houden rekening met de verschillen in
pilot-opstellingen en beschikbare data. Op basis van de resultaten van Jouw
Energie Moment wordt geconcludeerd dat op dit moment voornamelijk witgoed
gebruikt kan worden voor DR. Door middel van een referentiegroep en een
two-sample t-test is de vraagverschuiving van de wasmachine gekwantificeerd. De
vraag gedurende de avond is verlaagd en de vraag gedurende de middag verhoogd.
Dit zorgt voor een afname van de avondpiekvraag en een toename van de eigen
consumptie van zonne-energie overdag. Handmatige en semi-geautomatiseerde
DR blijken even effectief voor een toename van de eigen consumptie van
zonne-energie. Het belangrijkste effect van het gebruik van de semi-
geautomatiseerde functie was een vraagverschuiving van de avond naar de nacht.
De semi-geautomatiseerde functie zorgt dus voor een toename in flexibiliteit.

De vraagverschuiving bleef stabiel gedurende een lange periode (>1 jaar), wat
wijst op een structurele verandering in gedrag. Daarnaast werd de vraag
verschoven van de avond naar de middag of nacht, ongeacht het exacte moment
van het avondpiektarief. Dat komt doordat in het algemeen de beschikbare
tijdsperiode om de witgoedvraag verschuiven lang genoeg is om de vraag te
verschuiven naar het goedkoopste beschikbare tijdslot. Dit blijkt uit de analyse
van het verschil in de piekbelasting van de twee groepen deelnemers die
blootgesteld werden aan een verschillend moment van avondpiektarief. Daarom
wordt op basis van de resultaten gesteld dat een simpel en transparant tarief
effectief is om (met name handmatige) DR voor witgoed te stimuleren. Een
dergelijk tarief moet bestaan uit slechts een paar niveaus en moet het ‘gunstige’
moment om elektriciteit te gebruiken benadrukken.

In verhouding tot de huishoudelijke elektriciteitsvraag, is de flexibiliteit van
witgoed beperkt. Met de toenemende penetratie van energie-efficiënte
technologieën, zoals warmtepompen en µWKK’s, zal de flexibiliteit waarschijnlijk
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toenemen. De flexibiliteit van deze apparaten is geanalyseerd door middel van het
gebruik van meervoudige regressie en neurale netwerken om het effect van de prijs
op de elektriciteitsvraag in PowerMatching City te modelleren. De resulterende
vraagmodellen kunnen gebruikt worden om het effect van de prijs op de
elektriciteitsvraag te bepalen, d.w.z. de flexibiliteit, gedurende iedere tijdspanne.
De prestatie van de twee verschillende methoden, die gebruikt zijn om de vraag
en flexibiliteit te modelleren, is gevalideerd door de resultaten te vergelijken.
Neurale netwerken blijken het effectiefst om de (niet-lineaire) relaties tussen de
elektriciteitsvraag, tijd, weersomstandigheden en flexibiliteit te modelleren. De
verschillen tussen beide modellen zijn gëıllustreerd door de flexibiliteit van de
warmtepomp en de µWKK te visualiseren. In het algemeen hebben beide
apparaten een aanzienlijke hoeveelheid flexibiliteit beschikbaar, voornamelijk
gedurende de dag. Op basis van een analyse van verschillende
verwarmingssystemen wordt beargumenteerd dat deze flexibiliteit in grote mate
afhankelijk is van de warmtevraag, het type verwarmingssysteem en de
dimensionering van de verschillende elementen. Echter, ongeacht deze aspecten
zit er flexibiliteit in een verwarmingssysteem. Warmwaterbuffers kunnen
gemakkelijk worden ingezet voor automatische DR en kunnen zo zorgen voor een
toename in flexibiliteit.

Om de link te maken tussen de pilot-resultaten en hun potentiële impact op
het elektriciteitssysteem, is een model ontwikkeld om de baten van DR te
evalueren vanuit een (elektriciteits-)systeemperspectief. Het model gebruikt de
flexibiliteit, die gekwantificeerd is op basis van de twee bovengenoemde
pilotprojecten, als invoer. Naast de flexibiliteit van het witgoed, de
warmtepompen en de µWKK’s, wordt ook de flexibiliteit van EV’s meegenomen
(op basis van Nederlandse mobiliteitstatistieken). Door de flexibiliteit van EV’s
mee te nemen wordt een algeheel overzicht op de flexibiliteit in de (toekomstige)
huishoudelijke elektriciteitsvraag gegeven.

De baten van DR worden onderverdeeld in (i) de waarde voor de energiemarkt,
en (ii) de waarde voor het net. In een geliberaliseerd elektriciteitssysteem, zoals in
Nederland, kunnen deze baten in het algemeen worden toebedeeld aan de twee
belangrijkste belanghebbenden in het elektriciteitssysteem: de energieleverancier
en de (lokale) netbeheerder. Als gevolg van de vereiste complexe modellering zijn
de waarden voor de energiemarkt en voor het net tot dusver voornamelijk
afzonderlijk onderzocht. Dit proefschrift combineert de bestaande modellen voor
het kwantificeren van de baten voor enerzijds de energiemarkt en anderzijds het
net, waardoor inzicht wordt gegenereerd in de verdeling en de som van baten
vanuit een (elektriciteits-)systeemperspectief. Het model simuleert per uur de
elektriciteitsvraag en (duurzame) opwek van elektriciteit om de jaarlijkse
kapitaal- en operationele kosten voor het net en de energiemarkt te bepalen. De
netkosten zijn gebaseerd op netcapaciteitsinvesteringen en energieverliezen,
terwijl de marktkosten gebaseerd zijn op opwekcapaciteitsinvesteringen en
opwekkosten. Om inzicht te geven in de effecten van DR zijn drie verschillende
DR-optimalisatie-strategieën ontwikkeld: (i) net-gebaseerd, (ii) energiemarkt-
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gebaseerd, en (iii) energiemarkt-gebaseerd-met-capaciteitsbeperkingen. De net- en
energiemarkt-gebaseerde strategieën richten zich op het minimaliseren van de
kosten voor respectievelijk de netbeheerder en energieleverancier, terwijl de
energiemarkt-gebaseerde-met-capaciteitsbeperkingen strategie de doelstellingen van
beide belanghebbenden combineert.

De perspectieven van deze verschillende DR-strategieën worden onderzocht
waarbij Nederland dient als case study. Omdat de baten van DR afhangen van
toekomstige ontwikkelingen in het elektriciteitssysteem worden verschillende
toekomstscenario’s gebruikt. De resultaten laten zien dat in alle scenario’s DR
significante waarde creëert. Dit geeft aan dat DR gebruikt kan worden om de
energietransitie op een efficiënte manier te faciliteren. De meeste baten zijn
gerelateerd aan vermeden netinvesteringen. Echter, in de extremere scenarios,
met betrekking tot grotere penetratie van duurzame energie en energie-efficiënte
technologieën, zijn de baten meer verdeeld. Vanuit een systeemperspectief is de
energiemarkt-gebaseerde-met-capaciteitsbeperkingen DR-strategie het effectiefst
voor het benutten van de huishoudelijke flexibiliteit. Deze gecombineerde
strategie is naar verwachting tevens het meest winstgevend voor de eindgebruiker,
omdat (een deel van) de baten waarschijnlijk terug zal stromen naar de
consument. Hetzij rechtstreeks door middel van financiële prikkels die DR
stimuleren, hetzij indirect via een daling van de energieprijzen en/of de
nettarieven.

Omdat de resultaten in dit proefschrift laten zien dat een gecombineerde
strategie (die zowel de net- als de energiemarktwaarde beschouwt) het effectiefst
is, moet toekomstig onderzoek zich richten op de integratie van DR in de huidige
netplanning en marktprocessen. Een belangrijke voorwaarde voor het wijzigen
van deze praktijken is echter wel dat alle belangrijke belanghebbenden in het
elektriciteitssysteem in staat worden gesteld gebruik te maken van (een deel van)
de mogelijkheden van DR. Daarom is het belangrijk om rollen en
verantwoordelijkheden van alle (toekomstige) belanghebbenden duidelijk te
definiëren binnen het (smart) grid.

In dit proefschrift is de flexibiliteit geanalyseerd op basis van het effect van
DR stuursignalen, of prikkels, in verschillende pilotprojecten. Daarna is, door
middel van optimalisatie van deze flexibiliteit, de potentiële waarde van DR voor
het elektriciteitssysteem onderzocht. Deze baten zullen naar verwachting (deels)
terugstromen naar de eindgebruiker, bijvoorbeeld door het gebruik van
(financiële) prikkels om DR te stimuleren. Toekomstig onderzoek is nodig voor de
optimalisatie en standaardisatie van dergelijke prikkels, waarmee ook de
koppeling tussen de baten van DR voor elektriciteitssysteem en het ontwerp van
DR-stuursignalen wordt gemaakt.
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Chapter1
Introduction

1.1 Motivation and background

1.1.1 The energy transition

To limit the effects of global warming, the world’s energy system is in transition
towards becoming a low-carbon system. As a consequence, the share of renewable
energy has increased over the recent years. Besides being driven by climate
change and resource depletion, this increase is supported by a decrease in
renewable generation costs [1]. Although the transition has begun, the process is
expected to go much further. To this end, the European Union (EU) set the
following targets [2]: by 2020 greenhouse gas emissions should be reduced by 20%
(as compared to 1990), energy efficiency should be increased by 20% (as compared
to the business as usual scenario) and renewable energy generation should account
for 20% of the total energy consumption. To achieve these goals, individual
targets were set for each member country, based on their current situation. In the
Netherlands the targets are 14% renewable generation (current level is 4%) and a
1.5% annual reduction in energy demand [3]. In preparation to the 2015 United
Nations Climate Change Conference in Paris, the EU members already agreed on
a post-2020 renewable energy target of 27% (of the total energy consumption) by
2030 [4]. Sequentially, in Paris 195 countries adopted the agreement to keep the
global average temperature increase well below 2°C above pre-industrial levels [5].

In Fig. 1.1 the current situation regarding the share of renewable generation is
visualized. The geographical heat map indicates the share relative to the EU 2030
target (27%). In general, the countries that are characterized by a relatively large
percentage of renewables profit from their hydropower potential. However, due
to limited access to modern energy in Sub-Saharan Africa, the traditional use of
biomass plays a central role as well in this area. Although, (part of) the hydropower
potential is still unutilized in some regions, it is mainly the installation of wind
turbines and photovoltaic (PV) panels that is rapidly increasing due to the energy
transition [1], as is illustrated in Fig. 1.2(a). Likewise, it is mainly the increase in
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Figure 1.1. Heat map of the share of renewable generation in the world (as a percentage
of the country’s total energy consumption), based on data from [6].

penetration of these technologies that should ensure that the renewable generation
target in the Netherlands is met [3]. Additionally, an increase in the penetration
of energy efficient technologies, such as electric vehicles and heat pumps, should
ensure that the target regarding the increase in energy efficiency is reached [3]. The
increase of these latter technologies is illustrated in Fig. 1.2(b) as well.

1.1.2 The electrical power system

Nowadays, modern societies fully rely on the availability of electricity at all times.
Hence, the electrical power system is designed in such a way that it ensures a high
level of security of supply, without facing excessive generation, transportation and
distribution costs. To reduce costs economies of scale are applied and as a result
the traditional power system is a centralized top-down system. Power is generated
in a centralized manner, by large-scale generators, subsequently it is transmitted
and distributed, via the transmission and distribution systems, to the user. Within
this system, a balance between supply and demand needs to be maintained at all
times. As it is not possible to efficiently and economically store electrical energy
in large quantities, generation follows demand in the traditional power system. To
this end, large-scale conventional generators are used, which to a certain extent are
flexible with respect to their power output.

This centralized top-down power system that fully relies on flexibility at the
generation side, faces several challenges as a consequence of the energy transition.
First of all, due the increase in renewable (distributed) generation the system is
exposed to bi-directional power flows. The majority of wind turbines and PV
panels is connected to the distribution system, either directly or installed at
consumer sites. Due to the increase of generation in the distribution system, local



1.1. Motivation and background 5

Year
(a)

2000 2003 2006 2009 2012 2015

Pe
rc

en
ta

ge
 [

%
]

0

5

10

15

Renewable electricity
generation, excl. hydropower

World
EU
Netherlands

Year
(b)

2000 2003 2006 2009 2012 2015

N
um

be
r 

(1
03 )

0

50

100

150

Number of electric vehicles
and residential heat pumps

Electric vehicles
Heat pumps

Figure 1.2. (a) Renewable electricity generation, excl. hydropower, based on data from
[7]. (b) Number of electric vehicles and residential heat pumps in the Netherlands, based

on data from [8] and [9].

technical challenges can arise related to voltage control, power quality and grid
protection [10]. Furthermore, these renewable generators have limited
controllability, since their output is dependent on weather conditions. As a
consequence, balancing supply and demand becomes increasingly difficult with
the increase in renewable generation. Secondly, the need to reduce the use of
fossil fuels and increase overall energy efficiency leads to an electrification of
energy demand. For example, the use of heat pumps and electric vehicles reduces
overall energy consumption, but increases electricity consumption. As a
consequence of the electrification of residential energy demand for heating and
transportation peak loads are expected to increase. Since the capacity of the
traditional power system is dimensioned to meet peak demand, this requires both
generation and grid capacity.

However, the electrification of residential energy demand is both a challenge and
an opportunity, as flexibility at the demand side is expected to increase. Flexibility
refers to the capacity to increase or decrease the load in a certain time frame. For
example, electric vehicles stand idle for most of the time and hence charging these
vehicles could easily be spread over time (provided that they are connected to the
grid), also the thermal capacity of households could be used to manage heating
processes over time. By applying demand response this flexibility could be used to
shift the load in time. In case of Demand Response (DR) end-users adjust their
consumption patterns in response to certain incentives [11]. This way DR could be
used to address the above-mentioned challenges. For example, DR could be used
to match flexible demand with (renewable) generation, or DR could be used to
reduce peak loads, mitigating the need for costly grid and generation expansions.

The energy transition as well as technological progress drive the increasing
integration of Information and Communication Technologies (ICT) in the current
grid and hence the transformation towards the so-called smart grid, which combines
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bi-directional flows of electrical power and information [12]. This smart grid also
paves the way for the introduction of DR.

1.2 Research objective

The energy transition, including the implementation of a DR, is a complex and
long term process. To support decision-making on the (way of) implementing DR,
insight into the prospects and long-term value creation is essential. The benefits
of DR strongly depend on the flexibility available and hence on the successful
implementation of DR programs [13]. Therefore, various smart grid pilots are being
initiated to study the effects of DR. Evaluation of the pilot results is considered
essential for identifying the practical flexibility available and understanding which
design features can best be used to unlock this flexibility.

Consequently, this flexibility can be used to study the potential value of DR
for the (future) power system. There are various goals that can be reached
through DR, which can be beneficial to different power system stakeholders. In a
liberalized power system, electricity generation could be considered the
responsibility of the energy suppliers, while the grid operators, i.e. the
Transmission and Distribution System Operator (TSO and DSO), are responsible
for the grid infrastructure. DR can be beneficial to both the energy suppliers and
grid operators. However, their interests are not necessarily aligned. For example,
the energy supplier might be interested to match flexible demand to (renewable)
generation, while the grid operator is interested in using the flexibility to avoid
peak loads in the (local) grid. In this thesis, the different categories of benefits
are roughly divided in the energy market value and grid value, respectively. In
the end, (part of) these benefits are expected to flow back to the end-user, either
directly through financial incentives that stimulate DR or indirectly through a
decrease in energy and/or grid tariffs. To assess both the energy market and grid
value and thus the total potential value of DR for the power system, a system
perspective is applied.

In conclusion, the research question in this thesis is formulated as follows.

What is the flexibility in residential electricity demand and (based on this
flexibility) what is the potential value of demand response for the power system?

To assess the potential value of DR for the power system, the flexibility in
residential electricity demand is defined based on the results of two Dutch field
test, which are: Your Energy Moment and PowerMatching City.

In the first pilot, Your Energy Moment, a dynamic tariff was used to
incentivize both manual and semi-automated DR in residential areas. The
participants were informed about the tariff day-ahead through a home energy
management system, connected to a wall-mounted display in their living room.
To respond to price fluctuations, consumers could manually shift load in time, or
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use their semi-automated ‘smart’ appliance, which automatically optimized its
operation time based on user preferences and the tariff.

In the second pilot, PowerMatching City, automated DR was applied to target
the flexibility of residential heating systems, i.e. heat pumps and micro Combined
Heat and Power systems (µCHPs). These appliances automatically responded to
price signals, which were defined by the applied multi-objective multi-agent market
based system (the PowerMatcher [14]). Hence, participant interaction, other than
initial approval, was not required in this pilot set-up.

To answer the research objective, the following subquestions are formulated and
addressed in the subsequent chapters:

1. What are the major relevant ongoing developments within the power system?
(Chapter 2)

2. What are the results and the methods used for the evaluation of demand
response in the literature? (Chapter 3)

3. What are the effects of the Your Energy Moment pilot set-up on residential
electricity demand? (Chapter 4)

4. What are the effects of the PowerMatching City pilot set-up on residential
electricity demand? (Chapter 5)

5. How can the potential value of demand response be modeled from a power
system perspective? (Chapter 6)

6. What is the potential value of demand response for the Dutch case, for
different scenarios and various optimization strategies? (Chapter 7)

1.3 Thesis outline, research methods and scope

The formulated research questions are addressed according to the following thesis
structure:

Part I. The first part of this thesis motivates the research objective, introduces
the different research topics and provides the necessary contextual knowledge.

• Chapter 2. Developments in the power system. This chapter
provides the main contextual knowledge for this thesis. Background
information regarding the power system is provided, focusing on both the
physical layer and the system organization. Consequently, the impact of the
energy transition on the power system is discussed in more detail, focusing
on the changes in load and generation profiles. Next, the developments
towards smart grids are described, as well as the general principles and
context of DR. Finally, the potential impacts of DR for the (future) power
system are indicated.
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Part II. The second part of this thesis focuses on the evaluation of smart grid
pilots. Flexibility in residential electricity demand is analyzed based on the results
of two Dutch field tests.

• Chapter 3. Evaluation of smart grid pilots. This chapter is used to
put this research in perspective to the literature currently available regarding
flexibility in residential electricity demand and the different methods used for
the evaluation of the effects of DR.

• Chapter 4. Your Energy Moment. This chapter introduces the methods
used to test and quantify the effects of DR in the Your Energy Moment pilot.
Thereby introducing the pilot set-up, the design of the dynamic tariff and the
smart appliances. The results include the flexibility of the (smart) appliances
and the response of the flexible load towards the dynamic tariff.

• Chapter 5. PowerMatching City. First, this chapter introduces the
multi-objective multi-agent market based system used to automatically
control flexible appliances in the PowerMatching City pilot. Next, two
different load forecasting techniques, i.e. multiple regression and artificial
neural networks, are introduced. These methods are used to quantify the
flexibility of the heat pumps and µCHPs, based on the pilot measurements.
Finally, to generalize the results a reflection on the effect of the heating
system design on the flexibility of heat pumps and µCHPs is provided.

Part III. The third part of this thesis focuses on the assessment of DR benefits.
A methodology is developed to model DR benefits from a power system perspective.
The practicality of the methodology is demonstrated using the Netherlands as a case
study. The results provide insight into the prospects of DR for the Netherlands.

• Chapter 6. Evaluation of demand response benefits from a power
system perspective. This chapter describes the scenario-based
methodology that is developed to model long-term DR benefits from a
power system perspective. As the potential benefits of DR are diverse and
distributed amongst the various power system stakeholders, a system
perspective is used to assess these benefits. First, a literature overview is
provided regarding the different models used to quantify the DR benefits.
Consequently, the developed methodology is presented, which is used to
assess both the grid value and energy market value of DR. To this end, the
model uses load and generation profiles to monetize capital and operational
expenditures related to grid and generation capacity.

• Chapter 7. Demand response benefits: a Dutch case study. Using
the methodology developed in Chapter 6, the DR benefits for the case of
the Netherlands are assessed. A model is developed using actual data from
the Dutch power system. Within the model different DR-optimization
strategies are implemented to shape the flexible load available at (future)
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residential areas. This flexibility is based on the results of the two Dutch
field tests (Chapter 4 and 5). Additionally, an outlook on electric vehicle
flexibility is provided based on Dutch mobility statistics. The results of the
model provide insight into the effects of different scenarios as well as
different DR-optimization strategies, which are: grid based, energy market
based, and energy market based with capacity constraints. Finally, based on
these results, this chapter reflects on prospects of DR for the Netherlands.

Part IV. The final part of this thesis combines the results of Part I, II and III
to present the overall conclusions.

• Chapter 8. Conclusions, contributions and recommendations. This
chapter addresses the research objective, covers the overall conclusions, thesis
contributions as well as recommendations for future research.

Introduction
Ch.	1

Developments	in	the	power	
system

Ch.	2

Evaluation	of	smart	grid	
pilots

Ch.	3

Your	Energy	Moment PowerMatching	City
Ch.	5

Evaluation	of	demand	
response	benefits	from	a	
power	system	perspective

Ch.	6

Demand	response	benefits:	
a	Dutch	case	study	

Ch.	7

Conclusions,	contributions	
and	recommendations

Ch.	8

Ch.	4

Part	II

Part	III

Part	IV

Part	I

Figure 1.3. Schematic of the thesis structure.

The thesis structure is graphically depicted in Fig. 1.3. Each chapter starts
with an introduction of the addressed topics and the chapter structure and ends
with conclusions to summarize and reflect on the main findings. The acronyms
definitions can be found in the List of acronyms (page 173). Finally, to strengthen
the thesis scope, the topics that are excluded are listed.
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Topics outside the thesis scope

Development of energy scenarios. Energy scenarios represent different directions in
which the energy transition could evolve. To assess long-term DR benefits from a
power system perspective a scenario-based methodology is developed in this thesis.
The scenarios provide key input data to simulate the situation for the future power
system. As the focus is on the design of a method that can assess long-term DR
benefits, energy scenarios are not developed in this thesis. The scenarios used,
which serve as input for the case study, are example scenarios from other studies.

Cost of DR enabling smart grid technologies. The methodology developed and
the results of the case study in this thesis provide insight into the potential value
of DR for the (future) power system. The costs associated with the
implementation of DR enabling smart grid technologies are not studied.
Accordingly, the question whether the development of these technologies (e.g.
smart appliances) is a self-driven technological progress or driven by the
opportunities of DR is not investigated.

Uncertainty handling. The defined optimization problems used to assess the
potential value of DR are deterministically modeled. Hence, various types of
uncertainties are not considered in this context. Thereby, issues related to the
predictability of load, (must-run) generation, flexibility as well as the robustness
of ICT used to control DR are out of the scope of this thesis.

DR for balancing purposes. When assessing the potential value of DR for the
power system, the use of DR for the provision of ancillary services and more
specifically the reduction of imbalance is not considered. Using DR for this
purpose is expected to become increasingly interesting with the increase in
renewable generation. However, given the high level of uncertainty with respect
to the development of imbalance volumes and prices, the use of DR for balancing
purposes remains outside the thesis scope. Among others, this uncertainty is
related to the effects of the electricity generation mix, technological developments
and international (cross-border) balancing initiatives.



Chapter2
Developments in the power system

2.1 Introduction

Over the last century power systems evolved from small isolated vertically
integrated systems to large interconnected cross-border systems, in which
generation, transmission and distribution are unbundled. Traditionally, the power
system is a centralized top-down system; power is generated centrally and
subsequently transmitted and distributed to the end-users. To maintain a balance
between supply and demand, generation follows consumption in the traditional
power system. To this end, the flexibility of conventional generators is used.
Within this demand-driven system, generation and grid capacity are dimensioned
to meet the peak demands.

As a consequence of the energy transition, the traditional power system faces
several challenges. Due to the increase in renewables, generation becomes
increasingly dependent on weather conditions. As a result, the volatility of
electrical energy prices is increasing. Furthermore, due to the electrification of
residential energy demand for heating and transportation, peak loads are
expected to increase, requiring both grid and generation capacity.

These (future) challenges as well as technological progress drive the increasing
integration of ICT in the grid. As a result, the current grid is transforming into
the so-called ‘smart grid’. This smart grid offers increased possibilities for power
system control, to ensure reliable and efficient operation [12]. Instead of relying
solely on the flexibility at the supply side, flexibility at the demand side can be used
as well. Hence, this will change the way power systems are designed and operated.
This chapter describes the developments towards smart grids and elaborates on
how smart grids, or more specifically the use of flexibility at the demand side, will
effect power system operation, organization and ultimately costs.

First, Section 2.2 elaborates on the formation of today’s power system, focusing
on both the physical layer and the system organization. Consequently, Section 2.3
discusses the impact of the energy transition on the power system, addressing the

11
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changes in load and generation profiles. The developments towards the smart grid
as well as the general principles and the context of Demand Response (DR) are
described in Section 2.4. Following on this, Section 2.5 indicates the potential
impacts of DR on the power system. Section 2.6 concludes the chapter.

2.2 Traditional electrical power systems

After the invention of the light bulb, Thomas Edison introduced the first private
power plant in 1882 to lighten up a few Manhattan blocks. Not long after, the
first private power plants were put in operation in many Northwest European
countries as well. In most countries, this was the beginning of the establishment
of regional, national and eventually international power systems. This section
first describes the historical developments using the Netherlands as a reference.
In general, similar developments were made in other North American and
European countries around that time. Thereafter, the physical layer and power
system organization are discussed in more detail.

2.2.1 Historical developments of the Dutch power system

When in the beginning of the 20th century most authorities in the Netherlands
realized the essence of building up an electrical infrastructure, many
publicly-owned power plants were initiated [15]. After the emergence of regional
electricity grids, plans were made for the construction of a national grid.
Constructing a national grid would increase reliability and bring economies of
scale. First, reliability increases as reserve capacity increases once multiple power
plants are connected. Second, it brings economies of scale as the efficiency of
power plants increases with its capacity. Also, it reduces the need for generation
capacity as the total capacity needs to be aligned to the maximum aggregated
demand rather than the sum of maximum individual demands1. Additionally,
once multiple power plants are connected the use of different sources for
electricity generation can be centrally optimized.

To profit from the increase in reliability and economies of scale the national
grid was built and in the early-mid-1950s all Dutch power plants were connected.
However, it took about 25 years to actually implement centralized operation and
economic optimization within the national system [16]. The main barrier for the
introduction of centralized operation was that, around that time, generation,
transmission and distribution were autonomously managed by one single entity,
which was the regional publicly-owned utility. Initially, these utilities did not
want to gave up (part of) their autonomy to enable centralized operation [16].

The monopolistic positions of the utilities around that time also prevented
competition within the market [17]. If a single utility operates the grid and

1The maximum aggregated demand is generally smaller than the sum of maximum individual
demands, due to the stochastic nature of loads. This is explained later on in Section 2.3.1.



2.2. Traditional electrical power systems 13

generates electricity at the same time it has an incentive to obstruct competitors’
access to the grid. In addition, there is the risk that these utilities have limited
incentives to adequately invest in their assets [17]. To overcome these risks, the
process of market liberalization and the unbundling of electricity generation,
transmission and distribution took place.

The electricity market liberalization process was first initiated by the EU in
1996, and subsequently amended and repealed in 2003 [18] and 2009 [17]. The
objective of liberalization was to provide consumers a free choice for their energy
supplier and in this way increase competition between energy suppliers within the
EU, which would ultimately lead to an increase in efficiency and reduction in
costs. It also enables consumers to promote more efficient use of (renewable)
energy [17]. Furthermore, according to [17] competitive electricity markets
provide suppliers appropriate incentives to invest in new generation units,
including renewable generation. In-line with the European liberalization process
the Electricity Act was introduced in the Netherlands in 1998, and subsequently
amended in 2006 [19], that officially stated that generation, transmission and
distribution of electricity needed to be unbundled. Grid operators needed to be
independent of energy suppliers. As a result, TenneT became responsible for the
operation, maintenance and dimensioning of the national (transmission) system.
And finally, the distribution systems, which for a long time remained
publicly-owned, were privatized in 2011 [15].

Today’s liberalized and unbundled Dutch power system connects about 8
million electricity end-users [20]. The, at the time, continuing growth of
electricity consumption, which is illustrated in Fig. 2.1, eventually also led to the
establishment of cross-border interconnections. As a result, the Dutch system is
part of an synchronous grid that connects most EU countries.
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Figure 2.1. Growth of electricity consumption in the Netherlands. Data from [20].
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Transmission	system	

Distribution	system	

Interconnection

HV	(~110‐380	kV)

MV	(~10‐50	kV)

LV	(<	0.4	kV)	

Figure 2.2. Schematic overview of today’s power system.

2.2.2 The physical power system

The main functions of the power system are electricity generation, transmission,
distribution. In today’s power system most electricity is generated by large-scale
centralized (fossil fueled or nuclear) power plants, subsequently this generation is
fed into the transmission system. The transmission system is mainly used to
transport electricity over long distances and it is therefore characterized by High
Voltage (HV). Interconnections with neighboring countries are also connected to
the transmission system. In addition, the system connects some large industrial
consumers. However, the majority of electricity end-users is connected to the
distribution systems.

Distribution systems are characterized by Medium Voltage (MV) and Low
Voltage (LV) levels. Mostly, medium sized industrial and commercial consumers
are directly connected to the MV level. Furthermore, a limited number of
distributed generation units is connected to the MV level as well, e.g. CHPs
(often in combination with horticultural greenhouses) and onshore wind turbines.
Finally, by using MV/LV transformers electricity is distributed to a large number
of residential and small commercial consumers. At the LV level also a limited
amount of distributed generation is found, which is mostly installed at consumer
sites, e.g. PV panels on rooftops and in-home µCHPs.

Fig. 2.2 gives a schematic overview of today’s power system. Note that
especially regarding the typical user groups connected to the various voltage
levels there exist differences between countries. For example, in the Netherlands
the number of horticultural greenhouses is relatively high. And in Germany the
share of renewable generation (onshore wind and solar farms) connected to the
MV distribution grid is relatively high.
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Within the power system, a balance between supply and demand needs to be
maintained at all times. As it is not possible to efficiently and economically store
electrical energy in large quantities, generation matches consumption in the
traditional power system. To this end, the flexibility of the conventional
generators is used. Accordingly, generation, transmission and distribution
capacity are dimensioned based on (worst-case) peak demands. As a result,
certain parts of grid have a relatively low ratio of used capacity to available
capacity. In [21] it is shown that this also the case for large parts of the
distribution systems in the Netherlands.

2.2.3 Power system organization

This section provides a concise overview of the main Dutch power system
stakeholders, their interactions and the different markets used for the trading of
electrical energy. However, more roles and responsibilities can be distinguished
within the Dutch power system. Among others, a comprehensive overview
regarding roles, responsibilities and market principles is provided in [22], [23],
[24], and in [25], [26] for the Netherlands specifically.

Transmission and distribution system operators

The electricity grid, which consists of transmission and distribution systems, is
operated by natural monopolies. The Transmission System Operator (TSO)
operates the transmission system and the distribution systems are operated by
Distribution System Operators (DSOs). As the TSO and DSOs have natural
monopoly, they are strictly monitored and controlled by the national regulator.
In the Netherlands, there are several regional DSOs and one TSO, which is
TenneT. Next to the operation of the grids, the TSO and DSOs are responsible
for the maintenance and dimensioning of the grids [17].

The operation of the grid also concerns the delivery of ancillary services.
Ancillary services refer to all system services necessary for the operation of
transmission or distribution systems [17]. To this end, the DSO is also responsible
for reactive power management and voltage control [27]. In addition to the latter
system services, the operation of the transmission system also concerns reserve
capacity and balancing services [27]. Therefore, the TSO is also responsible for
keeping the system balance2. The system balance is indicated by the system’s
frequency (e.g. 50 Hz and 60 Hz, in Europe and North America respectively). To
keep the system balance, TenneT imposes program responsibilities to all
generators and consumers connected to the Dutch power system. According to
the Dutch Electricity Act [19] and System Code, all parties connected to the
system are required to submit their energy program (e-program) one day in
advance. This e-program specifies the scheduled generation and consumption for
the next day. However, program responsibilities can be passed on to a third

2In some countries system balancing is performed by an Independent System Operator (ISO).
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party. As a result, the program of consumers is handled by their energy supplier.
If an imbalance occurs with respect to the submitted e-program parties can either
correct their position themselves (e.g. by adjusting generation and/or load) or
TenneT provides the necessary balancing services. In case of the latter, TenneT
settles those who deviated from their e-program. To deploy balancing services
TenneT has set up a single-buyer market for ancillary services.

Energy suppliers

In general, the energy supplier3 is responsible for the supply of electricity to
consumers. Energy suppliers do not necessarily own generation capacity4, they
can buy or sell electrical energy through forward or spot markets. Hence, they
can be intermediate parties selling electricity to end-users.

Electricity consumers

The consumer is considered the end-user of electricity. Consumers can also have
their own generation, e.g. households with rooftop PV panels. The consumer
generally has a contract with an energy supplier. Since the liberalization and
unbundling processes, the consumer is free to choose its own supplier in the
Netherlands. The supplier charges the consumer based on the amount of
consumption. Generally, a fixed price per kWh is charged. Most small consumers
also pay the supplier for the use of the grid, which then passes this so-called grid
tariff on to the DSO. Large consumers generally pay their grid tariff directly to
the DSO. Subsequently, the DSO pays the TSO for the use of the transmission
system [27]. In addition to the energy and grid tariff, the energy supplier also
charges the energy taxes, which include a fixed price per kWh as well as
value-added tax.

Electricity markets

Electrical energy is traded at different moments in time. That is, as investment
planning needs to take place several years upfront. However, as time progresses
the prediction accuracy related to (renewable) generation and load forecasting
improves. Hence, generator schedules can be changed at the last moment.
Therefore, the wholesale electricity market distinguishes long-term forward and
short-term spot markets for trading of electrical energy [25].

• Forward markets
Long-term trade occurs in forward markets and can either be done using

3In literature, this entity is also referred to as energy service provider [26], balance responsible
party [22] or program responsible party (PRP) [28]. In the Netherlands, not all suppliers are
PRPs. If a supplier is not a PRP it needs to pass on its balance responsibility to a PRP [28].

4If an entity generates electricity without supplying it to end-users, it is referred to as an
energy producer [17].
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over-the-counter bilateral contracts or through futures exchanges, which trade
standardized future contracts [25]. In case of bilateral contracts two parties
can specify their own terms concerning the exchange of a certain amount of
energy, during a certain period of time and for a certain price. Usually these
long-term contracts are signed one to several years in advance. Downside
of the flexibility of bilateral contracts is the relatively high costs involved
in the negotiation phase and the involved risks of assessing the contracting
party’s credibility. Therefore, there is a tendency towards moving to more
standardized markets [24]. Also, the volumes traded on spot markets have
been increasing over the last years [25].

• Spot markets
As a result of the electricity market liberalization process [17], various
competitive spot markets were established across the EU. The Amsterdam
Power Exchange (APX)5 was the first spot market in Europe. Typically,
the spot market consists of a day-ahead and an intra-day market. In both
markets, suppliers can make bids for selling and buying energy.
Subsequently, all bids are aggregated and the market operator determines
the equilibrium market clearing price and volume.

The reasoning behind centralized dispatch of electricity generation is that it
leads to a situation in which all generator units in the system operate at the
same marginal cost6 [24]. Hence, economic theory suggests that generation
bids equal marginal costs. An example of electricity price setting in this case
is illustrated in Fig. 2.3. However, in practice market clearing prices can
deviate from marginal costs as they are subject to other factors as well, e.g.
generator constraints, related to start-up times as well as (inter-temporal)
ramping limits [29].
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Figure 2.3. Example of electricity price setting, based on the aggregated demand curve
and marginal costs generation bids.

5Over the years APX merged with various other European exchange markets. Nowadays it is
part of the APX Group, which operates the spot markets for the Netherlands, United Kingdom
and Belgium. https://www.apxgroup.com.

6This is the case for a situation in which the output is fixed and no transmission or generation
ramping constraints are considered. Among others [24] provides the derivation of this result.

https://www.apxgroup.com
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• Ancillary service markets
To keep the system balance, TenneT set-up a so-called balancing market
[25]. This is a single-buyer market for control and reserve power. Different
types of balancing services are distinguished based on activation ramp rates
and duration [30]. Within the balancing market, suppliers can make bids
day-ahead. Once these bids are placed the TSO has the right, but not the
obligation, to activate them. Depending on the demand for balancing power
and the bid price order bids are activated. If a bid is activated, the supplier
is informed by the TSO at that point in time. In addition to the use of the
balancing market, TenneT has contracts with a number of suppliers, which
have large-scale generators in their portfolio, to deliver balancing services
when required [30].

2.3 The energy transition

Due to the transition towards a more sustainable energy supply system, renewable
generation and energy efficiency are increasing [2], [3]. Regarding the increase
in renewable generation, it is mainly the installation of wind turbines and PV
panels that is rapidly increasing [1]. Although large-scale offshore wind parks are
connected to the HV level, the majority of the onshore turbines is connected to
the MV level. Furthermore, most PV panels are installed at consumer sites and
accordingly they are predominantly connected to the LV level.

To increase energy efficiency, the number of µCHPs and heat pumps that replace
gas-fired heaters is increasing in the Netherlands. For existing buildings, air-source
heat pumps and µCHPs offer a suitable solutions, while in many new buildings
ground-source heat pumps are installed [31]. Furthermore, the number of Electric
Vehicles (EVs) is rapidly increasing. This increase is stimulated by the Dutch
government, who has set the ambitious goal of having one million EVs on the road
by 2025 [8]. The load of residential consumers is expected to change due to the
increase in µCHPs, heat pumps and electric vehicles.

Fig. 2.4 shows a schematic overview of the future power system, which is
characterized by this increase in renewable generation and changing residential
load. These changes in load and generation profiles pose several challenges to the
design and operation of today’s power system.

2.3.1 Changes in load profiles

As stated before, today’s power system is a demand-driven system. Flexibility of
conventional generators is used to match generation and consumption. Accordingly,
generation, transmission and distribution capacity are dimensioned based on peak
loads. Historically, grid design is based on making various assumption to predict
the worst-case peak loadings during the lifetime of the different components. Due
to the stochastic nature of loads, the aggregated peak is generally smaller than
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Figure 2.4. Schematic overview of the future power system.

the sum of individual peaks. The ratio of these two is defined by the coincidence
factor, c:

c =
max

∑n
i=1 Pi∑n

i=1 maxPi
≤ 1 (2.1)

The value of c depends on the network level and is usually smaller at lower
levels. To predict aggregated peak loads, typically empirical methods are used
that define the relation between annual energy consumption (generally measured
by the DSOs) and the expected aggregated peak [32]. These methods are based on
the assumption that individual consumer loads are normally (Gaussian) distributed
during moments of maximum loadings.

Using the above-mentioned method, the capacity of residential distribution
grids is aligned to the maximum aggregated household peak load. Due to the
electrification of residential energy demand this peak load is expected to
substantially increase, which will have a substantial impact on the required grid
capacity. As a consequence of the increasing number of EVs and heat pumps this
peak load can more than double. Hence, if the load remains uncontrolled,
residential distribution grid capacities should be extended with the same ratio.
However, due to the increase in µCHPs and PV panels, it could also be possible
that the household peak load becomes negative instead of positive. In this case,
the LV grid and MV/LV-transformers need to be dimensioned based on the
worst-case peak delivering electricity back to the MV grid. The effects of EVs,
heat pumps, µCHPs and PV panels on the aggregated household load are
schematically illustrated in Fig. 2.5. Although the precise future penetration of
these different technologies is uncertain, most likely extensive distribution grid
expansions are required in the future to accommodate these new technologies [33].



20 2. Developments in the power system

Time [hours]
12 24

L
oa

d 
[k

W
]

0

2

Household load

Time [hours]
12 24

L
oa

d 
[k

W
]

0

2

Incl. electric vehicle

Time [hours]
12 24

L
oa

d 
[k

W
]

0

2

Incl. heat pump

Time [hours]
12 24

L
oa

d 
[k

W
]

0

2

Incl. 7CHP

Time [hours]
12 24

L
oa

d 
[k

W
]

0

2

Incl. PV panels

Figure 2.5. Schematic illustration of changes in the average household load profile due
to the introduction of EVs, heat pumps, µCHPs and PV panels.

In addition to an expected increase in grid capacity costs, the expected load
changes will influence the costs related to grid losses as well. Based on the annual
figures of one of the largest Dutch DSOs [34], the ratio between capacity
investments costs and grid losses costs is roughly 3:1 in the Netherlands. Grid
losses can be separated into so-called fixed and variable losses. The fixed losses,
also referred to as iron or core losses, are considered independent of the load. The
variable losses are those caused by the flow of the current through the different
grid components and are also referred to as load losses. The main part of the grid
losses is attributed to load losses [35]. These load losses (Plosses) vary over time
(t) as they depend on the current (I) and the component resistance (R):

Plosses(t) = I(t)2 ·R (2.2)

The resistance of grid components roughly varies inverse to the capacity [36].
Because of the quadratic relationship between load losses and current, a flat or
so-called smooth load profile will reduce losses. The increase in EVs, heat pumps,
µCHPs and PV panels will also influence the costs related to load losses, as due to
these technologies the energy demand and shape of the load profile are expected
to change (see Fig. 2.5).

2.3.2 Changes in generation profiles

Next to a potential increase in required generation capacity due to the expected
increase in peak loads, generation profiles are expected to change as well.
Nowadays, generation profiles are established based on the market principles
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described in Section 2.2. Fluctuations in generation profiles (and as a result
market price fluctuations) are to a great extent caused by demand fluctuations.
That is as currently generation bids remain relatively stable over time. Hence,
during times of high demand, prices are high as electricity is generated by
generators characterized by relatively high marginal costs (see Fig. 2.3).

In principle, renewable generators have zero or limited7 marginal costs. As a
result, moments with very low marginal generation costs will occur more frequently
due to the increase in renewables8. Instead of being demand dependent, market
price fluctuations will increasingly depend on the weather conditions that influence
the renewable generation output. Hence, market price volatility is expected to
increase in the future. An example of electricity price setting in a situation with a
high percentage of renewable generation is shown in Fig. 2.6.
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Figure 2.6. Example of future electricity price setting with a high percentage of
renewable generation, based on aggregated demand curve and marginal costs generation

bids.

Finally, due to the increase of renewable generation in the distribution grids, the
power system is increasingly exposed to bi-directional power flows. As the system
is not originally designed for these flows, local technical challenges can arise related
to voltage control, power quality and grid protection [10]. To cope with these and
the above mentioned challenges interest in smart grids and demand response is
increasing.

2.4 Smart grids and demand response

2.4.1 Smart grids

The energy transition as well as technological progress drive the increasing
integration of ICT in the grid. As a consequence, the current grid is transforming
into the so-called smart grid. According the IEA the definition is as follows [12]:

7When considering non-fuel related operational and maintenance costs.
8In [29] it is described and illustrated how, due to inter-temporal generator constraints and

other (non-)technical complexities, renewable generation can cause negative market prices.
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“A smart grid is an electricity network that uses digital and other advanced
technologies to monitor and manage the transport of electricity from all generation
sources to meet the varying electricity demands of end-users”.

Although smart grid definitions tend to differ per country and/or institution the
main concept comes down to integrating ICT in the grid, with the broad objective
to increase the efficiency and reliability of power system operation [37]. To this
end, the term smart grid covers a variety of topics, ranging from the introduction
of new technologies to the development of new products and services that utilize
these.

In today’s power system not many smart grid technologies are present on a large
scale yet [37]. However, the penetration of smart meters, transformer metering and
distribution automation systems is rapidly increasing.

Transformer measurements can be used to monitor (close to real-time) power
flows. As these measurements provide a more accurate picture of the grid state
than the historically used empirical assumptions, they can help DSOs to operate
the grids more efficiently and reliable, e.g. by changing grid topologies. The latter
can be done remotely or automated through the use of distribution automation
systems [38]. Also, distribution automation can be used to automatically restore
power delivery to as many connections, which are affected by an outage, as fast as
possible [38]. Finally, smart meters can be used to increase the efficiency of power
system operation. To this end, the roll-out of smart meters is also stimulated
by the EU, which states that by 2020 80% of all consumer shall be equipped
with a smart meter [17]. Smart meters, which measure electricity consumption
on a resolution somewhere between 5 minutes and 1 hour [37]), can increase the
efficiency of power system operation through the use of demand side management.
Demand side management refers to a series of policies and measures, which range
from long-term energy efficiency policies and incentive rates, to real-time control
of distributed energy resources [39]. Hence, demand side management covers load
conservation as well as load shifting measurements. Smart meters can be used
to increase consumer awareness, which can stimulate load conservation and hence
increase energy efficiency [17]. Furthermore, the introduction of smart meters paves
the way for the introduction of more advanced load shifting measures, also referred
to as Demand Response (DR).

2.4.2 Demand response

The concept of DR already exists for a long time. It descends from economic
theory, more specifically the theory of social welfare maximization [24]. In 1957,
Steiner described the concept as follows [40]: “A series of shifts in short-term
demand curves in response to a change in prices”. In this context, DR is
expressed as the price elasticity of electricity demand [24]. Based on this
reasoning Steiner introduced the concept of peak-load pricing, with which
expansions in generation capacity could be avoided due to a reduction in peak
demand. In line with this notion, various measures have been devised to stimulate
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electricity use at off-peak peaks. An example is the introduction of a reduced
tariff for electricity use during the night. In the Netherlands a day/night-tariff
structure was introduced in the 1960s with the objective to reduce peak loads and
increase the base load for coal fired power plants during the night [41]. However,
due to (future) changes in the power system these simple tariff schemes are no
longer considered optimal. For example, changes in generation mix dictate
different moments for desired load increase or decrease. With the increase in
renewable generation these moments become increasingly dependent on weather
conditions, and hence become less dependent on day/night rhythms.

Due to the technological limitations of the current metering infrastructure it
has not been possible to expose residential end-users to more sophisticated tariff
schemes. However, this technological barrier will be removed with the large-scale
introduction of smart meters [17]. By exposing the end-user to market price
fluctuations, DR can be more efficiently integrated in electricity market operation
[24]. However, the costs of grid usage are currently not reflected by the electricity
market prices. Therefore, the DR definition introduced by the US Department of
Energy considers electricity market prices as well as physical power system
constraints: “Changes in electric usage by end-use customers from their normal
consumption patterns in response to changes in the price of electricity over time,
or to incentive payments designed to induce lower electricity use at times of high
wholesale market prices or when system reliability is jeopardized” [11]. In short
the following definition is used in this thesis: “in case of DR end-users adjust
their consumption patterns in response to certain incentives”. These incentives do
not necessarily represent a monetary value and can take different forms, e.g. a
dynamic tariff or fixed payment, and can relate to the costs associated with
electricity generation, transmission and/or distribution.

2.5 Demand response from a power system perspective

In addition to posing challenges, the electrification of residential energy demand
also brings about opportunities, as flexibility at the demand side is expected to
increase. Flexibility is defined as the capacity to increase or decrease the load
during a certain time frame. For example, EVs stand idle for most of the time and
hence charging these vehicles could easily be spread over time (provided that they
are connected to the grid). Also, the thermal capacity of houses could be used to
manage the heating processes of heat pumps over time. The flexibility of these
new energy efficient technologies can be added to the potential flexibility available
in today’s residential electricity demand. By applying DR this flexibility can be
used to shift load in time and mitigate the consequences of the changes in load
and generation profiles due to the energy transition. Firstly, DR could be used
to reduce peak loads, mitigating the need for costly grid expansions. Secondly,
DR could be used to match flexible demand with (renewable) generation, which
essentially reduces price volatility and generator costs. These two potential benefit
categories of DR are referred to as the grid value and energy market value.



24 2. Developments in the power system

2.5.1 Grid value

The grid value is considered of interest to the grid operators (TSO and DSOs). By
using DR to reduce peak loads, expected grid expansions due to the electrification
of residential energy demand can be delayed or even avoided. Furthermore, DR
has the potential to reduce costs related to load losses as well. The grid value of
DR is generally assessed by analyzing the grid effects of using flexibility to flatten
the load, as is e.g. done in [42, 43, 44, 45].

2.5.2 Energy market value

The energy market value is considered of interest to the energy suppliers. When
flexibility is used to let demand follow supply, generation costs and generator
capacity can be reduced. The energy market value is generally assessed by
analyzing the effects of using the flexibility to minimize generation costs. To this
end, the (future) generator portfolio is used in [46, 47, 48, 49].

2.5.3 Power system perspective

According to individual studies DR can create significant value for both the grid [42,
43, 44, 45] and the energy market [46, 47, 48, 49]. However, it can be expected that
the different DR strategies applied in these studies can sometimes be in conflict.
For example, using flexibility in residential areas to profit from low generation
costs can lead to higher peaks in the local distribution grid. As addressed in [50],
this misalignment is expected to further increase with the increase in renewable
generation. Hence, when consulting the literature it is hard to get a grip on what
could be the potential DR benefits from a system perspective. Therefore, in this
thesis an integrated system approach is used to assess the potential long-term DR
benefits.

Evidently, the benefits of DR strongly depend on the flexibility available and
hence on the successful implementation of DR programs. Therefore, in this thesis
the flexibility available is analyzed based on the results of two Dutch field test in
which DR is applied.

To conclude, Fig. 2.7 shows the link between DR, flexibility and the grid and
energy market value. Flexibility is analyzed based on the effect of DR incentives. To
this end, the results of the field tests are used in the second part of this thesis. Based
on the measured flexibility, the third part of this thesis assesses the potential long-
term DR benefits. This is done by analyzing the effects of different DR strategies
for the grid and energy market. Eventually, (part of) the benefits related to the grid
and energy market value are expected to flow back to the end-user, either directly
through financial incentives that stimulate DR or indirectly through a decrease in
energy and/or grid tariffs. However, this link between system benefits and DR
incentives, which is illustrated in Fig. 2.7, remains outside the scope of this thesis.
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Figure 2.7. Schematic overview of the link between demand response, flexibility and the
grid and energy market value. The link between the grid and energy market value, and

demand response incentives is not studied in this thesis.

2.6 Conclusions

To understand the design and operation of the power system, this chapter first
elaborated on the development of this system. Today’s power system is a
centralized top-down system, which is traditionally designed to ensure reliability
and cost effectiveness (by applying economies of scale). With limited
opportunities to control demand, this system solely relies on flexibility at the
supply side for maintaining the power balance. Hence, generation follows
demand, and generation and grid capacity are traditionally dimensioned to meet
peak demands.

As a consequence of the electricity market liberalization and unbundling
process, electricity generation, transmission and distribution are the
responsibilities of different stakeholders within the power system. It was
explained how this process led to the establishment of various competitive spot
markets. Based on economic theory, the link between generator marginal costs
and market electricity price setting was discussed and illustrated.

As a consequence of the energy transition today’s power system faces several
challenges as well as opportunities. The expected changes in load and generation
profiles were explained and the consequences addressed. The main challenges
identified were first the increase in required grid and generation capacity due to
the expected increase in peak loads, as a consequence of the electrification of
residential energy demand. Second, the increasing dependency of generation
output on weather conditions, due to the increase in renewables, which results in
an increase in volatility of generation costs.

Next to these challenges, this chapter described the opportunities that arise as
a consequence of the energy transition and the introduction of smart grids. Due to
the electrification of residential energy demand, flexibility is expected to increase.
Consequently, the smart grid offers increased opportunities to utilize this flexibility
by applying DR. Using the opportunities of DR changes the way power systems
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are designed and operated. Instead of relying solely on the flexibility at the supply
side, flexibility at the demand side is used as well.

Finally, the potential impacts of DR on the power system were addressed. The
potential benefits of DR were divided into the grid and energy market value. On
the one hand, the grid value relates to the potential of DR to reduce peak loads
and thus grid costs. Hence, the grid value is of interest to the grid operators. On
the other hand, the energy market value relates to the potential of DR to match
flexible load to generation, to reduce generation costs. Hence, the energy market
value is of interest to the energy suppliers. It was explained that the objective of
the grid operators and energy suppliers are not necessarily aligned. This results
in the need to use a system perspective, which considers both the grid and energy
market value, to assess the potential long-term benefits of DR.

As long-term benefits of DR depend on the available flexibility within the
(future) power system, first the available flexibility is analyzed in this thesis
based on the results of two Dutch smart grid pilots. Accordingly, this flexibility is
used to assess the long-term benefits of DR for both the grid and energy market.
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Chapter3
Evaluation of smart grid pilots

3.1 Introduction

As a consequence of the energy transition, flexibility in residential electricity
demand is expected to increase. By applying Demand Response (DR) this
flexibility can be used to shift load in time. As discussed in Chapter 2, DR could
be used to reduce power system costs. These potential DR benefits strongly
depend on the flexibility available and hence on the successful implementation of
DR programs. Therefore, various smart grid pilots have been initiated to study
the practical effects of DR. Evaluation of the results of these pilots is considered
essential for identifying the flexibility available and understanding which design
features can best be used to unlock this flexibility.

In this thesis the flexibility in residential electricity demand is analyzed based
on the results of two Dutch field tests. Accordingly, this flexibility is used to assess
the long-term benefits of DR both for the grid and energy market. To put the
evaluation and the results of the considered field tests in perspective to the current
scientific literature, this chapter provides an overview of the literature available
regarding the evaluation of DR field tests.

First, this chapter elaborates on differences in pilot set-ups (Section 3.2). Then,
Section 3.3 provides an overview of the results of different pilots, which are related
to the context of this thesis. Next, Section 3.4 elaborates on the main methods
used in the literature to quantify flexibility based on pilot results. Finally, Section
3.5 summarizes the chapter and identifies the knowledge gaps that this thesis aims
to fill, by positioning this thesis to the available literature.

3.2 Pilot set-ups

From 2002 till 2014, over 450 smart grid pilots were launched across the EU [51].
These pilots differ with respect to the applications that are being researched or
tested. The list of pilots includes projects that solely focus on the application of
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Figure 3.1. Number of smart grid pilots across the EU, based on data from [51].

certain technologies, e.g. automated switching devices or metering systems, as well
as projects that solely focus on ICT architectures for the coordination of distributed
energy resources. The different pilots can be subdivided in R&D and demo- and
deployment projects. This distinction is made in Fig 3.1, in which the number of
smart grid projects across the EU is shown over time.

To test DR in a real-life environment generally requires integrated solutions,
in which enabling technologies are embedded in a (distributed) ICT architecture.
Furthermore, and most importantly, it includes participation of end-users. The
pilots that use these integrated solutions to study the potential of DR in a
real-life environment are still relatively limited. According to [51], 50 projects
specifically focus on DR1. These pilots generally differ with respect to involved
stakeholders, DR objectives and pilot set-ups. Depending on the involved
stakeholders, the objective could e.g. be grid- or energy market based.
Furthermore, different pilot set-ups can be used to stimulate and/or incentivize
DR. As a consequence of different pilot set-ups, the methods used to quantify
flexibility and the results itself vary in the literature. Therefore, the general
differences in pilot set-ups with respect to the technologies used and control
strategy applied are briefly discussed.

3.2.1 Demand response categorization based on technologies

Regarding the differences in technologies applied, the distinction between manual,
semi-automated and automated DR is often made [52].

1Referred to as ‘smart consumer projects’ [51].
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Manual demand response

In case of manual DR consumers manually shift the operation of their appliances
in time, based on certain input. For example, a dynamic tariff could stimulate the
end-user to bring forward or postpone the use of certain appliances in time.

Semi-automated demand response

In between manual and automated DR, semi-automated DR is considered. In this
case user interaction is required to optimize each appliance’s cycle, e.g. by providing
an ultimate end time. Consequently, the so-called ‘smart’ appliance automatically
optimizes its operation time based on the user input and a DR control signal. A
smart appliance could e.g. optimize its operation with the objective to minimize
energy costs, using a dynamic tariff and an ultimate end time as input. Once the
appliance is scheduled in time it will turn on autonomously.

Automated demand response

With automated DR, smart appliances automatically respond to certain input,
e.g. a dynamic tariff. Other than initial approval, automated DR generally does
not require additional user interference. Therefore, automated DR is often
considered a promising strategy, e.g. for the control of thermal appliances (i.e.
cooling and heating) [52]. In this case, the smart appliance automatically
optimizes its operation time within the temperature boundaries set by the user.

3.2.2 Demand response categorization based on control
strategies

Next to the categorization based on the applied technologies (manual,
semi-automated or automated), DR can also be categorized based on the control
signals and conditions used for DR. In [53] the distinction between incentive and
price based DR is made. Among others, the (dis)advantages of each of these
different approaches are addressed in [14] and [54]. The categorization is
illustrated in Table 3.1 and explained below.

Table 3.1. Categorization of DR (based on [53]).

Incentive based

Direct control
Interruptible programs
Market based

Price based

Time of Use (ToU)
Critical Peak Pricing (CPP)
Real Time Pricing (RTP)
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Incentive based versus price based

The distinction between incentive and price based is based on the control strategy
used for DR [53]. In case of incentive based DR the signals and conditions for
load shifting (typically load reduction) are agreed upon beforehand, while in case
of price based DR the consumers are free to respond in their own chosen way. In
this manner the response of incentive based DR could be considered deterministic
and the response of price based DR stochastic.

Typically, incentive based DR includes direct, interruptible and market based
control. Firstly, in case of direct control a utility (energy supplier or grid operator)
can directly switch on and/or off loads. Hence, direct control requires automated
DR. Direct control already exists since the 1950s2, and e.g. has been used in
England, France and Switzerland to remotely control electric water boilers [55].
Secondly, with interruptible control, consumers are asked to (typically manually)
adjust their loads to a predefined value. In general, interruptible control is used
to reduce loads. Consumers who do not respond accordingly can face penalties,
depending on the program terms and conditions. Thirdly, in case of market based
control, consumers (manually or (semi-)automated) bid flexibility into a (local)
market. The working principle of this control strategy is comparable to the market
mechanisms explained in Chapter 2. If a bid is accepted, the consumer is expected
to deliver the specified load. Or, in case it concerns a bid in the balancing market,
the consumer is expected to deliver the bid when it is called upon by the TSO.
Again, depending on the terms and conditions agreed upon, consumers can face
penalties if they do not respond accordingly. Due its advantages with respect to
predictability, scalability and privacy, (local) market based control, also referred
to as ‘transactive energy’ [54], is considered a promising mechanism for automated
DR.

Price based DR refers to the use of dynamic tariffs to stimulate (manual or
(semi-)automated) DR. The general objective is to stimulate load decrease during
high-priced periods, by shifting the load to low-priced periods. Different tariff
schemes can be distinguished, which can relate to the energy and/or grid tariff. The
simplest form of a dynamic tariff is a Time-of-Use (ToU) tariff, which is a relative
static tariff with more than one price level, e.g. a day/night-tariff. Consumers
could also be charged based on hourly-, 15-minute- or even faster fluctuating prices,
which reflect the costs of electricity in the wholesale market or the current power
system state. Such a tariff scheme is referred to as Real Time Pricing (RTP). Next
to ToU and RTP, Critical Peak Pricing (CPP) can be applied. CPP is only used
during a limited number of days or hours per year, in case of extremely high market
prices or during contingencies. As RTP and CPP requires electricity consumption
measurements on an adequate resolution, it is generally required to have a smart
meter at the consumer site.

2In the 1950s the ripple control technology was developed. Since then the technology has been
used by utilities to switch on and/or off loads (e.g. electric water boilers), in particular to shave
peak loads.
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3.3 Meta-analysis of pilot results

Due to differences in pilot set-ups (in terms of technologies used and control
strategies applied) the methods used to quantify flexibility and the results itself
may vary in the literature. This will be illustrated based on a meta-analysis of
the results of different pilots, which are related to the context of this thesis.
Thereafter, the different methods used to quantify these results are studied in
more detail. Consequently, the knowledge gaps that this thesis aims to fill are put
in perspective to the scientific literature currently available. Before analyzing the
results of the different pilots, the distinction between flexibility and load shift is
explained. This is done as some results show flexibility estimates, while others
demonstrate measured load shift.

3.3.1 Flexibility versus load shift

Flexibility refers to the capacity to increase or decrease the load at a certain point
in time. The use of this flexibility results in load shift. Once flexibility is used
to shift load, this will have an impact on the available flexibility later on, due to
the occurrence of the so-called energy payback effect. As residential DR typically is
used to shift load within a time-frame of one day (24 hours) or less, ultimately load
increase will be followed by the same amount of load decrease, and vice versa3.

Generally, flexibility is expressed as the potential to increase or decrease the
load, which is unaffected by previous load shift(s). Once load is shifted in time the
remaining potential is automatically limited and bounded by the payback effect.
Based on this definition, a measured load shift automatically indicates that this part
of the load is flexible, whereas the flexibility potential cannot necessarily always be
used for load shift. The difference between flexibility and load shift is schematically
illustrated in Fig 3.2. In addition, the difference between flexible load (Pflex) and
load shift (Pshift) is mathematically described in eq. (3.1) to (3.3), where T defines
the considered time-frame, as stated before this is typically 24 hours or less in case
of residential DR.

Lo
ad

Lo
ad

Figure 3.2. Schematic illustration of the difference between flexibility and load shift.

3Assuming no efficiency losses while maintaining comfort levels (which e.g. can be done by
complying to temperature boundaries).
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Pshift,t ∈ Pflex,t ∀t (3.1)

Pflex,t ≡ {Pminflex,t, ..., P
max
flex,t} ∀t (3.2)

T∑
t=1

Pshift,t = 0 (3.3)

3.3.2 Pilot results

To gain insight into the flexibility of residential consumers, first an overview is
provided of the results of the pilots that studied the (mainly manual) change in
load in response to dynamic tariffs, referred to as price responsiveness. Based on
the results of different pilots, the variables that are expected to influence price
responsiveness are identified. Thereafter, the results of the pilots that studied the
effects of semi-automated and automated smart appliances are briefly described.
Consequently, some overall conclusions are drawn based on a comparison of the
individual pilots’ results.

Price responsiveness

To study the effects of price based residential DR, the results of the E-DeMa4 pilot,
conducted in Germany, and the Low Carbon London5 (LCL) pilot, conducted in
England, are compared. Both these pilots are selected as the climate in both
England and Germany is quite similar to that in the Netherlands. Also, the way
the results are analyzed and presented enables a mutual comparison. In Fig. 3.3,
the average measured load shift is shown for both pilots. The E-DeMa results
indicate the effect of the two-level tariff on Saturdays in September [56]. The
LCL results indicate the effect of the three-level tariff for the 50% most engaged
consumers during the autumn [57]. Although the results differ with respect to the
average measured load shift per time step (especially during the night), in general
both the E-DeMa and LCL results show the same trend, that is increasing load
during low prices and decreasing load during high prices. Hence, in both [56] and
[57] the conclusion is drawn that dynamic tariffs effectively stimulated residential
consumers to shift their load in time. Roughly, the results are in the same order
of magnitude. Depending on the hour of the day, the average flexible load is

4Involving about 700 households, of which the majority received a two- or five-level tariff. The
two-level tariff consisted of three time frames, which changed every months. The reference profile
was based on the standard household load profile used by the DSO in the Rhine-Ruhr-area [56].

5Involving about 1,000 households, which received a three-level tariff. Days with a fluctuating
tariff were randomly spread over time. The reference profile was defined based on a reference
group of about 3,500 households [57].
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Figure 3.3. Measured load shift in the E-DeMa [56] and LCL [57] pilot. The gray bars
indicate the effect of the E-DeMa two-level tariff on the load, the tariff was low during
the night (00:00-07:00) and late evening (21:00-00:00). Note that between 07:00-10:00 a
load increase was measured during the high-priced period. The LCL results indicate the

measured load increase and decrease as a result of low- and high tariffs, respectively.

estimated to fluctuate between 0% to 10% of the residential electricity demand at
that moment in time.

To discover what influences the (differences in) the magnitude of the response,
the results of a study conducted by the UK Department of Energy and Climate
Change are used [58]. In this study, the outcomes of 30 different field tests were
analyzed. The results concerning the ToU pilots are listed in Appendix A (Table
A.1). Again, the main conclusion drawn is that dynamic tariffs stimulate consumers
to shift their load in time. The results however differ per pilot: the measured peak
reduction varies between 0% to 12%, which is in-line with the earlier mentioned
results of the E-DeMa and LCL pilot.

The results of the different pilots in [58], suggest that the variations in
response are not explained by the differences in the applied ToU-price-ratio. This
is illustrated in Appendix A, where Fig. A.1 shows the price ratio versus the
magnitude of the response of the different ToU pilots.

Although the ToU-price-ratio has limited effect, it is expected that the tariff
scheme does. Relative to the effect of ToU-tariffs the average measured load
reduction in case of CPP is much higher [58]. Next to CPP, load reduction can
substantially increase if direct control is applied. The latter particularly holds for
cold and hot climates, as in this case direct control can be applied to electric
heating and cooling loads. These conclusions are also stressed by the analysis
conducted in [59], based on the outcomes of different North American field tests.

Based on the different pilot descriptions in [56], [57], [60] and [61] (in which
long term price responsiveness in respectively Germany, England, Sweden and
Italy is studied), it is expected that next to the tariff scheme, results are also
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influenced by how the tariff is communicated. For example, price schedules can
be communicated far ahead in time ([60] and [61]) to a month- or day-ahead ([56]
and [57]). Furthermore, the way the tariff is communicated can differ, e.g. in [61]
the previous paper bill was used, while in [57] the consumers were informed via
Short Message Service (SMS) and the in-home smart meter display.

Finally, field test results are expected to be influenced by other variables as
well. In [60] and [62], the effects of type of house, active occupancy and weather
circumstances are extensively studied. Weather dependency can also explain
differences between countries. As stated before, flexibility is expected to be higher
in case of cold and hot climates.

The effects of these different variables can (partly) be isolated by breaking down
the flexibility to the appliance level. In this case (differences in) flexibility can be
estimated based on which appliances were used to shift load. To study which
appliances were used to shift load in time, surveys were conducted in conjunction
with the LCL pilot. The use of white goods was ranked top three: (i) washing
machine, (ii) tumble dryer, and (iii) dishwasher [63]. However, as is more often the
case, the load shift of these individual appliances remained unquantified due to a
lack of adequate measurements.

Additionally, the flexibility of white goods is expected to increase if they are
semi-automated [52]. The attitude of consumers towards introducing smart
appliances is often studied using consumer surveys, e.g. in [64], [65], and [66].
However, due to the attitude-behavior gap [67], these surveys only provide limited
insight into the flexibility in real-life. Considering the large-scale and long-term
application of smart white goods in a real-life setting, the results of Linear, Moma
and E-DeMa seem to be exceptional. These pilots as well as their results are
briefly described.

Effect of smart appliances

• Linear
In Linear, a smart grid pilot conducted in Belgium, the effect of
(semi-)automated DR was studied, using smart white goods and a limited
number of smart electric water boilers and electric vehicles [68], [69]. The
flexibility of white goods was incentivized by rewarding the flexible hours
provided for the schedule horizon6. In total 29%, 31% and 56% of the wash,
dry and dishwasher cycles were programmed, with an average schedule
horizon of 7.3, 8.1 and 8.5 hours, respectively [69]. The flexibility of these
white goods was quantified in [69], Fig. 3.4 shows the way this flexibility
was visualized. Considering these results, two things should be noted.
Firstly, the asymmetry in the measured flexibility is a result of the
relatively large schedule horizon of the appliances with respect to their cycle

6The schedule horizon refers to the time period in between the moment of programming and
the ultimate end time. In the Linear pilot each flexible hour provided for the schedule horizon
was rewarded with 0.025e, with a maximum of 24 hours.
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Figure 3.4. Illustration of the method used to visualize flexibility in the Linear pilot.
Based on [69].

duration. However, in the end, load increase still needs to match load
decrease, as indicated by eq. (3.3). Secondly, the Linear results differ from
the above mentioned field tests as manual DR was not stimulated (a
dynamic tariff was not applied in this specific pilot set-up).

• Moma
In Moma, a German Pilot, a dynamic tariff was used to stimulate load
shifting [70]. An average load reduction of 7% was measured during high
tariffs (generally during the evening). Only a small share of the
participating households was equipped with semi-automated control for
white goods. Conventional white goods were coupled to a Home Energy
Management System (HEMS), which was able to remote control these
appliances. The specific contribution of the semi-automated white goods to
the measured load shift was not studied in detail. However, qualitative
results indicate that the participants perceived the automated control as too
complex and preferred to have the control function integrated into the
appliances itself [70].

• E-DeMa
In the E-DeMa pilot a limited number of consumers7 were offered a HEMS
that enabled semi-automated control of white goods. Different forms of
control were tested, one in which consumers could automatically schedule
their smart white goods based on a dynamic tariff and one in which the
consumers offered their flexibility to the market to receive a remuneration of
0.35e per programmed cycle8. The effect and use of the smart function
were not measured separately. However, based on interviews it was

7These consumers were not part of the two-level tariff group of which the results are shown in
Fig. 3.3.

8An additional 20e was offered if 40 or more cycles were programmed [71].
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concluded that 65% of the households used the smart function of the
washing machine and dishwasher “always” to “very often”. For the tumble
dryer this was only the case for 41% of the households. Due the lack of
adequate measurements, it is unknown to what extent the smart appliances
contributed to the average measured load shift of 3.5% in the pilot.
However, the results indicate that the participant group with smart
appliances shifted relatively more load to night [72]. Interesting to note, the
E-DeMa results show that over time consumers did not respond to a change
in tariff structure. According to [56], they did not deviate from their new
formed routines developed during the first months of the pilot.

With the expected increase in energy efficient technologies, such as electric
vehicles, µCHPs and heat pumps [3], flexibility is expected to increase. Next
to the white goods, these appliances are assumed to be non-time-critical as well.
Although the number of electric vehicles [8] and heat pumps [9] has been increasing
over the recent years, the flexibility of these appliances has been limitedly studied
in real-life settings. Notable exception in case of electric vehicles is the Linear
pilot, in which the flexibility of a limited number of (seven) electric vehicles was
studied [69], using the same approach as in case of the white goods (Fig. 3.4).
As a consequence of the increasing number of heat pumps (which typically replace
gas-fired heaters) in the Netherlands [9] and Europe in general [73], a couple of
smart grid pilots studied the flexibility of heat pumps specifically. Two projects of
interest recently published their results, namely Couperus (2015, [74]) and EcoGrid
(2016, [75]).

• Couperus
Within the Couperus pilot, conducted in the Netherlands, the flexibility of
heat pumps was studied [74]. Automated DR was applied using multi-agent
market based control (the PowerMatcher [14]). Flexibility was defined based
on the average number of heat pumps that could be switched on or off during
a certain moment in time (while ensuring the consumers’ thermal comfort).
In [74] the average flexible power per month is indicated. During the winter
period (September until March), the average flexibility was found to be 160W
per heat pump (with a capacity of 1 kWe). On average the same amount of
upward and downward flexibility was observed.

• EcoGrid
The EcoGrid pilot, conducted in Bornholm (a Danish Island), involved
about 2,000 connections (residential and industrial) [75]. In some of the
participating households automated heat pump control was applied, also
based on market based control (the PowerMatcher [14]). As a consequence
of (non-)technical9 issues the heat pumps studied in [75] are limited to 25.
Furthermore, automated control was restricted to load decrease, load
increase could not be realized as heat pumps could not be turned on

9According to [75] some issues were technical while others were caused by the participant.
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remotely. Among others, an extensive overview of the (non-)technical
lessons learned is provided in [75]. The question how to quantify the actual
DR potential of the heat pumps was not fully answered in the project.
However, an estimate of the flexibility of households with automated control
(heat pumps and/or electric heating) is provided in [75], based on the
households’ smart meter data10 and a model based reference. The results
indicate that the use of heat pumps is flexible [75].

Comparison of results

Based on the overview of the results of different field tests, a couple of conclusions
can be drawn. First, residential consumers shift their load in time in response to
dynamic tariffs. However, the magnitude of the measured response varies amongst
the different pilots. This is assumed to be a consequence of the effect of different
variables. Such as, type of house, occupancy rate and weather/climate conditions,
which results in differences in appliances penetration and use. Additionally, tariff
design and communication are expected to also influence flexibility. Based on the
results of the different pilots, the average response is estimated to fluctuate between
0% to 10% of the residential electricity demand, depending on the hour of the day.

Considering the electricity demand nowadays, it is mainly the flexibility of
white goods that is indicated to be shifted in time in response to dynamic
tariffs11. To what extent the use of white goods contributes to the total flexibility
potential and to what extent their flexibility can be increased by introducing
smart appliances is studied in a limited number of pilots. In the Linear, Moma
and E-DeMa pilot smart white goods were applied. In Linear an average use of
the semi-automated function of 29%, 31% and 56% was measured for the washing
machine, tumble dryer and dishwasher, respectively. Due to a lack of
measurements, the average use of the smart function in the E-DeMa pilot was
based on interview results. Here 65% of consumers indicated to “always” to “very
often” use the smart function of the washing machine and dishwasher, while this
was only 41% in case of the tumble dryer. Also in the Moma pilot the use of the
smart function was not separately measured. However, the results indicate that
the semi-automated control was perceived as too complex. Hence, it is concluded
that also in case of the use and effect of smart appliances field tests results differ
significantly. Only in case of the Linear pilot the flexibility of the smart
appliances is quantified based on appliance measurements. However, in this case
solely the use of semi-automated DR was stimulated. In the absence of a dynamic
tariff, manual DR was not incentivized.

In the future, residential flexibility is expected to increase, as next to the

10The on/off status and individual load of the heat pumps was not measured.
11In hot and cold climates the flexibility of electric heating and cooling systems is also indicated

to be used in some cases, which results in higher flexibility estimates. In the Netherlands electric
heating and cooling is nowadays limitedly applied. Furthermore, the flexibility of heat pumps is
separately studied.



40 3. Evaluation of smart grid pilots

flexibility of the white goods, the potentially available flexibility of relatively new
energy efficient technologies, such as electric vehicles, µCHPs and heat pumps,
could be used as well. Based on a limited sample size, the results of the Linear
pilot indicate that the load of electric vehicles can be shifted in time.
Additionally, based on the results of the Couperus and EcoGrid pilot, it can be
concluded that the flexibility of heat pumps can be unlocked using automated
heat pump control. Evidently, the flexibility of these devices is subject to their
installation set-up (e.g. the heat pump heat capacity as well as the household
heat demand). The Couperus results provide a general insight into the order of
magnitude of this flexibility (an average of 160 W for 1 kWe heat pumps, during
the winter period). And, the results of the EcoGrid comprise valuable
(non-)technical lessons learned with respect to implementing automated heat
pump control. What is stressed by EcoGrid results is the difficulty of quantifying
the effects of DR with a limited amount of (reference) data.

Not only do the results of the various pilots differ, the methods used to quantify
these vary as well. Hence, it is questionable to what extent the methods used to
quantify the effect of DR influence the results. To this end, the different methods
used are discussed in more detail in the next section.

3.4 Methods used to quantify flexibility

In case of DR, flexibility in electricity demand is used to adjust the load in response
to certain incentives. Hence, to quantify the effects of DR it should become clear
to what extent the actual load -which can be measured- deviates from what would
have been the normal load pattern. The latter is based on an estimation as it
cannot be measured. This estimation is often referred to as the baseline demand
and various approaches can be used to estimate this.

Reference or historic data

Different so-called baseline methodologies exist, in which a reference profile is
created based on a statistical analysis of a reference group or historic data
(unaffected by DR) [76]. In both cases, multiple regression is often applied. For
example, in case of historic data, multiple regression is used to consider the effect
of other variables (such as time and weather) in the model, to more accurately
identify what portion of the load change is due to DR, rather than other
unrelated factors. In [60] historic data was used to assess price responsiveness,
while in [56] and [57] a reference group was used. In case of [57] (LCL pilot),
multiple regression was used to compensate for non-DR-differences between the
participant and reference group12.

12Using the load of the reference group as an input to predict non-DR-event load of the
participant group.
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Device or building specific characteristics

The above mentioned methods require large amount of reference or historic data,
unaffected by DR. This data is not always available, especially not once DR is
implemented on a large-scale. Furthermore, in some cases the reference data can
turn out to be unsuitable to use as a representative reference, as was the case in
the EcoGrid pilot [75].

To overcome this, in [69] and [77] a baseline methodology is proposed to quantify
the flexibility based on the provided delay times of postponable smart appliances or
heat dynamics of thermal devices. Hence, this approach requires appliance and/or
building specific characteristics (e.g. thermal capacities). The Linear results are
based on this approach; white good flexibility was expressed based on the provided
schedule horizon for each programmed cycle and the cycle’s load profile (Fig. 3.4).
Note that the flexibility estimates in this case are not based on measured load shifts.
As a consequence, the energy payback effect is not considered in this approach. This
means that the estimated flexibility is based on the theoretical upper boundary,
and hence cannot necessarily always be used for load shift (as illustrated by the
example shown in Fig. 3.2).

Model based reference using DR-event data

To overcome the need for both reference or historic data and appliance and/or
building characteristics (which are generally not accessible), other data-driven
approaches could be used, which solely require DR-event data. A method often
used for the quantification of flexibility is based on defining a model that
describes the relation between load and prices. This modeling approach finds its
origin in the established economical approaches to estimate price elasticity:

e =
dP/P

dλ/λ
(3.4)

where the elasticity, e, indicates the change in demand of a good, P (e.g.
electrical energy consumption), due to a change in price, λ (e.g. e/kWh).
However, when it comes to the flexibility of residential consumers, it is not as
straightforward as price elasticity would suggest. This is also stressed in [78] and
[79], based on an extensive literature review of reported price elasticities in
various different settings. Next to the effect of price, load depends on other
variables as well. In the EcoGrid project [75] eventually an attempt was made to
built a model based reference as well, this model described the relation between
the load, temperature and the dynamic tariff.

The results of a model based reference are subject to which variables are
included in the model, the assumed relations between the load and these
variables, e.g. linear or logarithmic, and their interaction effects. Therefore, it is
important to understand the incentives used to stimulate DR when evaluating the
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effects of DR. Furthermore, the variables and modeling approach should be
carefully considered. As shown in [80] the use of different methods13 to analyze
the effects of DR yields different flexibility estimates. In general, outcome
accuracy improves if the problem is isolated as much as possible, by excluding the
effects of external variables.

3.5 Conclusions

This chapter first elaborated on the differences in smart grid pilot set-ups. The
distinction between manual, semi-automated and automated DR was made.
Automated DR can be used by utilities to apply direct load control. Instead of
using direct control, interruptible or market based control could be used as well.
Furthermore, an approach often applied is price based DR, in which dynamic
tariffs are used to stimulate manual, semi-automated and automated DR.

The distinction between flexibility and load shift was made. Flexibility is
expressed as the potential to increase or decrease the load, which is unaffected by
previous load shift(s). Once load is shifted in time, the remaining potential is
automatically limited and bounded by the energy payback effect. Hence, a
measured load shift indicates that this part the load is flexible, whereas the
flexibility potential cannot always be used for load shift (due to the energy
payback effect).

Consequently, an overview of the results of different pilots (related to the
context of this thesis) was provided. In many field tests the effect of a dynamic
tariff on load changes was studied, referred to as price responsiveness. The results
indicate that residential consumers shift their load in time in response to dynamic
tariffs. However, the magnitude of the response varies amongst the different
pilots. This is assumed to be an effect of different variables. Such as, type of
house, occupancy rate and weather/climate conditions, which results in
differences in appliances penetration and use.

From the analysis of the different methods used to quantify flexibility, it becomes
clear that the methods used are often dependent on pilot set-up and available
(reference) data. What is stressed by the results of different studies is the method
itself and the variables considered should be carefully chosen. To exclude the effect
of external variables it is important to isolate the problem as much as possible.
For example, by breaking down the analysis to the appliance level. Also, statistical
analyses should be used to account for the uncertainties.

Positioning of this thesis relative to the current literature

The outcomes of the different studies stress that nowadays it are mainly white goods
which are used for load shifting. A limited number of field tests investigated the

13Methods used were: a reference based on a control group, historical (non-event) data, multiple
and time-series regression using event data [80].
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flexibility of these appliances specifically and implemented semi-automated control
to study to what extent a ‘smart’ function increases this flexibility. However,
quantitative results regarding the long-term use of smart white goods are still
limited. Only in case of the Linear pilot the use of the semi-automated function
was measured. But in this specific pilot set-up manual DR was not incentivized.
Chapter 4 of this thesis adds to the literature by analyzing the effects of both
manual and semi-automated DR over a long period of time, using the results of the
Dutch large-scale smart grid pilot Your Energy Moment. In this pilot, a dynamic
tariff as well as smart appliances were used to stimulate DR. Furthermore, to assess
price responsiveness, the participating households were split up in two groups which
were subjected to a distinct tariff, which sometimes differed in the moment of
evening peak-pricing. Hence, the pilot results enable a mutual comparison of the
effect of both manual and semi-automated DR, and provide insight into the effect
of variable peak-pricing on load shift.

Relative to the residential load, the flexibility potential of white goods is
limited. With the increasing penetration of energy efficient technologies, such as
heat pumps and CHPs, this flexibility potential is expected to increase. As a
result, (semi-)automated DR (with limited consumer interaction) is considered
more promising than manual DR. The effects of automated heat pump control
were recently studied in the Couperus and EcoGrid pilots. These studies indicate
that heat pumps are flexible. However, the quantitative results provided are
relatively limited. Furthermore, they are expected to be influenced by installation
set-ups as well (e.g. the heat capacity and household heat demand). Using the
pilot results of PowerMatching City, the flexibility of heat pumps as well as
µCHPs is studied in Chapter 5, by applying two different evaluation methods.
These different methods are applied to study the effects of the variables included
in the model in a transparent way, and to model the relations between the load
and these variables, as well as their interaction effects, in the best way possible.

Finally, in most studies the link between the effects of DR and its impact on the
power system is not studied. Leaving the potential future value of DR uncertain.
Insight into the long-term value creation of DR is essential to support decision-
making on (the way of) implementing DR. This stresses the need to use a system
approach for the evaluation of field tests [81], which requires that the quantified
flexibility can be incorporated into a methodology which can assess the potential
power system impact of DR. Based on the evaluation of two field tests this link
will be made in the final chapters (6 and 7) of this thesis.
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Chapter4
Your Energy Moment

4.1 Introduction

To identify the long-term value of Demand Response (DR) it is essential to evaluate
the available flexibility in practice. From the literature review in Chapter 3 it
was concluded that nowadays it are mainly white goods that are used for load
shifting. However, what is the flexibility of these appliances and to what extent a
‘smart’ function can increase this flexibility often remains unknown due to a lack
of adequate measurements. This chapter adds to the literature by presenting the
results of the large-scale Dutch smart grid pilot Your Energy Moment (YEM), in
which both the effects manual and semi-automated DR were studied over a long
period of time.

In the YEM pilot, both manual and semi-automated DR were stimulated
through the use of a dynamic tariff and so-called ‘smart’ appliances. The
participants were informed about the tariff day-ahead through a Home Energy
Management System (HEMS), connected to a display mounted on the wall
centrally in their living rooms. To respond to price fluctuations, consumers could
manually shift their load in time and/or use the smart appliance, which
automatically optimized its operation time based on the tariff. The majority of
the in total 188 participating househo lds owned a smart washing machine, and a
limited number owned a smart tumble dryer. To assess the overall response of the
load towards the dynamic tariff, referred to as price responsiveness, the
participants were split up in two comparable groups which were subject to a
distinct tariff, which sometimes differed in the moment of evening peak-pricing.

This chapter is based on:
E. A. M. Klaassen, C. B. A. Kobus, J. Frunt, and J. G. Slootweg, “Responsiveness of Residential
Electricity Demand to Dynamic Tariffs: Experiences from a Large Field Test in the Netherlands,”
Applied Energy, vol. 183, 2016.

C. B. A. Kobus, E. A. M. Klaassen, R. Mugge, and J. P. L. Schoormans, “A real-life assessment
on the effect of smart appliances on shifting households’ electricity demand,” Applied Energy, vol.
147, 2015.
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To study household flexibility, data-driven analyses are used to evaluate the
pilot results. Firstly, the washing machine and tumble dryer load shift are studied
as well as the effect of the ‘smart’ function on this load shift. Thereafter, an outlook
on the overall flexible household load is provided, based on the reported behavior
measured throughout the course of the pilot. Lastly, price responsiveness of the
flexible load is assessed by analyzing the effect of a difference in the moment of
peak-pricing.

This chapter is organized as follows. First, the YEM pilot set-up and the
design of the dynamic tariff and smart appliances are introduced in Section 4.2.
Subsequently, the methods used to quantify the effects of manual and
semi-automated DR are described (Section 4.3). Section 4.4 covers the results:
the load shift of the washing machines and tumble dryer, the reported appliances
used to shift load in time and the response of the flexible load towards the
dynamic tariff. Finally, the conclusions in Section 4.5 are used to summarize and
reflect on the main chapter findings.

4.2 Pilot set-up

The YEM pilot took place from Dec. 2012 till Nov. 2015 in a newly built residential
area in Zwolle (The Netherlands). At the start of the pilot 77 households joined,
these houses were connected to a district heating system and equipped with PV
panels. When in the beginning of 2014 the construction of the remainder of the
residential area was finished, another group of 111 households joined the pilot.
The relevant building and demographic characteristics of both participant groups
(Group 1 & Group 2) are listed in Table 4.1. A more-detailed overview of the
demographic characteristics is provided in Appendix B (Table B.1), in general
these households are considered representative for the Dutch society.

Table 4.1. Characteristics of the two groups of participating households.

Group 1 Group 2

Start pilot Dec. 2012 Apr. 2014
Housing type Terraced houses Terraced houses
Number of households (N) 77 111
Average PV capacity (kWp) 1.15 1.15
Average number of occupants* 2.1 1.8
Median household income Modal Modal
Heating system District heating** District heating**
Number of smart washing machines 56 111
Number of smart tumble dryers 17 0

* Dutch average: 2.2 [82].

** Used for both space heating and domestic hot water demand.

The pilot objective was to study the long-term flexibility available at these
households. To this end, a dynamic tariff was introduced and consumers were
informed about this tariff day-ahead through a HEMS, connected to a display



4.2. Pilot set-up 47

installed on the wall centrally in their living room. A schematic overview of the
pilot set-up is shown in Appendix B (Fig. B.1).

4.2.1 Home and central energy management system

The HEMS was designed to incorporate persuasive methods, providing feedback
and feed-forward, enhanced with visuals, comparisons and rewards, enabling
instant interpretation of the results and understanding of one’s electricity
consumption and generation. More specifically, households received feedback on
their overall electricity consumption, the electricity consumption of their smart
appliance, their PV generation and the (resulting) electricity exchange with the
grid. This information was provided (close to) real-time (10 second resolution)
and historically with different levels of detail (hourly, weekly, monthly). To this
end, the HEMS was connected to the smart meter, the smart appliance and a
separate PV generation meter. An overview of the ICT architecture and the most
relevant screenshots of the HEMS display is provided in Appendix B (Fig. B.2
and B.4).

To stimulate DR, the dynamic tariff was centrally displayed on the homepage.
This tariff was communicated day-ahead to all households by the Central Energy
Management System (CEMS). The tariff was designed in such a way that it
reflected the objectives of the involved stakeholders.

4.2.2 Dynamic tariff

The pilot was based on a cooperation between an energy supplier and the DSO1.
Based on this cooperation, the following DR-objectives were formulated:

• Use the local grid more efficiently, by minimizing the (peak) transport of
electricity over the MV/LV-transformer.

• Incorporate renewable generation more efficiently into the local grid, by
matching flexible demand to locally generated electricity.

• Minimize the energy costs for the energy supplier on the day-ahead electricity
market, by translating market price fluctuations into the dynamic tariff.

In short, these objectives are best summarized as reducing the load during
the (evening) peak hours by shifting load to moments when electricity is locally
generated by PV panels, or to the night when electricity demand and energy market
prices tend to be low. Based on these objectives, in [83] a dynamic tariff (e/kWh)
was designed that consists out of three components: (i) an energy tariff from the
energy supplier (λsupplier), (ii) a grid tariff from the DSO (λDSO), and (iii) energy
taxes (λtaxes).

1Next to the DSO and an energy supplier, a housing cooperation, a software- and a hardware
developer company were also part of the consortium.
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The energy tariff was defined as follows:

λsupplier(t)


(
λAPX(t)

λAPX
− P̂PV (t))2 · α if

λAPX(t)

λAPX
≥ P̂PV (t)

0 if
λAPX(t)

λAPX
< P̂PV (t)

(4.1)

where λAPX(t) is the hourly APX day-ahead market price, and λAPX the daily
average price (e/MWh). To simulate the effects of an increase in PV generation
on market prices (and stimulate the use of local generation), the tariff is adjusted
based on predicted PV generation per kWp (0-1), P̂PV (t). To increase fluctuations
the tariff is squared. The multiplier α is designed in such a way that when the
consumer would not change its predicted load profile (without DR), the total annual
energy costs are equal to the situation in which the consumer would not participate
in the pilot and hence pays a fixed energy tariff.

Generally, the grid tariff in the Netherlands is a based on a fixed annual
payment. In the pilot, part of this grid tariff (i.e. the capacity tariff) was made
dynamic (e/kWh) to stimulate DR. This dynamic grid tariff depends on the
predicted daily peak load:

λDSO(t)


λhigh if P̂ (t) ≥ θ2 · P̂max
λmedium if θ1 · P̂max < P̂ (t) < θ2 · P̂max
λlow if P̂ (t) ≤ θ1 · P̂max

(4.2)

where P̂ (t) is the predicted load profile (without DR), and P̂max is the predicted
daily peak load. Similar to the dynamic energy tariff, the thresholds θ1, θ2 and
tariff values λhigh, λmedium, λlow are defined in such a way that when the consumer
would not change its predicted load profile the total annual costs are equal to the
situation in which the consumer would not participate in the pilot and hence pays
a fixed annual capacity tariff (∼150e/year, [34]). The values of the different input
variables are listed in Appendix B (Table B.2).

Finally, the total height of the dynamic tariff (λtotal) is defined by adding the
taxes:

λtotal(t) = λsupplier(t) + λDSO(t) + λtaxes (4.3)
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Figure 4.1. Example of the dynamic tariff applied in the YEM pilot.

An example of the tariff is shown in Fig. 4.1. More information about the
dynamic tariff and the design of its different components can be found in [83]. To
present the dynamic tariff in an intuitive way, the 15-minutes-fluctuating tariff was
translated into a two-hours-averaged tariff. This tariff was displayed on the screen
using symbols corresponding to: (i) a high tariff (>0.3 e/kWh), (ii) medium tariff
(0.2-0.3 e/kWh), and (iii) low tariff (<0.2 e/kWh), as shown in Appendix B (Fig.
B.4).

As stated before, the objectives of the algorithms used to define the tariff are
best summarized as reducing the load during (evening) peak hours by shifting it
to moments when electricity is locally generated by the PV panels, or to the night
when electricity demand and energy market prices tend to be low. Hence, the tariff
is generally high during the evening peak hours and low during day- and nighttime.
As an extra stimulus for self-consumption of PV generation, the HEMS display also
provided information regarding the day-ahead predicted PV generation, which also
stresses the relation between the tariff and local generation.

Difference in the evening peak-pricing tariff for Group 1 and Group 2

To define the grid tariff (λDSO(t)) for Group 1, the predicted load of the
participating households without DR (P̂ (t)) was based on the Dutch average load
profile (EDSN E1A, [84]). Later on, it became clear that the average load profile
of Group 1 deviated much from the Dutch average. In Fig. 4.2 the average Dutch
load profile (EDSN) and the average load profile of Group 1 in 2013 are shown.
The main difference is expected to be explained by the presence of electric stoves
in the pilot, while most Dutch households have gas stoves. To assess to what
extent the peak load deviations were a consequence of the pilot, the realized load
profile of Group 1 (in the first pilot year, 2013) was used as input to define the
grid tariff (λDSO(t)) for Group 2. As a consequence, the two groups of
participating households were subject to a distinct tariff, which sometimes
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differed in the moment of evening-peak pricing. Roughly half of the days the two
groups had the same moment of peak-pricing (equal tariff), while the other half
of the days they had a different moment of peak-pricing (unequal tariff). The
average tariff for both groups is shown Section 4.3 (Fig. 4.3). The tariff
distinction between both participants groups will be used to assess price
responsiveness later on.
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Figure 4.2. The average Dutch load profile used to define λDSO for Group 1 (EDSN
E1A, [84]) and the average realized load profile of Group 1 during the first year of the
pilot (YEMGr.1, 2013). To assess peak load price responsiveness, the realized load of

Group 1 was used to define the λDSO for Group 2.

4.2.3 Smart appliances

Each household could opt-in for a smart washing machine. Additionally, a limited
number of smart tumble dryers was offered to the participating households in Group
1 that already owned as washing machine. The smart appliances were equipped
with an automated delay function. When using this function, the user defines the
ultimate end time and consequently the load of the programmed cycle is scheduled
with the objective to minimize energy costs. Hence, the optimal starting time is
determined based on the dynamic tariff and the schedule horizon, which is the time
period in between the moment of programming and the ultimate end time.

The default schedule horizon of the smart washing machine was set to 24 hours
plus the cycle duration. To shorten this schedule horizon, both the interface of the
washing machine (Appendix B, Fig. B.3) and the display in the living room could
be used.

The tumble dryer only had a ‘smart-start’ button (Appendix B, Fig. B.3).
The default schedule horizon for the tumble dryer was set to 5 hours plus the
cycle duration. In this case, the schedule horizon could only be adjusted using the
display in the living room.
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To prevent that all programmed smart appliances simultaneously turn on, the
appliances were scheduled using a so-called ‘schedule price’ [83]. This schedule
price was the 15-minutes-fluctuating tariff instead of the two-hours-averaged tariff
and was only used for scheduling, not for billing. Once a smart appliance was
scheduled this was communicated to the CEMS and the schedule price was slightly
increased2 during the scheduled time period.

4.3 Methods to evaluate pilot results

The flexibility of the participating households is evaluated by focusing on: (i) the
flexibility of the smart appliances, (ii) the (other) appliances used for load shifting,
based on the reported behavior measured throughout the course of the pilot, and
(iii) the price responsiveness of the flexible loads, based on analyzing the effect of
the moment of peak-pricing on the peak load. This section will cover the data used
and the methods applied for purpose of these three analyses.

4.3.1 Relevant data and analyses

For the analysis the measured data of one year is used (from 01-May-2014 to
01-May-2015), of both participant groups (NGr.1=77 and NGr.2=111). This
period excludes the first months of pilot participation of Group 2, as the period of
getting used to the system may not be representative. Since the data covers one
year, seasonal fluctuations are included in the data. Furthermore, this period is
considered large enough to assess structural changes in behavior or response
fatigue. The latter can be assessed by comparing the results of Group 1 and 2.
As Group 1 already participated for over a year before Group 2 joined the pilot, a
difference between both groups indicates that response fatigue occurred.

To assess if load is shifted in time and to assess the effect of the tariff on this load
shift, the data of the smart appliances, smart meter and PV generation meter is
used (all measured in Wh/15 min.). Of the first group of participating households
in total 56 households were equipped with a smart washing machine (Table 4.1).
In case of the second group all households were equipped with a smart washing
machine. However, due to a lack of data as a consequence of technical and/or
communication issues the washing machine sample size was limited to the machines
that reported over 10 wash cycles, resulting in Nwm,Gr.1=50 and Nwm,Gr.2=100,
for Group 1 and 2 respectively.

Only a limited number of households from Group 1 owned a smart tumble dryer.
As over the course of time the number of actively reporting tumble dryers slightly
decreased (due to technical and/or communication issues), the tumble dryer data
from 01-Jul-2013 till 01-Jul-20143 is used (Ntd,Gr.1=17).

2Based on the smart appliance load profile, the schedule price was increased with 0.05e/kW.
3Data from before before this period could not be used, as information on whether or not a

cycle was programmed was not collected before 01-Jul-2013.



52 4. Your Energy Moment

Both the (predicted) PV generation and the dynamic tariff play a central role
on the HEMS display (Appendix B, Fig. B.4). Therefore, as a consequence of
the pilot load is expected to be higher during low-priced periods and/or periods of
high PV generation and lower during high-priced periods. The latter is quantified
by comparing the load of the smart appliances of the participating households
to that of a reference group. Consequently, the quantified load shift is used to
reflect on the results of the surveys distributed throughout the course of the pilot.
To study user behavior, four different questionnaires were distributed to Group
1. One upfront and three throughout the course of the pilot (with an interval of
6 months). Among others, survey data was used to study which appliances were
used by the participating households to shift load in time. By combining the survey
results with the quantitative analyses concerning the smart appliances load shift,
insight into the total available flexibility is provided. Finally, to assess whether this
flexible load is responsive to the moment of peak-pricing, the difference in peak load
of Group 1 and 2 is studied, as these groups were subject to distinct peak-pricing
tariffs.

In conclusion, the smart appliances load shift, the reported behavior and the
response towards the moment of peak-pricing provide an outlook on the available
flexibility and the effect of the (tariff) design features used in this field test. Next,
the analyses used to quantify these effects are described in detail.

4.3.2 Load shift and flexibility of smart appliances

Load shift

The smart appliance load was measured separately by a meter inside the machine
(Wh/15 min.). Furthermore, whether or not a cycle was programmed using the
semi-automated function was registered for each cycle. If a cycle was programmed,
the schedule horizon was also recorded. The load shift of the smart appliances is
assessed by comparing the load of the participants to that of a reference group. The
reference was obtained from smart plugs used by Dutch and Belgian households
to measure the load of individual appliances. For the washing machine, the data
of 274 plugs is used, for a period of one year (from 01-Jan-2013 to 01-Jan-2014).
For the tumble dryer the reference data is limited to 123 plugs for a period of one
month (from 07-May-2014 to 07-Jun-2014). With respect to cultural and natural
circumstances affecting electricity consumption Dutch and Belgian households are
assumed to be similar.
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Figure 4.3. Average PV generation and dynamic tariffs measured in the YEM pilot
(from 01-May-2014 to 01-May-2015) for the first (Gr. 1) and second (Gr. 2) group of

participants.

As the smart appliance load of each individual household is considered an
independent random variable (i.e. independent of the smart appliance load of
other households) and the sample size is relatively large, the central limit theorem
implies that the mean of the smart appliances load is a normally distributed
random variable centered on the true mean. Hence, the variance can be used to
estimate the standard deviation. To assess the load shift, the average load of the
participating households (Gr. 1 and Gr. 2) is compared to that of the reference
group during two time periods: (i) Period I (09.00-17.00): time period with a
relatively high amount of PV generation (and low tariff), and (ii) Period II
(17.00-00.00): time period with a relatively high tariff. Both these time periods
are highlighted in Fig. 4.3. To assess if the difference between the load of the
participants and the reference is significant, a two sample t-test is conducted.
The approach used for the washing machine and tumble dryer is similar, in case
of the washing machine, the following input is used:

t =
Pwm,P − Pwm,R√

(NP−1)s2wm,P+(NR−1)s2wm,R

(NP+NR−2) ·
√

1
NP

+ 1
NR

(4.4)

s.t.

Pwm,Pi =
1

t2 − t1

t2∑
t1

Pwm,Pi ∀i ∈ {1...NP }, (4.5)

Pwm,P =
1

NP

NP∑
i=1

Pwm,Pi
(4.6)
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Pwm,Ri
=

1

t2 − t1

t2∑
t1

Pwm,Ri
∀i ∈ {1...NR} (4.7)

Pwm,R =
1

NR

NR∑
i=1

Pwm,Ri
(4.8)

s2wm,P =
1

NP − 1

NP∑
i=1

(Pwm,Pi
− Pwm,P )2 (4.9)

s2wm,R =
1

NR − 1

NR∑
i=1

(Pwm,Ri
− Pwm,R)2 (4.10)

where Pwm,Pi
and Pwm,Ri

are the average washing machine load (Watt) of
each individual participating and reference household during a certain time
period, expressed by t1 and t2 (Per Time Unit (PTU)). Pwm,P and Pwm,R
represent the average washing machine load of both the participant and reference
group, of which the sample size is expressed by NP and NR respectively. The
unbiased sample variance of both groups is indicated by s2wm,P and s2wm,R. To
enable mutual comparisons of the time of use, the overall washing machine energy
demand (kWh/year) of each household is aligned, based on average load of the
participant group. To determine the significance (p-value) of the results, the
t-value is compared against the critical value defined by the t-distribution. If the
p-value is less than 0.05, the difference between Pwm,P and Pwm,R is considered
significant. Appendix C elaborates on the inputs used for the two sample t-test
and the effects of the pilot design on these variables.

To assess if response fatigue occurred, related to the load shift of the smart
appliance, the washing machine load of Group 1 and Group 2 are compared in a
similar way as expressed in eq. (4.4) - (4.10). If response fatigue occurred, the load
shift of Group 1 is expected to be less compared to Group 2, as Group 1 already
participated in the pilot for over a year before Group 2 joined.

Effects of semi-automated function

To assess the use of the semi-automated function and potential response fatigue
related to the use of this function, the average percentage of programmed cycles
per household and the average schedule horizon of the programmed cycles of Group
1 and 2 are analyzed and used as input for a two sample t-test in a similar way
as expressed in eq. (4.4) - (4.10). The latter analysis is only conducted for the
washing machine and not for the tumble dryer, as the participating households of
Group 2 were solely equipped with smart washing machines.

Additionally, the effect of the use of the smart function is assessed by analyzing
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the difference in average load between the participating households who barely used
this smart function (≤5%) and those who used this function more often (>5%).
This threshold value enforces a roughly even distribution of the participants. To
quantify the mutual difference in load shift between the users who barely and more
often used the smart function the difference in average load during Period I and
Period II is studied. Again, the significance of this difference is evaluated using a
two sample t-test.

When considering the flexibility of solely the programmed cycles, it is possible
to increase the load throughout the schedule horizon. Likewise, the moment when
the load is scheduled can be considered as flexible, as it was also possible to
decrease this load, by shifting it to another moment in time. Defining flexibility
in this way is based on the methodology proposed in [77], which is illustrated in
Fig. 4.4. Based on the schedule horizon ({tstart, ..., tfinish}), and the actual load
(Pactual), the potential load increase and decrease are identified (Pincrease and
Pdecrease, respectively). Using this approach, the flexibility of the smart
appliances’ programmed cycles is quantified.
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Figure 4.4. Illustration of the method used to quantify the flexibility of programmed
cycles, based on [77].

4.3.3 Price responsiveness of flexible load

The tariff for both participant groups (Group 1 and 2) sometimes differed in the
moment of peak pricing. The moment of peak-pricing is the time period with the
maximum tariff during the day, as the tariff is presented in blocks of two hours,
this period lasts two hours. As stated before, roughly half of the days the two
groups had the same moment of peak-pricing (equal tariff ), while the other half
of the days they had a different moment of peak-pricing (unequal tariff ). In case
of an unequal tariff, the moment of peak-pricing for Group 2 generally occurred
a couple of hours earlier during the evening (see Fig. 4.3 for the average tariffs
of both groups). To gain more insight into the distribution of peak loads and
the moment of peak-pricing over time, both are illustrated in the results section
(Fig. 4.12). Fig. 4.12(e) also illustrates the distribution of days where both groups
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had the same (equal) tariff and a different (unequal) tariff. If the potential load
shift is responsive to the moment of peak-pricing, the peak load is expected to be
affected by the moment of peak-pricing. Therefore, price responsiveness is assessed
by comparing the peak load of Group 1 and 2. To this end, the overall gross
electricity consumption is determined using the smart meter data (Wh/15 min.)
and PV generation data (Wh/15 min.) of the participating households.

Although Group 1 and Group 2 are similar with respect to the type of house and
residents, deviations between both groups can exist caused by variables other than
a difference in peak-pricing. As discussed in the literature review part (Chapter
3) it is important to exclude the effects of other variables to enable a transparent
evaluation of the effect of price on the load. To isolate the problem, the difference
in peak load between Group 1 and Group 2 is analyzed during days with an equal
moment of peak-pricing and during days with an unequal moment of peak-pricing.
The first, a difference in peak load during days with an equal moment of peak-
pricing, indicates a potential bias in peak loads caused by factors other than the
tariff. By comparing the difference in peak load during days with an unequal
moment of peak-pricing to this bias, the response of the load towards the price is
isolated.

In this case, the central limit theorem implies that the variance of the mean
of the peak load, during days with an equal and unequal moment of peak-pricing,
can be used to estimate the standard deviation. To assess the significance of this
response, again a two sample t-test is conducted, using the following input:

t =
4P eq −4Puneq√

(neq−1)s2eq+(nuneq−1)s2uneq

(neq+nuneq−2) ·
√

1
neq

+ 1
nuneq

(4.11)

s.t.

4Peqi = PGr.1i − PGr.2i ∀i ∈ {1...neq} (4.12)

4P eq =
1

neq

neq∑
i=1

4Peqi (4.13)

4Puneqi = PGr.1i − PGr.2i ∀i ∈ {1...nuneq} (4.14)

4Puneq =
1

nuneq

nuneq∑
i=1

4Puneqi (4.15)

s2eq =
1

neq − 1

neq∑
i=1

(4Peqi −4P eq)2 (4.16)
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s2uneq =
1

nuneq − 1

nuneq∑
i=1

(4Puneqi −4Puneq)2 (4.17)

where PGr.1i and PGr.2i are the average daily peak load (Watt) of the
households in Group 1 and Group 2, respectively. 4Peqi and 4Puneqi indicate
the difference in peak load between both groups during days with an equal
peak-pricing moment (neq) and days with a unequal peak-pricing moment
(nuneq). The unbiased sample variance of this difference is expressed by s2eq and
s2uneq.

If the difference in the height of the peak load between Group 1 and Group 2 is
significantly affected by the moment of peak-pricing is defined by the corresponding
p-value of the t-value (based on the t-distribution).

A difference in the timing of the peak load of Group 1 and Group 2 is analyzed
in a similar manner as described in eq. (4.11) - (4.17), using the time difference
(minutes) between both peak loads during days with an equal and unequal peak-
pricing moment as input (4teqi and 4tuneqi):

4teqi = tGr.1i − tGr.2i ∀i ∈ {1...neq} (4.18)

4tuneqi = tGr.1i − tGr.2i ∀i ∈ {1...nuneq} (4.19)

4.4 Results

The result section is subdivided into three different subsections, covering (i) the
load shift and flexibility of the smart appliances (washing machine and tumble
dryer), (ii) the appliances used for load shifting (based on the reported behavior),
and (iii) price responsiveness of the peak load.

4.4.1 Load shift and flexibility of smart appliances

First the results of the washing machine are covered, followed by the results of the
tumble dryer.

Washing machine load shift

The results of two sample t-test demonstrate a significant 31% decrease in load
during the evening (Pwm,R=12.3W, Pwm,P=8.6W, t(416)=-6.43, p<.001) and a
significant 20% increase during the midday (Pwm,R=19.8W, Pwm,P=23.8W,
t(416)=6.57, p<.001). The load shift from the evening (high tariff) to the midday
(high PV generation and low tariff) is illustrated in Fig. 4.5, where the average
washing machine load of the participant group is plotted against that of the
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reference group. A great overlap between the participant washing machine load
and the PV generation can be observed (to increase visibility, the PV generation
is scaled down by a factor 15).
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Figure 4.5. Average PV generation (scaled down) and washing machine load of the
participating households (Gr. 1, Gr. 2 and YEM average) versus that of the reference

group.

The evolve of a structural change in behavior (due to the pilot) can be observed
by the minimum difference in the average washing machine load between Group 1
and Group 2. Even though the participants of Group 1 were already participating
in the pilot for over a year, they keep shifting their load in time.

Use and effect of the washing machine semi-automated function

The average percentage of programmed cycles is 17% and 20% per household for
Group 1 and Group 2, respectively. With respect to the use of the smart function
no significant difference between both groups is measured (t(142)=-0.7, p=ns4).
The same holds for the average schedule horizon of the programmed cycles, which
is 22.3 and 24 hours (t(142)=-1.58, p=ns) for Group 1 and 2, respectively.

That there is no difference regarding the use of the smart function between both
groups again confirms a structural change in behavior. In Fig. 4.6 the probability
distribution of the schedule horizon of all programmed cycles is shown. It can be
observed that the default schedule horizon (24 hours plus the cycle duration) is
often preserved when using the semi-automated function.

4In case of p>0.05, the results are considered not significant (ns).
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Figure 4.6. Probability distribution of the number of hours provided for the schedule
horizon of the programmed wash cycles.

To study the effect of the use of the smart function on the load shift, the average
load of the participants who barely used this smart function (≤5%) is compared to
the average load of those who more often used this function (>5%). The average
load profiles of both these groups are shown in Fig. 4.7(a). During period I, there
is no significant difference between the load of both groups (t(141)=-0.86, p=ns).
Hence, it is concluded that with respect to the increase in self-consumption of
PV generation, manual and semi-automated DR were equally effective. The main
effect of the use of the semi-automated function is a washing machine load shift
from the evening to the night, when people generally are asleep. Both the evening
load decrease (t(141)=-2.52, p<.05) and night load increase (t(141)=3.69, p<.001)
are significant.

Based on these results, it is concluded that the (semi-automated) load shift is
not affected by the moment of peak-pricing during the evening. That is, as the
time available to delay cycles (Fig. 4.6) is generally large enough to schedule each
cycle during the cheapest time slot available. Hence, the load shift mainly depends
on the moment of off-peak- instead of peak-pricing. This is also stressed by the
similarity in the washing machine load of Group 1 and Group 2, the tariff of both
groups is comparable in terms of moments of off-peak-pricing (Fig. 4.5).

The flexibility available due to the use of the program function is defined
based on the schedule horizon of each programmed cycle (using the methodology
illustrated in Fig. 4.4). The flexibility is put together with the average daily load
profile in Fig. 4.7(b). Evidently, the duration of the schedule horizon influences
the flexibility profile. The relatively large average schedule horizon of the washing
machine offers the opportunity to increase the load during a large time span. As
the duration of the program itself is limited compared to the schedule horizon,
the flexibility becomes asymmetric. Note that the flexibility of each cycle can
only be used once. Hence, the load shift that can be obtained by using this
flexibility is based on an equilibrium between Pincrease and Pdecrease.
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Figure 4.7. (a) Average washing machine load of the households who barely used the
smart function and those who more often used did so. (b) Average washing machine

load and flexibility (Pincrease, Pdecrease) due to the use of the smart function.

Tumble dryer load shift and use and effect of the semi-automated
function

Similar to the approach applied to determine the washing machine load shift, the
load of the tumble dryer is compared to that of the reference group, as shown in
Fig. 4.8(a). The load of the tumble dryer is only marginally shifted in time, the
evening load is decreased by 7%, while the load during the midday is increased by
17%. However, in both cases this change is not significant (Period I : t(138)=1.19,
p=ns, Period II : t(138)=-.12, p=ns). The insignificance of these results is expected
to be a consequence of the small sample size (Ntd,Gr.1=17), as well as the limited
amount of reference data (only 1 month of data). The effects of sample sizes and
amount of (reference) data on the significance of the results is discussed in more
detail in Appendix C.

The average percentage of programmed dry cycles per household is only 9%.
The probability distribution of the schedule horizon of all programmed cycles is
shown in Fig. 4.8(c), the average duration is about 7 hours. The flexibility as a
consequence of the use of the smart function is illustrated in Fig. 4.8(d).

Compared to the washing machine, the use of the smart function as well as
the flexible hours provided for the schedule horizon are both limited. This is
expected to be a consequence of the design of the smart tumble dryer. The
interface of the smart washing machine was more sophisticated than that of the
tumble dryer (Appendix B, Fig. B.3). The tumble dryer had no interface
available to communicate the scheduled time and to adjust the schedule horizon
(this information was only communicated via the HEMS display in the living
room). Also in case of the tumble dryer, the default schedule horizon (5 hours
plus cycle duration) was often preserved. Hence, the difference in average
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Figure 4.8. (a) Average tumble dryer load of the participating households versus that of
the reference group. (b) Average tumble dryer load of the households who barely used

the smart function and those who more did so. (c) Probability distribution of the
schedule horizon of programmed dry cycles. (d) Average tumble dryer load and average

flexibility due to the use of the smart function.

schedule horizon between the washing machine and tumble dryer is explained by
the difference in default values.

When comparing the load of the participants who barely used the program
function to those who used this function more often (Fig. 4.8(c)), a similar trend
as in case of the washing machine can be observed, which is a load shift from the
evening to the night. However, also in this case this load shift is not significant
(t(15)=-.96, p=ns), which again is expected to be a consequence of the limited
sample size.

4.4.2 Appliances used for load shifting

To reveal the total flexibility potential of the participating households, different
surveys were distributed throughout the pilot. In these surveys, among others,
participants were asked to indicate if they used certain appliances to shift their
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load in time. To indicate this a five-point Likert scale was used to respond to the
question how often each device was shifted in time, ranging from 1: “Almost never”
to 5: “Almost always” [85]. The results of the three surveys that were distributed
after the start of the pilot (with an interval of 6 months) are shown in Fig. 4.9.
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Figure 4.9. Survey results indicating the appliances used for load shifting (based on
[85]). The surveys were conducted 6, 12 and 18 months after the start of the pilot of

Group 1 (t1, t2 and t3, respectively).

Based on the results in Fig. 4.9 it is concluded that mainly the white goods are
reported to be shifted in time. The reported washing machine load shift is in-line
with the quantitative analyses of the measured load. Although the reported tumble
dryer load shift is not supported by the quantitative results (which is assumed to
be a consequence of both the limited sample size and limited reference data), the
flexibility of the tumble dryer and dishwasher is expected to be comparable to
that of the washing machine. This assumption is supported by the survey results
(Fig. 4.9), as well as by the results in the literature regarding the appliances
utilization rates [86]. Based on their utilization rates, the time available for the
delay of washing machine, tumble dryer and dishwasher cycles is expected to be
similar. The latter is also supported by the results of the Belgium pilot Linear
(Chapter 3), where in total 29%, 31% and 56% of the wash, dry and dishwasher
cycles were programmed, with an average schedule horizon of 7.3, 8.1 and 8.5 hours,
respectively [69]. The limited mutual differences in measured schedule horizons in
the Linear pilot also confirm that the mutual difference in the washing machine
and tumble dryer schedule horizon in the YEM pilot is likely to be a consequence
of the difference in the default values.

In conclusion, based on the quantitative and qualitative results, a similar load
shift from the evening to the midday (as measured for the washing machine) is
expected for the tumble dryer and dishwasher. As no significant effect of time was
found on the reported behavior related to shifting load in time [85], also a structural
change in behavior with respect to the use of the tumble dryer and dishwasher is
expected.
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Outlook on the flexibility of white goods

Based on the results above a rough estimate on the flexibility of white goods is
shown in Fig. 4.10. The flexibility is based on the measured washing machine
load increase (+20%) and decrease (-31%). The white goods load profile is based
on the time of use of these appliances in Germany [86]5 and average penetration
rates (65%, 40% and 95% for the dishwasher, tumble dryer and washing machine).
Relative to the average Dutch household load [84], the total flexibility potential of
white goods is limited to roughly 10% of this load.
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Figure 4.10. Estimated load and flexibility of white goods per household. The average
white goods load is based on [86], while the flexibility is based on the measured load

shift in the YEM pilot.

4.4.3 Response of the load towards the moment of peak-pricing

To assess price responsiveness of the flexible loads (mainly the white goods), the
overall load profiles of each participating household in Group 1 and Group 2 are
used, of which the averages are shown in Fig. 4.11. When assessing price
responsiveness the difference in peak load (maximum average 15 min. load during
the day) between both groups during days with an equal tariff (neq=138 days) is
compared to the difference in peak load during days with an unequal tariff
(nuneq=227 days). As stated before, a difference in peak load during days with an
equal tariff indicates a potential bias in peak loads caused by factors other than
the tariff. By comparing the difference in peak load during days with an unequal
tariff to this bias, the response of the load towards the peak-price is isolated. If
the peak load is price responsive, the difference in peak load during days with an
unequal tariff is expected to significantly differ from this bias.

5From the list of countries studied, the results from Germany are most representative for the
Dutch situation [86].
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Figure 4.11. Average daily load profile of each individual participating household and
the average of Group 1 and Group 2 plotted against the average dynamic tariff for both

groups.

Figure 4.12. Overall distribution of the load and moment of peak-pricing throughout the
year for Group 1 (a-b) and Group 2 (c-d), and a distribution of the days with equal and

unequal peak-pricing moments (e).
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A bias in peak loads between both groups can be explained because the
second building phase is made more efficient in terms of the operation of the
pumps circulating the water in the floor heating system and the ventilation
system. These energy-saving measurements are expected to explain the overall
difference in the energy demand and load shape (also visible in Fig. 4.11).

The distribution of the average load and moment of peak-pricing for both groups
throughout the year is shown in Fig. 4.12. In both Fig. 4.11 and Fig. 4.12, it
can be observed that the peak load of Group 2 often coincides with the moment
of peak-pricing. If the peak load of this group is price responsive, the difference in
the peak load between group 1 and 2 is expected to be higher during days in which
the peak load of Group 2 coincides with the moment of peak-pricing, while this is
not the case for Group 1.
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Figure 4.13. Scatterplot of the peak loads of Group 1 and Group 2, during days with an
equal moment of peak-pricing (a) and during days with an unequal moment of

peak-pricing (b). The difference between the average moment (4t) and height (4P ) of
the peak loads is highlighted below (c-d).

The results of the two sample t-test indicate no significant difference in peak
load height between Group 1 and 2 during days with an equal and unequal
moment of peak-pricing (4P eq=195W, 4Puneq=189W, t(363)=0.78, p=ns).
Also, the timing of the peak load is not significantly affected by the moment of
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peak-pricing (4teq=13 min., 4tuneq=23 min., t(363)=0.88, p=ns). These results
are illustrated in Fig. 4.13, where the scatterplot indicates the average peak loads
of Group 1 and 2 during each day. The differences between both groups (4P eq,
4Puneq, 4teq and 4tuneq) are also indicated in this figure.

As the difference in peak load between both groups is not affected by the
moment of peak-pricing, it is concluded that the load shift that occurred as a
consequence of the pilot, is not affected by a difference in the moment of evening
peak-pricing. Moreover, it is concluded that the remaining evening peak load is
mostly created by the use of appliances that are perceived strongly time-critical,
such as cooking appliances (Fig. 4.9). That the flexible load is not responsive to
the moment of peak-pricing, is in-line with the measured washing machine load
shift, part of the washing machine load was shifted from the evening to the
midday (cheapest time slots), regardless of the exact moment of peak-pricing
during the evening.

4.5 Conclusions

To identify the long-term value of DR it is essential to evaluate the available
flexibility in practice. To this end the large-scale Dutch smart grid pilot Your
Energy Moment was launched end of 2012. In this pilot flexibility was measured
over a long period of time (>2 years), to be able to detect a structural change in
behavior.

In this chapter first the pilot set-up and the design of the dynamic tariff and
smart appliances were introduced. The participants were informed about the tariff
day-ahead through a HEMS, connected to a wall-mounted display. In general,
the dynamic tariff stimulated participants to shift load from evening peak hours
to the midday or night, when electricity is locally generated or when electricity
demand and energy market prices tend to be low. To respond to price fluctuations,
consumers could manually shift their load in time and/or use the smart appliance,
which automatically optimized its operation time based on the tariff. To assess
price responsiveness, the participants were split up in two comparable groups which
were subject to a distinct tariff, which sometimes differed in the moment of evening
peak-pricing.

Consequently, the load shift and use of the smart function of the washing
machine and tumble dryer were studied using a reference group. It was shown
that load is shifted in time, the washing machine evening load was decreased by
31%, while the load during the midday was increased by 20%. This measured
washing machine load shift was not affected over time, indicating a structural
change in behavior due to the pilot. It is assumed that due to the small sample
size and the limited amount of reference data, no significant tumble dryer load
shift could be detected.

To further investigate flexibility of the smart appliances, the use of the semi-
automated function was analyzed. Although this function was limitedly used (on
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average households programmed 19% and 9% of their wash and dry cycles), the
time frame provided for the delay of wash and dry cycles was generally large (23
hours and 7 hours, respectively). The mutual difference in the use of the smart
function is expected to be a result of the different user interfaces of these appliances.
The interface of the washing machine is considered more sophisticated. The mutual
difference in the schedule horizon of programmed cycles is likely to be a consequence
of the different default values that were set. The results indicated that these default
values were rarely adjusted. These expectations are supported by the results in the
literature, which indicate limited differences with respect to the flexibility of the
washing machine and tumble dryer.

In the Belgium pilot Linear, 29% and 31% of the wash and dry cycles were
programmed, with an average schedule horizon of 7.3 and 8.1 hours, respectively
[69]. The more frequent use of the smart function in the Linear pilot is expected
to be a consequence of pilot design. In the Linear pilot solely semi-automated DR
was stimulated, while in the YEM pilot manual DR was also incentivized through
the use of a dynamic tariff. As a result, both manual and semi-automated DR
contributed to the measured load shift of the washing machine in the YEM pilot.
With respect to increasing self-consumption of PV generation, manual and semi-
automated DR proved to be equally effective. The main effect of using the smart
function is a load shift from the evening to the night, when people generally are
asleep.

In this chapter, price responsiveness was assessed based on the difference in peak
load between Group 1 and 2, as these groups were subject to a distinct evening
peak-pricing tariff. Based on the results, it is concluded that the remaining peak
load is not influenced by the moment of peak-pricing. The load that was shifted
in time (mainly white goods), was shifted to the midday or night (to profit from
the lowest prices and/or increase in self-consumption of PV generation). Hence,
the load was shifted irrespective of the moment of evening peak-pricing. Moreover,
it is concluded that the remaining evening peak load is mostly created by the use
of appliances that are perceived time-critical, such as cooking, entertainment and
work related appliances.

In the YEM pilot the dynamic tariff was presented in an intuitive way, in
blocks of two hours and linked to local generation. This proved to be effective to
stimulate a structural change in behavior to use flexible appliances when prices
are the lowest. However, as this load shift was not affected by a difference in the
moment of peak-pricing, this suggest that in these kind of settings advanced tariff
schemes are unnecessary and according to [87] can even distract and confuse the
consumer. Therefore, it is suggested that a simple and transparent tariff design is
most effective to stimulate (mainly manual) residential DR for white goods. Such a
tariff can consist of limited tariff levels and emphasize on the ‘favorable’ moments
to use electricity, e.g. intuitively linked to renewable generation.

The analysis concerning price responsiveness was conducted in a transparent
way, by isolating the problem as much as possible. This way the effect of other
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variables, which are often found to influence price responsiveness and hence are
expected to cause deviations in literature results (Chapter 3), are eliminated in an
appropriate manner.

In conclusion, this chapter provided insights into the flexibility available at
residential households and the effect of the design features used to unlock this
flexibility. The results show that households are willing to be involved in DR
programs which incentivize shifting load in time. This supports in the conclusions
in [85] that if smart technologies are well designed, consumers will change their
patterns of electricity demand permanently. According to [85] technologies must
be developed that fit user needs and are able to change behavior at the same
time. Therefore, it is expected that consumers will also embrace other forms of
(semi-)automated DR programs. To this end, it is important to also study the
flexibility of relatively new energy efficient technologies, such as µCHPs, heat
pumps and electric vehicles.

Relative to the average residential load nowadays, the flexibility potential of
white goods is limited to roughly 10% of this load. With the increasing
penetration of energy efficient technologies, the flexibility potential is expected to
increase significantly. Using the results of PowerMatching City, the flexibility of
µCHPs and heat pumps is studied in Chapter 5. Consequently, the flexibility
measured in both YEM and PowerMatching City is used to study the long-term
value of DR in Chapter 6 and 7.



Chapter5
PowerMatching City

5.1 Introduction

Nowadays, mainly the flexibility of white goods is used for Demand Response
(DR). The flexibility of these appliances was quantified in Chapter 4, based on the
results of the Your Energy Moment field test. In the future, flexibility in residential
electricity demand is expected to increase, due to an increase in the penetration of
energy efficient technologies. In the Netherlands, the number of heat pumps and
µCHPs that replace gas-fired heaters is increasing. For existing buildings, µCHPs
and air-source heat pumps offer a suitable solution, while in many new buildings
ground-source heat pumps are installed [31].

In case of µCHPs, natural gas is used to provide both heat and electric power,
this cogeneration improves the overall energy efficiency. Heat pumps on the other
hand, absorb external heat (or cold) from the air, soil or ground water, to provide
the house’s heating (or cooling) demand. Hence, instead of generating heat, it is
moved around, which requires relatively limited electric energy.

The flexibility of these heat pumps and µCHPs could be used to shift load
or generation in time. As discussed in Chapter 3, the results in the literature
regarding the practical flexibility of these heating systems are limited. Therefore,
this chapter adds to the literature by analyzing the flexibility of heat pumps and
µCHPs based on the results of the Dutch smart grid pilot PowerMatching City
(PMC).

In the PMC pilot, market based control was applied to use the flexibility of
air-source heat pumps and µCHPs. To this end a multi-objective multi-agent
system was used, i.e. the PowerMatcher [14]. Using automated DR, the smart
appliances automatically responded to the price signal that was generated by the
PowerMatcher.

This chapter is based on:
E. A. M. Klaassen, J. Frunt, and J. G. Slootweg, “Experimental Validation of the Demand
Response Potential of Residential Heating Systems,” in Proc. of the 19th Power System
Computation Conference, 20-24 June, Genoa, Italy, 2016.

69
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To assess the flexibility of the heating systems a data-driven approach is applied,
in which the measured load is used to evaluate the effect of the so-called ‘smart grid
control signal’ on load changes. As this effect is also subjected to other variables,
the load is considered as a function of time, weather circumstances and the control
signal. To consider the sensitivity of the results towards the modeling approach,
two types of load forecasting techniques are applied to model the response of the
load to these variables, which are: (i) multiple regression, and (ii) artificial neural
networks. The advantage of multiple regression is that it is parsimonious and
allows for an unambiguous interpretation of the results [88], while artificial neural
networks allow complex nonlinear relations between the response variable and its
predictors [89]. In the end, both models are compared based on their prediction
performance and the modeled relations between the control signal and the load.
The latter indicates the appliances’ flexibility. Subsequently, to reflect on and
generalize the results, the effect of the heating system design on the flexibility of
heat pumps and µCHPs is discussed.

This chapter is organized as follows. First, the PMC pilot set-up and the
design of the market based control mechanism are introduced in Section 5.2. Next,
the methods used to quantify the effects of the automated control are described
(Section 5.3). Section 5.4 covers the results: the (flexibility) models of the heat
pumps and µCHPs based on the two modeling approaches (multiple regression and
neural networks). To reflect on these results, Section 5.5 discusses the methods
used and provides a review of different heating system designs. Finally, Section 5.6
concludes this chapter by discussing the main chapter findings.

5.2 Pilot set-up

This section first describes the technology used to apply market based control.
Thereafter, the PMC architecture and the working principles of the smart heat
pumps and µCHPs are introduced in more detail.

5.2.1 The PowerMatcher technology

The smart grid pilot PMC consists of two phases. In phase-I, which was launched
in 2010, 25 households were involved [90]. Consequently, in phase-II, which started
in 2011, this number was scaled up to 40 households [91]. As the potential benefits
of DR are diverse and distributed among the different power system stakeholders,
a multi-objective multi-agent system (the PowerMatcher [14]) is applied, which
is market based. All players within this market affect the price forming process.
In the pilot, all devices are represented by an agent, which is entrusted with the
optimization of the device’s objective. Each time step, the agent defines a bid
curve, which indicates the allocated power for a given price range. Consequently,
all bids are aggregated and the market mechanism decides whether the devices are
turned on or off by communicating back the market clearing price, which is based
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on the equilibrium point:

A∑
a=1

Ba,t(λt) = 0 (5.1)

where Ba,t is the bid of the agent a during time t, A is the number of
participating agents, and λt is the market clearing price. Note that this price
signal, ranging from 1 to 50, does not represent a monetary value. Hence, it is
considered as a dimensionless control signal. An example of different bids, bid
aggregation and the corresponding market clearing price is shown in Fig. 5.1. In
this example, solely the load and generation of the heating systems is flexible as it
is price dependent, which is not the case for the household load and PV
generation.
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Figure 5.1. Examples of different bids and bid aggregation. The equilibrium point and
corresponding market clearing price (λt) are indicated in the aggregated bid. The

market clearing price is set to the minimum price that satisfies the condition expressed
by eq. (5.1).

5.2.2 A multi-objective pilot

Within PMC prices are influenced by signals sent by the energy supplier and the
DSO. Moreover, a Consumer Proposition (CP) is introduced that enables the
consumer to prioritize either sustainable or low-priced energy [91]. Fig. 5.2
provides a schematic overview of the applied architecture from the perspective of
the heating systems. First, the agent a defines a bid (Ba,t) based on the
programmed bid strategy and current fill level (FLa,t) of the water buffer that is
connected to either the heat pump or µCHP. This fill level, ranging from 0% to
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Figure 5.2. Schematic overview of the PowerMatching City architecture, from the
perspective of the heating systems (heat pumps and µCHPs).

100%, depends on the inside water temperature (Ta,t) and the temperature limits
(Tmin, Tmax):

FLa,t =
Ta,t − Tmin
Tmax − Tmin

· 100 (5.2)

The bid strategies of the heat pumps and µCHPs are illustrated in Appendix
D (Fig. D.1). The individual bid curves (Ba,t), which are defined by the agents
based on their bid strategies, are consequently transformed due to provided delta-
price signals (∆λa,t), coming from the DSO or the consumer itself (based on the
consumer proposition). Next, all transformed bids are aggregated, including the bid
of the energy supplier (Bsupplier,t), and the market clearing price (λt) is determined
based on eq. (5.1). To balance the influence of the involved stakeholders, all price
signals are subjected to weight factors: ωsupplier, ωDSO, ωCP . Finally, the load of
the devices (Pa,t) is based on the transformed bid curve (B∗

a,t) and the price (λt).

The effect of the current state (FLa,t) of the heating systems on the price
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is considered negligible, due to the effect of other smart appliances involved in
the pilot (such as: a limited number of washing machines, in-home electricity
storage and EVs), and due to the delta-price signals (∆λa,t), which are established
independently of the bid curves.

Further information on the pilot set-up and optimization strategies is provided
in [90] and [91], for pilot phase-I and II respectively. Furthermore, in [14] in-depth
information on the PowerMatcher is provided.

5.2.3 Smart heating systems: heat pumps and µCHPs

The division between heat pumps and µCHPs amongst the 40 participating
households in the PMC pilot is NHP=23 and NµCHP=17, respectively. The
installed heat pumps are air-source (air-to-water), which are used for base load
heating throughout the season [92]. Once, the temperature drops below 5°C the
heat pumps are switched off, and the installed gas-fired heater takes over. The
electric load of the heat pumps is 1 kWe, the thermal output depends on the
outside temperature but can go up to 4 kWh. Hot tap water demand is also
provided by the gas-fired heater, which has a thermal output of around 14 kWh

[92]. The objective of the heat pump agent is to minimize the costs of electricity
consumption, while ensuring the consumers’ thermal comfort. Hence, when the
price is high the heat pumps are likely to consume less and vice versa.

The µCHPs have an electric and thermal output of 1 kWe and 6 kWh,
respectively. Additionally, each µCHP has an internal gas-fired heater capable of
boosting up the thermal output with an additional 6 kWh [92]. The objective of
the µCHP agent is to maximize the income of electricity generation, while
ensuring the consumers’ thermal comfort. Hence, µCHPs are likely to produce
more when the price is high and vice versa.

Each heat pumps and µCHP is connected to a hot water buffer (capacity ranges
from 210 to 300 liter), which allows the heating system to be turned on or off
independent of the household’s heat demand, thereby providing flexibility.

The internal control of the heating systems is based on the requested fill level
(FLreqa,t ). If the current fill level is below the requested fill level, load is also allocated

(P alloca,t ), which typically means that the appliance will turn on. On the contrary,
if the current fill level is above the requested fill level, the appliance will turn of.
Each time step, the requested fill level is determined based on the price (λt) and
the appliance’s bid strategy. Next to the requested and current fill level (FLreqa,t ,

FLa,t), the price (λt), allocated and actual load (P alloca,t , Pa,t) are collected and
stored each time step, i.e. every 5 minutes. An example of the stored data for the
heat pump and µCHP is shown Appendix D (Fig. D.4 and D.5).

In [92] information on the heat pump and µCHP installations is provided and
the design of the agents’ bid strategies is described in more detail. To provide more
insight into the installations, Appendix D shows the installation set-ups (Fig. D.2)
and illustrates the hydraulic schematics of the heatings systems (Fig. D.3).
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5.3 Methods to evaluate pilot results

To evaluate the practical flexibility of the heating systems based on the pilot
results, a data-driven approach is proposed that solely uses DR-event data.
Hence, this overcomes the need for reference data for the evaluation of the effects
of the automated control. Flexibility is defined as the effect of the smart grid
control signal (the PowerMatcher price (λ)) on the load.

Much is already known about the behavior of load without DR, e.g. load
forecasting techniques generally consider the impact of time and weather variables
on the load [79, 88, 89, 93, 94, 95, 96, 97]. Load profiles with DR also depend
on these variables, but in this case the flexible part of the load is expected to be
influenced by the control signals used to stimulate DR as well. Therefore, the load
of the heating systems (Pt) is considered a function (f) of the time (hour of the
day (H) and day of the week (Day)), weather circumstances (temperature (TMP ))
and the control signal (PowerMatcher price (λ)):

Pt = f(H,Day, TMP, λ) (5.3)

The relation between the load and these variables is modeled using the measured
pilot data and load forecasting techniques. Using this approach, it becomes clear
what is the relationship between the change in load and the factors that evoke that
change.

As discussed in Chapter 3, when using a modeling approach to evaluate the
effects of DR it is important to carefully consider the variables included in the
model, the assumed relations between the load and these variables and their
interaction effects. This is because the results are subject to these inputs.

To consider the sensitivity of the results towards the modeling approach, two
types of load forecasting techniques are applied to model the response of the load
to the variables: (i) multiple regression, and (ii) Artificial Neural Networks
(ANNs). These approaches are often applied in the field of load forecasting, to
typically model the behavior of the load without DR
[79, 88, 89, 93, 94, 95, 96, 97]. This chapter adds to the literature by describing
and illustrating the use of these methods to model the load in a smart grid
environment.

To find the most fitting model to evaluate the flexibility of the heating systems
both models are compared in the end based on their prediction performance and
the modeled relations between the control signal and the load. Hence, next to
insight into the heating systems’ flexibility, the results in this chapter also provide
insight into the use of multiple regression and ANNs to quantify flexibility based
on smart grid pilot data.
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5.3.1 Multiple regression

In the field of load forecasting there are various techniques such as: multiple
regression, ANNs, fuzzy logic, support vector machines, various hybrid
approaches, and numerous others. An overview of the different techniques,
including suitable references is provided in [88, 89], and [95]. One of the earliest
and widest applied technique is multiple regression. Multiple regression curve
fitting determines a function that passes through the data points, with the
objective to minimize the Root Mean Square Error (RMSE) between the
function and the data points. Multiple regression is an extension of linear
regression, as two or more predictor variables are included in the model. The
generic forms for multiple regression and the RMSE are as follows:

P̂t = β0 +

p∑
i=1

βiXi,t + ε ∀t = 1...n (5.4)

RMSE =

√∑n
t=1(Pt − P̂t)2

n
(5.5)

where β0 and βi are the parameters that are determined by the regression
analysis, Xi the predictor variables, p the total number of predictor variables,
ε the independent normally distributed random error variable N(0, σ2), and P̂t
the predicted value of the measured variable Pt during time t, and in total n
measurements are considered. Although, the parameters in eq. (5.4) are modeled
linear, the variables can be transformed to enable nonlinear predictions. Following
the standard statistical terminology the output P̂t is referred to as the prediction,
even if the events occurred in the past.

The advantage of multiple regression is that it is parsimonious and allows for
unambiguous interpretation of the results [88], which is critical for understanding
the underlying relations and developing an accurate model. Especially when it
comes to the complexity of modeling flexibility, getting insight into the (inter-
)relations between the input and output variables is considered valuable. Moreover,
these characteristics prove useful when it comes to the selection and transformation
of input variables and their interaction effects1. A model should contain a relatively
low number of variables which contain enough relevant information to achieve a
satisfactory level of prediction accuracy [97]. Using too many input variables can
lead to overfitting2 and increases computational complexity [97]. To this end,
explorative data analyses are used to assess the effect of individual input variables,
the transformation of variables and their interaction effects. To select the final set
of input variables various regression models are designed and compared based on
their prediction performance.

1An interaction effect between variables means that the impact of one depends on another.
2Overfitting means that the model describes random errors or noise instead of underlying relations.
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5.3.2 Feed-forward artificial neural networks
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Figure 5.3. Illustrations of FFANNs. (a) Network that contains no hidden layers and
uses a linear transfer function. (b) Network that contains one hidden layer in which the

neurons use a hyperbolic tangent-sigmoid transfer function.

An ANN is a network that consists out of elementary nodes, so-called neurons.
These neurons are organized in layers, which are interconnected by weights (ω and
υ). These weights are adjusted through training of the network. The advantage
of an ANN is that it allows for complex nonlinear relations between the response
variable and its predictors [89].

The design of the ANN is based on the approaches that are frequently applied
in the literature [89, 95, 96, 97]. The network is trained using the Levenberg-
Marquardt optimization algorithm, with the objective to minimize the RMSE
[98]. The training is done in batch mode, meaning that the weights are defined
based on the entire dataset that is used for training. Within the network, there
is a one-directional flow of information, referred to as feed-forward. The working
principle of this Feed-Forward ANN (FFANN) is illustrated in Fig. 5.3.

When assuming that a FFANN has no hidden layers and a linear transfer
function (Fig. 5.3(a)), this network is equivalent to a multiple regression model.
However, when adding a single hidden layer with H number of hidden neurons
indicated by j with a hyperbolic tangent-sigmoid transfer function (S), the ANN
becomes nonlinear (Fig. 5.3(b)). The generic form for this type of network is as
follows:

P̂t =

H∑
j=1

υjSj(

p∑
i=1

ωj,iXi,t + ωj,0) + υ0 + ε ∀t = 1...n (5.6)

s.t.

S(x) = tansig(x) =
2

1 + e−2x
− 1 (5.7)
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Similar to the number of input variables, the number of neurons in the hidden
layer of the above described FFANN (Fig. 5.3(b)) must be carefully chosen. Too
few neurons can lead to underfitting, while increasing the number can lead to
overfitting. Therefore, an iterative approach is applied in which the effect of
increasing the number of neurons on the RMSE is used for selection.

5.3.3 Relevant data

In Table 5.1 all relevant measurements are listed. The load is modeled using the
load measurements (Pa,t, P

alloc
a,t ), the price (λ) as well as temperature (TMP )

measurements. For the analysis the data from a period of 16 months is used (01-
Nov-2013 till 01-Apr-2015, n=139,968). Hence, seasonal fluctuations are included
in the data. Due to communication errors within the µCHP control unit, the
measured load (Pa,t) is found to inaccurately reflect the desired µCHP behavior3.
To overcome this problem, the µCHP model is defined based on P alloca,t . As a
consequence of the communication errors, the fill level became less dependent on
the price, which is expected to negatively effect the flexibility available4.

Table 5.1. Relevant measurements.

Symbol Unit Description

P Wh/5min The measured heat pump (NHP=23) or µCHP
(NµCHP=17) load, output of an electric energy meter.

Palloc Wh/5min The allocated load (based on FL and FLreq).
FL % The fill level of the connected water buffer (capacity ranges

from 210 to 300 liter).
FLreq % The requested fill level of the water buffer (depends on the

device’s bid strategy and λ).
λ - Unit-less price signal, ranging from 1 to 50.
TMP °C Hourly temperature*.

*Data measured by the Royal Meteorological Institute (KNMI) at weather station Eelde
(www.knmi.nl). To account for 5-min. temperature fluctuations a moving average filter
with a span of 12 (60 min./5min.) is applied.

5.3.4 Data split

To enable model performance evaluation, the data is split into a training, validation
and test dataset. The training data is used to generate the models. In case of
the FFANN, the validation data is used to prevent overfitting while training the
network [98]. Consequently, the test data is used to assess the models’ performance.
All data points are randomly divided into three groups: 70% is used for training,
15% for validation and 15% for testing. This 70/15/15-division is commonly applied
[98]. Random data division ensures that the datasets follow a similar probability

3This is also illustrated in Appendix D (Fig. D.5), where µCHP load occurs while FLa,t>FL
req
a,t .

4The µCHPs were more often turned on when this was not requested by their agent, instead of
the other way round.

www.knmi.nl


78 5. PowerMatching City

distribution. Considering the number of measurements (n=139,968), it is assumed
that all datasets contain enough data points.

5.4 Results

The result section is subdivided into three different subsections, covering (i) the
results of the multiple regression model, (ii) the results of the FFANN, and (iii) a
comparison of both models, based on the models’ prediction accuracy.

5.4.1 Multiple regression

Explorative data analysis

As a first step, the selection of input variables for the multiple regression model is
evaluated. Next, based on literature review [79, 88, 89, 93, 94, 95, 96, 97], expert
knowledge and explorative data analyses the interaction and transformation of
variables is considered.

As defined in eq. (5.3) the heat pump and µCHP load is modeled as a
function of time (H, Day), temperature (TMP ) and price (λ). In the regression
model, the time variables are qualitative predictor variables, also referred to as
dummy variables. Using the values 0 or 1, they identify the category to which the
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Figure 5.4. Average µCHP load (top) and heat pump load (middle) versus the measured
temperature (scaled back to one households), and the corresponding number of

measurements (bottom).
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variable belongs, e.g. Day=1 indicates weekend days, while Day=0 refers to
weekdays. The hourly variables (H) deal with differences related to occupant
behavior which results in a different load each hour of the day. As the hours in
weekend- and weekdays may result in a different load due to different human
activities, the interaction between Day ·H is included in the model.

Evidently, the load of the heating systems is temperature dependent. In Fig.
5.4, the heat pump and µCHP load is plotted against the temperature. The heat
pump load decreases once the temperature drops below 10°C. As stated before,
the installed heat pumps are switched-off once the temperature drops below 5°C,
in which case the installed gas fired heater takes over. The relation between load
and temperature is best modeled when considering the 3rd order polynomials of
the temperature, this is in-line with the relation often found in the literature [93].
Furthermore, as the temperature effects differ per hour, the interaction between
both variables is considered (TMP ·H).

As stated in Section 5.2, the control of the heat pumps and µCHPs is based
on the bid strategy that is maintained by their agents. When studying the
relation between the load and the price, it is relevant to take these bid strategies
into consideration. The objective for the heat pumps is to minimize the costs of
electricity consumption, while that of the µCHPs is to maximize the income of
electricity generation. Thus, if the price is high heat pumps are likely to consume
less and µCHPs to generate more. As shown in Appendix D (Fig. D.1) and
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Figure 5.5. Average µCHP and heat pump load versus the price. Due to differences in
the delta-price signal per appliance, the number of corresponding measurements slightly

differs for the µCHPs and heat pumps.
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described in more detail in [92], the programmed bid strategies are linear
dependent on the fill level and the price.

Based on the programmed linear bid strategies, a relation between the load and
the price is expected. To get insight into this relation the load is plotted against
the price in Fig 5.5. The effect of the price is found to differ per hour (interaction
effect: H · λ), and is best modeled in a linear manner.

Final model

The effect of including the previously studied variables in the multiple regression
model is evaluated by means of the RMSE. In different steps the model is extended
by including the (transformed) variables H, Day, TMP , and λ, respectively.

To assess the performance of these various models a benchmark model is defined
to serve as a reference for the prediction accuracy. This benchmark model is an
autoregressive model which predicts the load using solely the load of the previous
day as an input (Pt−288)5 [88]. The results of the various models are shown in Fig.
5.6. The model with the lowest RMSE is selected as a final model. This is model
that considers all variables, to predict the load as follows:

P̂t = β0 +

24∑
h=1

βTMPh
·Hh,t · TMPt +

24∑
h=1

βTMP2
h
·Hh,t · TMP 2

t +

24∑
h=1

βTMP3
h
·Hh,t · TMP 3

t +

24∑
h=1

βDayh ·Hh,t ·Dayt +

24∑
h=1

βλh ·Hh,t · λt + ε (5.8)

∀t = 1...n
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Figure 5.6. RMSE (based on the test dataset) of different multiple regression models.
The benchmark autoregressive model f(Pt−288) is compared to the models that include
the variables H, Day, TMP , and λ in a stepwise manner. The differences indicate the
added value of the extra input variables. The best found model considers all variables:

f(H,Day,TMP ,λ).

5One day contains 288 5-min. time steps.
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Practical flexibility of heat pumps and µCHPs

The flexibility of both devices is captured in the multiple regression model defined
in eq. (5.8). The flexibility is reflected by the parameters (βλh) connected to the
price. Each time step t, the model can be used to estimate the effect of the price
on the load, i.e. the available flexibility.

Obviously, the resulting model is subject to the design of the price signal in
the PMC pilot. However, in the interest of obtaining insight into the flexibility,
the model is used to simulate a situation with minimum and maximum prices,
respectively. The results, which are shown in Fig. 5.7 are considered valuable for
understanding the dynamic behavior of the load and the degree of flexibility in it.
However, it should be noted that the results are based on extrapolations and hence
are sensitive to overestimations.
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Figure 5.7. The results of the multiple regression model for the heat pump and µCHP
(scaled back to one household). The flexibility (load increase and load decrease) is
visualized by means of simulating a situation with minimum and maximum prices.
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5.4.2 Feed-forward artificial neural network

Final model

The final selection of variables used for the multiple regression model
(H,Day, TMP, λ) is used as input for the FFANN as well. As ANNs can handle
continuous variables, H and Day are no longer presented as dummy variables.
Similar to the selection of input variables, the number of neurons in the hidden
layer must be carefully chosen. To assess the impact of the number of neurons on
the model’s performance, an iterative approach is applied. Each step, the number
of neurons is increased by 1 and the RMSE is determined subsequently. To
account for the effect of the random setting of the initial weights [98], each step
10 different models are defined. The fluctuation in the average value of the
RMSE (i.e. δRMSE) and the value itself are used as selection criteria.
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Figure 5.8. The RMSE (based on the heat pump test dataset) of FFANNs with a
different number of neurons in the hidden layer. The difference in the average RMSE

per step is (δRMSE) is shown below.

As can be concluded from Fig. 5.8, once the number of neurons reaches six
the RMSE becomes quite stable. Still, increasing the number to 21 improves the
RMSE. As the objective is to minimize the RMSE, this number is selected.
However, further optimization of the number of neurons is possible, in which case
it is recommended to consider the effect of the number of neurons on the RMSE
as well as on computational complexity and as a result computational time.
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Practical flexibility of heat pumps and µCHPs

Similar to the multiple regression model, the flexibility is captured in the FFANN.
In this case, the flexibility is reflected by the various weights connected to the price
signal. Each time step t, the FFANN can be used to estimate the effect of the
price on the load, i.e. the available flexibility. Again, a situation with minimum
and maximum prices is simulated to visualize the flexibility. The results of the
10 different models (to account for the random setting of the initial weights) are
plotted in Fig. 5.9. In the next section the average of the 10 models (Fig. 5.10) is
used to assess the performance of the FFANN.
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Figure 5.9. The results of 10 different FFANNs plotted on top of each other for the heat
pump and µCHP (scaled back to one household). The flexibility (load increase and load
decrease) is visualized by means of simulating a situation with minimum and maximum

prices.

5.4.3 Performance evaluation and comparison of both models

To evaluate the forecast accuracy of both models, the RMSE, defined in eq. (5.5),
is used as a performance measure. Using the RMSE as a performance measure is
in-line with the modeling approaches used to determine the coefficients and weights
for the multiple regression model and FFANN. The results are listed in Table 5.2.
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Table 5.2. Results of both models based on the test dataset.

Model Heat pumps/µCHPs RMSE [Watt]

Multiple regression* Heat pumps 74.55
FFANN* Heat pumps 68.35
Multiple regression* µCHPs 94.96
FFANN* µCHPs 91.82

*For an accurate model, the residuals should follow a normal distribution with
a mean equal to 0. The results of a one sample t-test supports that this is the
case, N(0, σ2).

In comparison to the average daily load profile of the heat pumps and µCHPs
(Fig. 5.7 and 5.9) the values of the RMSE are considered relatively high compared
to the results in the literature (e.g. [93, 97]). This is a consequence of the stochastics
of the load, which effect the forecast accuracy. Due to the limited number of
appliances and the high measurement resolution (per 5 minutes), the load variance
is relatively high. It is assumed that the difference in the number of appliances
between the heat pumps (NHP=23) and µCHPs (NµCHP=17) also explains the
mutual difference in the RMSE.

In both cases, the FFANN outperforms the multiple regression model, the
RMSE is reduced by 8% and 3% for the heat pump and µCHP model,
respectively. As stated before, the main advantages of multiple regression is that
the model contains a relatively low number of variables while achieving a
satisfactory level of prediction accuracy, which allows for unambiguous
interpretation of the results. Especially when it comes to the complexity of
modeling flexibility, getting insight into the (inter-)relations between the input
and output variables is considered valuable. The advantage of the FFANN on the
other hand, is that it allows for complex nonlinear relations between the input
and output variables. Hence, some relations that are not considered or
oversimplified in the multiple regression model might be better captured in the
FFANN. As a result, the FFANN outperforms the multiple regression model in
terms of forecasting accuracy.

To gain more insight into the differences between the multiple regression
model and the FFANN, their flexibility models are compared in Fig. 5.10. It can
be observed that in general both flexibility models show a high similarity. The
main difference is that the modeled flexibility is mostly asymmetric in case of the
FFANN, this can be observed by a difference in the potential to increase or
decrease the load. For example, during the midday the multiple regression model
indicates an equal amount of flexibility being available for load increase and
decrease. In contrast, the FFANN indicates that there is more flexibility available
for load increase (or generation decrease) than load decrease. Considering the
difference in the performance of both models (RMSE listed in Table 5.2), the
asymmetry in flexibility indicated by the FFANN is expected to better reflect
reality.
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Figure 5.10. Comparison of the results of the multiple regression model and the FFANN
used to predict the heat pump and µCHP load and flexibility (scaled back to one

household). The FFANNs are based on the average of the 10 different models.

Based on these results, it could be possible to improve the multiple regression
model by allowing for nonlinear transformations of the price. However, due to the
interaction between the price and the time of the day, this would require individual
optimizations for each hour of the day and possibly day of the week. Considering
the required time and computational complexity of such optimizations using a
FFANN is preferred over multiple regression.

Finally, based on the average results shown in Fig. 5.10, it can be concluded
that both the heat pump and µCHP have a considerable amount of flexibility
available, especially during the day. On average, the heat pump has 102 Watt of
flexibility power, while the µCHP has 79 Watt (based on results of the FFANNs).
Relative to the average Dutch household load nowadays [84], this corresponds to
16% and 12%, respectively. However, this flexibility fluctuates over time, as it is
subject to occupant behavior and weather circumstances. To define flexibility per
time step, the developed load models should be used.
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5.5 Reflection on the flexibility of heat pumps and
µCHPs

To reflect on and generalize the results, this section first discusses the effects of
design of the PMC pilot and the method used to visualize the flexibility based on
the model results. Consequently, the effects of the heating system design on the
heat pump and µCHP flexibility is discussed.

The approaches used to quantify flexibility provide insight into the effect of the
smart grid control signal (PowerMatcher price) on the load. This effect depends
on time and weather variables. Furthermore, the results depend on the design
of the control signal used in this specific pilot set-up: the behavior of the load
was subject to the price profile applied. To visualize the flexibility, the results
were extrapolated by simulating a situation with minimum and maximum prices.
These predictions are considered of value for understanding the behavior of the
load and the degree of flexibility herein. However, the approach is sensitive to
overestimations of the flexibility. In contrast to the multiple regression model (in
which the relation between load and price was modeled linear) the FFANN (with
its nonlinearity) can handle flexibility depletion effects that might occur in case of
maximum or minimum prices, thereby the risk of overestimations is mitigated. To
test such effects a wide range of prices was used during the pilot. The distribution
of prices is illustrated in Appendix D (Fig. D.6). Based on the similarity between
the both flexibility models (Fig. 5.10), both flexibility estimates are considered
representative for the flexibility in this specific pilot set-up. Although, as mentioned
before, the FFANN is expected to better reflect reality.

Next to the dependency on the control settings, the flexibility of heat pumps and
µCHPs is subject to the household heat demand and design of the heating system.
To get insight into these latter dependencies the effects of different heating system
designs on the load (and the degree of flexibility herein) are discussed.

5.5.1 Household heat demand and type of heating system

Firstly, the load and the degree of flexibility of a heating system is subject to the
household heat demand (i.e. space heating and/or hot tap water demand). In
general, heat demand depends on the weather circumstances, the type of house,
the degree of insulation, as well as the number of residents and their behavior
[99]. The thermal capacity of a heating system is generally dimensioned to meet
the worst-case heat demand, which is typically during cold days6. Next to the
required thermal capacity, the type of heating system that is installed depends on
its efficiency and costs, as well as local circumstances7 and consumer preferences.
Nowadays, most Dutch households are equipped with a gas-fired heater, which

6Traditional gas-fired heaters are typically dimensioned based on the instantaneous supply of hot
tap water demand. Therefore, they could be considered as over-dimensioned for space heating.

7The possibilities to install certain technologies (e.g. an aquifer, floor heating system or hot water
buffer) depend on local circumstances.
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provides space and hot tap water heating. To increase energy efficiency, the number
of heat pumps and µCHPs is increasing.

Ground-source heat pumps

In newly built residential areas ground-source heat pumps are nowadays often
applied. Since new buildings are generally well-insulated, installing ground-source
heat pumps is considered most energy efficient [99]. When ground-source heat
pumps are applied, a gas grid is typically not installed in these areas. To ensure
that the thermal output of the heating system is dimensioned to meet the
worst-case space heat demand, it is generally most cost efficient to install a
back-up resistive heating element. Additionally, to meet the hot tap water
demand, a hot water buffer is generally required, since the heat pump’s thermal
output is usually not sufficient to instantaneously supply the demand for hot tap
water.

Air-source heat pumps

In existing buildings it is generally difficult to install a ground-source heat pumps
[100]. Therefore, if a heat pump is installed, this is typically an air-source heat
pump. As in most cases a gas-fired heater is already in place, using a hybrid
installation is likely to be most (cost) efficient [100]. In case of a hybrid installation,
the air-source heat pumps is used for base load heating, while the gas-fired heater
is used to meet the peaks in heat demand (incl. hot tap water demand). The air-
source heat pumps installed in the PMC pilot were also combined with a gas-fired
heater as well as a hot water buffer.

µCHPs

To increase energy efficiency in existing buildings another option is to install a
µCHP. In case of a µCHP it is generally most (cost) efficient to use the µCHP
itself for base load heating and install an additional gas-fired heater and/or hot
water buffer to boost up the thermal output in order to meet the peaks in heat
demand (incl. hot tap water demand) [101]. To this end, the µCHP installations
in the PMC pilot also included an additional gas-fired heater and hot water buffer.

5.5.2 Flexibility of different heating systems

Generally, the heating processes of heat pumps and µCHPs are controlled based
on the preferred temperature, which is set by the residents8. Based on this
temperature, minimum and maximum temperature boundaries are defined (Tmin,

8In case of air-source heat pumps and µCHPs temperature limits generally fluctuate throughout
the day, depending on the residents’ preferences. In case of ground-source heat pumps a stable indoor
temperature is generally maintained as this is most energy efficient in well-insulated buildings.
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Tmax). Heating processes generally start and stop based on these boundaries.
This is schematically illustrated in Fig. 5.11 (uncontrolled load).
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Figure 5.11. Schematic illustration of the flexibility of the heating systems based on the
temperature boundaries (Tmax, Tmin). Using a hot water buffer to store heat could be

considered as stretching the upper temperature boundary.

When considering the building as a buffer, the indoor temperature and the
corresponding temperature boundaries could serve as an input to control heating
processes within these temperature boundaries. In this case, the load of the heating
systems becomes flexible and could be controlled using a similar control strategy
as applied in the PMC pilot. This principle is schematically illustrated in Fig. 5.11
(controlled load).

The available flexibility is subject to the duration of heating and cooling
processes, as the maximum time to shift heating processes in time depends on
these durations, which are indicated by (A) and (B) in Fig. 5.11. The duration of
heating and cooling processes in turn depends on the thermal capacity of the
heating system and the building’s heat demand, respectively. In general the
duration of these processes increases if houses are well-insulated. Effectively, the
use of hot water buffers to store heat also increases the duration of these
processes. This is also schematically illustrated in Fig. 5.11 (heating processes in
gray versus black).

Next to the time available to shift heating processes in time, flexibility
depends on the electric load and generation (kWe) of the heat pumps and
µCHPs, respectively. Illustrated by (C) in Fig. 5.11. Based on a review of
potential applicable heating systems for the different houses in the Netherlands in
[99] and [100], it is expected that in most cases the electric capacity of heating
systems is likely to be 1 kWe or higher. Especially in case of the ground-source
heat pumps, the load is expected to be higher.
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In the PMC pilot, hot water buffers with a relatively high capacity were
installed. Therefore, the measured flexibility relative to the absolute load is
expected to be positively effected. On the other hand, other control strategies
could be used to further exploit the potential flexibility of these heating systems.
For example, only the temperature inside the water buffer was used to (smart)
control the load, using the temperature boundaries within the building itself
could further increase the flexibility. Furthermore, the switching-off of the hybrid
air-source heat pumps and µCHPs could even be decoupled from the temperature
boundaries, as in this case the additional gas-fired heater could completely take
over (if well dimensioned) [100]. This could be interesting for example in case of
continuing extreme high prices (for the case of the heat pump).

In case of a ground-source heat pump, it is likely that the heat pump itself
is dimensioned to continuously run throughout cold days. As a result there is no
flexibility available in the heat pump load during these days. However, in this
case the load of the resistive heating elements is expected to be flexible9. Again,
the flexibility of these heating elements could be controlled in a similar way as
illustrated in Fig. 5.11.

In addition to the heat pump or resistive heating element load for space heating,
flexibility in the load for hot tap water provision could be used as well. As a water
buffer is typically installed for hot tap water provision, which is generally also
controlled based on temperature boundaries, a similar control strategy as applied
in the PMC pilot could be used to exploit the flexibility of the heat pump load for
hot tap water.

Finally, ground-source heat pumps are generally also used to provide cooling
demand during the summer. These cooling processes could be controlled in a
similar way as heating processes (see Fig. 5.11). Hence, controlling heat pump
cooling processes results in additional flexibility during the summer months.

To conclude, the expected load and flexibility of (future) heating systems, is
to a great extent subject to the heat demand, type of heating system and the
dimensioning of its different elements. However, regardless of the type and design
of the heating system installation, it is argued that there is flexibility available in
the load and generation of heat pumps and µCHPs, respectively. With limited
practical results available regarding the flexibility of heat pumps and µCHPs (as
was concluded based on the literature review in Chapter 3), the measured flexibility
in this chapter provides a good first insight into the degree of flexibility of heat
pumps and µCHPs. The relative high capacity of the hot water buffers in the PMC
pilot potentially overestimates the flexibility with respect to the flexibility available
in future systems. On the other hand, control strategies could be expanded to
increase flexibility of the heating systems and in case of the ground-source heat

9In case of worst-case situations, back-up resistive heating elements are expected to not run
continuously. As in this case temperature boundaries are expected to be exceeded during certain
moments in time, since heat demand fluctuates over time (due to outside temperature fluctuations
and residents’ behavior). Hence, if a resistive heating elements runs continuously the heating system
is considered under-dimensioned.
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pump flexibility could be increased by also controlling the heat pump load for hot
tap water.

5.6 Conclusions

In the future, flexibility in residential electricity demand is expected to increase,
due to an increase in the penetration of energy efficient technologies. In the
Netherlands, the number of heat pumps and µCHPs that replace gas-fired heaters
is increasing. For existing buildings, air-source heat pumps and µCHPs offer a
suitable solution, while in many new buildings ground-source heat pumps are
installed [31].

Using the thermal capacity of houses and -if available- hot water buffers, heating
processes can be shifted in time, while ensuring the residents’ thermal comfort. This
results in flexibility in the load and generation of the heat pumps and µCHPs,
respectively. However, literature results regarding the practical flexibility of these
appliances are still limited. This chapter adds to the literature by analyzing the
practical flexibility of heat pumps and µCHPs based on the results of the Dutch
smart grid pilot PowerMatching City.

In this chapter first the PMC pilot set-up was introduced. In the pilot, market
based control was applied to use the flexibility of air-source heat pumps and
µCHPs. As multiple stakeholders were involved, a multi-objective multi-agent
system was used, the PowerMatcher [14]. Using automated DR, the smart
appliances automatically responded to the price signal that was generated by the
PowerMatcher.

Consequently, using a data-driven approach, the results of PMC were used
to quantify the flexibility of the heat pumps and µCHPs installed in the smart
grid pilot. To address the complexity of quantifying flexibility in a smart grid
environment, both multiple regression and FFANN were used to model the load as
a function of time, weather circumstances and the smart grid control signal (the
PowerMatcher price). Both these techniques are often applied to model the load in
situations without DR, however little is known about the (dis-)advantages of using
these approaches to model load and flexibility based on smart grid pilot data.

Multiple regression proved to be useful for the development of an accurate
model and understanding the underlying relations between input and output
variables. However, the FFANN outperformed the multiple regression model in
terms of forecasting accuracy. This is expected to be a consequence of the ability
of a FFANN to better capture the asymmetry of flexibility, by using nonlinear
relations between the various input and output variables. The differences between
both load models, including this asymmetry in flexibility, became apparent when
using the models to visualize the heat pump and µCHP flexibility. In general,
both devices have a considerable amount of flexibility available, especially during
the day. The resulting load models can be used to estimate the effect of the price
on the load, i.e. the flexibility, during each time step. This is considered valuable
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for developing and optimizing DR strategies and assessing the economic value.

The developed load models could be expanded by considering additional
input. For example, the price(s) from the previous time slot(s) could be included
as input as well. This could improve the model as in this case the effect of the
energy payback effect (explained in Chapter 3) on the load and flexibility might
be handled in a better way by the model. However, considering the high variance
in the data (due to limited sample sizes), adding these extra variables (including
their interaction effects with time variables), likely leads to overfitting. In case
more data is available, these variables could easily be considered in the FFANN.
Adding these extra variables in the multiple regression model is also possible, but
is more complex, as this requires individual optimizations for the (different)
historical price(s), each hour the day and possibly day of the week.

To reflect on and generalize the results, the effect of the heating system design
on the heat pump and µCHP flexibility was discussed. It was argued that the
expected load and flexibility of heating systems is to a great extent subject to the
household heat demand, type of heating system and the dimensioning of its different
elements. In case of an air-source heat pump and µCHP often an additional gas-
fired heater is installed to boost-up the thermal output, while in case of ground-
source heat pumps a resistive heating element and a hot water buffer are used
to boost-up the thermal output for space- and hot tap water heating. It was
explained that in any case hot water buffers can be used to increase the flexibility.
Consequently, using a similar strategy as applied in the PMC pilot, the flexibility
of these buffers could easily be exploited. The relatively high capacity of the hot
water buffers in the PMC pilot potentially overestimates the flexibility with respect
to the flexibility available in future systems. However, the applied control strategy
could be expanded to increase the flexibility of the heating systems and, in case of
ground-source heat pumps, flexibility could be increased by also controlling the heat
pump load for hot tap water. So regardless of the type and design of the heating
system installation, it is argued that there is flexibility available in the load and
generation of heat pumps and µCHPs, respectively. With limited practical results
available regarding the heat pump and µCHP flexibility, the measured flexibility
in this chapter provides a good first insight into the degree of flexibility of these
heating systems. As the methods used to quantify flexibility in this chapter are
generic, they can be used to quantify and compare the results of other (future)
field tests as well.
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Chapter6
Evaluation of demand response

benefits from a power system
perspective

6.1 Introduction

As a consequence of the energy transition, the traditional power system faces
several challenges. Due to the increase in renewables, generation becomes
increasingly dependent on weather conditions. As a result, the volatility of
electrical energy prices is increasing. Furthermore, due to the electrification of
residential energy demand for heating and transportation, peak loads are
expected to increase, requiring both grid and generation capacity. However, the
electrification of energy demand is both a challenge and an opportunity, as
flexibility at the demand side is expected to increase. Using Demand Response
(DR) this flexibility can be used to shift load in time, which can be beneficial for
the various power system stakeholders. To support decision-making for the
large-scale implementation DR insight into the prospects and long-term value
creation is essential. Evidently, the benefits of DR strongly depend on the
flexibility available. Therefore, in the second part of this thesis, the results of two
Dutch field tests were used to evaluate the flexibility in residential electricity
demand. Using this flexibility as an input, the third part of this thesis focuses on
the assessment of DR benefits.

In general, DR can be used to reduce the costs for the transmission and
distribution, as well as the generation of electricity. To this end, the distinction
between the grid value and energy market value was made in Chapter 2. To
assess both the grid and energy market value of DR, a methodology is developed

This chapter is based on:
E. A. M. Klaassen, R. J. F. van Gerwen, J. Frunt, and J. G. Slootweg, “A methodology to assess
demand response benefits from a system perspective: a Dutch case study,” Utilities Policy, 2016
(second round of review).
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in this chapter to model the long-term benefits from a system perspective.
Within this model three different DR strategies can be used to optimize the
flexible load available in residential areas, i.e: (i) grid based, (ii) energy market
based, and a combined strategy (iii) energy market based with capacity constraints.
Studying these three different strategies puts the potential DR benefits in
perspective to each other, as well as to the total future power system costs. The
practicality of the methodology is demonstrated in Chapter 7 using the
Netherlands as a case study.

Firstly, in Section 6.2 an overview is provided regarding the different models
used in the literature to quantify the benefits of DR. Then, Section 6.3 introduces
the general modeling structure. Next, Section 6.4 and 6.5 present the grid and
energy market model used to assess the grid and energy market value,
respectively. The different DR strategies that can be applied within the model are
explained in Section 6.6. Finally, the conclusion and discussion (Section 6.7 and
6.8, respectively), are used to summarize and reflect on the methodology
proposed in this chapter.

6.2 Related work

The energy transition as well as technological progress drive the increasing
integration of ICT in the current grid and hence the transformation towards the
so-called ‘smart grid’. As discussed in Chapter 2 the term smart grid covers a
variety of topics, ranging from the introduction of new technologies to the
development of new products and services that utilize these. These topics have in
common that their broad objective is to increase the efficiency and reliability of
power system operation [37]. To this end, the smart grid also comprises the smart
meter roll-out [17], which paves the way for the introduction of DR.

There are various goals that can be achieved through a smart grid -or more
specifically DR- which can be beneficial to various stakeholders. These different
categories of benefits and beneficiaries are also identified in the frameworks
developed by the DOE [11], EPRI [102] and JRC [103, 104] on assessing the
impact of smart grids and smart meters. To quantify different benefit categories,
these frameworks provide guidelines to tailor assumptions to the local conditions
in smart grid pilots. In this chapter, a system perspective is proposed to model
and quantify the potential benefits of DR. The benefits are divided into (i) the
energy market value and (ii) the grid value. As discussed in Chapter 2 in a
liberalized power system these benefits can generally be assigned to two main
stakeholders, i.e. the energy supplier and the (local) grid operator1. The disunity
in benefits amongst these different stakeholders is also found in the literature,
where the focus is either on the market or grid side. Due to modeling complexity
these two categories are so far mainly studied separately.

1The term (local) grid operator, refers to the transmission and distribution system operators. In
Chapter 2 an overview and description of the power system organization is provided.
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According to individual studies DR can create significant value for both the
energy market and the grid. However, it can be expected that the different DR
strategies applied in these studies can sometimes be in conflict. For example, using
flexibility in residential areas to profit from low energy prices can lead to higher
peaks in the local distribution grid [50]. This misalignment is expected to further
increase with the increase in renewable generation. Hence, when consulting the
literature it is hard to get a grip on what could be the potential DR benefits from
an overall system perspective. Therefore, it is argued that an integrated system
approach is required to assess the potential long-term DR benefits [105, 106]. This
chapter aims at filling the knowledge gap between the existing models used for
the quantification of DR benefits for the energy market on the one hand and for
the grid on the other hand. The focus is not on replacing these models, but on
combining them in order to acquire insight into the distribution and sum of the
benefits from a system perspective.

6.2.1 Energy market value

On the one hand, the energy market value, is generally assessed by optimizing
flexible load day-ahead to minimize generation operational costs. To quantify the
potential energy market value of flexible loads and storage systems, historical day-
ahead market prices were used in [107, 108, 109]. In this case, a price-taker approach
is used, which assumes that market prices are unaffected by DR. To overcome this
assumption and to consider future developments in the generation portfolio, the
(future) generation portfolio is used in [46, 47, 48, 49] to assess the market value
of DR. To quantify DR effects in [46] and [47] a unit commitment model is used,
while in [48] and [49] the supply curve is used, which is based on the marginal costs
of the generation portfolio.

6.2.2 Grid value

On the other hand, the grid value is generally assessed by optimizing flexible loads
to minimize costs related to grid capacity and losses. To quantify the potential
grid value of DR, flexibility is used to flatten the load in [42, 43, 44, 45]. In [43]
the sum of capacity costs that can be avoided due to DR is quantified, while in
[42] and [44] the avoided costs for different network components are specified. The
potential reduction in losses due to DR is quantified in [44] and [45], in the latter
the reduction in losses is also monetized.

6.2.3 Power system perspective

Next to the above mentioned scientific literature, recently some (commercial)
simulation tools were developed to assess the impact of certain scenarios on
(mainly national) power systems. Although these models provide limited insight
into methods applied, inputs used and optimization strategies implemented, they
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do provide insight into the order of magnitude of the benefits of DR. For example,
in [110] and [111] the potential of DR is studied for the case of the Netherlands.

In this chapter, a methodology is developed which captures all the main costs
related to the power system, by simulating the energy market and grid level
loads. Since these costs heavily depend on future developments, a scenario-based
approach is employed. The scenarios represent different directions in which the
energy transition could evolve. The methodology proposed is generic and
applicable for case studies of different scales. The applicability of the
methodology is demonstrated in Chapter 7, using the Netherlands as a case study.

Within the model three different DR strategies can be applied to optimize the
flexible load available at residential areas, i.e: (i) grid based, (ii) energy market
based, and a combined strategy (iii) energy market based with capacity constraints.
Studying these three different strategies enables a mutual comparison of the effects.
Additionally, these benefits are put in perspective to the total future power system
costs.

6.3 General modeling structure

To assess DR benefits from a system perspective, a modeling structure is used that
represents a national power system. The implications are derived by comparing
the situation with and without DR for the grid and energy market for a long time
horizon, e.g. up to 2050. When a situation with DR is modeled, the load of
individual flexible appliances is optimized using one of the three predefined DR-
optimization strategies. The grid and energy market costs are determined based
on the (optimized) load and generation profiles. Subsequently, the DR benefits are
quantified based on the difference in the sum of the annual discounted power system
costs, i.e. the Net Present Value (NPV), for the situations with and without DR.
The annual power system costs consist of both capital and operational expenditures
(CapEx and OpEx) associated with the grid and energy market operation. The
categorization of the costs provides insight into the diversity and the distribution
of benefits amongst the two main power system stakeholders, i.e. the (local) grid
operator and energy supplier. However, it is expected that (part of) these benefits
will eventually flow back to the end-user, either directly through financial incentives
that stimulate DR or indirectly through a decrease in energy prices and/or grid
tariffs. In Fig. 6.1 the structure of the developed model is shown. The various
building blocks are explained in more detail in the following sections.
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Figure 6.1. Illustration of the scenario-based methodology to asses DR benefits from a
system perspective. Based on the (scenario-dependent) load and generation profiles,

with and without DR, the various costs for the grid and energy market are derived. The
costs difference between the situation with and without DR defines the DR benefits.

6.4 Grid model

To assess the impact of DR on the grid it is necessary to differentiate between
load and generation per grid voltage level, i.e.: LV, MV and HV. To this end, a
simplified grid model is used. Within this model typical user and generator groups
are distinguished at each grid level. An example of such a model is shown in Fig.
6.2, illustrating the expected typical user and generator groups connected to the
different grid levels in the (future) power system of the Netherlands.

Interconnection
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Central	generation	

Offshore	wind	generation
Heavy	industry	

Storage
H2‐production

MV	(~10‐50	kV)
Greenhouse	cultivation	
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Commercial	buildings
Central	PV	generation	

Onshore	wind	generation

LV	(<0.4	kV)
Residential	areas	(urban,	rural)
Small	commercial	buildings	

Figure 6.2. An example of a simplified grid model, illustrating the typical user and
generator groups connected to each grid level in the (future) Dutch power system.

For each of the typical user and generator groups the model simulates hourly
load or generation for a long time horizon. Each year the load and generation
profiles depend on (i) weather conditions and (ii) scenario inputs.

To accommodate for the effects of weather conditions on load and generation,
a so-called short reference year is used. This reference year consists of a sample of
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hourly weather data that represent annual weather conditions, including
representative hourly extremes. For example, in the Netherlands a reference year
with a duration of 8 weeks (i.e. two weeks per season) is often applied [112].
Using this reference year, results can be scaled up to a full year (365 days), while
the overall computation time is considerable reduced. When simulating load and
generation over multiple years the short reference year is iteratively used.
Weather dependent load and must-run2 generation are adjusted to these weather
conditions. For example, heat pump load and µCHP generation are aligned to the
outside temperature. In addition, renewable generation from PV-installations and
wind turbines are modeled based on global irradiance and wind speed data,
respectively. To simulate PV generation the irradiance, inclination angle and
panel efficiency is considered, while for wind generation the wind speed and a
typical wind power curve for on- and offshore turbines is used.

To consider (expected) changes due to the energy transition scenario inputs
are used. The scenarios represent different directions in which the energy
transition could evolve. On a high level, scenarios could differ e.g. in terms of
CO2-reduction, the share of renewable generation and a centralized or
decentralized approach for integrating renewables and energy efficient
technologies. Different trends are translated to key figures that effect the load
and generation of the typical user and generator groups (distinguished at each
grid level, Fig. 6.2). For example, scenarios can vary in terms of installed wind
capacities (on- or offshore), penetration levels of PV panels, µCHPs, heat pumps
and EVs, as well as fuel prices.

The scenario dependent penetrations of PV panels, µCHPs, heat pumps and
EVs, mainly effect the load of the residential user groups (urban and rural).
Furthermore, it is the potential flexibility of these individual appliances that can
be used for residential DR. Therefore, a bottom-up approach is applied to model
the load of residential user groups. Similar to the approaches applied in [42] and
[43], the aggregated residential load is built up using the number of residences
and the appliances’ penetration. This approach is illustrated in Fig. 6.3, load and
must-run generation of flexible and scenario-dependent technologies are modeled
individually and subsequently added to the conventional residential load.

Once the hourly load and must-run generation profiles of the typical user and
generator groups are defined, the effects for the grid are quantified. To this end, a
simplified approach is used that considers the aggregated effect of load and
generation for each grid level. However, in practice not all typical user and
generator groups within each grid level are connected. As a consequence of
aggregating load and generation within each grid level, (peak) loads can be
balanced out, which can lead to an underestimation of the required grid capacity
and/or grid losses. To overcome balancing of load and generation within each
grid level, a so-called balancing factor is introduced. On a high-level momentary

2Must-run generation is considered non-dispatchable generation. This includes renewable
generation (wind and solar) and micro- and industrial CHPs. The latter two are considered must-run
as they are directly linked to heating demand and industrial processes, respectively.
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Figure 6.3. Illustration of the bottom-up approach to model residential load. The
household load is adjusted based on the scenario dependent penetration (%) of heat

pumps, PV panels, EVs, and µCHPs.

load and generation are in balance. However it is questionable where these
balancing contributions occur within the grid and how they contribute to the
overall grid load. Through the use of the balancing factor only part of the load
and generation is assumed to be balanced at the source and the residual load and
generation is assumed to be distributed through the grid. Consequently, grid
capacity and losses of each grid level are aligned to the maximum of the residual
load or generation. The balancing factor can be estimated based on practical
measurements in the grid. To better consider the balancing of load and
generation within each grid level, a more sophisticated network topology could be
implemented. Evidently, this is a trade-off between results accuracy and
computational complexity and time.

Within the grid model, the aggregated effect of load and must-run (renewable)
generation in the LV grid is transferred to the MV grid. Likewise, the aggregated
effect of load and must-run generation in the MV grid is transferred to the HV grid.
In case of a positive balance in the HV grid the surplus of must-run generation is
expected to be curtailed3. In case of a negative balance the central generation
units4 provide the remaining electricity. The deployment of central generation
units is discussed in Section 6.5. Using the grid model, each year the hourly load
per grid level and the transfer between grid levels is determined. Similar to the
approaches applied in [42] and [43] the annual load profiles and their maxima are
used to monetize the various grid CapEx and OpEx.

3Or exported with zero costs or benefits.
4Central generation capacity is considered dispatchable capacity that is available to the market.
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6.4.1 Grid capital expenditures

The CapEx represent grid investment costs, which are based on: (i) new grid
capacity to accommodate load growth, and (ii) the replacement of grid capacity at
the end of the assets’ lifetime. Especially when considering a long time horizon it
is important to also consider the latter category. The approach used to define the
asset age and the capacity that needs to be replaced due to aging is based on the
approach in [113], which is explained in more detail in Appendix E.

Each year, the required total capacity per grid level (lines and cables) and the
total capacity between grid levels (MV/LV and HV/MV transformers) is aligned to
the annual peak. Subsequently, the required investment costs are monetized using
key figures related to the required new capacity at each grid level and between
grid levels (kW), and the estimated specific investment costs for these capacities
(EUR/kW).

6.4.2 Grid operational expenditures

The OpEx for the grid consist of (i) Operation and Maintenance (O&M) costs,
and (ii) costs related to grid losses. O&M costs are modeled as a percentage of
the investment costs. As described in Chapter 2, grid losses can be separated in
so-called fixed and variable losses. The fixed losses, also referred to as iron or core
losses, are considered independent of the load. The variable losses are those caused
by the flow of the current through the different network components and are also
referred to as load losses. Assuming a stable voltage the annual load losses, Elosses,
are estimated using:

Elosses ∼
1year∑
t=0

P 2
t · x (6.1)

where P is the load and x is a factor that represents the grid level resistance.
This resistance-factor can be aligned to historically reported losses at each
individual grid level. Because of the quadratic relationship between load and
losses a flat load profile (due to DR) will decrease the load losses. However, as the
resistance of grid components roughly varies to the inverse of the capacity [36],
the potential delay or prevention of additional grid investments (due to DR) is
expected to result in a relatively higher grid resistance-factor. To account for
these effects, the resistance-factor is scaled inversive to the reference5 grid
capacity. As the main part of the grid losses is attributed to load losses [35] only
these are considered in the model. Although it should be noted, that due to DR
and the potential prevention of new investments, DR can positively effect the
reduction of fixed losses as well.

5The reference grid capacity refers to the grid capacity without DR.
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6.5 Energy market model

The overall balance between load and must-run generation in the HV grid is used
to determine the hourly generation profiles of the different central generation units.
The portfolio of the central generation units is scenario dependent and hence may
vary per year. Similar to the grid costs, the energy market costs are subdivided in
CapEx and OpEx.

6.5.1 Generation capital expenditures

The investments for central generation capacity can be subdivided in (i) new
capacity to accommodate load growth, and (ii) the replacement of generation
capacity due to asset aging. Similar to the approach used to define the grid
CapEx, each year the required generation capacity is aligned to the annual peak
in the HV grid. Also, the capacity of aged assets is determined according to the
approach described in Appendix E. To monetize the CapEx, key figures are used
with respect to the lifetime and the average capacity costs (EUR/kW) of the
various types of central generation units.

6.5.2 Generation operational expenditures

Similar to the grid O&M costs, the O&M costs of the central generation units are
modeled as a percentage of the investment costs. To determine the operational
costs related to the generation of electricity, the short-run marginal costs of the
different central generation units are used to construct the supply curve, or so-
called merit-order, which is the ranked list of the marginal costs. Subsequently,
the merit-order and overall aggregated load in the HV grid are used to determine
market clearing price and volume per time step6. The marginal costs used to define
the merit-order are based on:

λMC =
λFC
εe

+ εCO2 · λCO2 − εTH · λTH (6.2)

where λMC represents the marginal costs (EUR/MWh), which depend on fuel
costs (λFC), the price for thermal energy (λTH), costs for CO2-emissions (λCO2),
and the related conversion factors for electrical and thermal energy and
CO2-emissions (εe, εTH , and εCO2 , respectively).

An example of a merit-order is provided in Fig. 6.4(a). To provide insight into
the ranking and deployment of generation units Fig. 6.4(b) shows a typical
generation duration curve. In general, the marginal costs of units decrease if
electricity generation is combined with heat supply. Low Temperature (LT) heat
supply is typically used to provide district heating, while High Temperature (HT)
is typically used for industrial processes. Next to the fuel costs and the price for

6See also the example of electricity price setting in Chapter 2 (Fig. 2.3).
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Figure 6.4. (a) Example of a merit-order. (b) Example of an annual generation
duration curve of different central generation units.

thermal energy, costs for CO2-emissions are included in the marginal costs as well
(see eq. 6.4). As a result, applying Carbon Capture Storage (CCS) generally
reduces marginal costs.

Similar to the approach used by [49] and [50], prices are modeled using an
exponential fit of the merit-order, as this gives a smoother and more realistic profile
that is also observed in real market prices. Furthermore, as addressed in [49] an
advantage of the exponential fit compared to the stepwise shape of the merit-order
is that small changes in generation result in different prices. The exponential fit is
used in Section 6.6, where the energy market based DR optimization is discussed.

6.6 Demand response optimization

As described before, hourly profiles are used within the model hourly, hence
flexibility is defined as the potential to increase or decrease the load per hour. As
flexibility generally differs per hour, so-called flexibility profiles are used as input
for the model. These profiles indicate the potential to increase or decrease the
load of certain appliances. An example of such profiles is shown in Fig. 6.5. The
black line represents the reference load of the flexible appliances (without DR),
while the shaded areas indicate the potential to increase or decrease this load. In
the next subsections the different DR strategies that can be used to optimize the
flexible load, are explained.

6.6.1 Grid based optimization

The grid based DR-optimization strategy is based on the objective of the (local)
grid operator. As discussed in the introduction, when solely considering the grid
value (i.e. costs related to grid capacity and grid losses) it is generally considered
optimal to use the flexibility to flatten the residual load [42, 43, 44, 45].
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Figure 6.5. Example (based on white goods) of a flexibility profile used as input for the
power system model to quantify the long-term benefits of DR.

With the objective to flatten the load, the grid based optimization problem is
formulated as follows:

min
Pflex,t,a

T∑
t=1

A∑
a=1

(Pb,t + Pflex,t,a)2 (6.3)

s.t.

T∑
t=1

Pflex,t,a = constant ∀a (6.4)

Pminflex,t,a < Pflex,t,a < Pmaxflex,t,a ∀t, a (6.5)

where Pflex,t,a is the flexible load of appliance a at time t, Pminflex,t,a and Pmaxflex,t,a

represent the flexibility boundaries, Pb,t is the non-flexible base load, and A is
the total number of flexible appliances. The flexible load is optimized for each
day within the year, hence T=24 hours. As illustrated in Fig. 6.5, the flexibility
boundaries are time dependent and differ per appliance. The total daily energy
consumption of flexible appliances is fixed, as defined by eq. (6.4). As most grid
capacity problems, due to the energy transition and the resulting electrification of
residential energy demand, are expected for the distribution grid operator [42, 43,
44, 45], Pb,t equals the aggregated non-flexible load and must-run generation in
the LV grid, adding the flexible load to this equals the load transfer between the
MV/LV-grid.
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6.6.2 Energy market based optimization

The energy market based DR-optimization strategy is based on the objective of the
energy supplier. When solely considering the energy market value, the flexible loads
are used to minimize the operational costs related to the generation of electricity.
As explained in Section 6.5, these operational costs are based on the marginal costs
of the different central generation units. As generation fluctuations negatively effect
operational costs, this optimization also ensures that generation capacity costs are
minimized. Therefore, the optimization problem becomes the following:

min
Pflex,t,a

T∑
t=1

A∑
a=1

λt · Ptotal,t,a (6.6)

s.t.

Ptotal,t,a = PHV,t + Pflex,t,a ∀t, a (6.7)

where λt represents the market price at time t, and PHV,t is the overall
balance between non-flexible load and must-run generation in the HV grid. In
case of a negative balance, the total load, Ptotal,t,a, equals the supply of the
central generation units. As shown by the merit-order in Section 6.5, the market
price depends on this total load. To account for the dependency between load
and price, a first order Taylor approximation is used, which is described in more
detail in [29]. As result, the market price is estimated to linear depend on the
load and hence the price is expressed as follows:

λt = α+ βPtotal,t,a ∀t, a (6.8)

where the parameters α and β are defined through the linearization of the merit-
order. Consequently, similar to the approach used in [29] and [48], eq. (6.6) and
(6.8) are integrated and the energy market based optimization problem becomes:

min
Pflex,t,a

T∑
t=1

A∑
a=1

αPtotal,t,a + βP 2
total,t,a (6.9)

For this optimization problem the same constraints hold as expressed in eq.
(6.4), (6.5), and (6.7). Hence, as a result of the first order Taylor approximation
of the merit-order, the optimization problem is formulated quadratic with linear
constraints7.

7A quadratic optimization problem with linear constraints can e.g. be solved using the fmincon
function of the Matlab global optimization toolbox.
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6.6.3 Energy market based with capacity constraints
optimization

In this subsection a DR-optimization strategy is proposed based on a system
perspective. In the grid based DR optimization, eq. (6.3), the load transfer
between the MV/LV-grid is leveled. Hence, the load in this grid section becomes
as flat as possible. However, when solely considering grid investment costs, which
are defined based on the annual peak loads, it is only required to level the load
during certain moments a day and/or a year. Based on this reasoning, the
flexibility during the rest of the time could be used to minimize the OpEx of the
generation units. To ensure that using the flexibility for the energy market will
not jeopardize the benefits related to distribution grid investments, the following
constraint is added to the market based optimization, eq. (6.9):

Pb,t + Pflex,t,a < Pcap (6.10)

where Pcap is the capacity limit, which differs per year. This limit is based
on the output of eq. (6.3), the grid based optimization. Hence, it is based on
the optimal deployment of flexibility from the perspective of the distribution grid
operator for the load transfer between the MV/LV-grid.

In conclusion, this DR strategy is expected to maximize DR benefits, by
reducing the CapEx for the distribution grid and the OpEx for the energy market.

6.6.4 The effects of demand response

As explained in Section 6.4, the power system model is used to each year simulate
hourly non-flexible load and must-run generation per grid level. Thereafter, for
the situation with DR, the flexible load is optimized. With linear constraints and
quadratic objectives, all optimization problems are convex quadratic programming
problems.

Using the total (non-flexible and flexible) load profiles per grid level, a series
of annual CapEx and OpEx for the grid and energy market is defined, based on
the grid and energy market model. The discounted sum of the annual difference
in CapEx and OpEx for the situation with and without DR (∆Costs) determines
the DR benefits, i.e. the NPV for a certain time horizon (y ∈ {y0, ..., yhorizon}),
based on an assumed discount rate (i):

NPV =

yhorizon∑
y=y0

∆Costsy
(1 + i)y−y0

(6.11)
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6.7 Conclusions

To support the decision-making process related to a large-scale introduction of
DR, insight into the prospects and value creation is essential. In this chapter, DR
benefits were divided between (i) the energy market value, and (ii) the grid value.
In a liberalized power system, as is the case in the Netherlands, these benefits
can generally be assigned to the two main power system stakeholders, i.e. the
energy supplier and (local) grid operator. Due to modeling complexity the energy
market and grid value have mainly been studied separately in the literature. As it
is expected that the different DR strategies which are applied in these individual
studies are sometimes conflicting, it is hard to get a grip on the total potential DR
benefits from a system perspective. This chapter fills the knowledge gap between
the existing models used for the quantification of benefits for the energy market on
the one hand and the grid on the other by combining them. The focus is not on
replacing these individual models, but combining them to acquire insight into the
distribution and sum of benefits from a system perspective.

As DR benefits are subject to future power system developments a
scenario-based methodology is proposed to quantify the power system benefits of
DR. Using a simplified grid model, which distinguishes typical user and generator
groups connected to the different grid levels, load and (must-run) generation
profiles for each grid level are defined. Due to different penetrations of
scenario-dependent technologies, such as wind turbines, PV panels, EVs, µCHPs
and heat pumps, these load and (must-run) generation profiles differ per year and
per scenario. Accordingly, these profiles are used to determine the annual CapEx
and OpEx for the grid. Consequently, the energy market CapEx and OpEx are
determined based on the overall balance between load and must-run generation in
the HV grid and the merit-order of the (scenario-dependent) central generation
units.

The DR benefits are derived by comparing the situation with and without DR
for the grid and energy market for a long time horizon, e.g. up to 2050. To model
the situation with DR, three different DR-strategies were proposed in this
chapter: (i) grid based, (ii) energy market based and (iii) energy market based with
capacity constraints. The capacity constraints in the latter strategy are based on
the output of the grid based optimization. Studying these three different
strategies enables a mutual comparison of the potential benefits of these different
strategies. Furthermore, using the proposed methodology the benefits can be put
in perspective to the total future power system costs.

The proposed methodology is generic and applicable for case studies of
different scales. The practicality of the method is illustrated in Chapter 7, using
the Netherlands as a case study and as input the flexibility measured based on
the results of the two Dutch field tests that were studied in the second part of
this thesis.
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6.8 Discussion

The proposed methodology considers the existing models used for assessing the
impact of DR for the grid and the energy market individually. Due to the
complexity of an integrated modeling approach, assumptions and simplifications
are made regarding certain power system aspects. For example, in case of the
grid model a more sophisticated network topology could improve the model. As a
consequence of the simplified grid model employed, peak loads are balanced
within each grid level, which can distort grid investment costs. To simulate
partial local balancing of load an must-run generation a so-called balancing factor
is introduced, when considering a more sophisticated network topology, this issue
might be handled in a different manner.

Next to the considered costs categories in this chapter, DR can also be of
value for reducing imbalance. Using DR for this purpose becomes increasingly
interesting with the increase in renewable (intermittent) generation. However,
given the high level of uncertainty with respect to the future development of
imbalance volumes and prices, these potential benefits are not considered in this
chapter. Studies that did quantify the potential value of DR for imbalance
reduction generally used historical market prices to do so, e.g. [114, 115].
However, using historical prices is not considered representative for simulating
future situations with different generation portfolios as well as future situations
that consider a large-scale implementation of DR, which is assumed to effect the
price for imbalance as well.



110 6. Evaluation of demand response benefits



Chapter7
Demand response benefits:

a Dutch case study

7.1 Introduction

In this chapter the methodology which is developed in Chapter 6 is used to assess
the long-term benefits of Demand Response (DR) for the case of the Netherlands.
The chapter illustrates the practical application of the developed method and
provides insight into the prospects of DR for the Netherlands.

A model is developed using actual data from the Dutch power system. The
flexibility used as input is based on the results of the two Dutch field tests analyzed
in the second part of this thesis. In addition to the flexibility of white goods
(measured based on the results of the Your Energy Moment pilot, Chapter 4)
and the flexibility of heat pumps and µCHPs (measured based on the results of
PowerMatching City pilot, Chapter 5) the flexibility of Electric Vehicles (EVs)
is considered. Due to the expected increase in EVs [8], flexibility in residential
electricity demand is also expected to increase. Hence, by including the flexibility
of EVs an overall outlook on flexibility in (future) residential electricity demand is
provided. To study the potential flexibility of EVs, Dutch mobility statistics are
used.

Since future power system costs as well as potential benefits of DR heavily
depend on future developments, different scenarios are studied. These scenarios
represent different directions in which the energy transition could evolve in the
Netherlands. For each scenario, the effects of three different DR strategies are
studied, which are: grid based, energy market based, and energy market based with
capacity constraints. The model quantifies the long-term DR benefits for each of
these strategies from a power system perspective. Studying the effect of these

This chapter is based on:
E. A. M. Klaassen, R. J. F. van Gerwen, J. Frunt, and J. G. Slootweg, “A methodology to assess
demand response benefits from a system perspective: a Dutch case study,” Utilities Policy, 2016
(second round of review).
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different strategies (for the various scenarios considered) enables a mutual
comparison of the effects, thereby providing valuable insights for power system
stakeholders as well as policy makers. Additionally, the benefits are put in
perspective to the total future power systems costs. Furthermore, the benefits are
traced back to each individually modeled flexible appliance.

This chapter is organized as follows. First, the considered time period and
scenarios are introduced in Section 7.2. Then, the flexibility profiles used as input
for the DR optimization are presented in Section 7.3. Thereafter, Section 7.4
discusses the key data used to design the grid and energy market model. In Section
7.5, the results, i.e. the potential long-term DR benefits for the Netherlands, are
shown. To summarize and reflect on these results, the conclusion and discussion in
Section 7.6 and 7.7 are used.

7.2 Four different scenarios

To assess the long-term DR benefits for the case of the Netherlands, the scenarios
that were established in a study commissioned by the Dutch Association of
Energy Network Operators [116] are used. Using participatory backcasting [117],
six different energy scenarios were developed for the future situation in the
Netherlands, including a Business As Usual (BAU) scenario, which complies with
the current policy, and hence could be considered a reference scenario. In this
chapter, the BAU and the three most extreme scenarios are employed. The
results provide insight into the sensitivity of the benefits for the
scenario-dependent input parameters. Similar as in [116], the time period
considered for the simulation is from 2015 until 20501.

The scenarios developed in [116] were developed alongside three main axes, Fig.
7.1 shows the positions of the four scenarios (BAU, A, B and C). The three axes
are: (i) the percentage of CO2-reduction, this percentage is related to the situation
in 1990, a reduction of 40% is in line with the 2030-target set by the EU [4]2,
(ii) the share of renewable generation, indicates the percentage of the total energy
demand that is generated by renewable energy sources (incl. biogas, biomass,
wind and PV), the 2030-target of the EU is to have 27% [4], and (iii) utilization
of the decentral potential to integrate renewable generation and energy efficient
technologies, this (rough) percentage indicates if renewable generation and energy
efficient technologies are installed on a decentral or central level. For example,
if decentral utilization is limited relative to the share of renewables, renewable
generation is integrated on a central (large) scale.

In the scenario study [116] the position of each scenario alongside the three main
axes was translated into key figures for the power system. In [116] these figures

1To consider the payback effects of the various investments, the situation between 2030-2050 is
assumed to be steady-state. Meaning that within this period there is no growth in load or renewables.
Hence, this period solely considers replacement investments [116].

2The 2050-target is set to a 80% CO2-reduction, compared to the situation in 1990 [73].
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Figure 7.1. Schematic coordinate system for the various scenarios, illustrating the
difference in the share of renewable energy, CO2-reduction and utilization of the

decentral potential (adapted from [116]).

Table 7.1. Overview of scenario characteristics and most relevant input parameters,
adapted from [116].

Scenario BAU A B C

CO2-reduction (%) 24 55 100 100
Share of renewable energy sources (%) 18 25 25 100
Utilization of decentral potential (%) 100 100 <25 100
Energy savings (%) 10 25 50 50

Input parameters
Dominant energy sources Coal and

gas
Gas Gas and

nuclear
Biomass, wind
and solar

Central storage capacity (MW) 0 0 0 11,100
H2-production (MW) 0 0 6,500 12,000
PV penetration* (%) 15 15 5 95
EV penetration* (%) 10 25 30 65
µCHP penetration* (%) 15 15 5 85
Heat pump penetration* (%) 5 15 30 15

* Average penetration in residential (urban/rural) areas.

were used to assess the impact of each scenario for the future power system costs in
the Netherlands. Using the same input and, on a high-level, a similar approach, the
focus in this chapter is on the value of introducing DR in these different scenarios3.
An overview of the key figures that characterize the different scenarios is provided
in Table 7.1. The scenarios vary in terms of dominant energy sources, fuel prices,
installed wind capacities (on- or offshore), and penetration of PV panels, µCHPs,
heat pumps and EVs. Scenario C is the most extreme scenario with respect to the
share of renewables and the penetration of EVs. To facilitate this high share of
renewables, a storage system and H2-production unit are assumed to be connected
to the HV grid. In [116] it is assumed that the produced hydrogen (H2) is partly

3To cope with the fluctuations of renewable generation LV storage systems are assumed to be
installed in some of the scenarios in [116]. As residential DR can be considered a substitute for LV
storage systems these systems are excluded in the model.
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mixed with natural gas (which is transported and distributed via the gas-grid),
partly used for industrial processes and partly used for the hydrogen cars (which
are assumed to be part of the vehicle fleet in this scenario as well). Next to scenario
C, in scenario B a 100% CO2-reduction is achieved as well. However, in this case
CO2-reduction is effectuated by installing nuclear generators and by combing gas
generators with Carbon Capture Storage (CSS), instead of by installing renewable
generators.

7.3 Available flexibility

As described in Chapter 6, each year the model simulates hourly load and (must-
run) generation, for the typical user and generator groups. Hence, flexibility is
defined as the potential to increase or decrease the load per hour. As flexibility
generally differs per hour, so-called flexibility profiles are used as input for the
model. These profiles indicate the load and degree of flexibility herein for each
hour of the day, for certain appliances. To consider differences in load and flexibility
due to the day of the week, average weekend- and weekday profile are implemented
in the model. Using the described bottom-up approach, the aggregated residential
load is built up based on the scenario-dependent appliances’ penetration (see Table
7.1) and the number of residences.

The assumed flexibility profiles are based on the results of the Dutch smart grid
pilots Your Energy Moment and PowerMatching City. Additionally, to estimate
the flexibility of EVs, Dutch mobility statistics are used.

7.3.1 Flexibility in Your Energy Moment

In the pilot Your Energy Moment manual and semi-automated DR were stimulated
through the use of a dynamic tariff as well as smart appliances. The majority of the
participating households owned a smart washing machine and a minority owned a
smart dryer. To respond to price fluctuations consumers could manually shift their
load in time and/or use the smart appliance, which automatically optimizes its
operation time based on the tariff. In Chapter 4 the long-term practical load shift
of the washing machine and tumble dryer was studied using a reference group.
It was shown that load was shifted in time, the washing machine evening load
was decreased by 31%, while the load during the midday was increased by 20%.
Based on these results and the reported behavior of the participants in the different
surveys, which were distributed throughout the pilot, a similar degree of flexibility
is expected for the other white goods (tumble dryer and dishwasher). Subsequently,
based on the average penetration rate of white goods (65%, 40% and 95% for the
dishwasher, tumble dryer and washing machine), the average load and flexibility of
white goods was quantified. This flexibility estimate is assumed to be representative
for (future) Dutch households, hence it is used as input in the model used to
quantify the long-term benefits of DR. The normalized white goods flexibility profile
is shown in Fig. 7.2(c). In the initial year, the normalized flexibility profile is
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scaled to the average reference white goods peak load (Chapter 4, Fig. 4.10).
However, due to scenario-dependent energy savings measures, the average peak
load is assumed to decrease over time in certain scenarios (see Table 7.1).
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Figure 7.2. The assumed normalized load and flexibility of µCHPs (a), heat pumps (b)
and white goods (c). The flexibility, i.e. the potential to increase or decrease the load,

is indicated by the colored areas.

7.3.2 Flexibility in PowerMatching City

In the pilot PowerMatching City, a multi-objective multi-agent system (the
PowerMatcher) was used to control the automated heat pumps and µCHPs.
Using both multiple regression and Feed-Forward Artificial Neural Networks
(FFANNs), the response of the load of these heating systems towards the time,
weather circumstances and the smart grid control signal (the PowerMatcher
price) was modeled in Chapter 5. Flexibility in this case was expressed by the
response of the load towards the control signal. Consequently, this flexibility was
visualized by means of simulating situations with minimum and maximum prices
(Fig. 5.7 and 5.9). Due to the use of hot water buffers in the pilot, the results
might overestimate the flexibility available in (future) Dutch households.
However, as was argued in Chapter 5, regardless of the type and design of heating
systems, flexibility is always assumed to be available. Furthermore, it was
explained that to increase flexibility, control strategies could be expanded and in
case of ground-source heat pumps flexibility could be increased by controlling the
heat pump load for hot tap water. Therefore, the flexibility profiles, which are
based on the results of the FFANNs4 are used as input for the model used to
quantify the long-term benefits of DR. In Fig. 7.2 the average normalized
flexibility profiles of the µCHP and heat pump are shown. To accommodate for

4The results of the FFANNs are assumed to best reflect flexibility, as the FFANNs outperformed
the multiple regression models in terms of forecasting accuracy. The average of the results of the
FFANNs are used (Chapter 5, Fig. 5.9).
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weather conditions, each day (within the reference year) the normalized flexibility
profile is scaled linear based on the outside temperature.

7.3.3 Outlook on the flexibility of electric vehicles

That EVs can be used to shift load in time has been shown in a limited number of
pilots, e.g. in PowerMatching City phase-I [14] and Linear [69]. However, due to
the limited number of EVs studied in these pilots, the results of are not considered
representative for the flexibility of EVs in (future) residential electricity demand.
Alternatively, based on the approach described in [118], the average EV load and
flexibility are derived using Dutch mobility statistics [119]. This is done for the
situation in which EVs are charged at home. This approach is also described and
applied in [33] and [120].

Driving behavior in the Netherlands

The data set in [119] includes driving distances, home arrival and departure times
for roughly 40,000 residents, reporting about the same number (∼40,000) of car
trips, which were collected by means of surveys. In Fig. 7.3 the distribution of the
distance driven and last5 home arrival time per day are shown.
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Figure 7.3. Probability distribution of the distance driven and last home arrival time,
based data in [119].

The distance driven and the last home arrival time are used to determine the
EV load without DR. The assumption is made that the EV is plugged-in at the
last home arrival time and starts charging (at a rate of 3.7 kW6) until the battery

5If a car arrives multiple times at home during the day, the latest time is used.
6Different EV models have different charging rates, depending on the battery size. The maximum

charging rate of EVs with relative small batteries (e.g. plug-in hybrid EVs) goes up to 3.7 kW. With
larger batteries charging rates can typically go up to 11 kW [121]. To charge 3.7 kW, a one-phase
25A household connection (one of the standard connection types in the Netherlands) is sufficient.
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is full. The energy that needs to be charged is based on the daily driving distance
(efficiency of 5 km/kWh [118])7. Based on these assumptions, the average so-called
charge early profile is shown in Fig. 7.4(a). This profile is in-line with the results
presented in [33] and [118].

Flexibility of electric vehicles

To determine the EV flexibility, next to the distance driven and home arrival time,
the home departure time is of importance. Based on the home departure time the
charge late profile is defined. This profile corresponds to the the possibility to delay
the charging processes as much as possible, provided that they are fully charged at
the moment of departure. In Fig. 7.4(a) the charge late profile is also shown. The
maximum possible load in the moments between the charge-early peak and the
charge-late peak is estimated based on a linear interpolation between these peaks,
shown by the dotted line in Fig. 7.4(a). Consequently, the EV flexibility profile,
which is shown in Fig. 7.4(b), is based on the difference between the charge-early
and charge-late profile and this linear interpolation.
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Figure 7.4. (a) Average EV load for the case where the EVs start charging once arrived
at home (charge early) and for the case where the charging processes are delayed as

much as possible (charge late). The maximum possible EV load in-between the
moments of the charge-early and charge-late peak are based on a linear interpolation of

both these peaks (dotted line). (b) The normalized EV load (without DR) and the
resulting flexibility.

7In 2% of the cases it is not possible to fully charge the EVs in between the last home arrival and
home departure time, this data is neglected.
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7.4 Key figures used to model the grid and energy
market

7.4.1 Grid model

The implemented grid model distinguishes the typical user and generator groups
connected at each grid level in the Netherlands. The example shown in Chapter 6
(Fig. 6.2) illustrates the typical user groups that are expected to be connected in
the future Dutch power system, which are: heavy industries (HV connected),
greenhouses, industrial and commercial buildings (MV connected), and small
commercial and residential (urban and rural) buildings (LV connected). To define
the load profiles of these user groups, the different profiles published by the
Energy Data Services Netherlands (EDSN) [122] are used. Each year EDSN
publishes load profiles for the various user groups, which are characterized by a
different connection capacity and operating time. Within the model, these
profiles are fit to the Dutch reference year [112]8 and subsequently aligned to the
scenarios. As described in Chapter 6, the must-run generation profiles of offshore
wind turbines (HV connected), onshore wind turbines (MV connected), and PV
panels (MV and LV connected) are modeled based on global irradiance and wind
speed data (the latter data are also included in the Dutch reference year [112]).
To cope with the high share of renewables, in some scenarios (B and C, Table 7.1)
storage capacity and a H2-production unit are assumed to be installed on a
central scale (HV connected). The load of these technologies is based on leveling
the HV load (using a similar strategy as described by the grid based optimization
(Section 6.6)). The system load published by the Dutch TSO TenneT [123] is
used to calibrate the HV grid load and the power transfer to the MV grid for the
initial year.

Due to a different location and penetration of scenario-dependent
technologies, annual electricity consumption and generation (TWh) at each grid
level differs substantially for each scenario in 2050. This is illustrated in Fig. 7.5.
The differences in the LV-grid are mainly due to different (scenario-dependent)
penetrations of PV panels, µCHPs, heat pumps and EVs (Table 7.1). To provide
insight into the load fluctuations, an example of hourly loads at each grid level is
provided in Fig. 7.6 for the BAU scenario.

To allow for partial local balancing of load an must-run generation within the
LV grid, it is assumed that 50% of the must-run generation is balanced at the
source. The residual load and generation is assumed to be distributed through the
LV grid. This (rough) estimate for the balancing factor is based on the distribution
of PV capacity within LV grids [116].

Following the approach for determining the costs related to grid losses

8The short reference year is based on the Dutch NEN 5060-standard [112]. The temperature of the
coldest day during the week and weekend is adjusted from -7°C and -10°C to -17°C. This temperature
limit corresponds to the worst-case-temperature used by Dutch energy network operators to dimension
(gas) networks based on the maximum possible heating demand.
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(Section 6.5) the grid level resistance-factors are aligned to practical grid level
losses, published in [35]. The annual grid CapEx are monetized using key figures
with respect to grid capacity costs (EUR/kW). The input values used are listed in
Table 7.2, which include component and installation costs and take into account
that (part of) the grid is designed using the n − 1 criterion. These values, which
were validated in expert sessions with Dutch asset managers, are based on [116].
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Table 7.2. Economic parameters for the grid and central generation units, adapted
from [116]. The investment costs include component and installation costs.

Grid level Investment costs
(EUR/kW)

Life time (year) Annual O&M (%
of investment)

HV Grid 408 50 1.5
HV to MV Grid 250 50 1.5
MV Grid 705 50 1.5
MV to LV Grid 200 50 1.5
LV Grid 862 50 1.5

Central generation units Investment costs
(EUR/kW)

Life time (year) Annual O&M (%
of investment)

Nuclear 3,000 40 4.0
Natural gas fired 700-800* 30 3.0
Natural gas fired (CCS) 1,200 30 5.4
Coal fired 1,400 40 3.0
Coal fired (CCS) 2,400 40 4.5

* Respectively with and without combined heat and power.

7.4.2 Energy market model

The modeling approach used for the operational costs of electricity generation,
which is described in Section 6.5, is in line with the organization of the APX day-
ahead energy market (Chapter 2). The central generation portfolio and fuel costs
in the initial year are aligned to reported situation in the Netherlands using the
key figures reported in [116] and [124]. The types of central generation units (e.g.
coal, gas, nuclear), which are installed throughout the simulated period, and their
corresponding fuel costs are scenario dependent (Table 7.1). The key figures for
the capacity costs of the different generation units considered are based on [116]
and are listed in Table 7.2.

7.5 Results

Using the hourly grid level loadings as input, the grid and energy market models
are used to assess the annual CapEx and OpEx for the grid and energy market,
respectively. To model the load for the situation with DR all DR-optimization
problems (Section 6.6) are implemented in Matlab and solved using the fmincon
function of the global optimization toolbox 9 [125]. The DR benefits are based on
the difference in cumulative discounted costs (based on a discount rate of 5.5% for
grid- and 7.1% for energy market costs10) for the situation with and without DR.

9Note, the solver does not always result into the global optimum, however, constraints and the
precision of results are satisfied for the level of detail of this study. This is ensured based on the
requirements set for the first order optimality measure.
10Discount rates are typically company specific (based on their weighted average cost of capital).

The 5.5% discount rate for grid costs is in-line with the rates typically used by Dutch DSOs. The
rate used for market costs is higher, as private companies generally maintain a higher discount rate.
The rates are the same as those applied in [116].
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This cost difference relates to: (i) grid investment costs, (ii) grid losses costs, (iii)
generator investment costs, and (iv) generator operational costs. As stated before,
O&M costs are included in the investment costs. This section covers the results,
first the long-term benefits per scenario are shown. Thereafter, the benefits per
appliance are illustrated.

7.5.1 Benefits per scenario

Fig. 7.7 provides an overview of the results, showing the sum of discounted future
power system costs (2015-2050) for each scenario (left)11, and the NPV of DR
for each scenario and each DR strategies individually (others). Depending on the
scenario and strategy, DR reduces power system costs by 2.4 to 6.3 billion EUR.
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Figure 7.7. Overview of the sum of discounted grid and energy market costs
(2015-2050) (left) and potential benefits of the different DR strategies for each scenario,

classified into different cost categories.

The average benefits are lowest in the BAU scenario. Also, the differences
between DR strategies are the least apparent in this scenario. This is expected to
be a consequence of a relatively low share of renewables and a low penetration of
µCHPs, heat pumps and EVs, which results in relative limited available flexibility.
Furthermore, as a consequence (the shape of the) loadings at the different grid
levels are relatively similar to each other (see Fig. 7.6), and as a result the output
of the different DR strategies as well.

In the BAU, A and B scenario the reduction in grid investments costs is less in
case of the energy market based strategy, consequently also the overall benefits of
this strategy tend to be lower. Interesting to note, in scenario B the benefits of the

11Note, renewable generator investment costs are not considered in the model.



122 7. Demand response benefits: a Dutch case study

energy market based with capacity constraints strategy are higher compared to the
two other DR strategies. To provide insight into this difference, the annual grid
CapEx and generator CapEx and OpEx are shown in Fig. 7.8 and 7.9 for each of
the DR strategies.

It is concluded that in case of the energy market based strategy HV and
HV/MV-investment costs are less compared to the grid based strategy. This is as
the grid based strategy focuses on reducing distribution costs, by leveling the load
at the MV/LV-grid level, while the energy market strategy reduces the
investments costs at the HV and HV/MV-level, as a consequence of leveling the
load of the central generation units (which are connected to the HV-grid). The
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Figure 7.8. Annual grid investment costs specified for each grid level and for the
different DR strategies. Note that costs are not discounted.
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mixed strategy does both, which only comes at the cost of a minor reduction in
benefits related to generator OpEx and grid losses.

As a consequence of the grid based strategy, generator investment costs increase
in scenario C, this is explained by the discrepancy between the (shape of the)
MV/LV- and HV-grid load. In this scenario, a storage system and a H2-production
unit are installed in the HV grid. These systems ensure that must-run renewable
generation and load are balanced as much as possible in the HV grid. Using DR
to level the MV/LV-grid load, generally distorts the effect of these systems, which
negatively effects generator investment costs. Due to the high share of renewables,
the DR benefits related to grid investments are relatively limited in scenario C, this
is a consequence of negative peaks: the aggregated LV peak is caused by maximum
generation of PV in the summer. Around that time flexibility is limited, most EVs
are not at home and the heating demand of µCHPs and heat pumps is marginal.

Except for scenario C, the main part of DR benefits is related to avoided grid
investment costs. When considering the benefits relative to the total costs, the
avoided grid investment costs are even more dominant. In all scenarios, the total
power system benefits are the highest in case of the energy market based with
capacity constraints strategy.
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7.5.2 Benefits per appliance

The sum and distribution of DR benefits depend to a large extent on scenario
input. The flexibility available differs per scenario (due to different penetrations of
flexible appliances), but also the effectiveness of DR differs. To get more insight
into these differences the annual value of each flexible appliance is defined. To this
end, the energy market based with capacity constraints strategy is applied while
solely considering the flexibility of white goods12, µCHPs, heat pumps or EVs.
Fig. 7.10 shows the results. Note, the average annual value is based on the non-
discounted costs difference for the situation with and without DR. In general, heat
pumps and EVs contribute the most to the potential benefits of DR. That is as,
compared to the white goods and µCHPs, these appliances have more flexibility
available. Also the results shown in Fig. 7.10 indicate a limited value of DR in
scenario C.
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Figure 7.10. The potential benefits of DR based on the annual value of individual
flexible appliances. Note that benefits are based on non-discounted costs.

7.6 Conclusions

To support decision-making for the implementation of DR, insight into the
prospects and long-term value creation is essential. In a liberalized power system,
as is the case in the Netherlands, the benefits of DR can generally be assigned to
the two main power system stakeholders: the energy supplier and (local) grid
operator. Due to modeling complexity the energy market and grid value have
mainly been studied separately so far. The methodology developed in Chapter 6
fills the knowledge gap between the existing models used for the quantification of
benefits for the energy market on the one hand and the grid on the other by

12Based on a penetration of 65%, 40% and 95% for respectively dishwashers, tumble dryers and
washing machines [86].



7.6. Conclusions 125

combining them. To demonstrate the applicability of this methodology, the
Netherlands was used as a case study in this chapter to provide insight into the
DR prospects.

A model was developed using actual data from the Dutch power system. Four
different scenarios (BAU, A, B, C) were studied, which on a high level differed with
respect to the percentage of CO2-reduction, share of renewables and the utilization
of the decentral potential to integrate renewables and energy efficient technologies.
Of those four scenarios, the BAU scenario complies with the current policy, while
scenario C is the most extreme with respect to the percentage of renewables and
penetration of energy efficient technologies.

The flexibility used as input is based on the results of the two Dutch field tests
analyzed thoroughly in the second part of this thesis. In addition to the flexibility
of white goods (measured based on the results of the Your Energy Moment pilot,
Chapter 4) and the flexibility of heat pumps and µCHPs (measured based on
the results of PowerMatching City pilot, Chapter 5) the flexibility of EVs was
incorporated. This flexibility was estimated based on Dutch mobility statistics.
By including the flexibility of EVs an overall outlook on flexibility in (future)
residential electricity demand was provided.

For each scenario, the effects of three different DR strategies were studied,
which are: grid based, energy market based, and energy market based with capacity
constraints. The grid based strategy reduces (distribution) grid costs by using DR
to level the MV-LV load transfer. In case of the energy market based strategy,
flexibility is used to reduce generator operational costs (based on the merit-order
of central generator units). The energy market based with capacity constraints
strategy also minimizes generator operational costs, but to limit distribution grid
capacity costs, the use of flexibility is restricted by capacity constraints, which are
based on the output of the grid based strategy.

In all scenarios the NPV of DR is positive, ranging from 2.4 to 6.3 billion
EUR up to 2050, which supports the case for a large-scale introduction of DR
in the Netherlands. The energy market based with capacity constraints strategy
proved to be most effective from a system perspective. Depending on the scenario,
benefits are expected to be less if solely a grid based or energy market based strategy
is applied. Especially when the scenarios become more extreme with respect to
the penetration of renewables and energy efficient technologies the misalignment
between the grid- and energy market based strategies increases. This difference
is most apparent in scenario C, where the benefits of the grid- and energy market
based strategy are 2.4 and 5.2 billion EUR, respectively. Although scenario C is the
most extreme scenario, with respect to the penetration of renewables and energy
efficient technologies, the DR value is relatively low. This is due to a mismatch
between available flexibility and (the peak of) PV generation, which mainly effects
the LV-grid load and the load transfer between the MV/LV-grid. The latter was
also illustrated by translating the benefits to the annual value per appliance. In
general, EVs and heat pumps generate most benefits as these appliances have
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most flexibility available. The benefits of white goods are limited, however, with
a (scenario-independent) relative large penetration, the aggregated sum of benefits
is considerable.

As regulatory changes are considered a precondition for a large scale
implementation of DR, the results of the Dutch case study provide valuable
insights not only for the main (Dutch) power system stakeholders, but for policy
makers as well. As discussed in Chapter 2 current practices of the energy supplier
and (local) grid operator, which are based on and bounded by legislation, do not
(yet) consider the opportunities of DR. Changing the practices of both the (local)
grid operator and energy supplier requires that the effects of DR are considered in
grid planning as well as market processes.

It is important that both main stakeholders are enabled in the future to utilize
(part of) the potential of DR, as a combined strategy (i.e. energy market based with
capacity constraints) proves to be most effective from a system perspective. The
rise of so-called aggregators, i.e. new market parties that serve as an intermediary
between consumers and utilities, could be conducive for an introduction of DR.
The outcome of such new business models is expected to be profitable for the end-
user as well, as (part of) the DR benefits are likely to flow back to the consumer,
either directly through financial incentives that stimulate DR or indirectly through
a decrease in energy prices and/or grid tariffs.

7.7 Discussion

The methodology, used to assess the long-term impact of DR, considers the existing
models used for assessing the impact of DR for the grid and the energy market
individually. As discussed in Chapter 6, due to the complexity of an integrated
modeling approach, assumptions and simplifications were made regarding certain
power system aspects. In addition, simplifications were made regarding flexibility
dynamics. Although the flexibility profiles do consider dependency on time, the
relation between flexibility, load and temperature was modeled linear. Considering
the overall level of detail this simplification is considered legitimate. However, to
increase accuracy, e.g. the µCHP and heat pump load models that were developed
in Chapter 5 could be implemented within the model. Evidently, this would come
at the costs of the model’s computational complexity and time.

Other assumptions concerning the available flexibility in (future) residential
electricity demand concern the practical limitations related to the deployment of
flexibility. Flexibility is assumed to be perfectly forecastable, e.g. after consumers
arrive at home, EVs can be freely scheduled provided that the vehicles are fully
charged before departure time. In the end, the flexibility profiles can be easily
adjusted in the model, given that more detailed profiles are available.

Except for scenario C, the main part of DR benefits is related to avoided grid
investment costs. When considering the benefits related to a reduction in
generator operational expenditures, these benefits are relatively limited compared
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to studies in which historical day-ahead energy market prices were used to
quantify the value of flexibility, e.g. [107, 108, 109]. This is because in practice
market price volatility is not solely based on differences in marginal costs.
However, using a price-taker approach to quantify benefits of a large-scale
implementation of DR is not considered realistic with respect to future situations.
The energy market model applied could be improved by using a unit-commitment
model which also considers ramp-up and down rates, varying efficiencies and
start-up costs. As a consequence of including such a model price volatility and as
a result DR benefits are expected to increase.

Additionally, it could be interesting to also consider the effects of electricity
import and export on market price volatility. Whether import/export increases or
decreases price volatility depends on (national) generation/price fluctuations and
on the number of (future) interconnection lines. Provided that assumptions are
made regarding those aspects, it is possible to consider import and/or export in
the model as well.

As addressed in Chapter 6 some (commercial) simulation tools have been
developed to assess the impact of certain scenarios on (mainly national) power
systems. Although these models provide limited insight into methods applied,
inputs used and optimization strategies implemented, they do provide insight into
the order of magnitude of DR benefits, and hence can be used to reflect on the
results in this chapter. In [111] cost savings as a consequence of applying DR for
of EVs are estimated to be around 190 EUR/year per household13, of which the
majority of costs reduction is related to avoided MV-grid investment costs (120
EUR per year). The benefits of using DR for heat pumps are estimated to be
around 120 EUR/year per household. Considering the difference in assumed
penetration rates (94% and 69% for EVs and heat pumps, respectively), the
benefits per appliance are roughly in the same order of magnitude as the results
in this chapter. The same holds for the results in [110], were the total cost
savings due to smart charging of EVs are estimated between 85 to 144 EUR/year
per EV14 for the case of the Netherlands.

The results provide insight into potential long-term value of DR. Costs
associated with the implementation of DR enabling smart grid technologies are
not considered. As shown in Chapter 4 semi-automated control increases the
flexibility of white goods. Furthermore, to use the flexibility of heating systems
and EVs automated control is considered a precondition (Chapter 5). Hence, to
use the full potential of DR it is required to have (semi-)automated technologies
and an enabling ICT infrastructure. In the end, the potential benefits should be
weighed against the estimated costs of these (smart) technologies. Accordingly,
the question whether the development of these technologies (e.g. smart
appliances) is a self-driven technological progress or driven by the opportunities
of DR should be addressed as well.

13Excluding the costs for DR-enabling technologies.
14Results considering a reduction in electricity generation costs and grid investments, without

vehicle-to-grid charging.
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Chapter8
Conclusions, contributions and

recommendations

8.1 Conclusions

The energy transition as well as technological progress drive the increasing
integration of ICT in the current grid and hence the transformation towards the
so-called ‘smart grid’. This smart grid paves the way for the introduction of
Demand Response (DR). To support decision-making on (the way of)
implementing DR, insight into the prospects and value creation is essential.
Therefore, the following research question was formulated: What is the flexibility
in residential electricity demand and (based on this flexibility) what is the
potential value of demand response for the power system?

To answer the research question, different evaluation methods were developed,
which consider differences in pilot set-ups and available data, to analyze the results
of the Your Energy Moment (Chapter 4) and PowerMatching City (Chapter 5) field
test. Based on these methods the flexibility of the different appliances, which were
used to shift load in time, was quantified. Consequently, a method was developed
to assess DR benefits from a power system perspective (Chapter 6). This method
used the flexibility that was quantified based on the results of above-mentioned
field tests as input. Consequently, the long-term benefits of different DR strategies
were quantified for various scenarios for the case of the Netherlands (Chapter 7).

The research subquestions as formulated in Section 1.2 were elaborated upon in
the corresponding chapters and treated in the chapters’ conclusions. The following
subsections give conclusions referring to developed evaluation methods, field tests
and case study results. Thereafter, the main thesis contributions are listed. Lastly,
recommendations for future research are identified based on the thesis findings.
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Thesis context

After introducing the research topics (Chapter 1) and providing the necessary
contextual background (Chapter 2), the research in this thesis was put in
perspective to the current literature available in Chapter 3. A meta-analysis of
the results and methods used for the evaluation of different field tests was
conducted. As a result, an overview of the current understanding of the use and
effects of DR was provided. This subsection summarizes these results.

Based on the results of different field tests it was concluded that residential
consumers shift their load in time in response to dynamic tariffs. However, the
magnitude of the response varies among the different field tests. This is expected
to be a consequence of the effect of different variables, such as type of house,
occupancy rate and weather/climate conditions, which results in differences in
appliance penetration and use. To isolate these effects, flexibility needs to be
broken down to appliance level.

The outcomes of different studies indicate that nowadays mainly white goods
are used for DR. A limited number of field tests investigated the flexibility of these
appliances specifically and implemented semi-automated control to study to what
extent a ‘smart’ function increases this flexibility. However, quantitative results
of the long-term use of smart white goods are limited, due to a lack of adequate
measurements. This knowledge gap regarding (smart) white goods flexibility was
addressed in Chapter 4, based on the results of the Your Energy Moment field test.

In addition to the white goods, flexibility in residential electricity demand is
expected to increase due to an increase in energy efficient technologies, such as
Electric Vehicles (EVs), heat pumps and micro Combined Heat and Power systems
(µCHPs). The flexibility of these appliances was studied in a limited number
of pilots. The results indicate that these appliances are flexible. However, due
to limited sample sizes and (reference) data, quantitative results are lacking or
not considered representative. The knowledge gap regarding heating system (heat
pump or µCHP) flexibility was addressed in Chapter 5, based on the results of the
PowerMatching City field test.

Finally, in most studies the link between DR and its impact on the power system
is not studied. This leaves the potential future value of DR uncertain. To make the
link between field test results and their potential power system impact, a method
was developed in Chapter 6 to assess DR benefits from a system perspective. Using
the Netherlands as a case study, and as model input the flexibility quantified based
on the results of the above-mentioned field tests, the long-term benefits of DR were
identified in Chapter 7.

White goods flexibility

In the Your Energy Moment field test, both manual and semi-automated DR were
stimulated, using a dynamic tariff and smart appliances. Based on the pilot results,
the load shift and use of the smart function of the washing machine and tumble
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dryer were studied using a reference group and a two sample t-test. It was shown
that load is shifted in time, the washing machine evening load was decreased,
while the load during the midday was increased. This reduces the evening peak
load and increases the self-consumption of PV generation. Load shift was not
effected by time, indicating a structural change in behavior due to the pilot. Manual
and semi-automated DR were equally effective with respect to increasing the self-
consumption of PV generation. The main effect of the use of the semi-automated
function was a load shift from the evening to the night. As a result, households that
more often used the semi-automated function shifted more load in time. A similar
load shift for the tumble dryer and dishwasher is expected, based on the reported
behavior throughout the pilot. The tumble dryer load shift could not be supported
by quantitative results, due to the small sample size and limited reference data.

White goods were shifted from the evening to the midday or night irrespective
of the exact moment of evening peak-pricing. This was concluded based on an
analysis of the difference in the peak load of the two participant groups that were
subject to a distinct moment of evening peak-pricing. The white goods load shift
did not respond to a difference in the moment of evening peak-pricing as the
schedule horizon of these appliances was generally large enough to shift the load
to the cheapest time slot available. Therefore, it is suggested that a simple and
transparent tariff design is effective to stimulate (mainly manual) residential DR
for white goods. Such a tariff may consist of limited levels and emphasize the
‘favorable’ moment to use electricity, e.g. intuitively linked to renewable
generation.

Heating systems flexibility

In the PowerMatching City field tests, air-source heat pumps and µCHPs
automatically responded to price signals, which were generated by the
PowerMatcher. The effect of the price on the load was evaluated based on the
measured load of these appliances. As this effect is subject to other variables, the
load was considered a function of time, weather circumstances and the control
signal (the PowerMatcher price). To address the sensitivity of the results towards
the modeling approach, both multiple regression and Feed-Forward Artificial
Neural Networks (FFANNs) were used. These techniques are often applied in the
literature to model load without DR, however little is known about the
(dis-)advantages of using these approaches to model load and flexibility based on
smart grid pilot data.

Multiple regression proved to be useful to develop an accurate model and
understand the underlying relations between the input and output variables.
However, the FFANN outperformed the multiple regression model in terms of
forecasting accuracy. This is expected to be due to the ability of a FFANN to
better capture the asymmetry of flexibility, by using nonlinear relations between
the input and output variables. The resulting load models can be used to
estimate the effect of price on the load, i.e. the flexibility, during each time step.
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This is considered valuable for developing and optimizing DR-strategies as well as
assessing the economic value. The differences between both models were
illustrated by visualizing the heat pump and µCHP flexibility. In general, both
devices have a considerable amount of flexibility available, especially during the
day.

To reflect on and generalize the results, the effect of heating system designs
on flexibility was discussed. It was argued that the load and flexibility of heating
systems is to a great extent subject to the house’s heat demand, type of heating
system and the dimensioning of its different elements. However, regardless of these
aspects, there is flexibility in the system. Additionally, hot water buffers can be
used to increase this flexibility. Due to the relatively high capacity of the hot
water buffers in PowerMatching City, the flexibility is potentially overestimated
with respect to the flexibility available in future systems. However, flexibility
could be increased by expanding the control strategy that was used in the field
test. For example, the thermal buffer of the building itself could be used and, in
case of ground-source heat pumps, flexibility in the load for hot tap water could be
used. Hence, with limited practical results available regarding the heat pump and
µCHP flexibility, the results in this thesis provide a good first insight. The methods
used to quantify flexibility are generic, and can therefore be used to quantify and
compare the results of other (future) field tests.

Model to assess demand response benefits from a power system
perspective

A model was developed to assess DR benefits from a system perspective. This
model used the quantified flexibility of the white goods, µCHPs and heat pumps
as an input. Thereby, the link between the field test results and their impact on
the power system is made. In addition to these appliances, the flexibility of EVs
was considered (based on Dutch mobility statistics). By including the flexibility of
EVs, an overall outlook on flexibility in (future) residential electricity demand was
provided.

DR benefits were divided between (i) the energy market value, and (ii) the
grid value. In a liberalized power system, as is the case in the Netherlands, these
benefits can generally be assigned to the two main power system stakeholders:
the energy supplier and (local) grid operator. Due to modeling complexity the
energy market and grid value have so far mainly been studied separately in the
literature. Combining the existing models, used for the quantification of energy
market benefits on the one hand and grid benefits on the other, fills the knowledge
gap between them. Thereby creating insight into the distribution and sum of
benefits from a power system perspective.

To determine annual capital and operational expenditures for the grid and
energy market, the developed model simulates hourly load and (must-run)
generation profiles for each grid level. Grid costs are based on grid capacity
investments and grid losses, while the energy market costs are based on generator
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capacity investments and generation costs. To provide insight into the effects of
DR, three different DR-optimization strategies were developed: (i) grid based, (ii)
energy market based, and (iii) energy market based with capacity constraints. The
grid - and energy market based strategy focus on minimizing the costs for the grid
operator and energy supplier respectively, while the energy market based with
capacity constraints strategy combines the objectives of both stakeholders.

Case study of the Netherlands

The effects of the different DR strategies were studied for the case of the
Netherlands, using four different scenarios. In all scenarios, the net present value
of DR was positive, ranging from 2.4 to 6.3 billion EUR up to 2050. When
translating these benefits back to the annual value per appliance, it is concluded
that flexible EVs and heat pumps generate most benefits (∼100 EUR/year). As
the flexibility of µCHPs and white goods is generally less, their benefits are less
as well (∼40 and ∼5 EUR/year, respectively).

Hence, the results indicate that DR can be used to efficiently facilitate the
energy transition. Most benefits are related to avoided grid investment costs.
However, when scenarios are more extreme, with respect to the penetration of
renewables and energy efficient technologies, benefits are more dispersed. In all
scenarios, the energy market based with capacity constraints strategy is most
effective from a power system perspective. This indicates the need for enabling
regulations so all main stakeholders can utilize the potential of DR. In the end,
this is expected to be most profitable for the end-user as well, as (part of) the DR
benefits are likely to flow back to the consumer, either directly through financial
incentives that stimulate DR or indirectly through a decrease in energy prices
and/or grid tariffs. Examples of incentives that could be used to stimulate DR
are the dynamic tariff used in Your Energy Moment, or a monetization of the
control signal used in PowerMatching City.

8.2 Contributions

The main thesis contributions are listed in this section.

• Overview of the current understanding of the use and effects of
residential DR. Based on a meta-analysis of different field tests,
differences in pilot set-ups are identified and structured by categorization of
the technologies used and control strategies applied. To address differences
in field test results, the distinction between flexibility and load shift is
made. Consequently, the different methods used to evaluate the effects of
DR are classified.
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• Methods to evaluate DR field tests. Different methods are developed
and applied in this thesis to quantify load shift and flexibility based on field
test results. It is described how these methods consider the pilot set-up and
available data. Additionally, the performance of the methods that are used
to model load and flexibility is validated by comparing the results of two
distinct methods.

• Quantification of the manual and semi-automated residential DR
potential. Based on the results of Your Energy Moment it is concluded
that nowadays mainly white goods are used for DR. Both manual and semi-
automated DR are used to shift the use of these appliances in time. The main
effect of the semi-automated function is a load shift from the evening to the
night, thereby increasing the flexibility available. With a relatively large time
span available to delay cycles (and hence shift load in time), white goods are
typically shifted to the cheapest time slot. Therefore, it is concluded that to
stimulate residential DR for white goods, a tariff can consist of a few levels
and should emphasize the ‘favorable’ moments to use electricity.

• Quantification of the automated residential DR potential for
heating systems. Based on results of PowerMatching City it is concluded
that the load of heat pumps and µCHPs can automatically respond to price
signals. By modeling the response of the load towards the price insight into
the flexibility of these heating systems is provided. Additionally, based on
an analysis of different heating systems it is reasoned that regardless of the
heating demand and heating system design, they generally have flexibility
available. Hot water buffers, which can easily be used for automated DR,
can increase this flexibility.

• Method to assess DR benefits from a power system perspective. A
method is developed that can be used to assess DR benefits from a power
system perspective. This method combines the existing models used for the
quantification of benefits for the energy market on the one hand and for the
grid on the other. As input the flexibility that was quantified based on the
field tests results is used. Thereby, the link between field tests and their
potential impact on the power system is made.

• Quantification of the benefits of different DR strategies from a
power system perspective. Different DR strategies are developed to use
the flexibility in residential electricity demand. These strategies focus on
reducing either or both grid- and energy market costs. Through the use of a
case study of the Netherlands it is shown that, in all scenarios and for each
strategy, DR generates power system benefits. However, different DR
strategies (grid- or energy market based) can be in conflict. From a power
system perspective a combined strategy is most beneficial.
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8.3 Recommendations for future research

This section lists recommendations for future research.

• More smart appliances data. Based on the results of the Your Energy
Moment field test (Chapter 4), it was concluded that households are willing
to be involved in DR programs which incentivize shifting load in time. This
supports the conclusion in [85] that if smart technologies are well designed,
consumers will change their patterns of electricity demand permanently.
Therefore, it is assumed that consumers will also embrace other forms of
(semi-)automated DR programs that focus on unlocking the flexibility of
the heat pump, µCHP and EV. However, the future deployment and
acceptance of such smart technologies remains uncertain, until real-life
insights from different (large-scale) field tests are gathered.

• More (smart) heating system data. The results in this thesis provide
insight into the flexibility of heating systems. However, as elaborated on
in Chapter 5, the flexibility of heating systems is subject to the house’s heat
demand and heating system design. Once more data is available, these effects
can be studied in more detail. To do so, the methods developed in this thesis
could be used.

• More (smart) EV data. To consider EV flexibility, mobility statistics were
used in this thesis. Flexibility was defined based on the daily driven distance
and the time available between home arrival and departure to charge the
vehicle at home. However, in practice the time available to charge EVs is
subject to consumer preferences. It is expected that similar to the use of
a smart washing machine, the consumer -if it wants to make use of its EV
flexibility- will provide a schedule horizon for the charging process. To what
extent such a schedule horizon corresponds to home arrival and departure
times needs to be studied based on field test results. In practice, schedule
horizons might be limited, or cars might be charged at different locations
and/or at different moments during the day. As a consequence, flexibility
profiles will differ and as a result DR benefits as well. Once more detailed
profiles are available, these can easily be used as input for the power system
model developed in this thesis.

• DR for balancing purposes. In addition to the energy market benefits
studied in this thesis, DR could also be used to reduce imbalance, e.g.
through participation in the balancing market. With the increase in
renewable (intermittent) generation, the use of DR for this purpose is
excepted to become increasingly relevant. When studying the use of DR for
imbalance reduction, uncertainty with respect to the development of
imbalance volumes and prices should be addressed accordingly. Among
others, this uncertainty is related to the effects of the electricity generation
mix, technological developments and international (cross-border) balancing
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initiatives. In the end, it is recommended to consider the potential DR
benefits for balancing purposes from a system perspective, thereby
considering potential conflicts in benefits related to the grid, (day-ahead)
energy and balancing market.

• Uncertainty handling. The defined optimization problems used to assess
DR benefits are deterministically modeled. Hence, uncertainties related to
the predictability of (renewable) generation, load and flexibility were not
addressed. To consider uncertainty, probabilistic (load) modeling approaches
could be used. This could yield a more in-depth view on the dynamics and
(local) potential of DR. However, this requires more advanced optimization
techniques and increases computational complexity and time.

• Integration of DR in grid planning and market processes. To
effectively exploit the potential of DR requires that current practices of the
grid operator and energy supplier change. For example, the effects of DR
should be considered in grid planning as well as market processes. Future
research should indicate on how the opportunities of DR can best be
integrated in these processes.

• DR-enabling regulatory changes. A pre-condition for changing current
practices of the main power system stakeholders is that regulatory barriers
are removed. It is important that all stakeholders are enabled in the future
to utilize (part of) the potential of DR, as the results of this thesis indicate
that a combined strategy is most effective from a system perspective.
Additionally, new market parties could arise as well, e.g. so-called
aggregators that serve as an intermediary between consumers and utilities.
Hence, for a large-scale implementation of DR, it is important to clearly
define the roles and responsibilities of all (future) power system stakeholders
within the (smart) grid.

• Design of DR control signals. In this thesis, flexibility was analyzed
based on the effect of DR control signals, or incentives, in different field tests.
Consequently, through optimization of this flexibility, the potential power
system benefits of DR were assessed. Eventually, (part of) these benefits
are expected to flow back to the end-user. However, regardless of financial
transactions, to maximize the DR benefits requires that the control signal,
which is send to the consumer, brings about the assumed load shift. Future
research should focus on optimization and standardization of such signals.
Thereby making the connection between system benefits and DR incentives,
as is illustrated in Fig. 8.1.
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Figure 8.1. Schematic overview of the link between demand response, flexibility and
power system benefits. The latter is expressed by the grid and energy market value.
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AppendixA
Results of Time-of-Use field tests

The Department of Energy and Climate Change in the UK performed a study on
the effects of dynamic tariffs used to simulate residential DR [58]. In this study
the results of 30 field tests were analyzed. All projects considered were completed
after the year 2000. Table A.1 provides an overview of the field tests that used a
Time-of-Use (ToU) tariff.

Based on the different results, the price ratio seems to have limited to no effect
on the magnitude of the response, which is expressed as the percentage of load
reduction. This is also visualized in Fig. A.1.

Table A.1. Results of different ToU field tests. Data derived from [58].

Project name Country Peak to off-peak
price ratio

Average reduction
in peak load

Ontario Smart Price trail (2006-2007) Canada 140% 0%
Idaho DSR trail (2005-2006) USA 184% 0%
Missouri CPP trail (2004-2005) USA 349% 0%
CL&P trail (2009) USA 208-408% 2-3%
PSE’s ToU trail (2001-2002) USA “unknown” 5%
California State-wide Pricing trail
(2003-2004)

USA 200% 1-6%

myPower trail (2006-2007) USA 187% 3-6%
Norway EFFLOCOM trail (2001-2004) Norway “unknown” 10%
Xcel Energy Trail USA “unknown” 5.2-10.6%
PG&E’s trail (2008-2010) USA “varied” 11%
Ireland Electricity Smart Metering
Behavior trail (2009-2010)

Ireland 143-271% 7-12%

Energy Demand Research Project trail
(2007-2010)

UK 165% “varied”

Northern Ireland Powershift trail (2003-
2004)

Ireland 267% “small”
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Figure A.1. Price ratio versus peak reduction measured in different ToU field tests,
based on the data derived from [58].



AppendixB
Your Energy Moment: visualization of

pilot set-up

This appendix provides an overview of the household characteristics, inputs used
to define the dynamic tariff, as well as different illustrations that visualize the Your
Energy Moment (YEM) pilot set-up and equipment installed.

The demographic characteristics are listed in Table B.1. The inputs used to
define the dynamic tariff are listed in Table B.2. Next, Fig. B.1 and B.2 shows the
schematic overview of the in-home technologies and ICT architecture applied. The
interfaces of the smart appliances (washing machine and tumble dryer) are shown
in Fig. B.3. Relevant screenshots of the HEMS display are shown in Fig. B.4.

Table B.1. Demographic characteristics of the participating households in YEM.

Characteristics at the start of the pilot

Average floor space 97 m2

Percentage of male respondents 47%
Average age respondent 36 years
Educational level respondent 35% lower, 34% middle, 31% scientific

educated
Median household income modal
Unemployment rate respondent 17%
Family situation 31% single, 42% living together without

children, 23% with children, 4% unspecified
Average number of residents per household 2
Percentage rental houses 30%

Although the average age of the participating households was somewhat younger
(Dutch average: 39 years, [82]) and the unemployment rate higher (Dutch average:
7.4%, [82]), these households are considered a good reflection of the Dutch society
with about as many men as women (Dutch average: 50%, [82]), a modal income
and an average of 2 occupants per households (Dutch average: 2.2, [82]).
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Table B.2. Values of the different input variables used to define the dynamic tariff
(λsupplier, λDSO, and λtaxes) in the YEM pilot.

Symbol Value Unit

λhigh 0.19 e/kWh
λmedium 0.05 e/kWh
λlow 0 e/kWh
θ1 0.7 -
θ2 0.83 -
α 0.07 -
λtaxes 0.12 e/kWh

Figure B.1. Schematic overview of the YEM pilot set-up.
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Figure B.2. Schematic overview the ICT architecture applied in the YEM pilot.

(a)           (b) 

Figure B.3. Pictures of the smart appliances’ interfaces. (a) The washing machine
interface, which can be used to adjust the ultimate end time of a programmed cycle. (b)
The tumble dryer interface, which only has a ”smart-start“ button (JEM-start), in this
case the default end time can be adjusted using the display installed in the living room.
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(a)  

The homepage provides direct and historic feedback on the 
electricity flows (updates every 10 seconds). By tapping on the 
different elements, more information is provided. The green 
background color indicates that the current moment is 
favorable. Otherwise it is blue.  
 
 

 
(b) 

This screen indicates the (relative) height of the dynamic tariff 
for the next 24 hours.   

 
(c) 

Overview of the historic consumption. The blue bars indicate 
the hourly consumption. A pink bar is used for washing 
machine specific consumption. This bar chart is for the period 
of one day, a week or month overview can be selected as well. 
Also, it is possible to scroll back and forth in time.  
 
 

 
(d) 

Overview of the historic production (green), as well as the 
predicted production (light green) for the coming day. A week or 
month overview can be selected as well. 

 
(e) 

This screen can be used to adjust the start and finish time of the 
schedule horizon of programmed wash or dry cycles. 

 
(f) 

This screen indicates the costs of electricity consumption per day 
of the week. The total costs (pink) are divided into costs for 
consumption (blue) and gains from production (green). A month 
or year overview can be selected as well. 

 

Figure B.4. Relevant screenshots of the HEMS display in the YEM pilot.



AppendixC
Data consideration for two sample

t-test application

In Chapter 4 the significance of the smart washing machine and tumble dryer load
shift is assessed based on a two-sample t-test. This appendix discusses the inputs
used for the t-test, to provide insight into the variables that influence the results.
When designing a field test, with the objective to quantify load shift based on a
reference group, the effects of the pilot design and measurements to be collected
on these variables should be considered.

As described in Section 4.3, the significance of the washing machine load shift is
assessed based on the t-value and its corresponding p-value. This p-value is defined
based on the t-distribution. The t-distribution, which depends on the degrees of
freedom (df), is illustrated in Fig. C.1. In this case, the degrees of freedom relates
to the size of the (random) sample, which is defined by number of participating
and reference households (NP and NR, respectively):

df = NP +NR − 2 (C.1)

If the t-value is below or above the minimum or maximum critical t-value
respectively, the difference between two groups is significant (based on p=.05).
Fig. C.1 also illustrates these critical t-values.
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Figure C.1. Illustration of t-distribution for different degrees of freedom (df). The
critical t-value indicates the point where the p-value=.05. From df > 30 the

t-distribution resembles a normal distribution.

As stated in Section 4.3, the t-value is defined as follows:

t =
Pwm,P − Pwm,R√

(NP−1)s2wm,P+(NR−1)s2wm,R
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1
NP

+ 1
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where Pwm,Pi
and Pwm,Ri

are the average washing machine load (Watt) of
each individual participating and reference household during a certain time period,
expressed by t1 and t2 (PTU). Pwm,P and Pwm,R represent the average washing
machine load of both the participant and reference group. The unbiased sample
variance of both groups is indicated by s2wm,P and s2wm,R.

As can be concluded from eq. (C.2) to (C.8), the significance of the results is
influenced by the following inputs:

• The participant (NP ) and reference (NR) sample size.
Based on eq. (C.2) it can be concluded that the higher the sample size of
the participant and reference group, the higher the t-value and hence the
significance of the results.

• The effect of the pilot (expressed by: Pwm,P − Pwm,R).
The higher the load shift due to the pilot, expressed by the difference in
average washing machine load between the participant and reference group
(Pwm,P−Pwm,R) in eq. (C.2), the higher the t-value. The difference between
both groups is illustrated in Fig. C.2. The unbiased standard deviation of
both groups (swm,P and swm,R) is also illustrated in this figure.
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Figure C.2. Probability distribution of washing machine load of the participating
(Pwm,P ) and reference (Pwm,R) households, during the midday (09.00-17.00). The

unbiased standard deviation of both groups is indicated by swm,P and swm,R,
respectively.

• The data resolution, e.g. 15-minutes or hourly data (expressed by:
Pwm,Pi

and Pwm,Ri
based on {t1...t2}).

The washing machine load of the participant group is compared to that of the
reference group based on the average load during the midday (09:00-17:00)
and evening (17:00-00:00). The average midday load of each participating
household is defined by eq. (C.3), while the average midday load of each
reference household is defined by eq. (C.5). Using the average midday load
instead of the average 15-minutes load to determine the significance of the
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load shift reduces the unbiased standard deviation (swm,P and swm,R) and
hence the unbiased sample variance (s2wm,P and s2wm,R). As can be concluded
from eq. (C.2), reducing the unbiased sample variance increases the t-value.
The effect of using the average midday load instead of the average 15-minutes
load is illustrated in Fig. C.3. This figure shows the probability distribution
of the average washing machine midday load and the average load between
13:00-13:15.
Based on the pilot design and dynamic tariff applied in the Your Energy
Moment, it is considered appropriate to use the average midday and evening
load to assess load shift. Because the tariff was typically low during hours of
PV generation and high during the evening hours (see Fig. 4.3 in Chapter
4). Hence, the resolution of the data used to consider load shift is subject to
the measurement resolution as well as the tariff design.
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Figure C.3. Probability distribution of washing machine load of the participating
households during the midday (09.00-17.00) and between 13:00-13:15.

• The type of data, e.g. appliance or smart meter measurements
(influences: s2wm,P and s2wm,R).
If solely the washing machine load is used for load shifting, adding the load
of other appliances to the measurements can be considered as adding noise,
thereby increasing the unbiased sample variance (s2wm,P and s2wm,R). This
is illustrated by the probability distribution of the average washing machine
midday load and the average smart meter midday load of the participating
household in Fig. C.4.



153

Load [Watt]
100 200 300 400 500 600 700 800 900 1000

Pr
ob

ab
ili

ty

0

0.02

0.04

0.06

0.08

 Probability distribution of washing machine (wm)
and smart meter (sm) midday load

Pr
ob

ab
ili

ty

#10-3

0

0.5

1

1.5

2
wm norm. dist.
wm mean
sm norm. distr.
sm mean

s
sm

Figure C.4. Probability distribution of washing machine and smart meter load of the
participating households, during the midday (09.00-17.00).

• The measurement period, for both the participant and reference
data (influences: s2wm,P and s2wm,R).
The measurement periods considered to determine the daily load profiles of
the participant and reference group, which are used as input for eq. (C.3)
and (C.5) respectively, influence the unbiased sample variances (s2wm,P and

s2wm,R). In general, increasing the measurement period reduces the unbiased
sample variance. This is also illustrated in Fig. C.5, where the probability
distribution of the washing machine midday load of the participating
households is shown based on the data of 1 year as well as based on the
data of 2 days.

Load [Watt]
0 10 20 30 40 50

Pr
ob

ab
ili

ty

0   

0.02

0.04

0.06

0.08

0.1 

 Probability distribution of washing machine midday load,
based on 1-year-averages and 2-days-averages

1-year norm. dist.
1-year mean
2-days norm. dist.
2-days mean

s
wm,P

(2-days)
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AppendixD
PowerMatching City:

visualization of pilot set-up

This appendix illustrates the bid strategies for the control of the heat pumps and
the µCHPs that are implemented in the PowerMatching City (PMC) pilot (Fig.
D.1). Furthermore, the installation set-ups of the heating systems are shown in
Fig. D.2, and Fig. D.3 shows hydraulic schematics of both systems. Examples of
the collected data for the heat pump and the µCHP are provided in Fig. D.4 and
Fig. D.5, respectively.
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Figure D.1. Bid strategies implemented for the heat pump and µCHP in the PMC pilot.
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156 D. PowerMatching City: visualization of pilot set-up

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(a)       (b) 

Figure D.2. Heating systems used for DR in the PMC pilot. (a) The µCHP connected
to a 210 liter water buffer. (b) The air-source heat pump with gas-fired heater

connected to a 210 liter water buffer.
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Figure D.3. Hydraulic schematic of the heating systems in the PMC pilot, adjusted
from [92]. (a) The µCHP with an additional internal gas-fired heater. (b) The

air-to-water heat pump with gas-fired heater.
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Figure D.4. Example of the collected heat pump data. If the fill level drops below the
60% the heat pump may turn on depending on the price. This flexibility is illustrated
by the gray area. Based on the bid strategy the price is translated into a requested fill

level (Fill Levelreq), if the current fill level is below the requested, load is allocated
(Loadalloc) and the appliance should turn on.
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Figure D.5. Example of the collected µCHP data. If the fill level drops below the 50%
the µCHP may turn on depending on the price. This flexibility is illustrated by the
gray area. Based on the bid strategy the price is translated into a requested fill level

(Fill Levelreq), if the current fill level is below the requested, load is allocated
(Loadalloc) and the appliance should turn on.
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Figure D.6. Boxplots indicating the distribution of the prices throughout the PMC
pilot.



AppendixE
Asset replacement model

To estimate the average grid and generator asset age, and the capacity that needs
to be replaced due to aging, the following formula is introduced in [113]:

Ay+1 =
(Ny −Ry)(Ay + x) + 1

2Ry + 1
2 (Ny+1 −Ny)

Ny+1
(E.1)

where Ay+1 is the average asset age in year y + 1, Ny is the existing capacity,
Ny+1 − Ny is the added new capacity to accommodate load growth, Ry is the
capacity that is replaced due to aging, and x is the average age increase of the
remaining capacity Ny−Ry. Both the replaced capacity Ry and the added capacity
Ny+1 − Ny have an average age of 1

2 year, assuming they are evenly installed
throughout the year. To determine the value of x, i.e. the average annual age
increase of the remaining capacity Ny − Ry, a stationary state is assumed based
on the asset life time, L:

Ay+1 = Ay =
1

2
L (E.2)

Ny+1 = Ny (E.3)

Ry+1 =
Ny
L

(E.4)

Using these equation to solve (E.1) yields x = 1
2 . Meaning that each year the

average age of the existing capacity increases by 1
2 year. This relatively low value

is due to the replacement of the oldest capacity. Using this value of x, (E.1) can
be rewritten as:

Ay+1 =
(Ny −Ry) ·Ay

Ny+1
+

1

2
(E.5)
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160 E. Asset replacement model

It is assumed that the capacity that needs to be replaced depends on the average
asset age. To ascertain that all assets are replaced when the average age Ay equals

the life time L, a power-law relationship between the relative asset age (
Ay

L ) and
capacity that needs to be replaced is proposed in [113]:

Ry = (
Ay
L

)β ·Ny (E.6)

Using again the requirements for a stationary situation (E.2)-(E.4), the value
of coefficient β is:

β =
ln(L)

ln(2)
(E.7)



Bibliography

[1] IEA, “Energy and Climate Change,” World Energy Outlook Special Report,
Tech. Rep., 2015. [Online]. Available: https://www.iea.org

[2] European Parliament and the Council of the European Union, “Directive
2009/28/EC,” Official Journal of the European Union, 2009. [Online].
Available: http://eur-lex.europa.eu

[3] Sociaal-Economische Raad, Energieakkoord voor duurzame groei [in Dutch],
2013. [Online]. Available: http://www.energieakkoordser.nl

[4] European Commision, “A policy framework for climate and energy
in the period from 2020 to 2030,” 2014. [Online]. Available: http:
//eur-lex.europa.eu

[5] United Nations, Adoption of the Paris Agreement,
FCCC/CP/2015/L.9/Rev.1, 2015. [Online]. Available: http://unfccc.
int/resource/docs/2015/cop21/eng/l09r01.pdf

[6] OECD/IEA and World Bank, Renewable energy consumption (% of total
final energy consumption), EG.FEC.RNEW.ZS, 2013. [Online]. Available:
http://data.worldbank.org/indicator/EG.FEC.RNEW.ZS?display=map

[7] OECD/IEA and World Bank, Electricity production from renewable
sources, excluding hydroelectric (% of total), EG.ELC.RNWX.ZS, 2014.
[Online]. Available: http://data.worldbank.org/indicator/EG.ELC.RNWX.
ZS?display=map

[8] RvO, “Cijfers Elektrisch Vervoer [in Dutch],” 2016. [Online].
Available: http://www.rvo.nl/onderwerpen/duurzaam-ondernemen/
energie-en-milieu-innovaties/elektrisch-rijden/stand-van-zaken/cijfers

[9] CBS Statline, “Warmtepompen; aantallen, thermisch vermogen en
energiestromen [in Dutch],” 2015. [Online]. Available: http://statline.cbs.nl

[10] E. J. Coster, J. M. A. Myrzik, K. B, and W. L. Kling, “Integration Issues
of Distributed Generation in Distribution Grids,” Proceedings of the IEEE,
vol. 99, no. 1, 2011.

161

https://www.iea.org
http://eur-lex.europa.eu
http://www.energieakkoordser.nl
http://eur-lex.europa.eu
http://eur-lex.europa.eu
http://unfccc.int/resource/docs/2015/cop21/eng/l09r01.pdf
http://unfccc.int/resource/docs/2015/cop21/eng/l09r01.pdf
http://data.worldbank.org/indicator/EG.FEC.RNEW.ZS?display=map
http://data.worldbank.org/indicator/EG.ELC.RNWX.ZS?display=map
http://data.worldbank.org/indicator/EG.ELC.RNWX.ZS?display=map
http://www.rvo.nl/onderwerpen/duurzaam-ondernemen/energie-en-milieu-innovaties/elektrisch-rijden/stand-van-zaken/cijfers
http://www.rvo.nl/onderwerpen/duurzaam-ondernemen/energie-en-milieu-innovaties/elektrisch-rijden/stand-van-zaken/cijfers
http://statline.cbs.nl


162 Bibliography

[11] DoE, “Benefits of Demand Response in Electricity Markets and
Recommendations For Achieving Them,” Department of Energy (DoE),
Report to the US Congress, Section 1252 of the Energy Policy Act of 2005,
Tech. Rep., 2006. [Online]. Available: www.energy.gov

[12] IEA, “Technology Roadmap Smart Grids,” International Energy Agency,
France, Tech. Rep., 2011.

[13] A. Faruqui, D. Harris, and R. Hledik, “Unlocking the 53 Billion Savings from
Smart Meters in the EU,” Energy Policy, vol. 38, no. 10, 2010.

[14] K. Kok, “The PowerMatcher: Smart Coordination for the Smart Electricity
Grid,” Ph.D. Thesis, Vrije Universiteit Amsterdam, 2013.

[15] P. Van Oirsouw, Netten voor distributie van elektriciteit [in Dutch]. Arnhem:
Phase To Phase, 2011.

[16] G. P. J. Verbong, Past and future energy transitions. Inaugural lecture prof.
Geert Verbong, Eindhoven University of Technology, 2014.

[17] European Parliament and the Council of the European Union, “Directive
2009/72/EC,” Official Journal of the European Union, 2009. [Online].
Available: http://eur-lex.europa.eu

[18] European Parliament and the Council of the European Union, “Directive
2003/54/EC,” Official Journal of the European Union, 2003. [Online].
Available: http://eur-lex.europa.eu

[19] Rijksoverheid, “Wet onafhankelijk netbeheer, Wijzigingswet Electriciteitswet
1998 en Gaswet [in Dutch],” 2006. [Online]. Available: http://wetten.
overheid.nl/BWBR0020608/2014-08-01

[20] CBS, “Elektriciteit in Nederland,” Den Haag/Heerlen, September, Tech.
Rep., 2015.

[21] E. Veldman, M. Gibescu, A. Postma, J. G. Slootweg, and W. L. Kling,
“Unlocking the hidden potential of electricity distribition grids,” in Proc. 20th
International Conf. and Exhibition on Electricity Distribution, 8-11 June,
Prague, Czech Republic, 2009.

[22] ENTSO-E, “The Harmonised Electricity Market Role Model,” Version 2011-
01, European Network of Tranmission System Operators for Electricity
(ENTSO-E), Brussels, Belgium, Tech. Rep., 2011.

[23] S. Stoft, Power System Economics. Designing Markets for Electricity. IEEE
Press & Wiley-Interscience, 2002.

[24] D. Kirschen and G. Strbac, Fundamentals of Power System Economics. John
Wiley & Sons, 2004.

www.energy.gov
http://eur-lex.europa.eu
http://eur-lex.europa.eu
http://wetten.overheid.nl/BWBR0020608/2014-08-01
http://wetten.overheid.nl/BWBR0020608/2014-08-01


Bibliography 163

[25] ACM, “Authority for Consumers and Markets. National Report on energy
regulation in 2012,” Authority for Consumers & Markets (ACM), Tech. Rep.,
2012.

[26] I. Lampropoulos, “Energy Management of Distributed Resources in Power
System Operations,” Ph.D. Thesis, Eindhoven University of Technology,
2014.

[27] M. Van Werven and M. Scheepers, “DISPOWER The Changing Role of
Energy Suppliers and Distribution System Operators in the Deployment of
Distributed Generation in Liberalised Electricity Markets,” ECN-C–05-048,
Tech. Rep., 2005.

[28] TenneT, “What is programme responsibility and how can you become
a Programme-Responsible Party (PRP)?” 2014. [Online]. Available:
http://www.tennet.eu

[29] R. Verzijlbergh, “The Power of Electric Vehicles: Exploring the value of
flexible electricity demand in a multi-actor context,” Ph.D. Thesis, Delft
University of Technology, 2013.

[30] TenneT, “Productinformatie regelvermogen [in Dutch],” SO-SYS 14-011,
2014. [Online]. Available: http://www.tennet.eu

[31] ECN, Energie Nederland, and Netbeheer Nederland, “EnergieTrends
2014 [in Dutch],” Tech. Rep., 2014. [Online]. Available: http://www.
energie-nederland.nl/energietrends

[32] S. Velander, “Method of Operational Analysis Applied to Distribution of
Electric Power,” Teknisk-Tidskrift, vol. 82, pp. 293–299, 1952.

[33] E. Veldman, “Power Play, Impacts of flexibility in future residential electricity
demand on distribution network utilisation,” Ph.D. Thesis, Eindhoven
University of Technology, 2013.

[34] Enexis, “Jaarverslag 2014 [In Dutch],” Tech. Rep., 2014.
[Online]. Available: https://www.enexis.nl/Documents/investor-relations/
enexis-jaarverslag-2014.pdf

[35] A. Aalberts, G. Dekker, S. Jaarsma, B. Tieben, and N. Vlug, “Onderzoek
naar de methodologie voor de verdeling van de kosten van netverliezen [in
Dutch],” KEMA, NMa, SEO, 74100203-NMEA/MOC 11-0529, Tech. Rep.,
2011.

[36] H. L. Willis, Power Distribution Planning Reference Book, 2nd ed. Marcel
Dekker, Inc., New York, 2004.

http://www.tennet.eu
http://www.tennet.eu
http://www.energie-nederland.nl/energietrends
http://www.energie-nederland.nl/energietrends
https://www.enexis.nl/Documents/investor-relations/enexis-jaarverslag-2014.pdf
https://www.enexis.nl/Documents/investor-relations/enexis-jaarverslag-2014.pdf


164 Bibliography

[37] J. G. Slootweg, M. A. M. M. van der Meijden, J. D. Knigge, and E. Veldman,
“Demystifying smart grids - Different concepts and the connection with smart
metering,” Proc. 21st International Conference and Exhibition on Electricity
Distribution (CIRED), 6-9 June 2011, Frankfurt, Germany, 2011.

[38] R. J. W. De Groot, J. Morren, and J. G. Slootweg, “Smart integration of
distribution automation applications,” in Proc. IEEE PES Innovative Smart
Grid Technologies Conf. Europe, 14-17 Oct., Berlin, Germany, 2012.

[39] I. Lampropoulos, W. L. Kling, P. F. Ribeiro, and J. van den Berg, “History
of demand side management and classification of demand response control
schemes,” in Proc. IEEE PES General Meeting, 21-25 July, Vancouver,
Canada, 2013.

[40] P. O. Steiner, “Peak loads and efficient pricing,” The Quarterly Journal of
Economics, vol. 71, no. 4, pp. 585–610, 1957.

[41] ANP, “Voordeel laag stroomtarief is achterhaald [In Dutch],” Het Parool,
October 23, 2013.

[42] E. Veldman, M. Gibescu, J. G. Slootweg, and W. L. Kling, “Scenario-based
modelling of future residential electricity demands and assessing their impact
on distribution grids,” Energy Policy, vol. 56, 2013.

[43] S. Gyamfi and S. Krumdieck, “Scenario analysis of residential demand
response at network peak periods,” Electric Power Systems Research, vol. 93,
2012.
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and P. Fŕıas, “Assessment of the impact of plug-in electric vehicles on
distribution networks,” IEEE Transactions on Power Systems, vol. 26, no. 1,
2011.

[45] A. Safdarian, M. Fotuhi-firuzabad, and M. Lehtonen, “Benefits of Demand
Response on Operation of Distribution Networks: A Case Study,” IEEE
Systems Journal, vol. PP, no. 99, 2014.

[46] B. Dupont, K. Dietrich, C. De Jonghe, A. Ramos, and R. Belmans, “Impact
of residential demand response on power system operation: A Belgian case
study,” Applied Energy, vol. 122, 2014.

[47] L. Wu, “Impact of price-based demand response on market clearing and
locational marginal prices,” IET Generation, Transmission & Distribution,
vol. 7, no. 10, 2013.

[48] T. K. Kristoffersen, K. Capion, and P. Meibom, “Optimal charging of electric
drive vehicles in a market environment,” Applied Energy, vol. 88, no. 5, 2011.



Bibliography 165

[49] R. Verzijlbergh, Z. Lukszo, and M. Ilic, “Comparing different EV charging
strategies in liberalized power systems,” in Proc. 9th International Conf. on
the European Energy Market, 10-12 May, Florence, France, 2012.

[50] E. Veldman and R. A. Verzijlbergh, “Distribution Grid Impacts of Smart
Electric Vehicle Charging From Different Perspectives,” IEEE Transactions
on Smart grid, vol. 6, no. 1, 2014.

[51] C. F. Covrig, M. Ardelean, J. Vasiljevska, A. Mengolini, G. Fulli,
and E. Amoiralis, “Smart Grid Projects Outlook 2014,” JRC Report:
EUR 26609, Luxembourg, Tech. Rep., 2014. [Online]. Available: http:
//ses.jrc.ec.europa.eu/smart-grids-observatory

[52] C. Timpe, “Smart Domestic Appliances Supporting the System Integration
of Renewable Energy,” EIE Project Smart-A, Tech. Rep., 2009.

[53] M. Albadi and E. El-Saadany, “A summary of demand response in electricity
markets,” Electric Power Systems Research, vol. 78, no. 11, 2008.

[54] K. Kok and S. Widergren, “A Society of Devices: Integrating Intelligent
Distributed Resources with Transactive Energy,” IEEE Power and Energy
Magazine, vol. 14, 2016.

[55] E. A. M. Klaassen, Y. Zhang, I. Lampropoulos, and J. G. Slootweg, “Demand
Side Management of Electric Boilers,” in Proc. IEEE PES Innovative Smart
Grid Technologies Conf. Europe, 14-17 Oct., Berlin, Germany, 2012.

[56] H. J. Belitz, S. Winter, and C. Rehtanz, “Load shifting of the households
in the E-Energy project E-DeMa,” in Proc. IEEE Powertech, 16-20 June,
Grenoble, France, 2013.

[57] J. Schofield, R. Carmichael, S. Tindemans, M. Woolf, M. Bilton, and
G. Strbac, “Residential consumer responsiveness to time-varying pricing,”
Low Carbon London, Report A3, Tech. Rep., 2014.

[58] DECC, “Demand Side Response in the domestic sector - a literature review
of major trials,” Frontier Economics and Sustainability First, commissioned
by the Department for Energy and Climate Change (DECC), Tech. Rep.,
2012. [Online]. Available: www.decc.gov.uk

[59] G. R. Newsham and B. G. Bowker, “The effect of utility time-varying pricing
and load control strategies on residential summer peak electricity use: A
review,” Energy Policy, vol. 38, no. 7, 2010.

[60] C. Bartusch and K. Alvehag, “Further exploring the potential of residential
demand response programs in electricity distribution,” Applied Energy, vol.
125, 2014.

http://ses.jrc.ec.europa.eu/smart-grids-observatory
http://ses.jrc.ec.europa.eu/smart-grids-observatory
www.decc.gov.uk


166 Bibliography

[61] J. Torriti, “Price-based demand side management: Assessing the impacts
of time-of-use tariffs on residential electricity demand and peak shifting in
Northern Italy,” Energy, vol. 44, no. 1, 2012.

[62] J. Torriti, “The significance of occupancy steadiness in residential consumer
response to Time-of-Use pricing: Evidence from a stochastic adjustment
model,” Utilities Policy, vol. 27, 2013.

[63] R. Carmichael, J. Schofield, M. Woolf, M. Bilton, R. Ozaki, and G. Strbac,
“Residential consumer attitudes to time-varying pricing,” Low Carbon
London, Report A2, Tech. Rep., 2014.
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