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Voorwoord
Sinds mijn bacheloronderzoek bij TNO ben ik erg enthousiast over het onderwerp Smart Grids. Daarom besloot ik ook mijn afstudeeronderzoek in
dit thema te doen. Op een energy event kwam ik in gesprek met CGI en
kwam erachter dat dit misschien wel een leuke onverwachte partij was om
mijn afstudeeronderzoek bij uit te voeren. Na een aantal brainstormsessies
kreeg de opzet van dit project zijn vorm.
Nu, 7 maanden na de start van dit project heb ik een drietal eindpresentaties en een scriptie als resultaat. Tijdens de presentaties merkte ik
dat de resulaten van dit onderzoek leiden tot mooie discussies. Ik nodig je
dan ook van harte uit om de conclusies van deze scriptie eens kritisch te
bekijken.
Het doel van deze scriptie is om de lezer 1) een goed beeld te geven van
de verschillende Smart Grid oplossingen en het doel van deze oplossingen,
2) hoe je verschillende Smart Grid oplossing met elkaar kan vergelijken 3)
te laten zien hoe dynamic game theory kan helpen om Smart Grid oplossingen te analyseren, 3) te tonen dat een balanceringsprobleem in de praktijk
niet met elke Smart Grid oplossing even goed is op te lossen en 4) laten zien
welke vragen je kunt onderzoeken om in de toekomst tot een antwoord te
komen op de vraag ‘welke Smart Grid oplossing is het meest geschikt in
een bepaalde situatie?’.
Ik heb met veel plezier aan deze scriptie gewerkt en hoop dan ook dat jij
hem met veel plezier zult lezen. Inmiddels heb ik al een nieuwe uitdaging
bij het Centrum Wiskunde & Informatica gevonden en zal me het komende
jaar ook weer gaan storten op dit boeiende onderwerp.
Tijdens mijn onderzoek heb ik hulp gehad van een hele hoop mensen.
Ik noem hier een aantal en hoop dat ik niemand per ongeluk heb overgeslagen. Allereerst wil ik Marinda Gaillard, mijn begeleider vanuit CGI, bedanken. Je hebt me enorm geholpen door mij enerzijds compleet vrij te
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laten en anderzijds te helpen met ’scopen’. Daarnaast waardeer ik het dat
je bijna altijd bereikbaar was en tijd voor me maakte. Ook al was het niet
altijd gemakkelijk om af te spreken en hielden we soms door treinperikelen uiteindelijk op een andere plek dan de bedoeling was onze afspraak.
Daarnaast wil ik ook Rineke Verbrugge, mijn begeleider vanuit de RUG bedanken. De keus om het thema Smart Grids vanuit een negotiation game
te bekijken vond ik erg geslaagd. Ik heb veel gehad aan je suggesties voor
papers en boeken. Daarnaast ook bedankt voor je geduld om elke keer
mijn aangepast scriptie weer te lezen en suggesties te geven. Een speciale
dank gaat ook uit naar Jan Pieter Wijbenga, die mij heeft geholpen met het
aanpassen van de agents in de PowerMatcher Simulation Tool.
Ook bedankt ik graag Renk Stienstra en Jos Siemons voor hun hulp bij
mogelijk maken en opzetten van mijn afstudeeronderzoek. Hans Rooden,
Björn Amkreutz en Hans Stadman bedank ik voor hun hulp bij het werken
met en aanpassen van PowerMatcher-MC. Daarnaast wil ik ook graag een
aantal mensen bedanken die mij hebben geholpen door ervaringen in hun
eigen werk te delen en tips te geven : Hermen Toersche (UTwente), Elke
Klaassen (Enexis/TUE) en Koen Kok (TNO). Ook bedank ik de CGI’ers
in Groningen die mijn tijd daar aangenaam hebben gemaakt met doelloze gesprekken bij de koffieautomaat en gezonde ‘blokjes om’. Met name
Ciaràn Lier, mijn mede-stagiair wil ik bedanken. Het was leuk om tegelijk
met jou af te studeren en onze frustaties en doorbraken te delen. Ook bedank ik graag mijn koffiemaatjes Lynke en Sebastiaan voor het aanhoren
van mijn Smart-Grid verhalen. Tenslotte, Goitzen, bedankt voor je onvoorwaardelijke steun gedurende deze drukke maanden.
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Abstract
In the Dutch electricity system, many agents make decisions every day,
every minute, and some agents even every millisecond. These agents range
from customers choosing to do the laundry to producers starting a power
plant, to grid operators choosing to invest in new grid capacity. However,
do we all make our decisions in the most optimal way?
There is a large amount of activity in the field of Smart Energy Grids.
A lot of people believe that decision making in the grid can be done more
efficiently: Many decisions, especially on the demand side, are made without regarding the actions of other agents. For example, sometimes wind
energy is curtailed during the night because there is barely any demand at
that moment, while a few hours before, there had been a large demand
peak while there was barely any wind.
In the ideal Smart Grid, the actions of all agents are integrated in the
most optimal way given the objectives of the stakeholders, including economic, environmental and safety objectives. How to arrange this?
In this project we reviewed one Smart Grid solution: PowerMatcherMarket Coupling, which balances demand and supply of energy in a cluster of flexible devices and which trades the surplus on the Dutch energy
markets. PowerMatcher-MC makes use of the PowerMatcher Smart Grid
technology, a market-based multi-agent system for balancing supply and
demand.
First, we compared PowerMatcher-MC to several other solutions using
qualitative descriptions and game theory. We tried to answer the following
questions: Is the solution optimal? How beneficial is the solution to all the
stakeholders? We used small dynamic games, where time is considered,
to show the limits of different solutions. We show that non-cooperative
approaches, such as dynamic pricing and PowerMatcher, are not always
pareto optimal over time. Furthermore, three conceptual problems in non4

cooperative solutions were discovered: similar bids give a sub-optimal solution, future unawareness and increased problem of valuation of flexibility.
Secondly, we have tested PowerMatcher-MC using a simulation in which
up to 2000 agents are interacting. The simulation results show the consequences of the three conceptual problems of non-cooperative approaches
in one specific application. In an application as PowerMatcher-MC, in is
very important to decrease the impact of the conceptual problems as much
as possible. We give some suggestions for improving PowerMatcher-MC.
The results suggest that non-cooperative approaches are probably not
the best solution in every situation. For future work, we suggest to search
for the limitations of the non-cooperative approaches more in depth. Furthermore, we suggest to compare non-cooperative solutions to global optimization and solutions using cooperative game theory in both a theoretic
way (using theory of dynamic games) and an experimental way.
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Chapter 1
Introduction
Today, we live in a high-tech world that is highly dependent on energy
[21] and that has a still rising energy consumption. An increase of the
total energy usage all over the world gives rise to higher prices since the
fossil fuel production, the energy source that is most in use, is in the end
limited. Furthermore, a substantial portion of fossil fuels are imported
from politically less stable regions [46]. Most countries do not want to be
dependent on these countries. Next to an increasing price, environmental
concerns are becoming more and more important. The negative impacts on
the environment of fossil fuel consumption such as the greenhouse effect
induce requests for alternative energy production sources.
In the last 30 years, those requests have resulted in several possible
solutions: from bio-fuels to wind energy. Especially the latter has the problem that it is, similarly to solar energy, partially uncontrollable. As a result,
these renewable energy sources do not fit in the currently used energy system: if the current design and control philosophy is continued and the
renewable energy production grows, we expect that a significant increase
in grid capacity and operation costs is inevitable [41].
Given the high potential of these renewable energy sources [24, 43], it
is seen remunerative to change the system [44, 88, 69, 3]. Most people
refer to the term Smart Grid as they talk about changing the electricity
system. The term Smart Grid is a umbrella term for all (ICT-)techniques
that can be used to enhance the current electricity grid. For example selfhealing structures [33, 6], system-wide data analysis (using smart meters
[33, 28], frequency monitoring (for example see: [98])) and demand-side
management [88] are typical Smart Grid techniques.
11

A more specified and extensive definition of the term Smart Grid is given
in Section 2.4. Furthermore in Chapter 2, we discuss whether we should
change the electricity system and how the definition came about. In this
section and in the whole thesis, primarily the focus is on the demand-side
management techniques. However, other techniques such as self-healing
and system-wide data analysis increase the potential for demand-side management. Therefore, these are explained as well in this chapter.
In Chapter 3, the current Dutch electricity system is discussed: the major players, the markets and the physical structure. The total system is
represented in a 3D multi-layer structure. This structure is used in Chapter 4 to discuss several solutions that change the energy system totally or
partly so it can cope better with energy supply from renewables. Furthermore, the solutions are classified on several other criteria. A few solutions
are described more in detail to illustrate how a concept of a solution is
worked out further into a solution.
The performances of the smart grid solutions discussed in simulation
or pilot studies are not easy to compare, but there are some useful approaches [72, 19]. Chapter 6.3.1 discusses several methods to compare the
different solutions as control systems in a qualitative and quantitative way.
Another way to compare the solutions is to use game theory and negotiation analysis. In Chapter 5, these techniques are used to show to what kind
of situations the different architectures will lead. Especially the difference
between cooperative and competitive models will be discussed.
All knowledge explored in the Part I and II of this thesis is used in Part III
to discuss and give suggestions for improvement of a market-ready Smart
Grid solution called PowerMatcher-Market Coupling. PowerMatcher-MC is
a demand-side management system that uses flexibility to change demand
and supply in space and time (see Figure 2.1 for an illustration) to buy
or sell electricity on the electricity market in a smart way. PowerMatcherMC uses PowerMatcher technology for balancing supply and demand. The
PowerMatcher technology also supports other objectives, for example doing congestion management in favor of the Distributed System Operator
(DSO) or lower the price paid at the electricity markets in favor of the supplier. Since PowerMatcher-MC could be used to meet multiple objectives
of multiple parties it has the interest of different parties: the DSO, supplier
and individual consumers. More information about PowerMatcher-MC can
be found in Chapter 7 and Appendix ??.
In Chapter 8, we describe what tools we used to investigate PowerMatcher12

MC: the PowerMatcher Simulation Tool and the PowerMatcher-MC implementation. Chapter 9 describes the hypothesis about PowerMatcher-MC.
These hypothesis were based on information from the literature, my own
experience with the PowerMatcher and the findings of Part II. Chapter 10
describes the experiments and Chapter 11 the results. Chapter 12 discusses
the tools and the methods. Furthermore, the impact of the advantages and
disadvantages we found in PowerMatcher-MC is discussed.
Chapter 13 gives the conclusion of this Master research project. Furthermore, suggestions for future work are suggested. Since PowerMatcher-MC
was developed for commercial purposes, also suggestions for stakeholders
are given.
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Part I
Introduction to Smart Grid
solutions

14

Chapter 2
Why Smart Grid?
This chapter discusses whether today’s electricity grid should be revised
given the ongoing and expected changes in the production and consumption of electricity. Furthermore, it discusses how the new grid should look
like. Therefore, the second half of this chapter discusses the definition and
content of the term ‘Smart Grid’: this term is often used to designate the
next generation of the electricity grid.
In the first section, a description of today’s electricity grid is provided.
How has the grid been developed over the past century? What are the consequences of the design of today’s power grids? Then, ongoing developments influencing the operation of the electricity grid are discussed: First,
there is an increase of decentrally produced electricity: uncontrollable energy production, such as wind energy and solar energy. Second, more and
more energy is produced at a decentral level. Third, the use of new electronic devices, such as electric vehicles would increase the electricity usage
at peak demand [39]. It is shown that today’s electricity grid is not able to
deal with ongoing and foreseen developments.
Next, the ‘traditional reaction’ to increasing demand and increasing uncertainty is discussed. The traditional reaction to capacity problems in the
electricity grid is to reinforce, i.e. making investments in higher network
capacity. In the third section, the advantages and disadvantages of this
reaction will be discussed.
In the last parts of this chapter, the Smart Grid concept is defined and
explained more in detail. In Chapter 4, we will elaborate on the Smart Grid
characteristics further.
15

2.1

The traditional electricity grid

The electricity grid is one of the most important infrastructures in modern
societies [61, 18]. In the 20th century, the electric power systems of today
were developed. First, small isolated systems were installed. Then, authorities started to see electricity as a public infrastructure and they had the
ambition to make electricity available for all citizens [61]. As a result, the
local systems were further expanded and interconnections between the local systems were established. These nationally, and later even internationally integrated electricity systems made electricity available everywhere.
Furthermore, it was possible to lower the electricity costs and ensure the
reliability, because of the controllable large-scale centralized production
[61].
Because of these developments, the electricity systems are suited for
controllable and centrally produced electricity and decentrally and more
or less predictable consumption of electricity. In the traditional electricity
grid, electrical power is transformed from large central generators to a high
voltage network, called the transmission grid. The power from the transmission grid is transported and then passed through a series of distribution
transformers to end-user delivery circuits. So, the direction of the energy
flow is one-sided. Since large amounts of storage are absent, the electricity
must follow the consumption pattern in volume and time (on the timescale
of seconds at all time [49]), so the balance between supply and demand is
maintained.
Due to the ‘supply follows demand’-policy, the network capacity is dimensioned to meet peak demand; predictions of peak load demand in
worst-case scenarios were used to design the network. As a result of this
policy current electricity network distributions have a relatively low ratio
of used capacity compared to available capacity [93]. The supply follows
demand policy influenced also the direction of communication in the traditional grid: the grid is designed purely one-sided.

2.2

Fundamental changes in electricity networks

From the 1970s, the world became more conscious of the necessity for
clean and sustainable energy sources. Therefore, the use of renewables,
for example wind energy [35] and solar energy [59] increased. These re16

newables are energy sources with a high potential [24, 43]. A good quantification of potential is the technical potential: the total amount of energy
that can be produced taking into account the primary resources, the sociogeographical constraints and the technical losses in the conversion process.
For example the technical potential of wind and solar (PV) energy is 67
EJ/y and 120 EJ/y in Europe. The total primary energy supply in was 39
EJ/y in 2002.
So far, the use of renewable energy sources as wind and solar seems
to be attractive. However, renewables as solar and wind sources are nonflexible and are not able to follow the demand [68]. The supply from these
renewables at one moment is rather different from another moment due
to weather changes and these changes are not easy to predict. In today’s
electricity grid, a certain amount of the produced solar and wind energy
would need to be curtailed or exported [89] when it does not match with
the demand. Therefore, the economical and market potential of renewables
drops dramatically if we do not change the current energy system [24].
The lower left graph of Figure 2.1 illustrates the fact that the demand and
supply peaks (caused by renewable energy sources) does not match always.
Furthermore, renewables are not always produced centrally, therefore
system operators are facing another challenge: regulating supply penetration on a decentral level [74]. Grid operators do not only need to forecast
the consumption pattern of a certain area, but now also the production.
The balancing problem therefore becomes much more complex than it was
before. Further the (small) decentral producers wish to receive a price.
Should this be constant prices or should the producers be rewarded for generating energy at peak usage moments? And what are the consequences of
these constant or dynamic prices?
The third development is the impact of some new devices, such as electric vehicles. The electric vehicles (EVs) need charging and the expectation
is that most people are going to charge the EVs during the same time period. Quian et al. [75] expect that if 20% of the cars would be replaced
by electric vehicles, that would result in a daily peak increase in power
demand of 35.8% in an uncontrolled domestic charging scenario. In most
grids, such an increase of peak demand would require grid reinforcement
or controlled charging methods [79]. This is illustrated in the left upper
graph in Figure 2.1.
The three developments described above directly have a high impact on
two group of stakeholders in the electricity system: the system operators
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and the traders. Both have to deal with changes in their own domain of the
total system. On the one hand, the system operators need to balance demand and supply in order to keep the whole physical system stable. On the
other hand, balancing induces challenges for energy traders: more flexible
supply and demand means more volatile prices (more variation in price
over time) and thus higher risks.

Figure 2.1: Shifting and shaping peaks in electricity consumption. Left upper: An increasing peak demand, for example caused by increasing use of
electric vehicles, requires grid reinforcement. This is the traditional reaction. Right upper: The increasing demand is controlled and so spread all
over the day: no grid reinforcement required. Left lower: Demand and supply peaks (for example EV charging peak and solar energy peak) do not
match. Right lower: Demand peak is shifted towards the supply peak.
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2.3

The traditional reaction

The traditional electricity system can cope with the problems described
above by curtailment of wind and solar power production and grid reinforcements such as increasing the flow capacity and back-up resources
[93]. These methods are illustrative for the traditional reaction [49] to an
increase of uncertainty in the energy balance: adding controllability at the
supply side [50]. As a result of this policy, in current electricity networks
the ratio of used capacity compared to available capacity is lower than ever
[29] and possibly the percentage of the production that is produced by renewable sources is not as high as could be. If the penetration of renewable
energy, especially at a decentral level increases, in the future, this ratio
would decrease even more.
As a consequence, the costs for the maintenance of the electricity system will be high, every year more and more copper should be installed
and more and more back-up installations are needed that are barely used.
These high costs for the distributed system operators (DSOs) also increases
the costs for the consumers and producer for using the grid. Furthermore,
the businesses of producers and suppliers become more risky. The energy
prices will fluctuate enormously as a reaction to the absence or presence of
renewable energy production at a certain time.
More and more people [33, 93] (see also Section 2.5) conclude that
the traditional reaction would probably not be the most efficient solution.
Since the traditional reaction has a lot of disadvantages, such as high maintenance costs, low percentage of use of available production and transportation capacity and high risks for traders the question is raised whether
there would be alternatives available.

2.4

The definition of Smart Grid

Directed by the Internet revolution, the idea of a Smart Grid became popular. The term ‘Smart Grid’ is widely used to designate the next generation
of the electricity grid, but it is hard to give the exact definition. The Smart
Grid concept does not have a single clear definition [30]: it is a term that
combines policy drivers and technological solutions. In this section, we
explore the definition and explain what techniques could make the Smart
Grid ‘smart’.
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According to the European Technology Platform
(http://www.smartgrids.eu):
a Smart Grid is an electricity network that can intelligently integrate the actions of all users connected to it in order to efficiently deliver sustainable, economic and secure electricity supplies.
In Table 2.1 [68, 38], a collection of preferred characteristics for a Smart
Grid are explained and compared to the characteristics of the traditional
grid. We see that the characteristics are diverse: from user-interaction to
physical flow control and from market design to security issues. In general,
we see that one key word of the Smart Grid is flexibility: we need a flexible
physical system, flexible users and flexible markets. Another important key
word is communication: if all stakeholders are flexible and communicate
well, then the system would function in the most optimal way.
The graphs on the right in Figure 2.1 show two types of smart behavior
to the problems in the electricity system as adressed in Section 2.2. First,
the peak of charging electrical vehicles is shaped so the maximum of transport capacity is not exceeded. Second, the peaks of demand and supply
are matched over time by shifting the flexible demand peak. Moreover,
in some cases a combination of shaping (peak off) and shifting would be
preferred. To shape and shift demand and supply, we need flexible and
communicative consumers and producers.

2.5

Incentives for a smarter grid

The definition and characteristics discussed above describe the ideal Smart
Grid. However, it is not realistic to change the grid in one step from traditional to smart [56]. What the first products and customers would be is
highly dependent on the major incentives for Smart Grid solutions.

2.5.1

Grid operators and traders

As mentioned in Section 2.2 the fundamental changes in the electricity
system have a high impact on two stakeholders in the (Dutch) electricity
system: the system operators and the traders, since they are responsible
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for balancing the system. Since the expectation is that the traditional reaction is not the best possible reaction also not from an economical point
of view, system operators and traders look both to alternative methods.
One of the methods that is of high interest is Demand Response (DR) also
called Demand Side Management (DSM). The idea of Demand Response is
illustrated in Figure 2.1.
To enable Demand Response, customers need to be flexible need to communicate with each other, the grid operator and/or the suppliers/traders.
Furthermore we need Demand Side Management solutions that can use the
flexibility of consumers for balancing purposes. Finally, we will need data
for communication and prediction purposes.
At this point it is good to mention the difference between the objective
of the grid operators and the objective of the traders. The grid operators
would like to balance demand and supply as much as possible and within
the boundaries of the physical network, therefore they need to use the flexibility on the demand side. The traders give also value to the flexibility
at the demand side, for example, they can use it to do flexible bid on the
electricity markets and so reducing the risks. These two objectives ask not
necessarily for the same solution. In the Dutch electricity system, the system operators and traders have to communicate a lot, so one system serving
both objectives would probably the most preferred solution. However, it is
probably not easy to agree on the system of choice and the contracts.

2.5.2

Consumers and producers

Another incentive comes from the producers, consumers, and especially
prosumers (agent that both produce and consume). They realized that
local balancing would save costs. From this point of view new products
are developed. One example, Herman, developed and produced by the
company LENS is a distributing system of solar energy. In a neighborhood
where Herman is in use, the solar energy produced by some households is
distributed over the neighboring households, so the efficiency of the decentrally produced energy is the largest. In this system, Demand Response is
not taken into account. Also for industrial consumers, Demand Response
Demand Response could be a way to save costs. For producers it could also
be beneficial to work together with flexible consumers.
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2.5.3

Societal incentives

Finally, there are also societal incentives (environmental and political) for
developing Smart Grids. For example, The European Commission works
on three major pillars concerning the European energy system: security
of supply, competitiveness and sustainability. Given these pillars we can
expect that the European Union and national governments will stimulate
the development of Smart Grids by changing regulations and subsidizing.
According to the International Energy Agency (IEA) [44, 45], the body
that gives advice about energy to all members of the European Union and
some other countries, demand side activities should be active elements and
the first choice in all energy policy decisions designed to create more reliable and more sustainable energy systems. Demand Side Management is
seen as a cheap method compared to the traditional reaction (see Section
2.3).

2.6

Definition used in this thesis

This thesis uses the definition of Smart Grid by the European Technology
Platform, but we would formulate it as the following working definition:
A Smart Grid is a grid integrating the actions of all users in the
most optimal way concerning the objectives of all stakeholders,
from environmental objectives to economical objectives, without infringing safety constraints.
In this definition, the focus is on creating a system that can balance
demand and supply, but in such a way that the objectives of all the stakeholders are met closely. The stakeholders are the agents in the electricity
systems as described in Section 3.1. Demand response is one of the techniques used to achieve this balance.
According to the JRC Reference Report Smart Grids [38] solutions can
have benefits in 6 different domains, see Table 2.1. From these list of benefits we derive the requirements of the stakeholders in the Smart Grid:
• Environmental: Integration of DER
• Safety & Comfort: Security of supply
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• Safety: take care of the network constraints
• Economical: Costs for consumers and producers
• Economical: Costs for grid operators
This list of requirements could be formulated more precisely or could
contain more requirements, but we think that these are the requirements
that have a large influence when measuring the performance of Smart Grid
solutions. In Chapter 6 we use this list of requirements to formulate the
key performance indicators for Smart Grid solutions.
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Preferred characteristics
Active consumer participation

Traditional grid

Smart Grid

Consumers are uninformed, unaware and
do not participate

Integration of all generation and storage
options

Dominated by central
generation - many
obstacles exists for
distributed
energy
resources interconnection
No data flows between
market participants,
customers are not
involved

Informed,
involved
consumers that modify
their behavior to e.g.
price and load signals
Easy integration of
distributed
energy
resources (both large
and small-scale renewable generation and
storage).
Enhanced market processes, through improved data and data
flows between market
participants, and so
enhance customer experience.
Collection and use of
data to enable more
accurate
modeling
of networks in order
to optimize infrastructure requirements
and so reduce their
environmental impact.
Automatic detection,
focus on prevention
and back-up plans
Resilient,
rapid
restoration capabilities

Good market functioning (high performance
and reliability) and
customer service

Planning of future network investment

Lack of useful data, so
very inaccurate and
generalized
models
are used for planning

Anticipating responses
to system disturbances
(self-healing)
Resiliency against cyber attack and natural
disasters

Responding to prevent
further damage
Vulnerable, slow response

Table 2.1: Comparison of characteristics of the traditional grid and the
Smart Grid. For the construction of this table, we combined the European
Smart Grid Task Force as published in [38] with the American Gridwise
vision [87] as published in [68].
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Chapter 3
The Dutch electricity system
In Europe’s developed economies, the energy market trade is liberalized:
commodity trade and network operations are separated [92]. This separation is one of the most important characteristics of the Dutch electricity
system. Since the liberalization of the energy market, a lot of different
agents are involved in the energy system. The first section of this chapter
introduces these agents and the responsibilities they have by law.
The second section introduces a 3D multi-layer framework by which
electricity systems and their characteristics could be described. This framework is also used to describe Smart Grid solutions in chapter 4. This section
describes the Dutch electricity by this framework and explains where the
Dutch system differs from other electricity systems.
Since the liberalization of the energy market, a lot of decision making
in the Dutch electricity system takes place on energy markets. Section 3.3
of this chapter describes the trading processes in the Netherlands more in
detail.

3.1

Agents

Several agents, systems and market together form the electricity system:
producers, transporters, deliverers and service providers [25]. In this section a description is given of the parties that act in the liberalized electricity
market. Their definitions according to European regulations [73] are given
and explained.
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3.1.1

The producer

The producer is a generator of electricity. In this term, both large power producers and distributed generation operators that produce electricity with
small scale distributed generation are included. Producers can generate
electricity using controllable generators such as diesel generators, partly
controllable generators such as gas plants or uncontrollable generators
such as a wind turbine.

3.1.2

The transmission system operator

The transmission system operator is responsible for operating the transmission system in the given area, ensuring the maintenance in this system
and developing the system. The latter includes developing interconnections with other transmission systems. The transmission system transports
electricity over the high-voltage system to distribution systems or final consumers. In the Netherlands, we have one transmission system and so we
have one transmission system operator (TSO), Tennet. According to the
Dutch legislation [14], Tennet is the only party that may own high-voltage
systems above 110 kV. The Dutch government has 100% of the shares of
Tennet.
Furthermore, the TSO is responsible for providing system service in
the transmission system area, including balancing services (to equalize the
amount of demand and supply), reserving capacity, controlling power quality and executing black start protocols.

3.1.3

The distribution system operator

The distribution system operator (DSO) is responsible for operating, ensuring the maintenance and developing the distribution system in its area. The
distribution system consists of high-voltage (in the Netherlands < 110 kV),
medium voltage and low voltage systems.

3.1.4

The supplier

The supplier is responsible for the sale of electricity to customers. Producer
and supplier can be the same party, but that is not the case in the Dutch
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electricity system. Some suppliers only buy electricity to resell it in the
electricity system. Therefore suppliers are also called traders.

3.1.5

The final customer

The final customer purchases electricity for its own use. A sugar factory, a
household or a hospital are examples of final customers. According to the
European regulations, a final customer is free to purchase electricity from
the supplier of its choice.

3.1.6

The regulator

In the Netherlands, the energy regulations are given by the Autoriteit Consument en Markt (ACM) [2]. ACM is responsible for setting maximum tariffs for the transportation of electricity, providing licenses for suppliers and
producers, etc.

3.2

Systems

There are several ways to describe electricity systems. In this section, we
introduce the electricity system in three different layer structures. Together,
these three layers form a 3D multi-layer framework by which we can describe how supply and demand is balanced in todays complex power systems such as the Dutch electricity system.
First, we introduce a functional three-layer structure in which the electricity system as a complex socio-technical system can be described. Second, a layer structure that describes the space characteristics of the network
is introduced. Finally, we describe the impact of time on the decisions that
can be made in the system. In this view, the electricity markets (see Section
3.3) play an important role.

3.2.1

Functional layers

According to [11], the electricity system should be separated in three subsystems: the physical subsystem, the cyber subsystem and the decisionmaking subsystem. In this three-layer representation, transportation of
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electricity is separated in electricity as a physical good in a flow system,
electricity as something being controlled and electricity as a utility or trading value. In the physical subsystem, the infrastructure is considered from a
hardware point of view, including generators, transmission lines and transformers. The cyber layer consist of software controlling the hardware automatically or software that translate decisions made in the decision-making
layer.
Others choose to separate the system in just two layers [25, 92]. In a
two-layer perspective the second cyber layer is left out. The two-layer representation is adequate for a general description, but from an IT-perspective,
especially from a control and security view, a three-layer representation
would be more effective. Today, more and more power flows are controlled
electronically and more and more flow data becomes available, so the operation of the power system is more and more dependent of a properly
functioning cyber subsystem.
The total electricity system is a complex technical system where also
Human and Organizational Factors (HOF) have influence on the functioning. These kind of systems are called socio-technical systems (STS) [62]. In
many failures and accidents, human errors, management and organization
factors were involved. Bompard et al. [11] found that the performance of
the overall system relies on a proper coordination of the automatic actions
of the distributed local with the centralized automatic and human decision
making. In this thesis, we will describe several techniques for Smart Grids.
When describing these techniques, we will use the three-layer representation.
Above these three subsystems, we could place the uncontrollable environment system. This systems changes the world in which the decision
making takes place: it starts raining, a football match starts, it is night.
These events could not be controlled by the decision-making subsystem,
but they do influence the decision-making process.
The physical subsystem
In the physical layer, the system structure and operative condition are defined and controlled. The physical layer refers to the electricity network in
terms of buses and lines [11] and deals with electricity loads: the (core)
hardware of the system. In the physical layer several important physical
and operational constraints play a role. For example: just-in-time produc28

tion, variability of the demand, no storage and dynamic constraints concerning system stability.
The cyber subsystem
In the cyber subsystem, information about the physical system is collected
and reviewed. Sometimes automatic algorithms review the information
and react on it by automatic control. Sometimes, the information is delivered to control centers, where human decision makers interpret the data.
The commands given by the human decision makers are communicated to
the physical layer via the cyber layer.
In the electricity system, The SCADA system (Supervisory Control and
Data Acquisition), a system operating with coded signals over communication channels so as to provide control of remote equipment, can be considered as the cyber bridge between the physical system and the control
centers where both algorithms and humans make decisions.
The decision-making subsystem
In the decision-making subsystem, electricity is traded and control decisions are taken. In this layer, the power system is described in terms of
people making decisions to consume, produce, sell or buy energy. In this
subsystem, the economic transactions are placed. Furthermore, the decisions of system operators to invest in transportation capacity, curtail production and contract suppliers providing back-up capacity are also part of
the decision-making layer.

3.2.2

Spatial layers

The space description is included in Figure 3.1. It shows the three most general spatial layers in the electricity grid: the home level, the local level, and
the national level. In all levels, we could distinguish the three functional
layers. For example, at the local level, there is a physical infrastructure (the
distribution grid), a cyber layer and decision makers (the DSO is the most
prominent one in this layer). On all functional levels, the different spatial
layers are connected. A change in the physical flow in the home level has a
direct effect on the physical flow in the local level.
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3.2.3

Time layers

The time description characterizes the possibilities to control the system
given the time constraints. For example, it is possible to change the transportation capacity of the network, but the capacity cannot be increased in
one week. Figure 3.2 displays the time layers of today’s electricity system.
This picture could also be added to Figure 3.1 as the third dimension.
The first time step ‘investing in physical subsystem’ and the last time
step ‘frequency regulation’ are moments for the DSO or TSO to make a
decision in favor of balancing in the far or very near future. The time
layers are described further in the next section about electricity markets,
since all markets represent a time layer.

3.2.4

The Dutch electricity system

In the Dutch electricity system, information from the physical subsystem is
only used at a very early stage or at a very late stage. During the intermediate steps, the physical constraints do not matter. In grids in for example
North America, network constraints are also important in the intermediate
steps where so-called power pools are in use [60].
Automatic processes in the cyber system are only used in the last stage
‘frequency regulation’. In the earlier time steps, there is no automatic regulation.
Most balancing tools in Figure 3 are only available at a national level.
Only the very late stages (frequency regulation) and very early stages (investing in physical subsystem) are available on the local level. The DSO
is responsible for using these tools. On the home level, balancing is (in
general) not available at all. If in a building to many devices are turned on,
the power goes off since a fuse breaks through.
In the decision-making layer, most consumers make the decision to use
energy at a certain time t without observing the available supply. In the
Netherlands, only a few large users consider rescheduling when the supply
is very low compared to the demand and so the price of electricity is high.
In some countries demand response is used as well for small consumers. for
example in the USA, India and Spain [1]. Sometimes this is done by using
dynamic tariffs, but mostly by direct control. Especially the latter does not
take into account the comfort levels of the consumers.
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3.3

Electricity markets and electricity trading

Section 3.1 describes the agents involved in the Dutch electricity system.
On the electricity markets, the wishes of all agents come together. This
section describes how the electricity markets are organized for the Dutch
electricity system. The electricity markets could be placed in the decisionmaking layer. The decisions that are made on the markets have consequence for the cyber layer and the physical layer. However, the physical
constraints do not play a role in the negotiation process on the markets.
If a decision made on market level causes problems on the physical layer,
this should be solved on a later time scale (see Figure 3.2). There are only
electricity markets for negotiation on the national level (see Figure 3.1).
The predicted consumption profiles form the starting points for all agents
on the markets. Suppliers are responsible for buying load profiles on the
electricity markets that fit these consumption profiles. The remaining difference between the traded profile and the actual profile is automatically
traded on the balancing market. The prices on the balancing market are
more dynamic, less predictable and on average higher [49], so it is in the
supplier’s advantage to buy in advance load profiles that are as similar as
possible to the actual consumer profiles.
The suppliers can buy these load profiles on several markets working in
different time scales, as shown in Figure 3.2. It is the supplier’s job to trade
on these different markets to minimize the purchase costs.

3.3.1

Bilateral agreements

Most of the electricity is traded via bilateral agreements [36], also known
as Over The Counter (OTC) trade, which means that two parties agree to
exchange a certain amount of energy during a certain period in time for a
certain price. The supplier trades via bilateral agreements, for instance with
a production plant owner or a futures market operator such as Endex. Most
bilateral agreements are long term contracts agreed several years ahead.
Common products in OTC trade are base load (24h) and peak load (for
example, between 8am to 8pm) blocks. These blocks cover the load profiles
for a whole year or a quarter year. Figure 2 shows how these blocks cover
the predicted load consumption profiles. One year to a few days ahead, the
predicted load profiles become less uncertain, so suppliers buy and sell base
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load and peak load blocks for specific months or even individual weeks or
days.

3.3.2

Day-ahead markets

One day ahead, the predictions for the load profiles will improve in accuracy since weather forecasts are more accurate and special events (for
example, the national team plays the World Cup Final) are known. The
suppliers have to bid on the day-ahead market with respect to what they
have traded in advance in bilateral contracts.
In the day-ahead markets, every trader (suppliers, producers, customers,
traders) can make bids for selling and buying energy. All day-ahead trading for Dutch consumers takes place via the Amsterdam Power Exchange
(APX). The market operator of the APX receives at a fixed moment of the
day all demand and supply plans for each of the 24 hours of the next day
and determines and returns both the Market Clearing Prices (MCPs) and
the Market Clearing Volumes (MCV’s) for each hour.

3.3.3

Intra-day markets

The intra-day markets work similarly to the day-ahead markets. A market
operator aggregates all bids for supply and demand and returns the MCPs
and MCVs. The liquidity in intra-day markets will be lower than in other
markets, because traders only use this market to adjust the trades that they
have already made before.

3.3.4

Balancing market

The balance between demand and supply has to be maintained on the time
scale of seconds. Trade, as described in the previous section, cannot handle
very short-term deviations of the generation and load balance [36]. These
deviations should be balanced on system level. Balancing on the system
level is the responsibility of the Transmission System Operator (TSO). The
tasks of the TSO were already described in Section 3.1.2.
The TSO uses the Balancing Market Mechanism. In this internationally
used mechanism, several parties are involved. The most important parties
next to the TSO are the Balance Responsible Parties (BRPs). These agents
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are responsible for planning or forecasting the production and consumption
in their portfolio and to communicate this plan for every 15 minutes (the
settlement period) to the TSO.
The TSO contracts producers that have the capacity to generate primary,
secondary and emergency reserve. They can send a bid to the TSO to communicate the availability of reserve capacity. Currently, demand response,
controlling the amount of demand, is only provided by large industrial units
(≥ 5 MW). In the order of the price from low to high, the reserves are called
off. After the actual moment of power exchange, the TSO charges the actual
costs made in a settlement period for the used reserve capacities and other
emergency actions (the imbalance costs) to those BRPs that had deviations
from their e-programs.
Tennet, the Dutch TSO, publishes the imbalance prices every minute.
The BRPs could react on these imbalance prices, to prevent high charges.
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Figure 3.1: Multi-layer framework of complex power systems. The three
layers in the front are the functional subsystems: the decision-making subsystem, the cyber subsystem and the physical subsystem. The arrows indicate how the different subsystems are connected in the Dutch electricity
system. The three layers in the background are the spatial layers: home
level, local level and national level. The third dimension (time levels) is
described in detail in Figure 3.2.
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Figure 3.2: Scope of electricity markets
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Part II
Comparing Smart Grid solutions
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Chapter 4
Smart Grid solutions
The traditional reaction to an increase of uncertainty in the energy balance
as discussed in Section 2.3 has a lot of disadvantages. As discussed in
Chapter 2 it is expected that there are alternative solutions, referred to as
Smart Grid solutions, that are able to balance demand and supply in the
electricity grid in a more efficient and/or safer way. This chapter introduces
several Smart Grid solutions.
First, Smart Grid solutions are discussed in general. It is shown how
Smart Grid solutions could be placed in the electricity system and how they
could use unexplored regions and directions in the 3D multi-layer system
that was introduced in Chapter 3. Then, the techniques used in Smart
Grid solutions to exploit flexibility and use it for demand-side management
are explored more in depth using the an extended version of the Energy
Management Matrix [49]. A detailed description of a few different Smart
Grid solutions is given in the later sections of this chapter to illustrate how
the different management approach are implemented in solutions.

4.1

Smart grid solutions in the electricity system

In Chapter 3 we described the electricity system using a 3D multi-layer
framework. Smart Grid solutions can be found everywhere in the electricity
system, therefore it is sometimes not very easy to distinguish the different
solutions. This sections tries to structure the very broad range of Smart
Grid solutions along the 3D multi-layer framework.
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We also explained in Chapter 3 that some areas and directions in the
3D multi-layer framework are not used in the traditional Dutch electricity
grid. This section describes some areas in the 3D multi-layer framework
that have not been used in the tradition grid, but are used in Smart Grid
solutions.

4.1.1

Solutions placed in the functional layers

The background of Smart Grid researchers very much influences their view
on the solution. For example, economists focus on the decision-making
layer when they try to find solutions. Electrical engineers have their focus
more on the problems found in the physical layer and therefore present
solutions that work in the cyber layer.
For example [47, 13] focus on the problems in the physical layer and
come up with a mathematical solution. In fact, the mathematical solution is
a decision-maker that needs a lot of data from the physical layer to make a
decision. Furthermore, it needs also a clear control protocol, otherwise the
solution created in the decision-making layer would not have the desired
effect.
In the end, all solutions should work (alone or together with other solutions) so that the interaction between the functional layers is clear and
safe. When comparing solutions, we can compare them on the same level.
For example, a proposal for a new market and a new central optimizer
can be compared by analyzing them using a mathematical proof or a simulation experiment. However, the different solutions need really different
infrastructures. The central optimizer needs to be the only controller for all
devices in the grid. To be able to make the best possible decision it needs
to know ‘everything’. The new market needs to have stakeholders that bid
on the market on time and the total system must be able to react on the
market result.
In both situations, the need for powerful and secure tools in the cyber
layer and the physical layer is large. Therefore, it is important to compare
the solutions mentioned above also on their effect on the cyber and physical
layer. What needs to be changed compared to the current system? What
are the consequences for the performance of the system? For example,
some new system architectures will decrease the number of black outs, but
the detrimental effect of the black-outs that remain would be higher.
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In this chapter, it is not possible to mention all these kinds of effects. For
most solutions a lot of effects are unknown. A major task for Smart Grid
researchers is to calculate all profits and risks. In Chapter 6, some tools for
calculating effects of a Smart Grid solution in a certain grid architecture
are described.

4.1.2

Solutions in space and time

As we saw in Chapter 3, in the current electricity network, in and between
some time and space quadrants, no control tools were found. In this section, we discuss how Smart Grid solutions 1) place tools in these unexplored quadrants and 2) make use of yet unexplored directions between
the space and time layers. In the latter case, we mostly refer to Demand
Response solutions, but we also refer to feedback solutions (to learn from
faults or to steer the system).
Seeing the developments in data analytics, forecasting weather and behavior, planning and control of streams and devices, many new solutions
for the grid can become real.

Energy management tools on local and home level
Electricity management tools are mostly applied on the national level. Furthermore, as explained in Chapter 2 most tools are only suitable for flexibility on the supply side. However, in the Dutch electricity network, there are
business to business Demand Side Management solutions in use. For example, large industrial consumers shift are shape their energy consumption in
favor of balancing on the imbalance market (>5MW).
Many Smart Grid solutions see the potential of tools in the local (so still
business to business) or even the home layers (business to consumer or
even consumer to consumer). When we speak about solutions in the local
layer, people mostly refer to Microgrids [52]. Solutions in the home layer
are mostly referred to as Smart Building solutions [23].
Smart Grid solutions in the home and local layers are found in all time
layers shown in Figure 3.2. In the current electricity system local management tools are not available in most time steps. As stated in Chapter 3, only
the very first step and very last step are used on the local level.
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Demand Response and feedback mechanisms
In Chapter 3 we also explained that in the decision-making layer balancing
objectives are only found on the central supply side. Many Smart Grid solutions therefore focus on Demand Response, since, as explained in Chapter
2, Demand Response is a cheap method compared to the traditional reaction.
Demand Response can be applied to different time and space levels.
A popular approach is real-time Demand Response, but also forecasting
and ahead-planning solutions are popular. Molderink [65] found that the
performance of real-time Demand Response improves when a forecasting
and planning stage is added.

Figure 4.1: The extended Energy Management Matrix..

4.2

Smart Energy Management Matrix

In this section, we describe the different ways to exploit flexibility in Smart
Grid solutions using the Smart Energy Management Matrix as depicted in
Figure 4.1). The Smart Grid energy management approach determines the
architecture of a Smart Grid solution in a very general but important way.
This matrix describes four types of Smart Grid energy management based
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on two characteristics: whether the decisions are made locally or centrally
and whether the approaches use one-way or two-way communications.
The Smart Energy Management Matrix as presented in this chapter is
an extended version of the original Smart Energy Management Matrix [49].
We choose to use the energy management matrix since it is a very simple
and clear way to designate the major differences between different solutions without discussing technical details. However, some solutions (that
are discussed as serious alternatives in Smart Grid review articles as [31])
could not be placed in the original energy management matrix. The blocks
in the matrix that are not part of the original Smart Energy Management
Matrix are highlighted in 4.1.
In this section, we discuss the advantages and disadvantages of every
management approach. Furthermore, we give examples of Smart Grid solutions for every management approach. When discussing these solutions,
we see that the tools that are used to execute the management approach
are the key to success or failure. There are a wide range of tools available:
from optimization tools, to balancing and decision-making tools, to prediction tools. A good prediction of the available flexible and non-flexible
demand and supply can help to improve the performance. However, not
every approach and tool is suited for using predictions.
In the next sections of this chapter, a few Smart Grid solutions, all using
other management approaches, are discussed more in detail. This gives
a better insight in how a management approach is translated into a real
solution.

4.2.1

Top-down Switching

In top-down switching, devices are switched on or off by a central controller. This type of demand response is the simplest and most effective
way. For example, a group of water boilers are set to turn on at a certain
time. The user’s preferences are completely ignored. Users are forced to
adapt in a way to follow the pattern of the central controller.
Furthermore, in top-down switching, the device state is ignored too.
This has as a consequence that the system reaction is uncertain: a device
may be already off when turned ‘off’ and so the expected load gain will
not be achieved. This approach is also suboptimal since it does not take
advantage of the device constraints. For example, a freezer is turned off
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while the temperature is above the desired temperature. This will result
in situations violation of health and quality procedures. This worst-case
scenario determines the minimal ‘off’ time. As a consequence, freezers
that already have a lower temperature while they are turned off could be
switched off for a longer time, but the top-down switching controller is not
aware of that possibility.

4.2.2

Centralised Optimization

In centralised optimization, local decisions are made centrally, but the central controller receives information from the devices and their users. In the
ideal centralised optimization situation, the central controller is an optimized decision maker that considers all flexibility available given all constraints.
The central controller/optimizer has full knowledge about the system
and has full power to make decisions. The advantage is that in this situation we can get the overall ‘best’ solution when we assume that the optimizer is able to find the ‘best’ solution. A disadvantage of this approach is
that one controller has information about everything and everyone. This
is of course a privacy and autonomy issue. Are we sure that the controller
finds the ‘best’ solution for everyone? Furthermore, this approach has a
limited scaling possibility. All information has to be received within a certain time too be able to find the ‘best’ solution. Another disadvantage of
this approach is that if a central point controller fails or is destroyed, the
whole system collapses.
This approach is used in many Smart Grid solutions. Many of the solutions that follow the centralised optimization approach use mathematical
optimization tools to minimize the total costs. For example, Particle Swarm
Optimization [48], Stochastic Dynamic Programming [22], Dynamic Programming & Integer Linear Programming [66], Sequential Quadratic Programming [15], Genetic Algorithms [55]). Other solutions use for example
a priority queue with a Breadth-First Search optimization algorithm [37],
Markov Decision Process & Dynamic Programming [54] .
The examples above are just a glance of all the solutions that use the
Centralised optimization approach. Some of these solutions are better scalable than others. Dynamic Programming is very effective for finding solutions, but will very soon encounter the ‘curse of dimensionality’. Methods
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using more heuristics are better scalable, but the optimality of the solutions
will be more uncertain. In most of the approaches addressed above forecasting and estimating are important elements in the process, since not all
dynamics in the whole system could be known: for example, user characteristics and the changing weather.

4.2.3

Price Reaction

In the price reaction approach, a dynamic price is communicated to the
end-users of the system. The end-users or local energy management systems for a home decide to consume or produce energy based on the actual
price. An advantage of this situation is that the system complexity is low
due to the one-way communication design. A second advantage is that
there are no issues regarding privacy or autonomy. A disadvantage is that
the reaction of the system is uncertain. It is not easy to forecast the exact
reaction to a certain price. As in the top-down switching approach, the device state is unknown. So, sending a high price will not have the effect of
a device turning off if the device is already turned off or is in a must-run
situation, for example.
This approach solves some problems of the solutions described before,
but it also introduces a new problem. The consumers are now able to react
on the market prices. However, when this is applied on a large scale, the
market prices are not right anymore. If anyone notices and picks the same
cheap moment to consume electricity a new ‘peak’ arises. Therefore, it is
important to know the reaction of the system to a certain price. That reaction is affected by time, weather, etc., so a forecasting model to determine
the right price should be very complex. Even aided by a forecasting model,
we will still have some uncertainty, resulting in a suboptimal system.
This approach is advocated by for example [34] and [81]. However,
others emphasize the negative effects [53], such as the rebound effect and
stability issues [10]. Especially when implemented on a large scale, we will
encounter such problems [10].

4.2.4

Market Integration

The market integration makes use of two-way communication and a local
control strategy. The supply and demand of electricity is optimized eco43

nomically by a local intelligent controller that is under the control of the
end-user. This controller receives price information and communicates its
willingness (with a market bid) to pay for consumption at this time. A centralised optimization approach finds the equilibrium price given all the bids
from the flexible and non-flexible devices. This type of control is also called
market-based control or transaction control.
Different auction schemes are used in market integration solutions. For
example, the Vickrey-Clarke-Groves scheme [86], which is a type of sealedbid auctions where multiple bidders submit values for each item. The system charges each individual for the harm they cause to other bidders what
is an advantage. So, truthfulness is secured. However, others state that this
auction scheme is not practical [82].
The bids can be communicated via a tree structure. When two bids are
combined in an aggregated bid, the message size still is the same. This type
of control is further illustrated in Section 4.4.3 on the basis of operation of
the PowerMatcher [?], an example of market-based control. Other marketbased system are described in [63, 76, 85, 42]. The latter is interesting
because planning ahead is supported by the introduction of a two-market
mechanism. The first market is an ahead market, the second one a lastminute balancing market. This idea was also used in [17].
The most important advantage here is that this market integration system is highly scalable, since most of the control is executed at the decentral
levels. Furthermore, in the market based approach, a tree-based communication protocol can be used. Then, both the processing and communicating time scale with the height of the tree, instead of the number of devices
coupled to the system. That is a great advantage with respect to other
methods. Market-based approach are also useful in an environment where
devices are plugged in and plugged out. That makes it very flexible.
Another advantage of this type of control is that the privacy level is
higher than in the centralised optimization approach, since not all information is communicated to the central system, but only a representation
of that information: the market bid. We assume that if the bids represent
the full response potential, then the centralised optimization controller can
make use of it. A third advantage is that the system’s reaction is certain.
The centralised optimization controller determines in the end the equilibrium and all devices have to follow that decision.
A disadvantage is that at the highest level only representations of the
needs are available. As a consequence, when the price is determined, we
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are certain about the systems reaction at that point in time, however, we do
not known what happened exactly and what the state of the cluster is after
that point in time. Therefore, market-based approaches are less suitable
for forecasting than for example centralized optimization solutions.

4.2.5

Decentralised global optimization

The energy management matrix as introduced by [49] describes the market integration approach as the only two-way communication and two-way
control approach. However, other solutions fall also in this cell that are
not using auctions. Most of the solutions in this area make use of game
theory to overcome the problems of the price based approach. Therefore in
reviews of Smart Grid technologies such as [31] and [67] these solutions
are called ’game theory based’ solutions. Since game theory is also used
for other type of solutions, such as cooperative negotiation or analysis of
pricing mechanisms, we call this approach ’decentral global optimization’.
Basically, the idea of decentralised global optimization is Section 4.6 explains an example of the decentralised global optimization approach more
in detail. Finding equilibria in a non-cooperative game setting, a popular
approach [83], was for example done in [64]. In [16] a similar approach
was used, but to provide a better distribution of the available resources, a
concept of the minority game [32, 95] was implemented.

4.2.6

Coalition formation

The fifth block is not part of the energy management matrix as introduced
by [49]. In this strategy, we have decentral control and multiple communication directions. The basic idea is that all agents can communicate with
all agents. However, to keep the solution scalable, the amount of communication lines can be limited.
One of the older works that discuss this approach is [12], who created a
system with an Utility Agent (UA) that starts the negotiation process when
a peak in the energy use is predicted. The UA does an offer/bid or presents
a rewards table, which contains the rewards for turning on/off. This technique is especially useful when making short-term decisions.
Two other works [84, 97] describe a coalition formation process. Another type of solution based on cooperative game theory makes use of a
45

mediator-based negotiation mechanism [20] to solve the multi-objective
and multi-issue problem.

4.2.7

Hybrid approaches and other approaches

Since all the different methods have both advantages and disadvantages,
the question raised whether it would be beneficial to combine two or even
more methods [40]. There are not very clear examples of hybrid approaches, however the approach of [77] is a hybrid approach in a way. It
presents a totally decentral approach, but the agents shift gradually (using
learning rates) every day their loads. In this situation, all agents in the market are doing the same, so the prices change gradually to an equilibrium.
This approach combines a market-based approach with a decentralized optimization approach, without doing the global calculation.

4.3

CEMS

In the Dutch project ‘Jouw Energiemoment’ (JEM), every house has a home
energy computer, which is in fact the gateway between the Central Energy Management System (CEMS) and the in-house components. These
in-house components, the smart meters, the smart appliances and the energy information display, can function autonomously when the home energy computer has no connection to the CEMS.
In fact in CEMS, 2 different approaches are found: price reaction and
centralised optimization. The consumption of some devices could be controlled by centralised optimization if the user chooses that CEMS takes over
the control.
If the home energy computer is connected to CEMS, CEMS can help the
households so their energy usage fits their personal energy usage preference. The households can choose to adhere to three different usage profiles: price, ecology and social. It is not possible to select multiple energy
usage profile preferences, but the user is allowed to set or change this energy usage strategy once. There are two ways for CEMS to influence the
household’s energy usage. The first way is by providing visual information
via the central information display. The other way is by controlling smart
appliances. For example, CEMS chooses the best start time for a washing
machine, within the maximum time period set by the user.
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CEMS uses information from a meteorological service to make a daily
photo voltaic (PV) estimation for the neighborhood. Given these estimations, CEMS composes the ‘eco-profiles’, the ecological ideal usage profiles
for the households for a specific day. In the same way, CEMS composes
‘financial-profiles’ based on data from the APX service for households that
want to use energy at times when it is cheapest. Furthermore, CEMS is
responsible for optimizing the network load, providing feedback and gathering information on how the systems performs, how residents interact,
etc.

4.4

The PowerMatcher

The PowerMatcher is a multi-agent based distributed software system that
coordinates the energy supply and demand of houses and small offices in
the network. Figure 4.2 shows the hierarchical structure of a Powermatcher
cluster.

Figure 4.2: Schematic overview of the PowerMatcher concept
Within a PowerMatcher cluster, agents are organized into a logical tree.
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Devices in houses and small offices are represented by the local device
agents in the leaves. To represent a clusters of devices, concentrator agents
are used. The concentrator agent is able to do (local) congestion management. The root of the tree is formed by the auctioneer agent, a unique
agent that handles the price forming by searching for the equilibrium price.
Sometimes an objective agent is added to the tree. The function of this
agent is to mimic the ‘business logic’ for this specific cluster by adding demand or supply [50]. For example, a business logic could be to follow a
constant profile or react on the market prices so the costs would be minimized.
Due to aggregation in a binary tree, the complexity of the market algorithm is O(log α), where α is the number of device agents [49].

4.4.1

Agent descriptions

Local device agents The local device agents are control agents that aim
to reach the goals of the local device in an economically optimal way. These
agents communicate with the cluster by buying or selling electricity. They
give their bids (via concentrator agents) to the auctioneer and receive price
updates from the auctioneer. The local device agents determine how large
the amount of power is that the agent will produce or consume, based on
its own latest bid and the current electricity price on the market.

Auctioneer agent
The auctioneer agent performs the price-forming process. The auctioneer
collects the current bids of all agents and searches for the equilibrium price.
It returns a price update if the equilibrium is changed.

Concentrator agents
Concentrator agents are representatives of a cluster of local device agents.
These agents collect the bids of the agents and communicate them to the
auctioneer. In the opposite direction, they receive price updates from the
auctioneer and communicate the updates to local device agents.
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Objective agents
When the objective agent is absent, a cluster strives for an equal supply and
demand within the cluster itself. Depending on the specific application, the
goal of the cluster might be different. This goal can be realized by implementing an objective agent. The objective agent adds demand or supply
to the cluster, so the balance of the cluster will shift to the purpose of the
cluster. A purpose of a cluster could be: producing a certain amount of energy at night and consuming another amount during the day. Using several
objective agents results in opportunities for multi-objective balancing.
The PowerMatcher technology has been implemented in a number of
small field tests scaling up to 22 households [50] and large simulations
(about 3000 households) [57]. In [57], simulations show that the PowerMatcher Smart Grid offers a huge potential in utilizing flexibility in demand
and supply of households to accommodate mass integration (60%-90%) of
electricity from renewables. In field tests over a longer period, peak load
reduction of 15% was achieved [50].

4.4.2

Bids and prices

The local device agents give bids to the auctioneer. With these bids, the
agents communicate their flexibility to the auctioneer. A heat pump is a
local device agent that turns electrical energy into thermal energy. A heat
pump has a minimal and a maximal temperature between which the thermal buffer needs to maintain the temperature.
We represent in Figure 4.3 the ’space’ between the minimal and maximal temperature as a buffer. If the minimal temperature is reached, then
we have situation A in which the heat pump has to turn on whatever the
price is. If the maximal temperature is reached, then we have situation C:
the heat pump wants to turn off or stay off, independent of the price. If the
temperature is somewhere between the minimal and maximal temperature,
then we have situation B. In this situation, the heat pump has flexibility. If
the price is low, then the heat pump turns on, otherwise it turns off.
Most devices have a must-run situation. For example, a washing machine cannot be turned off when it is on. Also a heat pump has a minimal
run-time. It is not efficient to turn off and on the heat pump every minute.
The bid curves are summed by the concentrators and finally also by the
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Figure 4.3: The fill levels of a heat pump
auctioneer. These summed bid curve representing all bids in the cluster is
called the aggregated bid. The auctioneer does not only sum the bids, but
also determines the equilibrium price.

4.4.3

Connection to the electricity market (PowerMatcherMC)

As described above, the idea of the market-based approach is that the system can represent or react to the actual market prices for electricity. One
way to do this is to couple the prices in the PowerMatcher to the market prices. Then, small consumers in the PowerMatcher can immediately
gain financially from their flexibility. Another way to do this is to let the
PowerMatcher act as a Virtual Power Plant or as a major consumer on today’s electricity markets. A system called PowerMatcher-Market Coupling
was developed for this purpose. Figure 4.4 illustrates the functioning of
PowerMatcher-MC and its connection to the PowerMatcher cluster and the
electricity market.
PowerMatcher-MC trades for a PowerMatcher cluster on the day-ahead
market (APX) and the balancing market. PowerMatcher-MC places a bid on
the APX given the historical bid patterns of the PowerMatcher cluster.The
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Figure 4.4: This figure illustrates the working of PowerMatcher
APX settlement determines the E-program (Section 3.3.4) of the cluster.
The cluster has to follow this program, otherwise the Balance Responsible
Party (BRP) (see Section 3.3.4) of the cluster will be fined. PowerMatcherMC communicates this E-program to the PowerMatcher cluster as a bid. In
the ideal world, this bid would represent a must-run situation (for whatever
price in the PowerMatcher, this agent needs to be satisfied at this moment).
However, the Dutch electricity system is not totally ideal in a way that not
all BRP’s succeed to stuck to their E-programs. Therefore, the E-program is
not a strict must-run situation.
As explained in Section 3.3.4, the Transmission System Operator (TSO)
provides an imbalance market to overcome the deviations from the Eprograms. Other parties can bid on the imbalance market if they are able
to shift their consumption or production in such a way that the imbalance
decreases. Especially when there is a huge imbalance, large profits can be
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gained when shifting the own balance according to the imbalance market.
Therefore, PowerMatcher-MC also communicates the status of the imbalance market to the cluster via another objective agent. Both the imbalance
and the APX objective bid represent a flexible bid. An example of the bids
of the two objective agents is shown in Appendix ??.

4.5

TRIANA

TRIANA is a three-step control methodology for the Smart Grid, developed
at the University of Twente. The three control steps are forecasting, planning and real-time control. The goal of TRIANA is to manage the energy
profiles of individual devices in buildings to support the transition towards
an energy supply chain which can provide all the required energy in a sustainable way [8].
In the forecasting step, the behavior and the flexibility (the developers
of TRIANA refer to flexibility using the term ‘freedom’) of all individual devices is predicted locally. In the second step, a planner tries to utilize the
flexibility of the devices to reach his objective. Planning is performed by
a hierarchical system: the overall planning problem is divided into smaller
subproblems which are solved at lower levels. The amount of communication upwards can be reduced since the hierarchy in the system. Since
planning is based on a forecasting method that can have deviations from
the real situations, replanning on a later timescale is possible [90] and has
been found to cause a significant improvement in reaching the objective.
The real-time control step is performed by the local controller. This local
controller controls the devices so that the planning can be achieved. An important constraint for this local controller are the comfort requirements of
the residents. If the local controller thinks that a plan cannot be achieved,
he can ask the planner for a replanning.
According to the Energy Management Matrix, TRIANA falls in the ‘central optimization’ quadrant. However, TRIANA also supports control on
a decentral level. In fact, it is one of TRIANA’s main characteristics that
things that can be controlled decentrally are controlled locally. Nevertheless, TRIANA is a central optimizer that tries to solve an overall planning
problem.
The combination of a central planner and local planners and controller
makes that TRIANA has not all the scalability problems that a ‘normal’ cen52

tralised optimization solution would have. Furthermore, since the central
system does not receive all the data in the network, it has more opportunities in securing privacy as compared to ‘normal’ centralised optimization
solutions. Also, it has the advantages of a centralised optimizer: when the
forecasting and planning is optimized, a centralised optimizer is able to
find the most optimal solution.

4.6

Mohsenian-Rad et al.

Mohsenian-Rad et al. [64] learnt from dynamic pricing scenario’s that this
gives not the right incentive to reach an optimal solution at a global level.
Therefore they choose to add a global objective to the system. The utilities
for the agents in the system are calculated based on their own objectives,
but also on their influence on the global objective (peak minimalization
and decrease energy costs). All agents give a random configuration for
the schedule to a central unit. Then, the global costs are calculated and
the utilities of the agents are updated. Then, one agent is asked if he
would change his schedule. This agent would like to reschedule if they
can increase their own utility function. Then, the global cost are calculated
again and the utility functions are updated. Then, another agent can ask
for rescheduling, until the global costs are minimized.

4.7

Coalition forming

The approach of [84], based on coalitional game theory, allows a number
of MGs to cooperate and form coalitions, in order to minimize the costs
incurred by the losses of power over the distribution lines. Every step, the
coalition can be merged or splitted in order to minimize the costs of the
coalition.
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Chapter 5
Negotiation strategies for agents
in the electricity system
Several agents are involved in the electricity system and all need to negotiate with other agents in order to try to get what they want. In Chapter 3,
we discussed the needs of these agents and their role in the Dutch electricity system. In this chapter, we describe these agents, their preferences and
the situations in which they act in game theory terminology.
After introducing these game theory concepts for Smart Grids, we introduce a small negotiating game amongst consumers, producers and grid
operators in the electricity grid. Using this negotiation game, we compare
four solutions from the Energy Management Matrix (Section 4.2).

5.1

Game-theoretic methods for the Smart Grid

In game theory, all agents are described as players behaving according to
certain assumptions [94, 71, 70]. The general main assumptions of game
theory are that agents reason rationally and strategically and that it is an
agent’s objective is to maximize the expected value of its own payoff [70].
The preferences of agents are described in terms of utilities, the extent to
which of something to satisfy needs or wants. The situations are described
in terms of game theory.
Game-theoretic concepts can be separated in two classes: non-cooperative
game-theoretic concepts and cooperative game theoretic concepts. In noncooperative games decision-making processes, in which the players op54

timize their payoff without any coordination or communication, are described. In cooperative games, players are allowed to communicate and
to receive side payments. Furthermore, in cooperative games, agents can
make binding commitments, while in non-cooperative games they cannot[78].
Cooperation in a non-cooperative game is possible, but without direct communication between the players. Cooperative games allow the investigation of how one can provide incentives for independent decision makers to
act together as one entity. For example, finding consensus among different
political parties, is a cooperative game. Another way to distinguishes noncooperative and cooperative games is to say that non-cooperative games
are about procedures and cooperative games about coalitions.
A non-cooperative game could be static or dynamic. A static non-cooperative
game is defined as follows: Given are a set of player N , the action set
(Ai )i∈N and the utility functions (ui )i∈N . In this game, each player i wants
to choose an action ai ∈ Ai so as to optimize its utility functions ui (ai , a−i )
that depends not only on player i’s action choice ai , but also on the vector
of actions taken by the other players in Ni , denoted by a−i . In a dynamic
non-cooperative game players can take turns. Therefore, extra and changing information sets are added to the game, for example time, history, etc.
Usually, these information sets influence the utility functions of one or more
agents.
The goal of game theory is to find a manner to calculate the (optimal)
outcome of the game. The concept Nash equilibrium is a very important
tool to do these kinds of calculations. It characterizes a state in which
no player i can improve its utility by changing unilaterally its strategy,
given that the strategies of the other players are fixed. For a static noncooperative game, we have found the Nash equilibrium iff the following
holds [?]:
ui (a∗i , a− i∗ ) ≥ ui (a∗i , a− i∗ ), ∀ai ∈ Ai
Another important measurement that is used in game theory is the pareto
optimality: a situation is pareto optimal if it is impossible to make any one
individual better off without making at least one individual worse off.
The next sections study the outcome of Smart Grid solutions in terms of
dynamical games where one or more dynamical parameters are influencing
the utility functions of the agents. In all cases we studied, time is a dynamical parameters. The influences of other parameters neglected, however, in
the last game we discuss, the influence of knowledge about solar forecasts
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is taken into account.

5.2

A small negotiation game

Consider a hypothetical scenario with two agents planning to schedule their
energy consumption in a given time slot. Both agents represent a device of
the type ‘time shifter’, so while it turns on, it turns into a must-run situation.
If both devices run at the same moment, the desired load pattern of the
DSO will be exceeded. Then, both agents get a fee. Therefore it is better to
start both on another moment.
Both agents have the same preferred time slot for turning on the device:
between t0 and t2 . The duration of the programs that the two time shifters
would like to run is the same and is equal to one step in time t. Both
agents can choose to start at the time slot t0 or to start later at t1 . The only
preference they both have is that the program is ready at t2 .
In the following subsections we will illustrate for four different techniques what the final outcome of a small dynamic game will be. We show
that in some cases the solution found by using a Smart Grid technique is
a Nash equilibrium, but not a pareto optimal solution both agents and the
Distributed System Operator.

5.2.1

The PowerMatcher

In the PowerMatcher, device agents make their own utility function. Then
they communicate their bid curve to the auctioneer (sometimes via a concentrator agent) and the auctioneer calculates the equilibrium price. The
PowerMatcher market is a double-sided (Walrasian) one shot-auction. When
using PowerMatcher, the agents play a non-cooperative game.
In our small game, the two agents communicate the same bids at t0 ,
t1 and t2 (see Figure 5.1), since they both use the same price threshold of
50 and have the same preference for starting/stopping the device. Figure
5.1 shows also the aggregated bid of the two agents. In fact there is no
equilibrium between demand and supply. However, the PowerMatcher will
determine a price. Whatever the price is, both agents start their devices or
they do not start their devices.
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Figure 5.1

5.2.2

Dynamic pricing

When dynamic pricing is used, both agent receive the same price for starting at a time step t0 (1 unit), t1 (2 units) and t2 (1 unit). Since both agents
are aiming for the their personal highest welfare, they both choose for t0
(if the future prices are available). This is illustrated in the pay-off table
in Table 5.1. If the prices at t0 and t1 were the same, there is no dominant
strategy. This is illustrated in the pay-off table in Table 5.2.
Turn on at t0
Turn on at t0

Turn on at t0
-0.5, -0.5
1.5, 1

Turn on at t1
1, 1.5
-1, -1

Table 5.1: Pay-offs for the negotiation game using dynamic pricing, where
the price at t0 is lower then the price at t1 . The utility for paying a lower
price is 0.5. If both agent turn the device on at the same time, their utility
is −1, due to the fee the DSO is charging.
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Turn on at t0
-1, -1
1, 1

Turn on at t0
Turn on at t0

Turn on at t1
1, 1
-1, -1

Table 5.2: Pay-offs for the negotiation game using dynamic pricing, where
the price at t0 is equal to the price at t1 . If both agent turn the device on at
the same time, their utility is −1, due to the fee the DSO is charging.

5.2.3

Decentralized global optimization

We use the approach of Mohsenian-Rad et al. [64] to discuss the decentralized global optimization approach. In fact, this approach is a noncooperative approach, since all the agents are only interested. However,
the agents communicate their plans to a global layer and the utility of
every agent is influenced by the damage they give to the global balance.
Therefore, we see two major differences between the PowerMatcher and
dynamic pricing approach and the approach of Mohsenian-Rad et al. : 1)
the agents are also interested in the global balance and this influences their
utility functions 2) the total costs (and thus also the utility functions) are
calculated over a time window T .
In the first round of this game, both agents choose random a point in
time to schedule their energy usage. In this example, both agent 1 and
agent 2 schedule the load at t0 . Then the total utility is calculated: ua1 =
2
P
−0.5, ua2 = −0.05,
= −1 (see Table 5.1). When agent a1 reschedules to
i=1

t1 the total utility is 2.5. Agent a1 can rescedule and improve the total utility.
This improves it’s own utility as well, so agent a1 is going to reschedule.
Then, agent a1 and a2 can both not change their schedule so the total utility
increases. In this case, the Smart Grid solution is able to find the pareto
optimal solution between t0 and t2 .

5.2.4

Centralized optimization

When centralized optimization is used to manage demand and supply, we
can schedule both devices at different time steps, given that the centralized
optimization algorithm takes care of all requirements of the agents and
the DSO and should take care of the future. In this case, the Smart Grid
solution is able to find the pareto optimal solution between t0 and t2 .
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5.3

Consequences for Smart Grid solutions

The small negotiation game shows that if each agent is only considering
its own utility and not the effect of its energy consumption on the whole
system, the equilibrium of the system is not necessarily equal to the most
optimal solution that influences the utility functions of the agents. The
small negotiation game is a rebuttal to garuanteed pareto optimality in a
dynamic game when using a solely non-cooperative approach. This learns
us that we need to add some measurement for the whole system, otherwise
it would impossible to find the pareto optimal solution in time window T .
A simple solution for the PowerMatcher would be to create a randomization parameter, so the two time shifters do not make exactly the same
bid. However, still we cannot guarantee that we will find the best solution.
Then, we can add a peak shaving mechanism (as explained in Chapter 8)
that will shape the aggregated bid in order to constraint the volume found
at the equilibrium to a certain value. In the example situation, the time
shifter bidding the lowest value will turn on, the bid of the other one has
been shaped off. So, for this simple situation, we can find a solution, however, now we did some steps, based on knowledge about the cluster, but
how easy is it do this in general?
Another example of a dynamic game: the two agents need to schedule
their demand between t0 and t4 . When the devices is turned on, it has to
stay on for two time steps t. In this game, we have also a solar panel on
the roof of agent a1 . Again, the agents can choose to schedule turning on
the device at t0 and t1 and t2 . In this case, the DSO has not constrained
the load. Agent a1 turns the device on at a higher price than agent a2 . The
forecasts say that the solar panel will start at t0 and stop at t1 and start
again at t2 and then stops at t4 . If we play the game, both agents will
schedule turning on at t0 . However, then both are in must-run situation,
but there is no solar energy available then. The optimal solution would be
to start both at t2 .
This game shows the consequence of the lack of information and incentives in the PowerMatcher to get the best solution over time window T .
Furthermore, it shows that it is indeed important to negotiate about events
in the future and to schedule to get a pareto optimal solution over time.
The problem can be overcome to choose for a centralized optimization
or solution global decentralized optimization or choosing a more cooperative strategy[84, 97] where agents can communication with each other or
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via a mediator. The drawback of the centralized optimization or solution
global decentralized optimization is that the time window T where we do
the optimalisation should be fixed. If this is a large window it would take
a lot of time and computational power to find the solutions. Furthermore,
there is one node where the global costs or global solution is calculated
A more cooperative strategy would be able to do the computation decentralised and decrease the need for one entity having knowledge about all
other agents (privacy argument).
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Chapter 6
Evaluating Smart Grid
architectures
Chapter 4 discusses several Smart Grid solutions. This chapter tries to
answer the question how we can compare these solutions by quantifying
their performances. First, we determine the key performance indicators
for Smart Grid solutions using the Smart Grid requirements introduced in
Section 2.6. Then, we take the requirements together and formulate a
multi-objective optimization problem. This problem is hard to solve since
we have to deal with uncertainties and the complexity is very high.
Next, we discuss the term flexibility, that represents the ability of devices to shift their supply or demand in time. This term is found to be
very important for solving the optimization problem and defining potential
profits and risks of Smart Grid solutions. Therefore, a clear valuation of
flexibility is needed. We show that it is not very easy to evaluate flexibility.
We show also that the choice for a certain Smart Grid solutions can have
an influence on the complexity of the flexibility evaluation process.

6.1

Performance measurements

In Section 2.6 we defined the requirements of the Smart Grid according to
the definition of Smart Grid used in this thesis. In the current section we
define the key performance indicators for measuring the performance of
the Smart Grid solution according to these requirements. In Table 6.1 we
listed the key performance indicators per requirement:
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Requirement
Security of supply

Costs for consumer/producer
Costs for grid operators
Network load
Use of decentrally produced renewables (DER)

Key performance indicators
Sum of all the time windows of all
devices that are outside their comfort
constraints some time between t0 and
tend
example
test
Peak reduction ratio, average load
Percentage of available (not-flexible)
DER that was used.

Table 6.1: Key performance indicators for the requirements of Smart Grid
solutions.

6.2

A multi-objective optimization problem

Since we have more than one requirement, the problem that we have to
deal with is multi-objective. A possibility to decrease the complexity of the
problem is to translate some objectives into constraints. For example, one
can set the use of decentrally produced renewables (DER), security of supply and network requirements and the costs for the grid operator as hard
constraints. Then we only need to optimize the costs for the producers
and consumers in the grid. Another example, we can set all requirements
as constraints, except for the network constraint. Then we only need to
optimize the network requirements and so decrease the peak load for example. When we constraint requirements as ‘use 100% of DER’ or ‘achieve
100% security of supply’, we constraint and thus lower the flexibility of the
cluster.
After setting the constraints, a single-objective can be formulated if the
stakeholders agree that one single objective should be optimized. When
more than one objective should be optimized the multi-objective optimization plan can be formulated as:
inF (x) = min([f1 (x), f2 (x), .....fm (x)])
x∈Ω
B(x) < y
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(6.1a)
(6.1b)
(6.1c)
(6.1d)

Where:
• fi is function of objective i
• m is the number of objectives
• x is the decision vector of all possibilities
• Ω is the decision domain
• B(x) < v is a constraint where v is a value
A multi-objective problem with conflicting objectives has no single solution, but a set of optimal solutions [4]. The multi-dimensional concept of
‘dominance’ can be used to determine if one solution is better than other
solutions. A solution a is said to dominate a solution b if the following two
conditions are true [26]:
• a is no worse than b in all objectives and
• a is better than b in at least one objective.
a is said to be ‘non-dominated’ by b. The solution to the multi-objective
problem is the set of non-dominated solutions, known as the Pareto set.
[5] gives an overview of optimization techniques that can solve the
multi-objective problem. Since most multi-objective problems have a large
Pareto set, finding all solutions is impossible. The next step is to make a decision for a single solution. Given the high complexity of the multi-objective
problem when evaluation Smart Grid architectures, it is the best to measure. Furthermore, in a real-world cluster, there are many uncertainties (if
solar energy is produced) this makes it even more problematic to solve the
problem. In Part III of this thesis, we will therefore study the optimization
of one objective.

6.3

Measuring flexibility

The aim of an algorithm for demand response is to make use of the available flexibility as much as possible, but with respect to several constraints.
The flexibility is a quantity that is affected by time and by decisions of the
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agents involved in the system. The quantity is described in Power (in Watt)
per time unit. To make good and well-founded decisions, it is necessary to
have some predictive power about the available flexibility. Therefore it is
necessary that we know the predicted flexibility Fp (t) for every time step t.
We know this with an uncertainty level θ. This prediction and uncertainty
level decide the decision domain Ω (see Section 6.2).

6.3.1

Classifying and quantifying flexibility

A device has flexibility if it is capable of shifting its production or consumption of energy in time within the boundaries of end-user comfort requirements [80]. A household device provides a relatively low demand or supply, so its flexibility is not interesting to the stakeholders in the energy grid.
When we connect a lot of these devices into a cluster, we can use the sum
of the flexibility of the devices. The flexibility of this cluster is measured
as the amount of power increase or decrease, with respect to its current
power consumption or production, that can be sustained for a given period
of time [80]. This joint flexibility has a value to stakeholders such as the
system operator and the supplier as explained in Section 2.5.
For example, if you could turn off 1000 fridges at a certain time t, and
all of those were operating at 700 Watt, then the ramp down flexibility is
700 ∗ 1000 Watt. If these fridges are turned off and could be turned on,
then the ramp up flexibility is 700 kW. This kind of clusters could be used
as a Virtual Power Plant, because they can deliver some supply (or less
demand) to the grid during a certain time. These clusters could also be
used as a flexible large-scale consumer. How the cluster could be used is
dependent of the composition and characteristics of the cluster.
Classification of flexibility
Not all devices have the same kind of flexibility. We can identity five different types: inflexible, time-shifter, thermal buffers, storage, open flexibility.
• Inflexible devices are uncontrollable. They are unable to shift consumption or production to another time. Examples are: a television
set, a lamp, a windmill or photovoltaic devices.
• Time shifter devices have a deadline. Before this deadline, a task
needs to be finished. They are able to shift their consumption or
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production to another time. Examples are: washing machine or dishwasher.
• Thermal buffers are bounded by buffer limitations given by the endusers. For example the maximum and minimal buffer temperature.
Some examples are a freezer, refrigerator, or heating devices with a
large water buffer (heat pumps or micro-CHP).
• Storage devices such as an electric battery provide flexibility by storing electricity temporarily and using it later.
• Open flexible devices can provide flexibility at any moment. A diesel
generator is a example of a open flexible device.
Quantification of flexibility: an example
The stakeholders need to have some knowledge about the flexibility of
these devices to make appropriate decisions in the operation of such a
VPP. The flexibility of thermal buffers has been quantified in [58]. With
the quantifying equalities, a VPP can estimate the ramp up and ramp down
capabilities of its cluster including the estimated time frame for such a deviation.
Equations 6.2 and 6.3 are used to calculate the ramp up (F − ) and ramp
down (F + ) flexibility after time periode τ if Pnom ≥ 0. Equations 6.4 and
6.5 are used to calculate the ramp up (F − ) and ramp down (F + ) flexibility
after time periode τ if Pnom ≤ 0.
F − (τ ) = min((

N C(1 − L0 )
), N (Pnom − P ))
ητ

(6.2)

−N CL0
), −N (P ))
ητ

(6.3)

N C (1 − L0 )
|
), N P )
η
τ

(6.4)

F + (τ ) = max((
F − (τ ) = min((|

N C L0
| ), −N (Pnom − P ))
(6.5)
η τ
In these formulas, characteristics and actual values of thermal buffers
are used:
F + (τ ) = max((−|
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• N is the number of devices in the cluster.
• C is the conversion factor between buffer level and added or removed
energy from the buffer.
• L0 is the average initial fill level.
• η is the ratio between electric and thermal power.
• P is the average power.
If we imagine a situation in which the initial fill level L0 is 1, then all the
buffers are full. The remaining combination of parameters NητC represents
then the flexibility capacity. The flexibility capacity equals the flexibility if
the buffers are all full and all the device with Pnom ≤ 0 are turned off and
all the devices with Pnom ≤ 0 are turned on. The flexibility capacity is an
important characteristic of of a thermal buffer device.
The flexibility capacity has two important characteristics: the absolute
maximum capacity of flexible power and the length of time that this full
turn off/turn on state can be hold. The first is determined by the average
power and number of buffer devices. The second is also determined by the
ratio η and the conversion factor C. The conversion factor C is a function of
the thermal mass of the buffer and the fill level. The thermal mass (cp ∗ m)
multiplied by ∆T gives us the thermal energy Q in joule:
Q = (T 2 − T 1) ∗ cp ∗ m

(6.6)

Therefore the flexibility capacity is dependent on these characteristics
as well:
• Mass of the buffer m(kg), which is dependent on the volume of the
buffer and the density of the material
• Temperature boundary: ∆T (K)
• the specific heat cp (J/kg/K)
This quantifying method presupposes that some characteristics of the
buffers in the cluster are known. For example, you have to know exactly
how many buffer devices are in the cluster and what the characteristics of
the individual buffers are. Furthermore, these characteristics are different
in the one season than in the other.
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Quantification of flexibility: alternatives
When operating a VPP, we want to estimate the flexibility (how much and
how long) that is available. One way to do this is explained in Section
6.3.1. When using this approach, we need to know or at least should be
able estimate the characteristics of the flexibility of the cluster. As was
explained in Section 6.3.1, it is not easy to do that.
Biegel et al. ?? showed for heat pump models that individual modeling
has some benefits. However, when the numbers of devices are increasing, a ’lumped’ model, that represents the dynamics of a large group of
devices, has important benefits: significantly reduction of computational
effort needed for flexibility optimization and smoothing out disturbances
by individual devices. To choose for a lumped model, the risks and potential profits are easier to estimate than when using individual models.
In decentrally controlled Smart Grids, we need to know not to model
the behavior of the devices, but also what the reaction of the VPP is when
we ask it to follow an objective (in dynamic pricing, we change the price, in
the PowerMatcher-MC approach; we steer the cluster using business logic
bids). In these cases we need to ask the question whether we should take
care of the dynamics of the underlying devices first (as show in the quantification example in Section 6.3.1) and model the dynamics of Smart Grid
solution (dynamic pricing, PowerMatcher) afterwards or that we can model
the direct reaction of the system as done in ?? to measure flexibility. In
PowerMatcher-MC, we only take a look at the dynamics of the total PowerMatcher cluster as represented by the aggregated bids in time. Therefore,
to make a good estimation of the risks and profit of asking the cluster to
follow a certain profile (in PowerMatcher-MC: the E-program), we need to
model the dynamics of the cluster. This point will be further discussed in
Chapter 12.
Influencing user behavior
Even if we know (by approximation) the exact flexibility parameters of a
device, we expect that it is impossible to control user behavior. As shown
in [91] people prefer to have the possibility for manual starting of their
electrical vehicle in case of emergency. Moreover, results from the pilot
study JEM [7] show that people tend to choose for manual starting.
Therefore it is important that a (financial) incentive for facilitation of
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flexibility is high enough. A business model for a PowerMatcher cluster of
households steered by PowerMatcher-Market Coupling should take care of
this. For example, in the contract with the end-user there should be some
agreements about the amount of flexibility that is available.
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Part III
Investigation of a real-world
Smart Grid solution
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Chapter 7
Bridging the gap between the
PowerMatcher technology and
the Dutch electricity markets
This part of the thesis is about the application PowerMatcher-Market Coupling, which is the bridge between the PowerMatcher technology on the
one side and the Dutch electricity markets APX and Tennet Imbalance Market on the other side. This chapter gives a more elaborate description of
PowerMatcher-MC than the one that was provided in Section 4.4.3. First,
a possible business model of PowerMatcher-MC is presented. Then, a description of the stakeholders in the business model is provided. A more in
depth-description of the process in PowerMatcher-MC is given in Appendix
??.

7.1

Market Coupling

As described in Chapter 2, both the distributed system operators (DSOs)
and the suppliers are interested in managing demand and supply of electricity on a decentral level. A decentral electricity management system
can decrease the resulting network load by using the flexibility of the devices in the network and so create value for the DSO. Furthermore, such
a system can help to buy and sell electricity more efficiently and so create
value for the suppliers and finally also for the end-users. The purpose of
PowerMatcher-MC is to meet the interest of both parties.
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Results from the pilot project LINEAR ?? taught us that DSOs and suppliers would sometimes steer the system into the opposite direction, but when
combining both wishes, it is possible to find a way in between and still have
some good returns. PowerMatcher-MC supports this kind of multi-goal optimization, but to make evaluation of the results easier (as explained in
Section 6.2, it is better to translate most objectives into constraints and optimize only one. Therefore, only the objectives of the supplier are used to
steer the PowerMatcher cluster. The first objective is to predict the demand
and supply to form a well-founded E-program and the second objective is to
steer the cluster in such a way that costs for buying are decreased and profits for selling are increased. In the experiments, we focused primarily on
following the objectives as given by the APX prices for ease of evaluation.

7.2

Business model

In this section we describe one possible business model for an application as PowerMatcher-MC. However, other business models, having another
risk/profit distribution between DSO, supplier and customer, for example
could be considered as well.
The DSO and the supplier buy PowerMatcher-MC together and agrees
in a contract what the constraints for the cluster are: maximum/minimum
load, maximal load different per quarter, etc. The price that the supplier
should pay should be dependent on the expected profit for both the supplier
and DSO given the appointments in the contract.
In PowerMatcher-MC no direct reward is given to the end-prosumers
that shift their electricity, so the supplier agrees on a contract with the
end-prosumers in the cluster and they agree on the flexibility that the consumers are going to provide approximately. Eventually, also some agreements about the expected non-flexible load will be decided in the contract.
Furthermore, given the flexibility that the consumers will provide, the supplier offers the consumer a fixed discount on the energy bill or a flexible
reward subsequently.
The supplier uses PowerMatcher-MC to bid on the electricity markets
and will gain profit from being flexible: when the prices are high the cluster
consumes less or even produces it; when the prices are low, the cluster
consumes more. The supplier is the only stakeholder that maximizes its
objective, however, he is also responsible for the risks.
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Chapter 8
Tools & Implementation
Chapter 10 describes several experiments that were conducted to test the
performance of PowerMatcher-Market Coupling. For these experiments we
used the PowerMatcher-MC software as developed for PowerMatcher-MC
by CGI in combination with the PowerMatcher Simulation Tool. PowerMatcherMC was created for the use in a real-time environment and could not be
used in a simulation environment. Therefore, for this project, we adapted
PowerMatcher-MC’s source code to be able to do these simulation experiments.
In this chapter we describe the tools we used in our experiments. Furthermore we describe the classes we added to PowerMatcher-MC to enable
doing simulation experiments.

8.1
8.1.1

Tools
PowerMatcher Simulation Tool

The PowerMatcher Simulation Tool (PMST) was developed by ECN. The
tool is a C#/.NET application. The tool supports the generation of PowerMatcher clusters. Several auctioneers, concentrators, objective agents and
device agents (see Section 4.4.1) could be added to the environment to
simulate one or more PowerMatcher clusters.
The simulation tool includes models of a heat pump, a µ-CHP, a cold
store (fridge/freezer) and a washing device (washing machine or dishwasher). The models are able to generate PowerMatcher bid curves to
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represent their flexibility. It is also possible to let the device models generate bid curves in non-PowerMatcher control. In this non-PowerMatcher
control state, the devices generate only non-flexible bids representing their
thermostat-driven behavior.

8.1.2

PowerMatcher-MC

PowerMatcher-MC was developed by CGI. Functionality needed for the simulations was developed by myself.

8.1.3

Matlab

We used Matlab to generate the configuration files for the PMST and PowerMatcherMC. Furthermore we created a toolbox in Matlab to analyze the output of
the PMST.

8.2
8.2.1

Implementation
Simulation mode in PowerMatcher-MC

In PowerMatcher-MC we created an import tool for historic imbalance prices.
These prices are provided by Tennet on their website in .xml-format. We
used the java-tool JAXB Unmarshaller to automatically save the information from the Tennet Website in the specific class.
Furthermore we changed the schedule in PowerMatcher-MC. First, we
created trading day variables (tradingDayStart and tradingDayEnd) that
we could assign to every historical, present or future date. We changed the
PowerMatcher-MC source code in such a way that the trading day variables
are used in the methods for generating weighted bids, seasonality bids, spot
limit orders, E-programs and target bid curves.

8.2.2

PMST agents

Objective agent for flexible behavior
We made an objective agent that reads its bids from an input text file.
This objective agent can, for example, read the target bid curves or the
73

imbalance bid curves from REX (see Appendix ?? and Section 4.4.3).
Concentrator agent
For the PowerMatcher Simulation we created a concentrator agent that
supports local congestion management. We adapted the source code of the
concentrator agent so local congestion management would be supported
by using peak shaving as decribed in 8.1.

Figure 8.1: Peak shaving mechanism in the concentrator agents.

Aggregated bid output
Furthermore for the PMST, we implemented an agent that tracks the aggregated bid at the auctioneer or concentrator-level where it was placed.
This aggregated bid output teaches us a lot about the actual state of the
PowerMatcher cluster.
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Chapter 9
Hypotheses
In this chapter, we discuss the problems we expect to find in PowerMatcherMarket Coupling based on results of simulation and pilot studies executed
on the PowerMatcher or similar technology. First we discuss conceptual
problems, that we expect based on the literature as explored in Chapter 5
and 6. Second, we discuss the problems we expect to see. In Chapter 10,
we discuss how we investigate the impact of these problems.

9.1

Conceptual problems

As pointed out in Chapter 5, the non-cooperative approach, as used in the
PowerMatcher, has one major drawback: the solution is not pareto optimal
over time. This has two consequences. First, we can end up in a conflicting game, such as prisoners dilemma as shown in the negotiation game in
Chapter 5. Second, every step in time, we don’t take care of the situation in
the future what can result in sub-optimal and even problematic situations.
Furthermore, Chapter 6 showed that for using flexibility as performed in
PowerMatcher-MC, we need some valuation of flexibility. To valuate the
flexibility, we need to model the response of the individual models and/or
the system dynamics. In this section, we discuss, what characteristics of
PowerMatcher-MC decrease or increase these problems.
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9.1.1

Conflict game

In a non-cooperative game, we can end up in a conflict game. In PowerMatcher, this is the case when two agents have a same price point. Since
there are no other messages than bids and prices, when agents have the
same price point, they will turn on or turn off as a ‘block’. This can be
problematic: in fact the devices can be scheduled after each other, however, when they have a similar price point, the PowerMatcher treats these
as one block. However, sometimes it is better to schedule these devices at
different points in time.
To overcome this problem, there needs to be enough variation in the
bids, so the change that devices bid the same price steps is decreased. This
can be done by variating the characteristics of the devices (other physical
properties or other bid mechanisms) in the cluster or adding a random
variation to every bid in the concentrator agents.

9.1.2

Lack of future awareness

In Chapter 5, we saw that the lack of future awareness in the PowerMatcher
can lead to sub-optimal and even problematic situations. In PowerMatcherMC, there has been implemented a prediction module that predicts the
aggregated bids over a day. PowerMatcher-MC calculates only a prediction
over the whole day and does not take care of the influence of steering the
PowerMatcher cluster given the changes in the APX or imbalance prices.
We expect that this will cause problems.
This lack of future awareness of the PowerMatcher was also recognized
by others, for example: [51], [42].

9.1.3

Valuation of flexibility

In the business model of PowerMatcher-MC as described in Section 7.2,
some valuation of provided flexibility is essential. In PowerMatcher-MC,
we only take a look at the dynamics of the total PowerMatcher cluster as
represented by the aggregated bids in time as explained in Chapter 6. To
make a good estimation of the risks and profit of asking the cluster to follow a certain profile (in PowerMatcher-MC: the E-program), we need to
model the dynamics of the cluster. In the current version of PowerMatcher76

MC there is no modeling executed, we expect that this can decrease the
performance.

9.1.4

Representation of market price

PowerMatcher-MC translates the prices of the internal PowerMatcher market to prices paid on the APX and imbalance markets. However, it is not
the case that the internal PowerMatcher prices are a good representation
of the APX prices. There is no mechanism in PowerMatcher-MC that takes
care of the different between the equilibrium in the PowerMatcher cluster
and the markets. This can cause problems such as incentive clipping.

9.2

Consequences of the conceptual problems

This section describes the practical problems we expect to see in our simulation experiments, based on the conceptual problems described in Section
9.1.

9.2.1

Incentive clipping

The PowerMatcher-Market Coupling system steers the energy production
and consumption pattern of the PowerMatcher cluster to a desired value for
a certain time. Such kind of steering has the problem that it can ‘fatigue’ the
PowerMatcher cluster. An example of this problem in shown in Figure 9.1.
The sine wave pattern cannot be followed anymore since the buffers of the
heat pumps and micro-CHPs in this cluster are totally full or totally empty
(see Figure 9.2). This effect is called incentive clipping [96]. Wijbenga
et al. [96] found this kind of behavior also during experiments int the
PowerMatcher Pilot project PowerMatching City II.
In PowerMatcher-MC there is no mechanism that keeps track of the
flexibility (no modelling, no valuation of the flexibility) used and the consequences of steering the system (lack of future awareness). Therefore, we
expect to find incentive clipping.
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Figure 9.1: Incentive clipping. This is an example of PowerMatcher cluster
following a sine wave pattern. As we see, the cluster is able to follow the
sine wave pattern for some time. At time = 0.5 day, we see that the sine
wave pattern cannot be followed anymore. As a consequence, devices that
are really in need (a bid a horizontal bid curve) could not be supplied and
thus the comfort constraints of the end-users are crossed.

Figure 9.2: At time t = 0.5 day, the fill levels of the heat pumps are very
high, so they are not flexible anymore. The incentive to follow the sine
wave pattern fails and comfort-constraints of users are crossed.

9.2.2

Forecasting problems

In Section 9.1.3, we saw that the models for valuation of flexibility are
not 100% correct. Since valuation of flexibility provided by the devices
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connected to the PowerMatcher cluster is uncertain, it is not easy to forecast
the behavior of the cluster. Furthermore, forecasting uncertainty is caused
by the influence of time.
For example, if at time t 1 all dishwashers are turned on (since the
price is very low), at t 2, the dishwashers are all in a must-run situation
and their flexibility is not available anymore. The available flex at t 2 is
highly determined by what happened at t 1. However, without giving any
other kind of signals than the aggregated bid, it is in more complex clusters
possible to know that all dishwashers are in the must-run state.
For PowerMatcher-MC it could be beneficial to have more information
about the states of the devices in the PowerMatcher cluster. However, we
should take care that we add so much information that we have in fact
a centralized optimisation Smart Grid solution instead of a market-based
solution (4.2).

9.2.3

Scaling and variance

We expect to have more problems in clusters when having less variance in
flexibility. The change of ending into a suboptimal solution because individual devices behave like blocks is one of the problems caused by having
not enough variance.
When the DSO’s objective is brought into the system via a peak shaving
mechanisms, the variance in the system will be lower, so more devices have
the same behavior. Such a tools seems to be handy, however, we expect that
it will lower the performance of the whole system.
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Chapter 10
Method
10.1

REX - Starting procedure (test cluster 1:
50 households)

In this first experiment, we evaluate a starting procedure for REX. As explained in Sections 4.4.3 and Appendix ?? REX uses historical bid curves
to calculate the E-program for the cluster. Therefore, for using REX, you
have to have some knowledge of the bid curves that the PowerMatcher
cluster would produce. However, when introducing REX in a cluster where
PowerMatcher was not used before, there are no historical bid curves.
The proposed starting procedure uses information from the cluster’s
‘traditional’ behavior, since historical bid curves are missing. For example, the traditional behavior of a heat pump or a fridge is determined by a
thermostat, the washing machine behavior is determined by the users nonflexible behavior. This traditional behavior A is used to create a profile A0
that would be able to provide the cluster enough electricity.
Test cluster 1
The test cluster consists of 50 heat pumps (0-1000 Watt), 50 washing machines (0-300 W) and 50 fridges (0-300 Watt). The maximal demand that
this cluster could have is 50 * (1000 + 300 + 300) = 80 000 Watt. However, it is necessary to bid on the APX and imbalance market by steps of 0.1
MW. Therefore, we decided to simulate Watts as kWs, so that the possible
demand of the cluster would be in such an order that blocks can be bought
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on the APX.
In fact now, every device represents 1000 devices displaying exact the
same behavior. This is not a good representation of a cluster of 3000 devices, since with 3000 different devices the variance is much larger. This
variance is important for the buffer behavior of the cluster, as explained in
Section ??.
The procedure
1. First we run the cluster in the PowerMatcher Simulation Tool without
using any PowerMatcher control for time tstart until tend . Every device
turns on when it decides to turn on based on thermostat control or
simulated user behavior. The output of the simulation is the profile
A that represents the supply and demand in the cluster per time step,
without taking into account any flexibility.
2. Then we make a profile A0 that is in fact the negative of A. Profile A0
is the profile that provides the need of profile A exactly.
3. Then we run the cluster in the PowerMatcher Simulation tool again
for time steps tstart until tend , but this time, we use PowerMatchercontrol for all the flexible devices. Furthermore, we add profile A0 as
a controlled profile to the cluster. The output of the simulation is an
aggregated bid for every time step in the simulation. This aggregated
bid represents the flexibility and needs of the cluster on a certain time
step.
4. We subtract profile A0 from the aggregated bids. So, the non-flexible
demand or supply of profile A0 at time step t is subtracted from the
aggregated bid at time step t.
5. The aggregated bids are imported as historical bids into the REX
database.
6. REX uses the aggregated bids of some time steps to form a prediction
of the aggregated bid at a time step in the future. How the historical
bid forms a prediction of a future aggregated bid is explained in ??.
For our experiment, we use the historical bid for tx (between tstart
and tend ) with all having the same weight (w = 1) to predict the bid
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for tx . This prediction is the best prediction we could get. When this
starting procedure will be conducted in the real world, we cannot use
this best prediction, but we should use real historic data. In Section ??
we compare the best prediction to prediction based on real historical
data.
7. Using the predictions of the coming 24 hours, REX bids onto the APX
market as explained in Appendix ??.
8. Given the APX settlement and the imbalance price received via Tennet, REX creates profiles for the two objective agents in REX: OAP X
and Oimb
9. Then we run the cluster again in the PowerMatcher Simulation Tool
for time step tstart until tend , since we want the use again the best
prediction. As an output we receive the aggregated bids and the allocation of supply and demand for these time steps.
10. The allocation and the available flexibility (that can be extracted from
the aggregated bid) for every time step is compared to the APX price.
We can do the PowerMatcher-MC-part also for the non-PM-controlled
cluster (only do steps 1,5-7,10) and compare the net cost or profit of
the cluster. This net cost or profit can then be compared to the net
cost/profit of the PM-controlled cluster.

10.2

Steering a self-balancing PowerMatcher buffer
(Test cluster 2)

Figure 11.5 shows the result of a cluster consisting of 1000 heat pumps,
1000 µ-CHPs. This cluster is able to follow a sine wave without loosing all
flexibility in the system over at least a week. This is shown in the flexibility
graph in Figure 10.1. We extracted the sine wave from the aggregated bids
and used these aggregated bids for the prediction of another day. Then, the
experiment follows the procedure for test cluster 1 from step 5 tot the end.
Since we know from the buffer cluster that the price in the PowerMatcher has a certain balancing value, we do a second experiment with
this cluster where we shift the price towards the balancing value, so the
82

Figure 10.1: Flexibility when test cluster 2 follows a sine wave pattern.
representation between APX prices and PowerMatcher prices would be better. We shift the prices of the spot limit orders (SL) using equation 10.1,
use we take the mean of the historical PowerMatcher prices i ∈ n and the
mean of the historical APX price j ∈ m:
n

priceshif t

n

1X
1 X
=
pricei −
pricej
n i=1
m j=1
∀SL ∈ SpotLimitOrders
priceSL = priceSL + priceSL

10.3

(10.1)

PowerMatcher-MC - Risk and profit

On several moments in the process, PowerMatcher-MC has to deal with
uncertainties. First, there is an uncertainty in the bid curve prediction as
described in Section 9.2.2 when determining the seasonality bid curve. This
also causes an uncertainty in the generation of the E-program and thus in
the generation of the target bid curve as well.
PowerMatcher-MC can deal with this uncertainty by adding more flexibility and more variance in flexibility. For example, a diesel generator
83

could provide a lot of flexibility and variance in flexibility (In small clusters
it could represent a device with infinite flexibility and infinite flexibility
variance. See Section ??).
In this experiment, we test a cluster where a diesel generator is part of
the cluster. We test if an infinite flexibility source such as a diesel generator
can decrease the risk of a failing cluster. When more risk can be taken,
the expectation is that the profit can be higher. The diesel generator bids
flexibility if the price is above 70% of the maximum PowerMatcher price.
When the PowerMatcher price is higher than 90%, the diesel generator bids
the highest price.

10.4

PowerMatcher-MC - local congestion management

As discussed in Section ??, the interests of the DSO and the customer of
PowerMatcher-MC could be different from each other. In this experiment
we explore the impact of applying techniques for DSO objectives on the
PowerMatcher-MC cluster: a technique for local congestion management
(LCM) called bid curve scaling. Local congestion management techniques
for the PowerMatcher are explained in Section ??.
We test LCM for test cluster 2. In every concentrator, connection 50
households, there is a peak shaving constraint that shapes peaks higher
than 40000 W or lower than -40000 Watt. Every concentrator connects
only 50 µ-CHPs or only 50 heat pumps. Therefore, 90% of all heat pumps
and 90% of all µ-CHPs can be turned on or off at the same time. The
maximal bid that this cluster can generate is 800 kW (turn all µ-CHPs off
and turn all heat pumps on) and the minimum bid is -800 kW (turn all heat
pumps off and turn all µ-CHPs on). Without the peak shaving constraint,
the cluster could generate a maximum bid of 1000 kW and a minimum bid
of -1000 kW.
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Chapter 11
Results
This chapter contains the results of the experiments. In every section we
will discuss a specific experiment. Per experiments we will show the graphs
representing the demand and supply patterns in the cluster, the flexibility
over time and other graphs that represent what happens in the cluster.
Furthermore, we list the performance of the experiments using the key
performance indicators as introduced in Chapter 6:
• security of supply as defined in Table 6.1
• Total costs of the cluster (this represents the total costs for both the
consumers and producers in the cluster)
• Network load is measured using the average load, the standard deviation of the load an the minimal and maximal load values
• Use of distributed energy resources in %.
Furthermore, we will indicate which of the problems we see, that we
expected to see (as explained in Chapter 9). The impact of the problems
will be discussed in Chapter 12.

11.1

Test cluster 1: 50 households

In Figure 11.1 and 11.2 the result of the starting procedure using the 50
household cluster is shown. In 11.1 we show the results of the first day
and in 11.2 we show the results of the second day. In both figures, the
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Figure 11.1: Result of the starting procedure for the test cluster. Day 1.
Upper graph: market prices (APX, PowerMatcher price), Middle graph:
PowerMatcher-MC controlled (Total = total demand, HP = demand of heat
pumps, CS = demand of fridges (cold stores), WG = demand of washing
machines, E-program), Lower graph: traditional control for the same devices as in the middle graph.

upper graph shows the APX price and the PowerMatcher-price when using PowerMatcher-Market Coupling. The lower graph shows the situation
without using PowerMatcher-control: the heat pumps (HP) and fridges
(cold stores = CS) are controlled by a thermostat and the washing machines (white goods = WG) pick randomly a flexible user profile and start
at the latest possible point in time. Furthermore, the E-program as found
by PowerMatcher-MC is shown. The heat pumps used for this experiment
can give up their comfort constraint if there is not enough supply in the
cluster.
In the middle graph, we show the situation when using PowerMatcherMC. The E-program is shown again in this graph. Furthermore, we show
again the total demand and the demand per device type. In Figure 11.3 we
show the status of the heat pumps in the cluster: how many are turned on
and what is the fill level of the buffers. Figure 11.4 shows the flexibility on
every time step t. The maximal flexibility is the ramp up capacity that can
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Figure 11.2: Result of the starting procedure for the test cluster. Day 2.
Upper graph: market prices (APX, PowerMatcher price), Middle graph:
PowerMatcher-MC controlled (Total = total demand, HP = demand of heat
pumps, CS = demand of fridges (cold stores), WG = demand of washing
machines, E-program), Lower graph: traditional control for the same devices as in the middle graph.
be used to increase the demand or decrease the supply. The minimal flexibility is the ramp down capacity that can be used to decrease the demand
or increase the supply.
Table 11.1 shows the key performance indicator values for the nonPowerMatcher and the PowerMatcher-MC situation. If the cluster was able
to follow the E-program, even if the Non-PowerMatcher situation was perfectly forecasted the day before, we should have paid 25% less money when
using PowerMatcher-MC. However, the cluster is not able to follow the Eprogram exactly, so additional energy need to be bought. If we buy this
on the APX, we should pay e1.26. However, since we did not know before
that we deviate from the E-program, this should be paid at the imbalance
market.
Furthermore, we see that the comfort constraints of the heat pumps are
violated in 22% of all quarters. Finally, we take a look at the minimal and
maximal loads. The minimal and maximal load in the PowerMatcher-MC
situation is lower than in the non-PowerMatcher situation.
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Figure 11.3: Fill levels of the heat pumps and the percentage of heat pumps
that is turned on.

Figure 11.4: Ramp up and ramp down flexibility of test cluster 1.
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Key performance indicator
Values
Sum of all the time windows of 10.75 hours, so 22% of the total day
all devices that are outside their
comfort constraints some time
between t0 and tend

Costs for consumer/producer on
APX

Non-PowerMatcher + perfect dayahead prediction: e90.28; Follow
E-program exact: e68.43; Follow
E-program using PowerMatcher-MC:
e69.69

Network load

Minimal load NPM = 11.10 kW; Minimal load PM-MC = 3.1 kW; Maximal
load NPM = 81.22 kW; Maximal load
PM-MC = 56.68 kW ;

Table 11.1: Performance of test cluster 1 on the key performance indicators.

11.2

Test cluster 2: 1000 Heat pumps & 1000
µ-CHPs

Figure 11.5 shows the result of a cluster consisting of 1000 heat pumps,
1000 µ-CHPs. This cluster is able to follow a sine wave without loosing all
flexibility in the system over at least a week. This was explained in Section
10.2.
In Figure 11.5 the result of test cluster 2 over two days is shown. The
upper graph shows the APX price and the PowerMatcher-price when using PowerMatcher-Market Coupling. The lower graph shows the situation
without using PowerMatcher-control: the total demand of the heat pumps
(HP), the total supply of the µ-CHPs and the net supply or demand of the
total cluster. Furthermore, the E-program as found by PowerMatcher-MC is
shown.
In the middle graph, we show the situation when using PowerMatcher89

MC. The E-program is shown again in this graph. Furthermore, we show
again the total demand and the demand per device type. In Figure 11.6 we
show the status of both buffers in the cluster: how many are turned on and
what is the fill level of the buffers. Figure 11.7 shows the flexibility on every
time step t. The maximal flexibility is the ramp up capacity that can be used
to increase the demand or decrease the supply. The minimal flexibility is the
ramp down capacity that can be used to decrease the demand or increase
the supply.
Table 11.2 shows the key performance indicator values for the nonPowerMatcher and the PowerMatcher-MC situation. Since the cluster both
has demand and supply, in the Non-PowerMatcher situation when forecasting was perfect, we gain some money. If the cluster would be able
to follow the E-program exactly, we net buy energy from the electricity
market instead of selling. When we add the amount of imbalance in the
PowerMatcher-MC times the actual APX prices, we see, that if we created
a better E-program, we could gain more than 400 euro on the APX market. However, since we did not know before that we deviate from the
E-program, for this imbalance, we should be a fee.
Finally, we take a look at the minimal and maximal loads. The minimal
and maximal peaks in the PowerMatcher-MC cluster are higher than in the
non-PowerMatcher cluster.

11.3

Test cluster 2 + price shifting: 1000 Heat
pumps & 1000 µ-CHPs

We again test the test cluster 2, but this time, the spot limit order is shifted
towards the equilibrium price in the PowerMatcher as explained in Equation 10.1. The results can be found in Figures ?? and Table 11.3.

11.4

Test cluster 3: diesel generator and freezers

Cluster 3 contains 50 freezers and 1 diesel generator. We tested the behavior of this cluster in three situations. The first situation is the nonPowerMatcher behavior. In this situation, the freezers behavior is deter90

Figure 11.5: Demand and supply in test cluster 2. Upper graph: market
prices (APX, PowerMatcher price), Middle graph: PowerMatcher-MC controlled (Total = total demand, HP = demand of heat pumps, CHP = supply
of micro CHPs (negative demand), E-program), Lower graph: traditional
control for the same devices as in the middle graph.
mined by a thermostate. We assume that the diesel generator follows exactly the pattern of the freezers (as a reactive device), so demand and
supply are matched. The second situation is the PowerMatcher standalone
situation. In this situation, the diesel generator and the freezers are PowerMatcher controlled, but there is no interacting with the outside grid. In the
third situation, there is connection to the outside grid and the electricity
markets via PowerMatcher-MC.
In 11.11 we see the demand patterns in the cluster for the three different situations. Figure 11.12 shows the flexibility of the PowerMatcher-MC
controlled situation. We see that when PowerMatcher control (PowerMatcherMC, PowerMatcher standalone) is used, the peaks are shaped. In the
PowerMatcher-MC situation, we see that the E-program is not very well
suited to the demand pattern. Since the prices in the PowerMatcher were
quite high (above 70, since this was the point where the diesel generator
started to bid), a lower market price will be attractable to many freezers.
In Table 11.4 the performances on the key performance indicators are
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Figure 11.6: Fill levels of the buffer and the percentage of buffers that is
turned on in test cluster 2.

Figure 11.7: Ramp up and ramp down flexibility in test cluster 2.

collected.
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Key performance indicator
Values
Sum of all the time windows of 0.0 hours
all devices that are outside their
comfort constraints some time
between t0 and tend

Costs for consumer/producer on
APX

Non-PowerMatcher + perfect dayahead prediction: e -5.67; Follow Eprogram exact: e72.93; Follow Eprogram using PowerMatcher-MC: e461

Network load

Minimal net load NPM = -57 kW; Minimal net load PM-MC = -80 kW; Maximal net load NPM = 57 kW; Maximal
net load PM-MC = 133 kW ;

Table 11.2: Performance of test cluster 2 on the key performance indicators.

11.5

Test cluster 2 + DSO objective: Local congestion management

We used a local congestion management tool called peak shaping in the
concentrator agents. In every concentrator, connection 50 households,
there is a peak shaving constraint that shapes peaks higher than 40000
or lower than -40000 Watt. The results of this experiment are found in
Figures ??. Similar pictures were presented for the other two experiments
with cluster 2.
In Figure 11.13 we see that the difference between this LCM situation
and the normal cluster 2 experiment is that the price in the PowerMatcher
is more stable until the point that there is no stabilization possible since all
flexibility has been disappeared. This point is reached earlier in this case
than in the experiment without LCM. These are direct consequences of the
LCM approach. Due to the peak shaving, more devices act in the same way
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Figure 11.8: Result of test cluster 2 with price shifting towards historic PowerMatcher equilibrium. Upper graph: market prices (APX, PowerMatcher
price), Middle graph: PowerMatcher-MC controlled (Total = total demand,
HP = demand of heat pumps, CHP = supply of micro CHPs (negative demand), E-program), Lower graph: traditional control for the same devices
as in the middle graph.
and therefore, the flexibility will in this case disappear earlier. This effect
can been seen in the middle graph of Figure 11.13 as well in the hooks
around t = 0.1.
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Figure 11.9: Fill levels of the buffers (heat pumps and µ-CHPS) and the
percentage of buffers that are turned on in test cluster 2 with price shifting
towards historic PowerMatcher equilibrium.

Figure 11.10: Ramp up and ramp down flexibility in test cluster 2 with
price shifting toward PowerMatcher equilibrium price.
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Key performance indicator
Values
Sum of all the time windows of 0.0 hours
all devices that are outside their
comfort constraints some time
between t0 and tend

Costs for consumer/producer on
APX

Non-PowerMatcher + perfect dayahead prediction: e90.28; Follow
E-program exactly: e68.43; Follow
E-program using PowerMatcher-MC:
e69.69

Network load

Minimal load NPM = 11.10 kW; Minimal load PM-MC = 3.1 kW; Maximal
load NPM = 81.22 kW; Maximal load
PM-MC = 56.68 kW ;

Table 11.3: Performance of test cluster 2 with price shifting towards the
historical PowerMatcher equilibrium price on the key performance indicators.
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Figure 11.11: Result of test cluster 3. Upper graph: market prices (APX,
PowerMatcher price), Middle graph: PowerMatcher-MC controlled (CS =
demand of freezers (cold stores), DG = supply of diesel generator, Eprogram), Lower graph: PowerMatcher standalone situation (CS = Demand of freezers, DG = supply of diesel generator, E-program). Furthermore the ‘CS NPM’ profile shows the behavior of the freezers when they
are traditionally controlled.
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Figure 11.12: Flexibility in test cluster 3.

Figure 11.13: Result of the starting procedure for the cluster 2 with local
congestion management constraints. Upper graph: market prices (APX,
PowerMatcher price), Middle graph: PowerMatcher-MC controlled (Total
= total demand, HP = demand of heat pumps, CHP = supply of micro
CHPs (negative demand), E-program), Lower graph: traditional control for
the same devices as in the middle graph.
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Key performance indicator
Values
Sum of all the time windows of 0.0 hours
all devices that are outside their
comfort constraints some time
between t0 and tend

Costs for consumer/producer on
APX

Non-PowerMatcher + perfect dayahead prediction: e0.38; Follow
E-program exact: e4.72; Follow
E-program using PowerMatcher-MC:
e4.32; PowerMatcher standalone +
perfect day-ahead prediction: e0.36

Network load

Minimal load NPM = 0 kW; Minimal
standalone PM = -1.7 kW; Minimal
load PM-MC = -1.80 kW; Maximal
load NPM = 1.80 kW; Maximal load
standalone PM = 1.70 kW; Maximal
load PM-MC = 1.80 kW;

Table 11.4: Performance of test cluster 3 on the key performance indicators.
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Figure 11.14: Fill levels of the buffers (heat pumps and µ-CHPS) and the
percentage of buffers that are turned on in test cluster 2 with local congestion management constraint.

Figure 11.15: Ramp up and ramp down flexibility in test cluster 2 local
congestion management constraint.
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Chapter 12
Discussion
This chapter discusses the results as presented in Chapter 11. First, we
interpret the results and discuss some solutions to the problems discovered.
Then, we evaluate the limitations of this study and how these influence the
results. After that, we answer the research questions. Finally, we give
suggestions suggestions for possible follow-up research.

12.1

Interpretation of the results

In this section, we review the results presented in Chapter 11. We discuss
the performance of the PowerMatcher-MC application. Furthermore, we
discuss whether we can see the influence of problems introduced in Chapter
9 in the results.

12.1.1

Test cluster 1: 50 households

The prediction of the PowerMatcher cluster was almost perfect (as explained in Section 10.1), nevertheless PowerMatcher-Market Coupling was
not able to follow the E-program without attaining the constraints of the
cluster. The question why the cluster was not able to follow the E-program
can be explained by the conceptual problems of non-cooperative solutions
we addressed in Chapter 9.
First, the conflict game problem was seen in the behavior of the washing
machines. Since the behavior of the washing machine was too similar, the
reaction of the 50 washing machines was very similar. Second, the most
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important reason for running out of flexibility is that PowerMatcher-MC
does not regard the consequences of using flexibility. The consequence is
that E-program is to optimistic chosen. Therefore, the heat pumps need to
give up their comfort constraints.
We see that the PowerMatcher price goes to the minimal accepted or
maximal accepted price in a fast way. This is caused by the reactive reaction
of the devices on a lower or a higher price. This reactive reaction was
caused by the conflict game problem. A price difference can cause that a
lot of devices would change their status at the same time. PowerMatcherMC does not regard that effect.

12.1.2

Test cluster 2: 1000 heat pumps & 1000 µ-CHPs

When coupled to PowerMatcher-MC, this cluster is able to follow the Eprogram for a while. However, the E-program asks too much from the
cluster in the same direction (demand), so we see incentive clipping as
explained in Section 9.2.1 (see Figure 11.7). This is a direct consequence
of the lack of future awareness.
Furthermore, we see the effect of the bad representation of the status
of the cluster by the price. The historical prices was around 80. In the situation where we shifted the price to the equilibrium of the historical cluster,
we see that the prices are more volatile. In this situation, the reaction of
the devices are very similar and therefore we see that the prices are going
up and down to the minimal and maximal PowerMatcher price. Therefore,
only shifting the bids to the (mean) historical PowerMatcher price does not
solve our problem.
When using LCM, we prevent that too many devices turn on at the same
time. However, this leas that the cluster is running out of flexibility even
faster. This is a consequence of the effect of having too little variance to
deal with the balancing problem as explained in 9.2.3.
The price that we need to pay if we should have forecasted the deviation of PowerMatcher-MC from the E-program perfectly (so we could bid
for that on the APX as well), we would save a lot of money. This price
shows the potential of the PowerMatcher technique. However, when using
the PowerMatcher-MC application, we do not make use of it. We allocate
supply, without noticing it, that will result in a fee from the TSO.
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12.1.3

Test cluster 3: 50 freezers & 1 diesel generator

We see that in the PowerMatcher standalone scenario, the diesel generator
(having no supply when the PowerMatcher price is below 70 and infinite
flexibility if the price is above 70) and the loads of the freezers are matched.
When we ask PowerMatcher-Market Coupling to do that, we see the effect
of bad market price presentation. We have showed in the experiment with
cluster 2, it is not easy to overcome this effect. Only shifting towards the
historical market price is not enough.

12.2

Decreasing the impact of problems in noncooperative solutions

We discussed three conceptual problems and four practical problems (incentive clipping, forecasting problems, representation of the market price
and scaling and variance problems) in Chapter 9. In the results of the experiments, we saw that these problems influenced the result of the Smart
Grid solution PowerMatcher-MC. The design of PowerMatcher-MC need to
be revised in order to deliver the value proposition of the product.
In this section we will give suggestions for solving these problems or
at least decreasing the influences of these problems on the results. This
can be done in two different ways. On the one hand, we can add extra
functions to PowerMatcher-MC. On the other hand, we can choose to use
another approach from the energy management matrix. We will describe
both options in this section.

12.2.1

Improving PowerMatcher-MC

For improvement of PowerMatcher-MC we suggest four different types of
solutions to decrease the impact of the conceptual problems of non-cooperative
solutions for the PowerMatcher-MC application. For every solution, we discuss what problems it solves, what problems it does not solve and what
extra problems we expect.
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Enhance and ensure enough variation
The first approach is to enhance and ensure enough variation in the PowerMatcher cluster. This can be achieved by increasing the number of devices and increasing the variation between these devices. The latter can
be achieved when we give the bids from the devices small deviations when
they are communicated to the concentrator agents.
Enhancing the amount of variation decreases the impact of the conflict
game problems (Section 9.1.1) that occur when certain devices have the
same price points. As pointed out in section 9.2.3, this chance is higher
when using peak shaping or other preprocessing techniques to accommodate the aggregated bid. Therefore in this situation, the solutions would
have more impact.
These solutions decrease also the impact of forecasting and valuation
problems. In the line of the findings of [9], we expect that the forecasting
errors decrease when the number of devices grows. Furthermore, when
there is variation added, we get not the problem of multiple devices that
look to represent one entity (since they have similar bids), so in fact the
positive effect of the growing number of devices would be enhanced by
using more variation.
On its own, this solution cannot guarantee high efficiency, as we would
prefer in an application as PowerMatcher-MC, since we did not solve the
forecasting and valuation problem, but only decreased the influence.
A disadvantage of adding randomization parameters is that the choice
for turning on/off would be more arbitrarily. To users it would be more
hard to explain why their appliances turn on or off.
Use properties of the cluster and its devices for better forecasting and
control
The second approach is using more detailed information about the cluster
to set constraints. An example of such a solution was given in Section
5.3. We set a LCM (Local Congestion Management) constraint to let the
agents schedule their load at another point in time instead of reacting in
the same way. Another example is to constrain the amount of flexibility
that PowerMatcher-MC can trade on the energy market during a certain
time [96].
As discussed in Section 9.2.2, it could be beneficial to have more infor104

mation about the states of the devices in the PowerMatcher cluster. However, we should take care that we add so much information that we have
in fact a centralized optimisation Smart Grid solution instead of a marketbased solution (4.2). Furthermore, this approach does not support a plug &
play implementation, where devices can easily be added or removed from
the cluster.
Feedback system
The third approach is to extend PowerMatcher-MC with a feedback system.
Every time step, the aggregated bid of the PowerMatcher cluster can be
considered. This aggregated bid gives information of the actual status of
the cluster. The system operator can decide to bid on the imbalance market
given the actual status and steer the PowerMatcher to the preferred status
until to aggregated bid shows that there is (almost) no more flexibility
available. So the direct feedback via the aggregated bids determines the
decisions.
This approach makes use of the strong points of the PowerMatcher concept (a fast decision, buffer behavior) and reduces the effect of forecasting
problems, by making decisions on a small time scale. Combined with the
‘enhancing variation’ solution the performance of using this approach can
be increased. For constructing of the E-program this approach is not useful,
since we should do this a day before.
Dynamic system model
The fourth approach is modeling the behavior of the PowerMatcher cluster
as a dynamic system. Incentives were given to the system, and the effect
of them are measured. This approach is common in dynamical pricing
methods and is called controlled variance pricing [27]. Using the model,
we can predict risks of steering the system in a certain way and the potential
profits. An advantage is that we do not need to know the characteristics of
the PowerMatcher cluster, so the system can work with the plug & and play
principle.
This approach is more useful in larger clusters. In smaller clusters, the
individual devices can influence the behavior of the system a lot, which will
result in a dynamical model that is more sensitive to errors.
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12.2.2

Choosing another approach

Other approaches in the energy management matrix are: dynamic pricing,
centralized optimization, decentralized global optimization and coalition
formation. Dynamic pricing is also a non-cooperative approach, so we will
not consider this approach as a better alternative when we try to solve the
conceptual problems.
Centralized optimization is a reasonable alternative if the amount of
data needed for determining the optimal schedule is not too large. On
higher scales (more devices, optimization over longer time frames), centralized optimization is becoming more complex and takes more time. Furthermore, agents have no possibility to choose their own schedule. Furthermore, a disadvantage of centralized optimization is that the central
processor or controller is attacked or broken down, the consequences for
safety, privacy and security of supply are major.
In decentralized global optimization agents have the freedom to determine their own schedule, however, their pay-off can be lowered when they
decide not to follow the global objective. Furthermore, the decentralized
approach is better scalable, since the agents solve a part of the subproblem. However, the bottleneck will probably be the communication of new
pay-offs.
Coalition formation, a cooperative approach, can overcome problems
such as the conflict game. Furthermore, the schedule optimization problem
is solved in parts. The number of negotiation steps cannot be too high and
cannot take too much time.

12.3

Limitations

12.3.1

Models

The simulation models use constraints and assumptions that probably can
influence the results. This section lists the constraints and assumptions of
the simulation models and how they can influence the results. We think
that none of the constraints or assumptions can have such a major impact
that the conclusions of this report will change.
106

Cold store agent
The cold store model represents a fridge, using a mathematical model that
incorporates stochastic variables such as opening the fridge and putting
warm product in the fridge. I would prefer a model that is representing a
fridge by using Smart Meter data.

Heat pump agent and micro-CHP
The heat pump models are also representing a mathematical model. I think
it would be better to use models that represent not a (perfect) mathematical
model, but real data as received from Smart Meter projects. Furthermore,
the agents were not able to start at a fixed fill level instead of a randomly
generated fill level. If this were added, we could better compare the nonPowerMatcher and PowerMatcher-MC situations.

White goods agent
The white goods agent model picked randomly one flexibility pattern out
of a database of three patterns. A flexibility pattern consists of a starting
time, an end time and a washing machine load pattern. Using just three
different patterns is a very limited approach, therefore, I have written a
new white goods agent model that picks a flexibility pattern from a larger
external database. For example, data from Jouw Energie Moment can be
used.
The data from Jouw Energie Moment contains the flexibility patterns
of approximately 100 washing machines. To randomly pick a pattern from
these pool, we have a much better representation of real washing machine
behavior. However, it was not possible to use this enhanced model for this
project.
The current washing machine models show a nice example of too similar patterns that will lead to a prisoners dilemma situation (see Chapter
5). Using real data would show better whether such situations happen in
real situations, where the user inputs give more variation and thus more
dynamics to the whole system.
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Auctioneer and concentrator
The auctioneer and concentrator agents used in the PowerMatcher Simulation tool make use of integer prices (whole number steps). PowerMatcherMarket Coupling and newer versions of PowerMatcher make use of prices
in doubles, that can have up to 8 numbers behind the comma. The integer prices increase the change to and up in a prisoners dilemma situation,
since the variance is lower: there are only 100 prices, so the change that
two agent bid a similar price point is much higher than when using doubles.

12.4

Suggestions for future work

12.4.1

Find the limitations of non-cooperative approaches

In 5, we gave a rebuttal to the pareto optimality in non-cooperative smart
grid solutions such as dynamic pricing and the PowerMatcher approach
when time is taken into account. We gave two different examples, however,
more rebuttals are possible. For future work we would advise to find the
exact conditions under which the solutions are pareto optimal over time
and when they are not. Exploring these limitations gives useful information
that can help us to decide what solution is the best for a certain situation.

12.4.2

Comparing Smart Grid solutions on different scales

We showed that there are important conceptual differences between noncooperative solutions, global optimization solutions and cooperative solutions. It would be interesting to compare the different solutions on similar
problems. In this comparison, the accent should be on the scale of the
(flexible part of the) cluster.

12.4.3

Calculation of risk and profits

The flexibility in a system is not very easy to evaluate and valuate. However, some calculation about the risks and potential profits can be done.
Whatever approach is used, a risk and profit analysis can be useful to deal
with uncertainties and prediction errors.
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Limits of time effects
This thesis discusses the performance of Smart Grid solutions from a perspective of a dynamical game where time is considered. It is shown that
time influences the results (both theoretically and experimentally), however, it is left for future work, to research the limits of the influence of time.
Especially when forecasting is part of the process, it is good to know how
much of the future one needs to predict in order to get good results. In
PowerMatcher-MC, the prediction time scale is one day, since that is the
scale needed to bid on the APX market.
It is left for future work to find out whether bidding on other markets
(bilateral contracts, intra-day) is beneficial and if prediction over a longer
time scale in the future is useful.
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Chapter 13
Conclusion and suggestions for
future work
This chapter gives the conclusions that follow from the former chapters of
this thesis. First, we give an overview of the main findings. Second, we
answer the research questions. Third, we discuss the contribution of this
Master thesis to the field of Smart Energy Grids.

13.1

Overview

This study reviewed a Smart Grid application (PowerMatcher-E) using both
theory and simulation results. The focus in this research was on using this
application for more than one objective and objectives in different categories: economically, environmentally and comfort & safety. Furthermore,
the study used a game-theoretic approach where problems are studied as
being dynamic problems. The main findings are:
• Smart Grid applications that use a non-cooperative approach do not
necessarily have a pareto optimal solution when time is taken into
account.
• The PowerMatcher is a non-cooperative approach and therefore it is
necessary to know the drawbacks of this approach when designing
applications for the real-world.
• The first drawback is that we can end up in a situation similar to the
prisoners dilemma.
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• The second drawback is that the system does not take care of objectives in the future. Therefore, we have to steer the system before (so
we don’t lose too much flexibility upfront) and during the time we
want to follow an objective.
• The complexity of the valuation of flexibility is higher in a system
such as the PowerMatcher compared to solutions where we know all
characteristics of the devices. In the PowerMatcher, we have to take
care of both the underlying patterns and the influence of translation
into bids.
• The PowerMatcher-MC application has in all scenarios we have tested
a decreased performance compared to the doing-nothing solution.
This underlines the suggestion that the PowerMatcher-MC solutions
need to be revised.

13.2

Research questions

In this section we answer the research questions.

13.2.1

Sub-question Q1

What are the advantages and disadvantages of the PowerMatcherMC architecture compared to other smart grid architectures?
Theoretical findings
In Chapter 4, we explored some advantages of the PowerMatcher: scalability, always a solution and high privacy level. In Chapter 5, we showed
that non-cooperative solutions are not pareto optimal over time. This has
two consequences: we can end up in a prisoners dilemma situation and
opportunities in the future are not automatically take care of. We have to
compensate for this problem by learning the dynamics of the cluster or collection more information about the status of the devices (fill levels of the
buffers, residual of the time that the device is flexible). In Chapter 6, we
showed that valuation of flexibility is not easy. Therefore, it is hard to give
a good estimate of the risks and possible profits of steering a cluster that is
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controlled by dynamic pricing or another non-cooperative way, such as the
PowerMatcher approach.
Experimental findings
The results of the experiments show that three conceptual problems of noncooperative solutions (explored in Chapter 5 and 6 and summarized in
Chapter 9) influence the result of PowerMatcher-MC. First, the effect of bid
similarity leads to a prisoners dilemma situation. Second, lack of future
awareness can lead to sub-optimal and even problematic situations. Third,
valuation of flexibility is not easy. These conceptual problems cause effects
as incentive clipping, forecasting problems, problems caused by a small
scale or a small variance and problems of representing the status of the
PowerMatcher cluster to a risks and potential profits of trading flexibility
on the electricity markets.

13.2.2

Sub-question Q2

What are the risks and profits we can gain from optimizing
PowerMatcher-MC?
The answers on Q1 suggest that optimization of PowerMatcher-MC is not
an easy process, since to get better results, we need to decrease the effect
of the conceptual problems of non-cooperative solutions. Therefore, we
think that optimizing PowerMatcher-MC by improving the forecasting of
the weighted bid curves or representation to the market prices for example,
would not solve the problems we showed in this research. Therefore, the
answer on Q2 is that we first need to decrease the effect of the conceptual
problems of non-cooperative solutions before optimizing PowerMatcherMC.

13.2.3

Sub-question Q3

What changes or additions on the design would improve the
results of PowerMatcher-MC?
In Section 12.2 we discussed two approaches to change the design of PowerMatcherMC.
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The first approach is to improve the design so that the impact of the
conceptual problems in non-cooperative solutions is decreased.
The second approach is to choose for a different approach from the
extended energy management matrix the we introduced in Section 4.2.
Promising techniques are solutions using cooperative game theory, such as
coalition forming solutions or global optimization algorithms. Especially
when clusters are small and privacy is not an issue, global optimization
algorithms would be a good choice. Coalition forming is a solution that is
more promising in larger clusters, where agents would like to make their
own decisions.

13.2.4

Main question

How could we improve the design of the PowerMatcher-MC architecture so that we can gain more, from both an economical
perspective and an environmental perspective, from the available flexibility without violating the constraints given by the
end-users, network operators and the (Dutch) electricity market?

To answer the main question, we use our answers on Q3. We suggest
that PowerMatcher-MC needs improvement of its design to be able to do
what it has to do. So, for essential functioning, improvement is needed.
Our simulation results suggest that PowerMatcher-MC, as it is now, has
high risks and a low change of profit. One can do that in two different
ways: either changing the design so the impact of the problems of noncooperative solutions are decreased or using another approach from the
extended energy management matrix (Section 4.2).
For future work, we suggest to research the limits of the different approaches from both a theoretical and an experimental point of view. For
real-world applications this research would help to find out what the risks
and the profits of usage are of the techniques. Then, the stakeholders can
decide who is going to take what risks and how the profits are divided
among the stakeholders.
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13.3

Contribution to the field

This thesis gives a unique insight in the different Smart Grid solutions.
First, the extended energy management matrix combines the compactness
of the energy management matrix [49] and the completeness of other reviews such as [31]. Furthermore, the multi-layer framework of complex
power system combines insights from different disciplines and point of
views, therefore it is a useful tool for all people working with Smart Energy Grids. When using this framework, one can see directly the effect of a
Smart Grid solution on the whole system.
This thesis gives an insight in the differences between Smart Grid solutions from a game-theoretic point of view where we consider dynamic
games. Other researchers, such as [64] used also game theory to compare
their solutions to other solutions. However, the combination of reviewing
all techniques and using game theory for further discussion was not part
of these studies. Furthermore, when it comes to the PowerMatcher, our
approach is different from for example [49], where time is not mentioned
as influencing the pareto optimality.
By studying small dynamic games, we have found three conceptual
problems in non-cooperative solutions such as dynamic pricing and PowerMatcher. The experiments conducted on the PowerMatcher-MC solution
showed that the conceptual problems highly influence the result of this solution. We suggest that the objective PowerMatcher-MC is not best suited
by using PowerMatcher technology in this way. We give two approaches
to solve this problem: either decreasing the effects of the conceptual problems in non-cooperative solutions or choosing another approach from the
extended energy management matrix. This research gives a starting point
for further research into the comparison of different Smart Grid solutions
and how to connect them to real-world objectives.
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