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Preface
Non nobis solum nati sumus We are not born for ourselves
alone
Cicero, De Ociis - On Duties
I:22

It is said that it is the mark of advanced civilisations that some of their
members can devote themselves to pursuits other than those directly related
to the production of food and other goods. I am one of those lucky few, in
that I have been allowed to spend six years researching the topic of storage in
microgrids, which has culminated in the dissertation you are now reading. A
PhD dissertation in itself has of course a procedural value, in that it should
show that the author is ready to eectuate his or her own independent research. However, I think it is important to echo the sentiment contained in
the quote above, so it is important to broaden the scope of reection, and
not only think about what this dissertation signies for its author: society
has funded the research this dissertation is based upon, so it is only natural
to consider the benets of this work to society.

The more cynical amongst us might be quick to quip that the main benet
of funding PhD scholarships for society is that it keeps people like the author
safely away from the more directly productive elements of society, and while
it is true that no academic spin-os or patent applications resulted from this
research, I am nevertheless inclined to disagree, and defend the position that
there most certainly is a benet to society: not only does each phd signify
that one more member of society is now trained in knowledge creation, and
therefore ready to help broaden and deepen the breadth of human understanding, but also in the specic case of this phd, the interested reader will
nd that policy recommendations are included within, aimed at aiding climate change mitigation through increasing the uptake of storage, thereby
allowing for a greater penetration of renewable energy sources. While some
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might claim that it is nebulous how this relates to increasing shareholder
value, it is crystal clear how this is aimed at creating stakeholder value.

Similarly to how I did not write this dissertation just for myself, I was also
not alone during the creation of it: the many colleagues of the department
of engineering management created a productive and enjoyable atmosphere
to work in, fostering positive professional relationships which has helped tremendously in making light work of the work that needed to be done.

This

positive atmosphere is in place largely thanks to the eorts of the faculty
of the department, who strive to keep the working environment open and
collaborative, regardless of who is in the current batch of phd candidates.
To all colleagues, past and present, a heartfelt thank you for the professional
cameraderie.

There are some people who I would like to thank by name, for the singular
impact they have had on me and my work: rst and foremost, my promotors, Herbert, for your constant support, your razor sharp eye where typos
or spurious arguments are concerned and your non-economical background,
which ensured that that's how everyone else is doing it was never reason
enough; and Steven, for your tips and tricks surrounding academic tradecraft, opening my eyes to the policy related side of research and for access to
your network, thank you both. Johan, thank you for your readiness and willingness to help with a myriad of professional quandaries, related to teaching,
research, or administration, for your methodological pointers and for tying to
shield us graduate students as best as possible from academic manoeuvring
by serving as department head.

Trijntje, thank you for listening whenever

something I got worked up, and thank you for your insightful remarks, which
always prompt me to introspection and help me to grow professionally.

I

would of course also like to thank the members of my jury, for your comments and remarks, which have helped in perfecting this dissertation.

Of course, work and the oce are but parts of one's life, the other part being
friends and family. Without my friends, it would have been hard to remain
grounded, as they provided an invaluable look on life outside academia, even
though some colleague became friends while other friends became colleagues.
My nal, and most heartfelt, thanks is reserved for my parents:

not only

for shaping me into the man I am today, but also for their continuous and
unfaltering support as well as their strong focus on ensuring I got a good
education.

Thanks also for supporting my choice when I decided I wanted

to go into academia, even if neither of you could at rst really envisage what
that would mean.

Furthermore, you also always ensured that home truly
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was and is a safe port in any storm, meaning that no matter what happens,
I can always rest and recover there, always enabling me to go on.

Finally, in closing, I hope that through reading this work, you, the reader
can enjoy at least part of the joy and intellectual enrichment I experienced
while working on it.

Kevin Milis
Antwerp
August 2018
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Dutch synopsis
Dit werk heeft als onderwerp de bepaling van de economische waarde van
opslag in residentiële

microgrids.

Een

microgrid

is een onderdeel van een

nutsvoorzieningsnetwerk dat in staat is om ook los van dit netwerk te functioneren, wat wil zeggen dat een microgrid zowel opwekking als verbruik
van elektrische energie bevat, en in staat moet zijn om deze vraag en dit
aanbod op elkaar af te stemmen.

Microgrids

dienen gezien te worden in

het kader van het streven naar een duurzamere energievoorziening: één van
de grootste troeven van een

microgrid

is immers dat het grotere penetra-

tie van hernieuwbare energiebronnen faciliteert, daar een
volgens het paradigma dat de vraag de opwekking volgt.
component van een

microgrid

microgird

werkt

Een belangrijke

ter ondersteuning van dit paradigma is de op-

slagcomponent: deze component laat immers toe om, binnen de grenzen van
de beschikbare capaciteit, vraag en opwekking van elkaar los te koppelen.
In tegenstelling echter tot kleinschalige, lokale opwekking -denk bijvoorbeeld
aan zonnepanelen- komt lokale elektrische opslag niet echt van de grond.

De hierboven beschreven observatie geeft aanleiding tot de volgende onder-

Wat is de huidige economische waarde van opslag voor de eigenaar van een residentieel microgrid, en in het geval dat deze waarde negatief
zou zijn, wat zijn dan beleidsinterventies die hier verandering in kunnen brengen? Deze centrale onderzoeksvraag wordt opgesplitst in drie meer specieke
zoeksvraag:

onderzoeksvragen:

• Wat is de huidige economische waarde van opslag voor een residentiële
microgrid

-eigenaar?

• Wat is een goede manier om

venties te onderzoeken?

microgrids

te modeleren en beleidsinter-

• Welke beleidsinterventies moedigen de instalatie van opslag in een resi-

dentieel microgrid aan?
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Hoofdstuk twee beantwoordt de eerste specieke onderzoeksvraag:

litera-

tuuronderzoek toont immers duidelijk aan dat opslag geen deel uitmaakt
van de economisch optimale systeemconguratie,

tenzij er sprake is van

steunmaatregelen die er speciek op gericht zijn om opslag aan te moedigen. Voorts is het echter wel opvallend dat er slechts een betrekkelijk nauw
gamma aan verschillende beleidsinterventies wordt onderzocht in de literatuur: de nadruk ligt bijna uitsluitend op

feed-in taris en belastingsaftrekken

van investeringen.

Als antwoord op de tweede onderzoeksvraag wordt in hoofdstuk drie en vier
een simulatiemodel voor een

microgrid

opgesteld, en wordt een heuristische

methode voorgesteld om het kostenminimalisatieprobleem op te lossen. Deze
ontwikkelde methodologie laat dan toe om verschillende beleidsinterventies
te onderzoeken, wat meteen ook toelaat om de derde vraag te beantwoorden. Uit dit onderzoek komt naar voor dat een capaciteitstarief, waarbij de
elektriciteitsfactuur van de gebruiker niet enkel afhangt van de totale hoeveelheid gebruikte energie over de facturatieperiode, maar ook van de individuele
vraagpieken tijdens de facturatiepieken een zeer beloftevolle piste is. Het uitgevoerde onderzoek toont immers niet enkel aan dat zo'n capaciteitstarief de
installatie van batterijopslag zou bevorderen bij huishoudens met zonnepanelen, maar bovendien ook zou toelaten om investeringen in het uitbreiden
van de capaciteit van het distributienet uit te stellen.
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Chapter 1
Introduction
1.1 Towards microgrids
Electricity is omnipresent in today's society: without it, the industrial sector
and services sector would come to halt. Electricity use is also making inroads
into the transportation sector: e-bikes and electrical cars are newer entries to
the electried transportation options, alongside the electrical train and tram.
Furthermore, electricity is also increasingly gaining further importance when
it comes to leisure activities: electricity powers our tv's, our computers and
our smartphones.

While it is neigh impossible to overstate the importance of electricity in
today's society, generation of electricity using conventional means has come
under increasing scrutiny over the years. With regards to fossil fuels, there
are concerns surrounding the depletion of the nite supply of those fuels[1],
and while this peak oil issue has been contentious [2], probable oil reserves
keep increasing.

A more stringent issue facing electricity generation from

fossil fuels, is global climate change, which if unabated, is pro ject to cause
drastic changes in the landscape due to rising sea levels as well as serious
economic damages [4]. According to data released by the IPCC, the electricity supply sector was responsible for 35% of all anthropogenic greenhouse
gas emissions in 2010 [5].

Similarly, electricity generation using nuclear s-

sion is not without drawbacks:

there is the problem of the long term safe

storage of the generated nuclear waste on the one hand, and the devastating consequences of a nuclear accident in terms of loss of life, economic
damages and environmental impacts as evidenced by the nuclear accidents
in Chernobyl and Fukushima on the other hand.

Furthermore, there are

also the high costs associated with decommissioning a nuclear power plant
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at the end of its life cycle [6].

A nal member of the group of traditional

power generation techniques is hydro-electrical power generation, and while
its use isn't as heavily contested as the other generation techniques, it has
the problem of being limited in possible deployments due to the fact that it
needs rather specic circumstances, namely the availability of a water reservoir and a sucient dierence in height, for it to be viable. Nevertheless, it is
not an insignicant power source, as Eurostat reports that hydropower was
responsible for 14% of total primary energy production in the EU in 2015 [7].

One promising avenue of technological advancement where electrical power
generation is concerned, is the advent of renewable energy generation sources,
such as solar photovoltaics, wind energy, concentrated solar power and wave
energy to name a few. These generation sources promise near boundless energy, at low marginal cost and with negligible environmental impact, albeit
at a rather high upfront investment cost.

One thing these aforementioned

renewable energy sources have in common, is their intermittent nature: their
power output is a function of elements outside of human control, such as
wind speeds and solar irradience.

This intermittent character of renewable energy sources contrasts with the
more controllable character of conventional generation options.

The fact

that controllable power sources have dominated the electricity generation
mix throughout the history of power grids, results in that the prevailing operating principle has been that power generation follows the load. This means
that power consumers are free to decide upon the timing and height of their
consumption, and that power generation will ramp up or down in response to
shifts in power consumption, ensuring that the grid remains balanced. Faced
with the increasing penetration of intermittent, renewable generation, this
paradigm has however come under pressure, since these intermittent power
sources are incapable of this load-following behaviour [8].

Furthermore, in-

tegrating sucient storage into the electrical network to provide a big enough
storage buer, which would allow for the eective decoupling of power generation and consumption, quickly becomes extremely cost prohibitive [9].

The most eective and ecient way to integrate these intermittent energy
sources into the electrical grid would be to ensure that load follows generation, meaning that electrical demand increases when there is a lot of electrical power available, and decreases when there is less generation from intermittent sources.

Examples that come to mind are for instance running

dishwasher during the early afternoon, when generation from solar PV generally peaks, or shutting down heating or cooling appliances when generation
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is low.

While this load-follows-generation approach is conceptually simple,

the implementation is less straight forward, as it means going away from a
centrally controlled grid towards one with a vast multitude of independent
decision makers.

In order to allow each of these actors to tailor their load

to the current state of generation on the grid, it is clear that bi-directional
information ows between generation and consumption will be needed [10].

The today oft-mentioned smart grids are these power networks with bidirectional information and power ows, allowing for integration of renewable energy sources, energy storage and electrical vehicles. A microgrid is a
subclass of a smart grid: just like a smart grid, it is a grouping of loads and
power sources, but what sets a microgrid apart for a smart grid is that it is
geographically concentrated  located downstream from a substation  and
able to operate independently, in islanded mode. This means that it has to
be able to balance its load and generation using only its internal resources. [1]

While a more in depth exploration of the denition of what a microgrid is
oered in chapter two, it is important to point out two pertinent facts concerning microgrids. Firstly, while microgrids are usually understood to serve
both heat and electrical load, and therefore generating both heat and electricity [12], the main focus throughout this dissertation will be on the electrical
side of a microgrid.

The reason behind this focus on the electrical side is

that it is there that the novelty of the microgrid concept is located, as local
generation of heat sucient to meet local demand is the norm already, with
district heating systems being the exception.

Secondly, it bears repeating

that a microgrid needs to be able to operate in an islanded mode, as this is
an integral part of the denition of a microgrid.

Again, this means that a

microgrid has to be able to fulll the balancing function by itself, which is
normally carried out by the transmission system operator.

It is with regards to maintaining this balance between generation and consumption that electrical storage is valuable for a microgrid. Without storage,
the options to maintain this balance are limited, and will also incur extra
costs. In case of too high a load, the rst option would be to shed some of
this load in order to bring the microgrid back to a balanced state.
course incurs an opportunity cost, due to the load curtailment.

This of

A second

option would be to use the locally available generators, but this would then
of course result in fuel costs.

Likewise, if there is excess generation in the

microgrid, the options are to either lower production, by turning o some of
the intermittent generation, or increase the load on the network through the
use of a load bank. It is clear, however, that in both these cases electricity
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is being wasted.

Contrast this with a microgrid with electrical storage:

as

long as there is sucient capacity available, storage will allow to eectively
decouple generation from load, by allowing excess electricity generated by intermittent sources to be stored, so that it can be used at a later time, when
load outstrips generation.

Microgrids have several applications: the rst one that springs to mind being the electrication of o-grid communities & locales, either in developing
countries, or in remote and isolated locations. However, microgrids also have
on-grid uses, both for companies or individuals that have very strict power
quality requirements, or who want to be self-sucient in case of a grid-wide
power blackout.

As the above has made apparent, smart grids and by extension microgrids
oer many benets to society as a whole, mainly by oering support for
increasing penetration of renewable energy sources, thereby helping the decarbonisation of electricity generation and contributing to climate change
mitigation. However, electrical storage, one of the main components of microgrids does not really seem to gain traction amongst residential consumers,
especially when compared to solar PV.

1.2 Research question and contribution
It is this observation of low penetration of electrical storage in residential
microgrids that drives the central research question addressed within this
dissertation:

What is the economic value of storage for a residential microgrid owner currently, and in case it proves to be negative, what are policy levers that can be
used to address this? This central research question is split into a number of
more specic research questions:

• What is the current economic value of storage for a residential mi-

crogrid owner?

• What is a robust and insightful method to model microgrids, which al-

lows for the investigation of dierent policy interventions?

• Which policy levers favour the installation of storage in residential mi-

crogrids?
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What is the economic value of storage for a residential
microgrid owner currently,
and in case it proves to be negative,
what are policy levers that can be used to address this?
Chapter 6

What is the current economic value of storage
for a residential microgrid owner?
Chapter 2

What is a robust and insightful method to
model microgrids, which allows for
the investigation of different policy interventions?
Chapter 2, Chapter 3, Chapter 4

Which policy levers favour the installation of
storage in residential microgrids?
Chapter 4, Chapter 5

Figure 1.1: Schematic overview of the structure of this dissertation

As a following section further details the structure of this dissertation, it
suces for now to point out that each of the four following chapters of this
dissertation address one or more of these specic research questions, allowing the sixth chapter of this dissertation to conclusively answer the main
research question.

A schematic overview of which chapters address which

research question is provided by gure 1.1.

The rst main contribution made by the research within, concerns fellow researchers in the domain of microgrid economics, as the work within provides
an overview of the current state of the art of the eld, laying bare knowledge
gaps. Furthermore, this dissertation also presents a novel methodology used
to simulate microgrids, and demonstrates its eectiveness.

Additionally, this work also presents a contribution to society as a whole and
policy makers in particular: clear and actionable policy recommendations are
provided, outlining which measures can be taken to stimulate the adoption
of storage by microgrid owners.
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1.3 Methods
In order to arrive at the contributions outlined above, a simulation model
for solving the economic dispatch problem for a microgrid is developed. This
simulation model is then used to investigate the impact of dierent policy
choices as well as installed technologies on the economics of a microgrid, allowing for policy recommendations to be proposed.

In order to arrive at these policy recommendations, the day ahead economic
dispatch problem for the simulated system conguration is solved. This dayahead dispatch problem is a widely studied problem for many energy related
applications, as it is a recurring theme for the scheduling of the charging or
discharging of electric vehicles [10], for the scheduling of wind farms [11]. At
its core, the day ahead economic dispatch problem concerns itself with determining the economically optimal way in which the available units need to
be dispatched over the coming twenty-four-hour period. Specically applied
to the microgrids studied within this dissertation, this means determining
how much electricity to procure from each source in order to meet the expected load over the coming twenty-four-hour period.

Dierent ways of solving this economic dispatch problem are presented within:
chapter three investigates the use of dierent strategies, dened by decision
trees, in order to solve the dispatch problem. Each of these trees is a owchart which is used to determine, in that case, the charge or discharge behaviour of the battery.

Chapter four however solves the economic dispatch

problem using optimisation techniques, as this chapter presents two dierent multi-start heuristics [12],[13] which are then used to solve the economic
dispatch problem.

1.4 Structure
Not only do the following four chapters deal with the central theme of the
economics of storage in microgrids, they also present a coherent narrative in
the order that they are presented, as they track and document the creation
and renement of the model mentioned earlier.

As outlined in gure 1.1, chapter two addresses the rst specic research

what is the current economic value of storage for a residential microgrid owner?. This is done by means of a literature review, looking at the

question,

current state of the art where research into the impacts of policy interven-
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tions microgrid economics is concerned. While this review shows that there
is a broad consensus when it comes to methodology, with various means
of mathematical optimisation being the go-to method in order to solve the
economic dispatch problem, it also shows that policy interventions linked to
taris are nearly uninvestigated. Broadening the scope by looking at policy
impacts on microgrids in general shows that capacity taris are a promising
policy lever, making this an excellent starting point for further research.

The third chapter starts the modelling work in earnest, as it explores the
intricacies of the modelling problem. It then presents a rst formulation of
the simulation model which will be further rened in the other essays. Three
strategies are then presented to solve the day-ahead economic dispatch problem under uncertainty. The results show that the reliability of the main grid
that the microgrid is connected to, is an important driver for microgrid economics. Furthermore, the results demonstrate that intelligent control of the
battery only pays dividends if either the reliability of the grid is low, or if it is
possible to take advantage of arbitrage opportunities oered by spot pricing.

The simulation model is further developed in the fourth chapter: the model
used in the rst essay is revisited and enhanced.

The mathematical struc-

ture underpinning the model is rigorously presented, and a heuristic solving
algorithm is developed. Furthermore, a way to reduce the dimensionality of
the problem by using non-standard bases is presented, and this approach is
shown to be eective and ecient, as it maintains the overall quality of the
obtained solutions while requiring a shorter timespan to nd these solutions.
The presented results also demonstrate the possibility for capacity taris to
be benecial for both the utility as well as the microgrid owner: a capacity
tari will drive down the demand peaks that the utility faces, while at the
same time also reducing the amount of charge-discharge cycles the battery
of the microgrid undergoes, thereby prolonging battery life.

Building on the methodological framework presented in the fourth chapter,
the fth chapter delves deeper into energy and capacity taris as a policy
lever. By investigating a broader scope of possible system congurations under more diverse pricing regimes, the results clearly show that a combination
of capacity taris and/or dierent energy pricing schemes can be used in
order to promote the adoption of dierent system congurations.
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Chapter 2
The impact of policy on microgrid
economics: a review1
Abstract
This paper investigates the impact of government policy on the optimal
design of microgrid systems from an economic cost minimization perspective,
and provides both an overview of the current state of the art of the eld, as
well as highlighting possible avenues of future research.

Integer program-

ming, to select microgrid components and to economically dispatch these
components, is the optimisation method of choice in the literature.
this methodology, a broad range of policy topics is investigated:

Using

impact of

carbon taxation, economic incentives and mandatory emissions reduction or
mandatory minimum percentage participation of renewables in local generation.

However, the impact of alternative tari systems, such as capacity

taris are still unexplored.

Additionally, the investigated possible benets

of microgrids are conned to emissions reduction and a possible decrease in
total energy procurement costs. Possible benets such as increased security
of supply, increased power quality or energy independence are not investigated yet.

Under the expected policy measures the optimal design of a

microgrid will be based on a CHP-unit to provide both heat and electricity,
owning to the lower capital costs associated with CHP-units when compared
to those associated with renewable technologies.

This means that current

economic analyses indicate that the adoption of renewable energy sources
within microgrids is not economically rational.

chapter has been published as Milis K., Peremans H., Van Passel S. The impact
of policy on microgrid economics: A review, Renewable and Sustainable Energy Reviews
1 This

2018;81.2;3111-3119.
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2.1 Introduction
Various factors are driving the adoption of smart grids [1].

One of these is

certainly the desire to move to a low-carbon energy future [2]. Previous work
has however reported on the uncertainty surrounding both the economics
of distributed energy generation [3] and the environmental impact of smart
grids [4]. Additionally, it is expected that policy measures will be needed to
pave the way for the transformation of the current grid into a smart grid and
for the adoption of renewable energy systems [5].

One promising approach with regards to the decarbonisation of the energy
system is the adoption of microgrids as basic building blocks for the construction of a smart grid. Microgrids encompass both heat and electric load
[6] and are tailored towards the integration of distributed generation [7], including renewables. Microgrids also oer the possibility of increasing power
quality and reliability [8].

Before presenting an overview of the various microgrid congurations reported in the literature, it is useful to rst dene what a microgrid actually is.
Lasseter et al. present a microgrid in [6] as a grouping of loads and thermal
as well as electrical power sources. Additionally, the microgrid must have a
sucient amount of exibility to operate as an aggregated system, meaning
it acts as a single controllable load with regards to the distribution system.
Lidula and Rajapaska base their denition of a microgrid more strictly on
the physical components when they dene a microgrid in [7] as a variety
of distributed generators, distributed storages and a variety of customers
loads. They additionally stipulate that it is a portion of an electric power
system located downstream of the distribution substation.

Lo Prete et al.

expand on these denitions, as they state that a microgrid should not only
be able to operate as part of a larger grid, but also autonomously in islanded
mode [9].

This is a slight variation of the denition as given by IEEE [10],

their denition encompasses the ability to operate in islanded mode, the
clustering of generation and demand that operates as a single controllable
entity, but also stipulates that this entity needs to have clearly dened electrical boundaries.

In [11], Siddiqui et al. explicitly build on the denition

provided by Lasseter et al. in [6] by stipulating that microgrids will be able
to tailor power quality and reliability to the requirements of the served loads.

While the above discussion shows that both the inclusion of heat supply and
demand as well as the ability to operate in islanded mode are not always
explicitly included in the denition of a microgrid, this paper will utilize the
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broadest denition of a microgrid, meaning a system consisting of generation and consumption of heat and power, that is able to operate as a part
of a larger system or in islanded mode and which can include distributed
generation, while providing sucient power quality and reliability to the included loads. It is important to note that none of the above denitions, apart
from the one of Lidula and Ra japaska [7], explicitly mention storage as being part of a microgrid. However, storage is implicitly included by specifying
that a microgrid should be able to operate in islanded mode: depending on
which heat and power generation methods that are chosen, the economically
optimal microgrid conguration will include storage components for heat,
electrical power, or both.

While it may seem at rst that microgrids are only attractive for electrifying
o-grid communities, such as reported in [12], where microgrid designs are
investigated for remote communities, there is most certainly a place for grid
connected microgrids as well. Prehoda et al. [13] consider PV-powered migrogrids as a vital tool to safeguard security of supply from natural disasters
as well as electronical and physical attacks. Furthermore, Coelho et al. [14],
investigate microgrids as an important building block in the interconnected
smart cities of the future.

Where the economics of the installation and operation of macrogrid-connected
microgrids are concerned, there are two important actors: the owner or operator of the microgrid on the one hand, and the utility to which the microgrid
is connected on the other hand.

It is important to note that these two

actors have dierent goals: the owners of a microgrid will strive for economically optimal operation, meaning the minimisation of operating, energy and
capital costs over the lifetime of the microgrid, whereas the utility on the
other hand is more concerned about voltage stability and overall reliability
of the macrogrid.

These diering goals also directly translate into dierent

research approaches:

papers focussed on the microgrid owner or operator

[11, 15, 26, 27, 28, 29, 20] are primarily concerned with the costs associated
with operating the microgrid, with policy interventions, such as taxes, being treated as another cost. The papers focussing on the utility as an actor
however [9, 21] investigate methods to incentivise microgrid behaviour that
is favourable for the stability and power quality in the macrogrid, meaning
that the focus is not on whether a microgrid is economically feasible or not,
but on the eectiveness of the policy measure under review in steering the
microgrid behaviour towards the desired outcome.

It should be noted that this review is exclusively focussed on microgrid eco-
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nomics and as such does not touch upon the technical aspects of microgrids.
These topics have been exhaustively covered in previous research:

see the

discussion presented by Mariam et al. in [22] for an overview of the dierent
types of microgrid architectures that have been deployed in test beds or the
classication based upon functional layer presented by Martin-Martines [23]
for more in depth technical reviews related to the subject of microgrids.

To realise the reported benets oered by microgrids [6, 8] it seems that the
uncertain economic outcomes of smart energy systems in particular when
faced with competition from the macrogrid with its advantageous returns
to scale [3, 4], will have to be overcome by policy intervention in order to
enable microgrids to be an economically viable alternative to the macrogrid.
Hence, the contribution of this paper is to review the investigations of impact of government policy on the optimal design of microgrid systems from a
cost minimization perspective. Specically, the objectives of this review are
threefold: rstly, we provide an overview of the current state of the art of the
eld with regards to used methodology.

Secondly, this review will explore

if there is a research gap in the domain of the economics of microgrids and
thereby provide valuable avenues for further research. Finally, we investigate
if there is a growing scientic consensus where expected technical make-up
of microgrids under common policy interventions are concerned.

After giving an overview of adopted methodology in the literature, this paper elaborates on the policy measures investigated in the literature. A fourth
section reviews reported results in literature. A section discussing these results and providing possible avenues of further research concludes this paper.

2.2 Methodology
Based on the denitions provided above, only papers discussing microgrids
that take into account both electrical and heat demand are considered in this
review. This, in combination with the constraint that all considered papers
must include the economic analysis of at least one policy intervention, led to
the inclusion of 8 papers published through the Web of Science.

The methodology of all reviewed papers is similar:

all use mathematical

optimization based on mixed integer programming a combined with simulations, to simulate the impact of policies and technology options under review
on the economics of operating a microgrid, or to analyse the impacts of policy
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Reference

Ob jectives to be minimised

Decision variables

Simulation horizon

Operational models

[15]

P
P Cth,f + Cchp,f + Cboil,f + Cgrid + Cstor + Cshed
Een +P
Egrid
P
(1 − β) ( Cen + Cop + Ctax ) + β ( Een + Egrid )

[9]

System approach -see discussion

[28]

hourly set-points

24 hours

hourly set-points

24 hours
Hourly, extrapolation to yearly cost
based on 6248 hours, divided into 6 blocks

Investment models
[27]

P

Cen + Cop + Ctax + Invtech

P

Cen + Cop + Ctax + Invtech

P

Cen + Cop + Ctax + Invtech

Installation and capacity of

1 year

technologies, hourly set-points
[11]

Installation of technologies,

1 year

hourly set-points
[29]

Installation and capacity of

1 year

technologies, hourly set-points
[20]

P

Cen + Cop + Ctax + Invtech

Installation of technologies,

20 year lifetime of project

hourly set-points
[26]

P

Cen + Cop + Ctax + Invtech

Installation of technologies,

1year of simulated set-points,

hourly set-points

extrapolates to 20 years

Table 2.1: Optimisation ob jectives and decision variables

measures on the interactions between microgrids and the macrogrid. Mixed
integer programming denotes a set of computational optimization problems
where some of the variables are can only asume discrete values, meaning
that they are integers, while other variables are continous [24].

Examples

of integer variables are for example the on or o state of a generator in a
case with start-up costs, or the amount of solar panels installed. Continous
decision variables on the other hand are the amount of power bought from
the grid, or the amount of power charged to storage. There is, however, some
dierence when it comes to the valuation of externalities, environmental or
macrogrid related, in these models: the most common approach focusses on
the environmental externalities, in which case the approach of choice is internalisation via the use of carbon taxation [11, 26, 27, 29, 21]. The advantage
of this approach is that it provides an explicit valuation of carbon emissions,
and allows for the analysis of the impact of varying the price per emitted ton.
However, this approach also means that all other externalities are implicitly
said to be of no consequence. Schreiber et al. [21] adopt a variation on this
approach: they investigate the impact of a more exible tari system on the
use of demand response and household costs. No externalities are considered,
but the base case, consisting of a non-exible tari system is compared with
the exible tari system.

Other authors use multi-criteria methods [28], or

evaluate the simulation outcomes using varied indicators to incorporate externalities [9, 15].

15

2.2.1 Objective functions and decision variables
Table 2.1 provides a structured overview of the optimisation ob jective function, the decision variables and the simulation horizon used in each of the
reviewed papers.

As is readily apparent from the table, for reasons of clar-

ity and ease of comparison, a succinct and high-level summary is provided.
The technical details are of course discussed in more detail in the individual
papers, but for the purposes of this review, the modelling discussion will be
restricted to the similarities and dierences in the reported approaches. Table
2.1 clearly shows that the approach of the papers concerned with investment
decisions in microgrid design are homogenous:

all of them take the energy

costs, which is to be understood as the net cost or benet arising from energy
transactions with the macrogrid, the operational cost, including maintenance
and fuel costs where applicable, of selected technologies, emissions taxation
and annualised capital costs into account.

The decision variables in these

papers are also similar: from an investment standpoint, the installation and
sizing of each considered technology is considered, except for in the work of
Siddiqui et al. [11] where applicable technologies are of xed size, meaning
only whether or not they are included is decided upon.

Both the papers

focusing on investment decisions and those investigating purely operational
decisions use the hourly setpoints of applicable installed technologies as well
as hourly interactions with the macrogrid as decision variables. The reviewed
papers do dier from one another regarding technologies they consider for
adoption in a microgrid, as will be discussed in section 2.3, technology and
policy.

Lastly, the similarities between the investment oriented papers also

extends to the choice of simulation horizon, four of the references evaluate
the obtained results over the course of one year. Zachar et al. [26] additionally extrapolate the obtained simulation results to the expected lifetime of a
microgrid of 20 years, while Yu et al. [20] look at the entire 20 year expected
life time of the considered microgrid.

The reviewed papers focusing on only the operational decisions involved in
the economic operation of a microgrid are, while more varied, still in overall
consensus where methodological approach is concerned.

Both [15] and [28]

take the short run operational and emission costs into account.

They do

however slightly dier in the exact denition of those short run operational
costs: Aghaei & Alizadeh [28] take only fuel costs into account, while Rocha
et al. [15] additionally also include maintenance cost.

Furthermore, from

among all of the models reviewed, only the model of Aghaei & Alizadeh [28]
allows for the possibility of load curtailment.

It should also be noted that

an inclusion of an explicit carbon price would bring the models of these two
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Demand

Base Case

Simulated location

Year of analysis
(publication)

Heat

Electricity

Electricity tari

FIT (feed-in tari )

0.0523e/kW h
0.0803e/kW h

0.1426e/kW h
0.1500e/kW h

0.1758e/kW he
0.0800e/kW h

Spain, Europe

(2015)

Austria, Europe

(2015)

Not specied

Not specied

Not applicable

Generic

(2013)

Not specied

Not specied

Not specied

Greece, Europe

(2014)

[11]

0.77M W h
0.5M W h
1.6M W h(e) 10.0M W h(e)
18.5M W h(e) 12.0M W h(e)
Not specied
4755.0M W h

Not specied

California, USA

1999 (2004)

51.0M W h

32.0M W h

0.0540e/kW h

0.0528$/kW h(o-peak)
0.1005$/kW h (on-peak)
0.1100e/kW h

Not applicable

[29]

0.08785e/kwh (CHP)
0.55e/kwh(PV)

Greece, Europe

(2013)

[20]

70M W (e, p)
1788.5M W h

48M W (e, p)
3650.0M W h

Not specied

Not specied

Not specied

Taiwan, Asia

(2016)

Not specied

Not specied

none

Ontario, Canada

(2015)

[15](a)
[15](b)
[28]
[27]

[26]

1.6M W h

Heat tari

Not specied

Table 2.2:

Simulation set-up.

(e)

indicates that that value was estimated

based upon gures in the corresponding reference.

(p)

denotes peak load.

papers closer to the approach utilized in the investment analysis models. Finally, the approach used by Lo Prete et al. [9] explicitly focuses on a system
approach, as the total cost of an entire distribution system, including microgrids, is minimised. Cost allocation to individual actors or components is
not discussed and marginal cost functions for the microgrids are considered
to be xed, meaning it is impossible to interpret the reported results in terms
of optimality of individual microgrids.

As can be seen from the listing of the optimization objectives in table 1,
only energy procurement costs and environmental impacts -through carbon
taxation- are valuated in most of the reviewed papers, even though power
quality, power systems reliability and energy independence are also listed as
possible benets oered by microgrids [8]. Only Lo Prete et al. touch upon
this, by calculating two reliability indicators [9], the loss of load probability
(in outage hours per 10 years) and estimated loss of electricity (in MWh per
year). However, as noted before, this analysis is only carried out on the level
of the distribution grid, meaning these reliability indicators are not valued
at the level of an individual microgrid.

2.2.2 Simulation set-up
Table 2.2 provides an overview of the specic simulation set-ups that were
used in the reviewed papers.
on real world locations:

Apart from one reference [28], all are based

1 in Canada, 1 in California, 3 in the South of

Europe (Greece and Spain) one in central Europe (Austria) and one in Asia
(Taiwan). The sizes of the considered microgrids vary considerably: some of
the studies look at a single building, such as both sites considered by Rocha
et al. [15] and the hotel considered by Anastasiadis et al. [27].

Mehleri et

al. [29] investigate a cluster of 5 interconnected buildings, Siddiqui et al. [11]
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Wind

Photovoltaic

Conventional thermal

turbine

[11]

CHP

Gas boiler

Electric

Heat

boiler

storage

unit

Electric storage

Cost

R.p.

Cost

R.p.

Cost

R.p.

Cost

R.p.

Cost

R.p

8650$/kW
7450$/kW
6675$/kW
6675$/kW

5

1730$/kW
970$/kW
833$/kw
1185$/kW
936$/kw

25

1333$/kW e

30

215

3960$/kW

200

55

(12.5)

1185$/kW
936$/kW

500

(12.5)

20
50
100

(20)

100

(12.5)

215
500

(12.5)
[26]

3400$/kW

5000$/kW

3600$/kW e

60$/kW

60$/kW

132$/kW h

(20)

(20)

(20)

(16)

(16)

(5)

[27]

No specic data reported; used Bailey et al. [25] as reference

4305e/kW p

[29]

1583e/kW e
911e/kW e
835e/kW e
653e/kW e
650e/kW e

1

760e/kW

25e/kW

5

(20)

(10)

10
15
25

(20)
[20]

Uses data presented in [26]

Table 2.3: Technology capital cost (with assumed lifetime in years).

R.p.

stands for Rated power, in kW.

Wind

Photovoltaic

turbine
[11]

Conventional thermal

CHP

Gas boiler

unit

14.300$/kW
14.300$/kW
12.000$/kW
11.000$/kW

26.500$/kW
+0.003g/kW h

[15]

Electric

Heat

boiler

storage

5.000$/kW
+0.015$/kwh
7.500$/kwh
+0.015$/kwh

Electric storage
storage

0.015$/kW h

No data reported

[15]

No data reported

+10$/startup
[27]

No data reported

[28]
[29]

No data reported

12.3033e/kW p
+0.015e/kW h

[20]

0.027e/kW h

0.027e/kW h

0.001e/kW h

Uses data presented in [26]

Table 2.4: Technology yearly maintenance and operational costs.

look at a total of 69 interconnected sites, Yu et al. [20] consider an entire
industrial zone and lastly Zachar et al. [26] consider the energy needs of an
entire town. This spread in sizes means that many possible sizes have been
considered, but it does also mean that the results can't be all that readily
compared to each other. Another factor that impedes easy comparison is the
large spread on energy taris across the reviewed papers.

Year of publica-

tion, and when mentioned, the year considered for the simulation is reported
for each paper as well, as the examined timeframe might impact both the
energy and technology prices.

When no specic year for the simulation is

mentioned in the reference, the year of publication is used.

Table 2 shows

that all but one of the reviewed papers fall within a four-year period, from
2013 to 2016, the exception being [11], with a simulation set in 1999.

Capital and operating costs are listed in tables 2.3 and 2.4 respectively. Reference [11] in particular goes into much technical detail with regards to gen-
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Macrogrid connected

No additional policy

Carbon

Minimum

Economic

Emissions

Minimum

intervention

taxation

autonomy

incentives

cap

renewables

[9],[11]

[26],[20]

[15],[26]

[26]

[26]

[9],[15],[26],[27],[20]

[15],[26]

Time of use pricing

[11],[28]

[27],[29]

[27],[28]
[29],[20]
Islanded operation

([26])

Wind turbine

[26],[20]

[26]

[26],[20]

[26]

[26]

[26]

Photovoltaic

[9],[26],[27],[20]

[9],[11]

[26],[20]

[15],[26]

[26]

[26]

[11],[28]

[15]

[26]

[11],[28]

[26]

[28]

[26]

([11]),[28]

[26],[27]

[27],[29]

[29]
Conventional thermal unit

[20]

[11]

[20]

CHP

[9],[26],[27],[20]

[9],[11]

[13],[26]

[26],[27]

[15],[26]

[29]

[27],[29]
Gas boiler

[15],[26]

[15],[26]

[26]

[26],[28]

[26]

[26]

[26][26]

[26]

[29]
Electric boiler

[26]

[26]

Solar thermal

[15]

Storage (heat)

[20]

[29]

Storage (electric)

[26],[20]

[11],[26]

[26],[20]

[26],[27]

[26]

[27],[28]
Demand response

[9]

[15]

Table 2.5: Technology and policy matrix.

erating technologies, as discrete units are considered, each with their own
fuel eciencies and specic operational characteristics, which accounts for
the numerous entries in the tables.

The other reviewed papers choose to

linearise the available generating technologies, meaning that generation and
storage capacity, if applicable, can be had in a continuous spectrum.

One

exception to this rule is the CHP in [26], where one xed sized is considered.
Higher installed CHP capacity is then achieved by installing multiples of this
unit.

There is a rather large discrepancy between the costs for gas boilers

between [26] on the one hand and [15, 29] on the other hand. It should however also be noted that the heat demand considered in [26] is several orders
of magnitude greater than that in [15, 29], as shown in table 2.2. Where installation and capital cost data is concerned, [27] directly refers to the work
of Bailey et al. in [25].

However, in [25], various sizes and makes of each

technology option are discussed, while it is not clear which model is selected
in [27], meaning the installation costs in [27] remain unclear.

In a similar

vein, Yu et al. [20] reference Ren and Gao [26] for the specics on the selected
equipment used in their model.

2.3 Technology and Policy
Table 2.5 provides an overview of the dierent simulation set-ups available in
the literature: the columns list applicable policy interventions, while the rows
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show which technologies were considered in the respective papers. While the
reviewed papers usually simulated combinations of various technologies, it is
important to note that possible policy interventions were mostly simulated
separately, meaning that interaction eects are never explicitly investigated.
In some cases, however, multiple policy interventions are present at the same
time, both [27] and [29] investigate the impact of carbon taxation, but against
the very specic backdrop of a setting that highly favours PV through FIT.
Additionally, the analysis conducted in [11] includes a time-of-use tari, but
the impact of this tari is never explicitly investigated. Aghaei & Alizadeh.
in [28] approach the research problem from a dierent direction: in their simulation, there is both a carbon tax and real-time pricing, and three possible
technology congurations are investigated against this backdrop.

2.3.1 Technologies
The working principles of the technologies listed in table 2.5 is outside the
scope of this review.

However, two important observations can be readily

made from this table: rstly, most research attention is directed towards the
electrical side of a microgrid:

only one publication looks at solar thermal

panels and one publication at heat storage.

This does not mean that heat

demand is neglected: as evidenced by the inclusion of CHP in the majority
of reviewed papers, the total energy consumption of the microgrid is investigated. This focus on the electrical side of the microgrid does mean that there
are no analyses on the trade-o between electrical and thermal storage, in all
but one paper only electrical storage is considered, while heat demand must
always be instantaneously met. Secondly, while the ability to operate in islanded mode is one of the frequently mentioned advantages of a microgrid,
it is not one that has been sub jected to any economic scrutiny.

2.3.2 Policy measures
While the selected technologies are self-explanatory, this is less the case where
the researched policies are concerned.

This section will therefore provide a

discussion of how the various policies have been implemented in the simulations being reviewed.

No additional policy measures
This is the business as usual alternative, and always used as a base case
scenario, allowing for the impact of other policy interventions to be estimated.
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Carbon taxation
As can be seen from table 5, this is the most researched policy intervention.
As mentioned in section 2, methodology, the goal of this policy is to arrive at
carbon abatement through the internalisation of the societal costs associated
with the emissions of

CO2 .

It is important to note that both self-generated

electricity, where applicable, and electricity bought from the grid are subject
to the emissions taxation, for grid-bought electricity, this is added as an extra
charge on the electricity bill.
carbon price of $30 per ton

e20

in increments of

e0.5

Zachar et al. [26] investigate the impact of a

CO2 ,

while in [27] a price ranging from

per ton

CO2

was considered.

e15

to

Siddiqui et al. in

[11] investigate a wider price range: their simulations study a carbon price
ranging from $0 to $1000 per ton in increments of $100 per ton. The scopes
of [15],[29] are more limited when it comes to carbon taxation:

[29] prices

e17 per ton and [15] investigates the impact of a carbon tax
of e20 per ton of CO2 . This shows that the consensus expected price for
carbon emissions is somewhere around e20 per ton, which is in line with the
Committee for Climate Change's predictions, forecasting a price of e20 per

emitted

CO2

at

ton by 2050 [27]. In [20], carbon taxation is investigated in a range centered
on $0.06, unfortunately, it is not mentioned per which amount of weight this
$0.06 will be levied, making it dicult to include the reported results in the
comparison presented below in a meaningful way.

Economic incentives
This is in itself a broader array of policy measures, as tax-related incentives,
subsidies or benecial feed-in taris for green electricity are all possibilities. Furthermore, these policies can also be targeted to a specic technology.
Rocha et al. investigate the impact of a feed-in tari of

e0.1812/kWhe

for CHP and PV respectively [15].

e0.1758/kWhe

and

In [26], tax incentives

amounting to 30% and 50% of the total installed cost of PV and wind energy are investigated.

No specic implementation of these tax incentives

is discussed, but for the purpose of the simulation, it suces that the effect, regardless of implementation, is to reduce the overall cost of installing
renewable energy sources by the stated amount.

Time of use pricing
The impact of time of use pricing is investigated in [15],[28]: Aghaei & Alizadeh [28] opt for a real-time pricing scheme, with the price uctuating on an
hourly basis between $1.7/kWh and $4.2/kWh, according to a predetermined
scheme.

Rocha et al. [15] study the eects of a time of use tari structure
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using time blocks:

electricity is priced at

14:00 as well as between 17:00 and 20:00,
17:00, and

e0.1405/kWh

otherwise.

e0.1601/kWh between 7:00
e0.1513/kWh between 14:00

and
and

The impact of other tari systems on

microgrid economics and optimal design is not investigated.

Command and control policies
As table 2.5 shows, only one paper researches the impact of various nonmarket based policies. As the three investigated polices are all quite similar in
implementation, they will be jointly discussed. Zachar et al. [26] investigate
a level of minimum autonomy, to be understood as a minimum percentage
of energy produced by local sources, a limit on the annual

CO2

emissions,

implemented as a percentage-wise reduction from a base case, and lastly a
minimum percentage of power generated from local renewable sources. Each
time, the policies are simulated in 5% increments between 0% and 100% of the
mandated policy. In order to facilitate a good understanding of the reviewed
results, it is important to note that Zachar et al. [26] have set up their work
in such a way that this minimum autonomy is the base case to which the
other policy interventions are compared, meaning that the optimal microgrid
design, given a certain policy intervention and a pre-determined autonomy
level is investigated. Yu et al. [20] only look at a minimum autonomy level
using ve distinct scenarios. Each scenario denes the minimum percentage
of heat and power load that the microgrid is obliged to serve, starting from
10% and progressing to 50% in 10% increments [20].

2.4 Reported results
This section will summarise the research results of the reviewed papers. After
a discussion of the simulation results without policy interventions, the remainder of the reported results are grouped by policy intervention, allowing
for the expected outcomes of each policy intervention to be discussed.

2.4.1 Business as usual
Zachar et al. start their results with the results of an optimisation run with
no constraints on installed technology, or required autonomy levels [26]. The
results show that no microgrid technology is installed: all required power is
bought from the macrogrid, and natural gas combustion in boilers is used
to full heat demand. They also investigate a minimum autonomy requirement, which is used as a base-case microgrid conguration which serves as a
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comparison for the microgrid congurations obtained under the considered
market based policies. CHP-units in combination with power purchases from
the macro grid are used in this case, with token amounts of wind power (never
more than 5% of total power generation) at the 40% and 80% autonomy scenarios, as in each of those cases the installed CHP-units are working at full
capacity. Additional CHP-units are installed at the 45% and 90% autonomy
levels.

2.4.2 Carbon taxation
A rst interesting result shared between a number of reviewed papers [11],
[15], [26] is that carbon taxation at the expected level does not noticeably
impact the technology selection of the microgrid. As a direct result, the carbon taxation does not result in any signicant emission reduction compared
to the microgrid running without carbon taxation being present, meaning
the only real result is an increase of total energy costs for the microgrid. The
reason for this behaviour is that, at realistic carbon taxation levels of between

e15 to e25 per ton, the carbon price is simply too low to oset the high capital costs associated with carbon-free generation technologies such as wind
turbines and PV-panels. Siddiqui et al. [11] also investigate the impact of a
higher level of carbon taxation, and only when the price of carbon reaches
$900 per ton does it incentivise the installation of PV-panels, according to
the results presented in [11]. Such a carbon price is however far above even
the most pessimistic forecasts of the Interagency Working Group on Social
Cost of Carbon, which prices the social cost of carbon in 2015 to be below
$105 per ton with 97% certainty [28].
The two papers reporting on simulations in a Greek setting however, have
noticeably dierent results:

both in the works by Anastasiadis et al. [27]

and Mehleri et al. [29] the simulation results indicate the heavy adoption
of PV. This is however not in contradiction with the results reported by
other authors, as the examined situation can be considered to be a fringe

e/kWh

case, owning to the extremely favourable FIT for solar panels (0.55

as reported in [29]), meaning the high capital cost of PV-panels is strongly
mitigated in such a setting. Even in these cases, CHP units are still part of
the system, accounting for 23% of the installed capacity and supplying about
50% of the energy demand in the microgrid in [29].
Interestingly, Yu et al. [20] report outcomes that deviate from the results
discussed above:

their simulation results indicate that, for the case they

considered, the optimal system is made up of a balanced mix of internal
combustion engines and solar PV, with each accounting for half of the installed capacity. Yu et al. attribute this to the fact that solar PV does not
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require any fuel for operation, and the year-round sunny weather in the location they study [20]. No data is provided by Yu et al. in [20] on the amount
of energy provided by the various technologies installed, and hence we have
no insight into the utilization of each of the retained technologies.

2.4.3 Economic incentives
The reviewed papers show that economic incentives can certainly have an
impact on the economic optimal microgrid conguration: Zachar et al. [26]
investigate the impact of both a 30% and a 50% tax credit towards renewable
energy investments.

Their results show a rather limited impact for a 30%

tax credit, but a far more appreciable impact for a 50% tax credit:

in the

case of a 30% tax credit only a token amount of energy is procured from
wind power, never surpassing more than 5% of total energy supply.

A tax

credit amounting to 50% of investment cost for renewable energy however
incentivises the adoption of wind power a lot more:

not only does it delay

the installation of a rst CHP-unit until 20% local autonomy is demanded,
this level of tax credit also assures that up to one third of the total power
generation is sourced from renewable sources.

It should be noted that the

adoption percentage of renewables under this scenario is not monotonously
increasing with the requested autonomy, it is rather dependent on the number of CHP-units installed, and shows a jump downwards whenever an additional CHP-unit is installed. However, even under a 50% tax credit scheme,
CHP-units still contribute the dominant share of locally generated power to
the microgrid, except at the 5% to 15% autonomy levels, where only wind
power is installed.

The impact on emissions of a tax credit is reported to

be once again dependent on the height of the tax credit, with only a 50%
tax credit being able to motivate microgrids to achieve meaningful emission
reductions of between 5% and 25% of emission when compared to the buy
all from macrogrid scenario, depending on the desired autonomy level. The
reviewed papers which research the eects of FIT's are unanimous in their
ndings:

in the papers where the conguration of the generating capacity

is optimised, the technology favoured by the FIT is adopted:

in [29] PV

is installed up to the maximum allowable capacity (10 kW per building) as
dened by legislation. In [15], set systems congurations are tested, but the
eect of the FIT is more dependent on the height of the FIT in comparison
to the electricity rate:

when the FIT is higher than the purchase price of

electricity, all locally generated electricity is sold back to the macrogrid, and
all the required power is bought from the macrogrid.

When the line losses

this incurs are considered, this is clearly a suboptimal solution.
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2.4.4 Tari systems
Rocha et al. nd that switching to a TOU-tari has negligible impact on
their obtained results [15].

Aghaei & Alizadeh [28] nd that the impact of

real-time pricing combined with carbon taxation works in two directions:
under such a scheme generation costs fall when demand response and energy
storage are implemented in a CHP-powered microgrid, while emission costs
rise.

When only energy storage is incorporated, however, energy costs rise

slightly while emission costs rise even higher, showing that energy storage is
in itself not economically viable.

2.4.5 Command and control policies
Zachar et al. [26] show that both an emissions cap scenario or a minimum
renewable scenario are the most eective ways to mitigate carbon emissions.
As can be expected, an emission cap scenario is most eective at capping
emissions at a selected target level.

However, this comes at a steep cost to

the microgrid: total energy procurement costs are double those of the reference scenario at 50% emissions reductions, and rise to seven times the cost
of the reference scenario at 100% of emissions reduction.

This is also the

only scenario investigated by Zachar et al. [26] where the amount of power
from CHP-units decreases as the investigated scenario variable, i.e. emission
reduction, goes up: at 5% emissions reduction, 30% of the required power is
generated by CHP while the rest is bought from the macrogrid. Renewables
integration starts at 10% emissions reduction, with the installation of 5% of
wind power, and renewables become the dominant power source at a mandated emission reduction of 45%.

The minimum renewables scenario of Zachar et al. [26] is the only set-up
of all the reviewed papers where the result of the optimisation does not
include CHP-units. In this scenario, all the power generated by the microgrid
will originate from renewable sources.

This also means that the emissions

associated with the energy consumption of the microgrid fall at a steady pace
as the minimum percentage of renewables is increased. As was the case with
the previously discussed command and control intervention, this too comes
at a cost for the microgrid, as costs quickly rise when compared to the base
case.
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2.5 Discussion
This section discusses the reported ndings in the literature.

A rst part

of the discussion aims to synthesize the above reported results into general trends concerning both the considered technologies and policy measures,
while a second part delves more deeply into recommendations for further
research.

When reviewing the results reported in the literature, it is immediately apparent that the scientic consensus strongly favours the adoption of CHPunits in microgrids: not only are they included in all but one of the optimal
solutions of each of the reviewed problems, CHP-units are also the most
prominent energy provider in the microgrid.

The reason for this is always

the high capital costs associated with renewable energy generation technologies. This means that the often-heard benet of microgrids, enabling greater
integration of renewable energy sources, is not really supported by the economic analyses that have been carried out, as renewable energy sources only
become economically attractive when they are heavily favoured by policy
measures, either through market based interventions such as tax credits or
generous FIT's, or through non-market based command and control policies
by the imposition of an emission cap or a minimum renewable requirement
when it comes to power generation.

This favoured adoption of CHP-based microgrids is also stable through time,
as CHP-units are part of the solution found for 1999 by Siddiqui et al. [11]
as well as being the staple in the optimal solution reported on in 2015 by
Zachar et al. in [26].

Considered against the backdrop of the price of PV-

panels which fell by 80% over the considered timespan [29], this seems to
indicate that there are other barriers to the adoption of PV-systems in microgrids in addition to the signicant capital costs associated with installing
PV-panels. This conclusion is further substantiated by the observation that
PV-panels are only installed on a large scale in those scenarios where they are
specically targeted by policy measures. Such measures can bias the choices
available to actors, e.g. generous feed-in taris for electricity produced by
PV-systems as was the case in [10]. Alternatively, such policy measures can
restrict the choices available to actors, such as a mandated emissions reduction, or an obligatory minimum stake of renewables, both investigated in [26].

Electricity from wind turbines is investigated in only two of the reviewed
papers [26],[20]. This is not exactly surprising, since wind turbines oer too
much generation capacity to be considered for inclusion in most microgrids,
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which explains why they were included in [26], as this was by far the largest
microgrid, encompassing an entire town. Based on the reported results, wind
turbines prove themselves to be the more economically viable renewable electricity source when compared to PV-panels. This means that the sizing of a
microgrid is possibly not as straightforward as it seems: in all the reviewed
papers, the considered microgrids are of xed size, with the heat and power
demands being treated as givens. However, the reported results in [26] with
regards to the adoption of wind turbines indicates that there are possibly
economies of scale waiting to be realised. The ndings reported in [20] seem
to contradict the results of Zachar et al. [26] as no wind turbines are part of
the reported solution. However, Yu et al. [20] report that the reason behind
the non-inclusion of wind turbines is that the local wind speeds at location
considered were too low.

The unattractiveness of renewables from a purely economic standpoint is
clearly shown by Zachar et al. in [26], as the total costs for the microgrid
increase the more the adoption of renewables within the microgrid is enforced
through government intervention. These costs are not as readily apparent in
the scenarios using FIT's or tax incentives due to the scope of the analyses:
the focus is always on the costs and benets accrued by the owner or operator
of the microgrid, while in these scenarios, the costs of the adoption of renewable energy sources will be borne by society as a whole through levies or taxes.

The observation that CHP-units will only be replaced by renewable energy
sources if the carbon prices were to rise far above the expected societal costs
of carbon means that from a purely economic point of view, it is better to continue to burn fossil fuels while compensating the damage to society through
payment of a carbon tax, than to switch to renewable energy generation,
considering the current state of technology and the current estimates of the
societal costs of carbon.

Additionally, the amount of emission reductions

realised by the adoption of CHP-powered microgrid is highly dependent on
the energy mix used to power the macrogrid, indicating that the expected
environmental impact of microgrid adoption remains unclear.

It is also interesting to note that the discussion of the environmental impacts
due to the generation of electricity is narrowed to the emission of carbon,
which is then remedied via carbon taxation. However, the generation of electrical energy also has other potential externalities on human health [30], such
as the emmissions of other greenhouse gasses such as
pollutants such as

SO2

or

N O2 .

CH4

and

N2 O

or air

Work has been done on trying to determine

the costs of these externalities by Shindell in [31] and it stands to reason that
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the inclusion of these costs in a way analogous to carbon taxation would further promote the use of more environmentally friendly electricity generation
options. Such a measure would also mean that renewable generation would
be competitive at comparatively lower levels of carbon taxation.

From a policy perspective, the rather sobering conclusion is that carbon
taxation, the most researched and technology neutral policy intervention,
seems to have at best a minor impact on the optimal system conguration
of microgrids, with its eects mostly being limited to increasing the total energy procurement cost for the microgrid. However, targeted interventions to
boost adoption of one particular technology over the other are also eective,
as proven by adoption of solar panels in the reviewed Greek settings. More
heavy-handed interventions, such as obligatory emissions reductions are also
proven to be eective in steering the system conguration of microgrids towards renewable energy sources, but this is accompanied by a large increase
in private costs, casting doubt upon the feasibility of such measures.

The parameters on which microgrids are evaluated in the reviewed papers,
are rather narrow:

only the total or operational energy procurement costs

and carbon emissions are considered.

Lo Prete et al. [9] [9] for instance

show that the adoption of microgrids representing 8% of total generation capacity would lead to an increase of 30% in reliability of the entire electrical
network. This shows that microgrids can certainly oer benets where reliability is concerned. However, these benets are neither valued nor investigated
at the level of an individual microgrid by the reviewed papers, meaning the
adoption of microgrid technology is possibly undervalued.

This is clearly a

promising avenue of further research.

Additionally, the impact of dierent taris systems is not investigated in the
reviewed papers, especially considering that a restructuring of the current
tari system might incentivise some behaviour while penalising other behaviours.

See for example Schreiber et al. [20] for a discussion on a capacity

pricing model: the taris they design are not linked to the time of day when
energy is required from the grid, but rather what the peak withdrawal power
is.

Their approach is exclusively focussed on the electricity component of

energy demand, and takes a system view, choosing not to focus on the individual microgrid level.

While therefore their work is outside the scope of

this review paper, it is still relevant in that it shows that taris can be used
to steer the behaviour of connected consumers in certain directions.

Given

this eect of taris, it stands to reason that a novel tari system could have
repercussions on the optimal design of microgrids; this is however an area
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that has not received any research attention up until now.

From a methodological point of view, we would like to recommend that future studies all include a baseline case, both with regards to the adoption
of microgrid technologies and the proposed policy interventions. Where microgrid technologies are concerned, a baseline scenario would allow for a clear
cost-benet analysis to decide whether or not the adoption of a microgrid
is economically viable.

When it comes to policy analysis, the presence of a

baseline scenario would greatly facilitate impact assessment of the considered
policies, as it would enable before and after discussions.

Additionally, we would recommend that future studies report all relevant
data used to produce the results, including not only equipment installation
and maintenance costs, energy taris and taxation levels, but also information relating to the heat and power demand of the considered microgrid
as well as the rated heat and power capacities of the selected technologies.
Such disclosure would greatly help in allowing the reproduction of reported
results, allow for the assessment of the impact of changes in technology costs
or taris and even enable the investigation of parameters, such as microgrid
size which have remained uninvestigated up until now.

2.6 Conclusion
In this paper, we have reviewed the current research literature concerning
the impact of policy measures on the economically optimal conguration of
microgrids. With regards to the rst goal of this review paper, outlining the
current state of the art in research surrounding the economics of microgrids,
we have shown that the methodology of choice is the minimisation of operational or lifetime costs associated with the operation of the microgrid, depending on the time horizon. The used optimisation models in the literature
are similar both in objective function and in decision variables. The current
available literature on the impact of policy measures on the economically
optimal conguration of microgrids considers microgrid sizes ranging from
single buildings up to entire communities, but without explicitly controlling
for the eects of microgrid size on the reported results.

When it comes to

the investigated policy measures in the literature, it is apparent that a lot
of research attention has been devoted to the topics of carbon taxation and
TOU-taris, with other sub jects such as tax incentives or command and
control policies only receiving moderate research attention.

Furthermore,

concerning the objective of outlining any research gaps, we have shown that
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the exploration of the impact of tari systems other than TOU-pricing on
the optimal conguration of a microgrid hasn't received research attention up
until now, making this an interesting avenue for further research. Our most
signicant nding is that, where the most often viable reported system conguration is concerned, the current scientic consensus is that CHP-powered
microgrids are the most economically viable type of microgrid under a wide
range of policy interventions, with renewable powered microgrids only viable
in fringe cases, making the often-heard claim that microgrids will allow for
greater penetration of renewable sources highly suspect at best.
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Chapter 3
Economical optimization of
micorgrids: a non-causal model1
Abstract
In this paper we present an economical optimization model for a microgrid
connected to the general electricity grid by minimizing the total operating
cost over a given period in the presence of uncertain future grid electricity
prices.

The microgrid is modeled to consist of ve distinct blocks, four of

which make up the microgrid and the fth one being the connection to the
general electricity grid.

Each of these components has various adjustable

attributes, allowing for the simulation of dierent kinds of consumers as well
as dierent storage and generation technologies. Consumption and intermittent generation are exogenous variables derived from existing datasets. Under
uncertain future grid electricity prices, the storage component introduces a
non-causal dependency into the model, to cope with this non-causality, we
present various storage use strategies and analyze the resulting cost patterns
using real electricity price data and Monte Carlo simulations.

chapter has been published as Milis K., Peremans H. Economical optimization
of micorgrids: a non-causal model, PROCEEDINGS OF ASME 9TH INTERNATIONAL
1 This

CONFERENCE ON ENERGY SUSTAINABILITY, 2015, VOL 2
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Figure 3.1: Model components and transaction boundary

Nomenclature

i
C(i)
l
D(i)
p∗
Qin (i)
Qin,tot
Qd,max
Qd (i)
∆m Qd
pd
Qs,max
Qs (i)
Qs,l (i)
∆m Q
Qs,sdr
Qg (i)
pg (i)
gr

index denoting the current time-step, dimensionless
total cost during period i, in

e

Length of time-step, in hours
Demand from load prole during time-step i, in kW
Value of lost load (VOLL) in

e/kWh

Amount of power generated by renewable source during time-step i, in kW
Installed intermittent capacity, in kWp
Maximum power output of the dispatchable generator, in kW
Amount of power generated by the dispatchable generator during time-step i, in kW
Maximum ramp rate of the dispatchable generator, in kW/h
Price per kWh of dispatchable generation, in

e/kWh

Maximum storage capacity, in kWh
Amount of power consumed from storage during time-step i, in kW
Amount of energy lost from storage due to self-discharge between time-steps i-1 and i
Maximum rate of (dis)charge of the storage component, in kW
Self-discharge rate of the storage component, in %/hour
Amount of power bought from the grid during time-step i, in kW
Gridprice per kWh during time-step i
Grid reliability,

[0, 1],

dimensionless
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3.1 Introduction
2

A microgrid

is a smaller scale electrical network, a copy of the full-edged

electrical grid in that it comprises electricity and thermal generation, consumption and storage,

and that it has the capability to work in a self-

contained manner, operating independently from the wider electrical grid [1].
As this means that a microgrid must be able to monitor and control both
electrical generation, storage and consumption to ensure that the microgrid
remains balanced at all times, it is easy to see how microgrids are part of
the larger domain of smart grids [2]. In this paper we present an economical
optimization model for a microgrid connected to the general electricity grid
by minimizing the total operating cost over a given period in the presence of
uncertain future grid electricity prices.

To this end, the microgrid is modeled to consist of ve distinct blocks, four
of which make up the microgrid and the fth one being the connection to
the general electricity grid.

The microgrid itself comprises a consumption

component, a storage component and two local generation components, one
modeling intermittent generation while the other models dispatchable generation. Each of these components has various adjustable attributes, allowing
for the simulation of dierent kinds of consumers as well as dierent storage
and generation technologies.

Consumption and intermittent generation are

exogenous variables derived from existing datasets.

The decision variables in the discussed minimization model are the quantities of power procured from the three power sources as well as the quantity
stored in or removed from the storage component, constrained by maximum
ramp rates and the maximum capacity of the storage component.

This is

quite a well-studied problem, but up until present, only some work has been
done on micro grid under uncertainty.

Most of the previous work uses ap-

proximate methods in order to deal with the uncertainties of electricity price,
intermittent generation and load associated with operating a microgrid [36].

These approximate methods use a probability based estimation of the

uncertain variables, which is then used to optimize the unit commitment of
the model components.

This approach allows the side-stepping of compu-

tationally expensive simulations, as it allows the optimization to be carried
out based on only a few statistical moments of the observed distribution.
Our work, however, is more in line with [7], as we have chosen to use the

2 See

chapter 2 for a complete denition of a microgrid, only the parts relevant for the
discussion in this chapter are reprinted here.
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Monte Carlo simulation approach.

While this approach is more computa-

tionally expensive, it allows us to gain a better appraisal and understanding
of the underlying complexity and system behaviour, warranting the extra
computational time needed.

In this paper we present a simple, yet robust

framework for economic analysis of microgrids under a wide range of uncertainties; contrary to [7], not only uncertainty in intermittent generation, but
also uncertainty in electricity price, grid availability and electricity demand is
accomodated for. Under uncertain future grid electricity prices, the storage
component introduces a non-causal dependency into the model: the optimal
quantity of electricity to keep in storage at any given moment depends on
all future grid electricity prices. To cope with this non-causality, we present
various storage use strategies and analyze the resulting cost patterns. As it
is important to mirror real electricity price conditions as closely as possible,
historical price data are used.

We present Monte Carlo simulations, by in-

troducing small perturbations on historical price data, to investigate which
one of the dierent storage use strategies, on average, minimizes cost and to
investigate the price sensitivity of the dierent strategies.

It is important to note that the focus of this research is on the economics associated with operating a microgrid when confronted with uncertain
electricity prices, the consequence being that abstraction is made of many, if
not all of the electro-technical intricacies accompanying microgrid operation.
Furthermore, although microgrids commonly include heat as well as electricity, for the remainder of this paper, the focus is solely on the electrical side.

The next section provides an overview of the model and the various included
components, after which the cost function is discussed. A following section
details three dierent storage use strategies, which serve as a basis for the
simulation presented in the penultimate section.

A nal conclusion closes

this paper.

3.2 Model overview and components
To simulate a microgrid, a model is built using Matlab.

Matlab has been

chosen as development environment because of relative ease of use and because the main focus of the modelling eort is both on system dynamic and
economic behaviour, not on electro technical intricacies of microgrid operation. Matlab provides the exibility to explore both areas of interest, while
avoiding the technical details often associated with software packages specialised in modelling electrical systems.
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In the interest of keeping model

complexity as low as possible, the model was build using only Matlab, and
the decision to forgo the use of Simulink or other Matlab tool kits was made.
A visualisation of the model described here can be found in Fig. 3.1.

Consumption
The rst component of the model is the consumption block.

This block

contains the load prole, modelling the consumption of electricity throughout the day. This load prole can be completely xed, simulating a normal
present-day consumer of electricity, or demand response can be integrated,
meaning that electricity consumption can be cut back or shifted to other
moments in times of high electricity prices (in the case of a grid-connected
consumer) or in times of insucient generation capacity to serve all loads.
It is important to note however, that not all load can be shifted or reduced
at will, as there will always be a residual base load which must be met: for
industrial consumers this base load is driven by economic activity, while for
households it is easy to envisage that certain electricity-supplied amenities,
such as lighting during mornings and evenings, are non-negotiable.

As can

be surmised from the above discussion, it is the intention of the model to be
able to simulate residential, commercial and industrial electricity consumers
by adjusting the used load prole, both in total electricity demand and timing of the load peaks. A load prole is not generated while the model runs,
but is supplied from externally available data to the model as an input.

Intermittent Source
The second component models a distributed intermittent electricity source: a
wind turbine, solar panels, or a combination of both. The choice of modeling
solar or wind energy will be reected in the generation prole. The modeling
of both of these is a eld of scientic study in and of itself, but there are
publicly available datasets which will be used. While all of the other generation components have both a variable and xed cost, the intermittent power
source is assumed to have only a xed installation cost. The reason why no
variable cost component is included is that the marginal cost of producing an
extra

kW

of electricity using an intermittent renewable source is zero: once

the wind turbine or solar panels are installed there is no extra cost to produce
electricity once the wind is blowing or the sun is shining.

This also means

that the intermittent power source receives preferential treatment: when it
is available, its full output at that moment will always be used.
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Local Dispatchable Power
The next model component simulates locally available dispatchable power
generation, for instance a diesel generator or gas turbine.

To accurately

model such a generation unit, a set of parameters will be used, split into two
categories: on the one hand technical parameters, namely maximum power
output and ramp rate -the maximum percentage change in output per model
step- and on the other hand cost parameters consisting of a variable cost per

kW

produced and a xed installation cost.

By setting these parameters to

appropriate values, dierent generation technologies can be modeled.

Storage
Another model component is the electrical storage component. Like the dispatchable generation component, this component is modeled using a number
of parameters enabling the simulation of dierent storage technologies, such
as battery storage, pumped hydro, fuel cells or supercapacitor storage. Once
again, the parameters can be classed as technical parameters, which are total
storage capacity, maximum rate of charge and discharge and rate of self discharge on the one hand and a xed cost parameter on the other hand.

Grid Connection
The nal model component is the grid connection. This component functions
as a limitless source and sink as an unconstrained amount of power can be
bought from or sold to the grid during each simulation step.

Like previous

model components, the grid connection has cost related parameters:
modeled using a variable cost per

kW h

nection cost, and a variable benet per

it is

electricity bought, a xed intercon-

kW h

electricity sold. In addition to

all these, the grid connection is also modeled as having a certain reliability,
meaning that there is a probability at each time-step that the grid will not
be available to the microgrid user.

Transaction Boundary
Not a component as such, but also present in Fig. 3.1 is the transaction
boundary:

only energy ows passing this boundary will generate costs or
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benets.

3.3 Cost minimisation
The model formulated in the previous section allows us to formulate the cost
function associated with operating the simulated microgrid, which would
then lend itself to minimising the total cost over a given operating period by
selecting the right quantity of power to buy from each of the various available
sources in order to meet the load during any given time-step.

The cost minimisation is formalised as follows:

minimise

Qd (i),Qg (i),Qs (i)

i=N
X

C(i)

(3.1)

i=0

C(i) = {Qd (i) · pd + Qg (i) · pg (i)
+ [D(i) − Qin (i) − Qd (i)
−Qg (i) − Qs (i)] · p∗ } · l

(3.2)

Subject to

0 ≤ Qd (i) ≤ Qd,max
|Qd (i) − Qd (i − 1)| ≤ ∆m Qd
0≤

t=i
X

(3.3)
(3.4)

−Qs (t) · l ≤ Qs,max

(3.5)

t=0

|Qs (i)| ≤ ∆m Qs
[D(i) − Qin (i) − Qd (i) − Qg (i) − Qs (i)] ≥ 0

(3.6)
(3.7)

It should be noted that the signs of all the power ows are dened as positive when they are supplying power to the consumption block.

In essence,

each of the power amounts dened above is the net power outow from the
supplying block in question; if there is a net inow of electrical power, the
sign of the associated quantity variable will become negative.

Most of the cost function is rather straightforward, but the term

∗

−Qd (i) − Qg (i) − Qs (i)] · p (i) merits

[D(i) − Qin (i)

a more in depth discussion. This term

is included to model the cost incurred by shedding (parts of ) the total load.
From an economical point of view it is better not to serve loads where the
cost of not serving a particular load is lower than the cost that would be
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incurred when serving said load.

This term can never be negative:

while

the residual demand or the dierence between total demand and the amount
of power provided by the intermittent source might become negative, this
excess power will always either be stored or sold to the grid.

It is however

possible for this term to be positive; this would mean that there is excess
demand for electrical power which can not be met.

p as a cost, representing
(7) makes sure that the model

arise, excess load will have to be shed, incurring
the value of the lost, or shed, load. Constraint

Should this situation

∗

adheres to the line of reasoning outlined above.

The energy ows from the dispatchable generator and from the storage have
two constraints each. Constraint

(3) stipulates that the energy ow from the

generator must at all times be positive -so energy inows into the generator
are not possible- and has the maximum rated generation capacity as an upper
bound, while constraint
dispatchable generator.

(4)

is formulation of the maximum ramp rate of the

Constraint

(5)

states that the storage unit cannot

contain more than its maximum capacity, and also that it is impossible at
any given time to store less than zero

kW h,

which in eect means that no

more power can be obtained from the storage component when this last one
is empty. Constraint

(6) states that the energy ow to the storage component

is bounded by the maximum rate of charge and maximum rate of discharge.

In order to model as many dierent scenarios as possible,
a dierent value depending on the sign of

Qg (i);

pg (i)

can have

this is to account for situ-

ations where there is a dierence between the price of electricity bought from
the grid and the price for selling electricity to the grid.

It is worthwhile to point out that, even though there is no price component attached to energy entering or leaving the storage component, the costs
and benets associated with this ow are however accounted for. If the stored
energy originates from the intermittent source, it is assumed to be free as
discussed earlier and in the case it originates from either the grid or the
dispatchable generation, it has accrued costs when it crossed the transaction boundary from either of those sources. In a similar vein, energy leaving
storage will only generate a benet when it is sold to the grid and crosses
the transaction boundary.

When stored electricity is consumed, no benet

is generated, but this will nevertheless impact the overall costs by avoiding
the procurement of this quantity of electricity from either the grid or the dispatchable generator. Similarly, energy lost from storage due to self-discharge
doesn't generate costs when it leaks from storage, but generates costs when
it is procured from the grid or the dispatchable generation; leakage losses will
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therefore impact the overall result by generating less benets when electricity
is sold back to the grid or by lowering the future grid or generation procured
electricity by a lesser amount compared to the case where there would be no
self-discharge from storage.

While it might seem as if the minimisation problem is fully formulated and
can be solved now, this is not the case, as this is a non-causal problem. This
non-causality stems from the impact that grid prices in the future have on
how to optimally use storage now.

With the presence of both storage and

volatile, time dependent but also uncertain grid prices, arbitrage opportunities have opened up, meaning that prices in the future impact the value of a

kW h in storage now.

This problem is compounded by uncertainty about grid

availability, intermittent generation or future electricity prices, meaning that
it can no longer be optimized using a greedy strategy, consisting of meeting
the total demand in the cheapest way possible during each time-step. Now,
however, it is possible to store energy during a time-step where it is cheap,
so that it can later be used to meet demand during a time-step where it is
expensive. Additionally, by including time-dependent grid prices, the possibility of engaging in electricity price arbitrage is opened up, adding an extra
layer of complexity.

To circumvent this problem, storage use strategies can be implemented. Such
a strategy dictates the use of the storage component contingent on userdened conditions. Once these strategies are dened, it becomes possible to
simulate the cost behaviour under dierent strategies. Once the power ow
to be discharged from or charged to the storage component has been set, determining value of the other decision variables becomes trivial: the residual
load -this the base load minus the amount of energy used from storage- must
now be met using the cheapest possible combination of available sources.

3.4 Storage use strategies
This section outlines 3 storage use strategies, by discussing the basic ideas
underlying each strategy.

A owchart for each strategy is also provided to

oer additional detail in Fig. 3.3.

While the discussion presented earlier

stated that the storage component is modelled in an technolgy neutral way,
the storage strategies outlined below all assume that the storage component
included is able to store and provide energy to the system if required. This
means that some storage types, such as batteries or compressed air storage,
will function better in the strategies presented below, while other types,
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Figure 3.3: Flowcharts for strategy 1, strategy 2 and strategy 3
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in

such as supercapacitors, which excel at providing a short burst of power, or
ywheels, which are designed to optimise power quality, will be less suited.

3.4.1 Strategy 1: Passive Storage Use
Using this strategy, the storage component is used in a rather passive way:
power ow will be directed towards storage when the electricity generation
from the intermittent source outstrips the demand as captured by the load.
Conversely, stored energy will be consumed as soon as intermittent generation is no longer sucient to meet the total load. Additionally, this strategy
will endeavour to meet the load in the cheapest way possible for each time
step, meaning that any residual load after use of intermittent power and storage will be met by use of generator and/or grid, using the cheapest source
rst up to this source's maximum available power.

This strategy does not take advantage of some of the more advanced options by power storage, such as the price arbitrage or black-out mitigation
by keeping a quantity of energy stored to be used in case of a grid outage.
As such, this strategy provides a suitable baseline to which the other two
strategies can be compared.

3.4.2 Strategy 2: Price Arbitrage
This second strategy tries to use the available storage capacity to eect electricity price arbitrage. The spot price of electricity is not driven by a completely random process, but exhibits a certain cyclical pattern as can be
seen in Fig. 3.2. Values have been omitted from the y-axis of this graph on
purpose, as the source data can be used freely, but cannot be disseminated.
Labeled data can be obtained from Belpex [8]. This strategy therefore tries
to capitalise on this cyclical behaviour by storing electricity when the grid
price is low and discharging from storage when the grid price is high.

Practically, this means that strategy 2 needs both a lower and an upper
price bound for the grid electricity price; while the price is below the lower
bound, power will ow into the storage component until either the maximum
capacity or charge rate is reached, while power will be discharged from storage as soon as the grid price is above the upper bound, constrained now
by the maximum rate of discharge, and the available stored energy.
neither of these conditions is met, this strategy defaults to strategy 1.
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When

Parameter

i
l
p∗
Qd,max
∆m Qd
pd
Qin,tot
Qs,max
∆m Qs
Qs,sdr

Setpoint

Unit

8760
1
2.3
0.5
0.5
0.6
3
3.6
1
0.0003

n.a.
hour

e/kW h
kW
kW
e/kW h
kW p
kW h
kW
%/h

[15]

Table 3.1: Simulation parameter settings

3.4.3 Strategy 3: Back-up Power
The third and nal strategy is aimed at mitigating losses due to grid outages
by keeping a certain amount of energy in storage, so that the stored energy
can be used when the electrical grid is unavailable.

Strategy 3 also requires a parameter: a lower bound for charging the storage
component.

Once the energy stored dips below this lower bound, enforced

charging is in eect until the amount of stored energy exceeds the lower
bound by at least 5% of the total storage capacity, to mitigate storage losses.
Outside this enforced charging, this strategy defaults to strategy 1 as well.

3.5 Simulation
The aim of our simulation was to model the short run operational costs associated with operating a microgrid as a typical Belgian residential consumer
with a time horizon of one year.

As the model itself is formulated broadly

without any preference for any specic technology for each of the components, a choice had to be made as to which technologies to use.

For this

simulation, the chosen technologies were photovoltaïc panels, battery storage and a small gas-red turbine for respectively the intermittent generation,
storage and dispatchable components.

This dual focus on both a residential setting and a time of one year im-
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pacts the parameter settings listed in Tab. 3.1 as well as which costs are
included in the simulation. First of all, seeing as only a single year is being
simulated, capacity decisions and related investment costs are deemed outside of scope. Secondly, we assume that the wear and tear of the components
is unrelated to intensity of use; this simplifying assumption means that both
maintenance and depreciation costs are identical across all strategies on a
component by component basis and can be excluded. As a result, the only
costs taken into account are the costs associated with the use of electricity
and the opportunity cost associated with load shedding.

While Belgium's transmission system operator has historically provided very
high grid reliability upwards of 99.999% [9], in 2014 the probability of a
black-out loomed on the horizon, after the unexpected shutdown of several
large nuclear reactors [10,11].

This increased black-out risk prompted the

inclusion of grid reliability as a simulation parameter.

Belgium has two rate structures for residential electricity consumers:

the

rst one charges a at rate per kWh, while the second one consists of a separate day and night rate. In addition to these two existing rate structures, we
also included hourly market spot pricing as a rate structure. This third rate
structure was included to allow investigation of the impact of uncertain future electricity prices both on operational costs and on the optimality of each
of the dierent strategies. Each of these rate structures has been simulated
as a dierent scenario.

The only available decision parameters are which

strategy to use, and, specically for strategy 2 and 3 respectively, the upper
and lower bounds of the price level and charge level of the storage component.

The nal simulation set up is as follows:

20 dierent levels of grid reliab-

ility have been simulated: the simulation started at a grid reliability of 5%
and moved in increments of 5% to 100% or full grid up time. Grid outages
have been simulated by two consecutive random draws: rst outage aicted
time-steps were drawn, the amount of time-steps being dependent on the grid
reliability, and subsequently an outage duration in hours, uniformly distributed between 1 and 6 hours was determined.

An optimization was carried

out on the supplemental decision parameters of strategy 2: grid search was
used to nd the optimal percentile of the prices below which to buy and the
optimal percentile above which to sell. The grid search algorithm moved in 5
percentile increments, starting from the fth percentile up to the hundredth
percentile for the sell threshold, and from the fth percentile up to the sell
threshold for the buy threshold.
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Figure 3.4: Average yearly total costs for scenario 1 (xed rate).
Strategy 1:

Passive use, Strategy 2:

Price arbitrage, Strategy 3:

Back-up

power

\

Figure 3.5: Average yearly total costs for scenario 2 (xed rate day xed rate
night)
Strategy 1:

Passive use, Strategy 2:

Price arbitrage, Strategy 3:

Back-up

power

For strategy 3, we chose to follow a dierent, more intuitive approach to
determine the decision parameter setting.

Since the aim of this strategy is

to maintain a certain amount of energy in storage in order to guard against
grid blackouts, it is reasonable to assume that the amount of energy kept in
storage is negatively correlated with grid reliability.

As such, the charging

threshold, below which charging of the battery was enforced if the grid was
available, was set at

(1 − gr ) · Qs,max .

We introduce small normally distributed random perturbations on spot price
data, load and intermittent generation, allowing us to run a Monte Carlo simulation:

for each level of reliability, 1 year's worth of data is simulated for

100 dierent realisations.

48

Figure 3.6: Average yearly total costs for scenario 3 (spot pricing)
Strategy 1:

Passive use, Strategy 2:

Price arbitrage, Strategy 3:

Back-up

power

(b) Scenario 2 (xed rate day\night)

(a) Scenario 1 (Fixed rate)

(c) Scenario 3 (spot pricing
Figure 3.7:

Average yearly total costs for each scenario between 70% and

100% grid reliability.
Strategy 1: Passive use.

Strategy 2: Price Arbitrage.

Strategy 3: Back-up

power.

Figure 3.8: Charge and discharge thresholds for strategy 2 (Price arbitrage)
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Most of the exogenous data are publicly available, this is the case for the
residential synthetic load curve [12], intermittent power production per kWp
[13], and both xed rate tari structures[14], while electricity spot prices for
the Belgian market are made available after free registration on Belpex [8].

3.6 Results and limitations
In order to facilitate a clear discussion of the results, it is important to underline the dierence between scenarios and strategies, seeing as there are three
of each. Scenarios are tied to the rate structure for which the simulation was
carried out, while each of the strategies refers to a specic storage use strategy
as outlined above.

In addition, it is important to mention that the actual

amount of total simulated costs does not have a high informational value, as
the exact value of total costs is inuenced by the assumptions made earlier.
However, the dierence between cost patterns for the dierent strategies and
scenarios is informative, as any distortions due to made assumptions will be
the same across all reported results. As such, only pairwise comparisons of
our results will be presented.

For each scenario, the simulated resulting yearly operating costs for the entire range of grid reliability are presented in Fig. 3.4,

3.5 and

3.6, while

Fig. 3.7 zooms in on the cost data for a more realistic range of grid reliability
values for each of the three scenarios.

A rst observation is that across all scenarios, the resultant cost behaviour
for strategies 2 and 3 is nearly identical up to 80% grid reliability.

This

observation can be easily explained when looking at Fig. 3.8, which shows
the various charge/discharge thresholds for strategy 2 across all scenarios.
Figure 3.8 merits a separate in-depth discussion, but when seen in the light
of the very similar cost behaviour of strategies 2 and 3 for low levels of
grid reliability, it is sucient to note that both strategies will exhibit similar charge/discharge behaviour: while the decision parameters are dierent,
both strategies will want to charge the battery whenever the grid is available.

Strategy 3 will do this because the battery storage will frequently be

called upon to provide power during one of the frequent blackouts, meaning
the state of charge of the battery will generally be low, leading to frequent
charging, while strategy 2 is driven to charging the battery whenever the grid
is available because of the cost of shedding load as reected in the VOLL is
several times higher than even the highest electricity price under spot pricing, meaning that it is benecial to charge the battery as much as possible,
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even if this means the required energy needs to be bought from the grid.
For the sake of clarity: this always buy behaviour is even true for strategy
2 under scenario 1, even if price arbitrage is somewhat nonsensical under a
xed price regime.

A notable exception to this buy at any cost behaviour

is observed for strategy 2 under scenario 2: here the cost minimizing behaviour is to charge the battery during periods when electricity is cheap -this
during the o-peak night-time period-, to discharge it during the day, except
when grid reliability equals or exceeds 95%, as in these cases cost minimizing
results are achieved when any amount of stored electricity is immediately
used.

This means that the gains made discharging electricity from storage

before losses from self-discharge are incurred outweigh the costs due to load
shedding during a grid outage, when no stored electricity is available.

Both strategies 2 and 3 show markedly lower costs than strategy 1 for the
entire range of grid reliability.

The gains to be made are large for low to

medium levels of grid reliability, and remain noticeable even up to 95% grid
reliability, but the operating costs resultant from all strategies converge again
for a fully reliable grid. That being said, under a regime of spot-pricing for
residential consumers, price arbitrage is able to generate gains compared
to the other 2 strategies even at 100% grid reliability.

Our results clearly

show that even comparatively simple additions to passively using storage to
accommodate intermittent production surpluses are able to generate benets.

As can be seen from Fig. 3.8, strategy 2 will engage in price arbitrage starting
from a grid reliability level of 40%; the charge and discharge threshold curves
overlap, meaning that for any grid price corresponding to a price percentile
below the indicated curve, electricity will be stored, and for any price corresponding to a price percentile above the indicate curve, electricity will be used
from storage. It is interesting to note that for all scenarios, the charge and
discharge threshold coincide, meaning that the microgrid will always be an
active market participant, which means the impact of any kind of transaction
fees could turn out to be signicant. This observation of a single threshold
also means that strategy 2 can be simplied somewhat, both during the presimulation parameter optimization as during the simulation itself, as having
separate charge and discharge thresholds turns out to be superuous. As grid
reliability increases, strategy 2 becomes more risk taking, meaning electricity
will be sold sooner.

This price arbitrage is perhaps most easily understood

as a form of peak shaving: since the spot price of electricity is driven by the
aggregated load, or overall demand, periods of high price correspond to high
overall load.
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True demand response, however, is not integrated into the model: storage is
used to raise or lower the residual load that the electricity grid experiences,
but at no point in time is the actual underlying load prole adapted.

This

can lead to an overestimation of the actual costs, both for spot pricing regimes as for instances with less than 100% grid reliability. In both these cases
a real household would probably be inclined to shift parts of their electricity
consumption to moments when it is cheaper or simply available.

3.7 Conclusion
In this paper we have presented an economical model of a microgrid, and discussed the resulting cost function. We have touched upon the various drivers
of uncertainty impacting the cost minimisation of a microgrid and drawn
up 3 possible strategies outlining the use of storage in a microgrid allowing
a cost minimisation to be made.

Performance of these three strategies has

been assessed on one simulated operating year of a residential Belgian microgrid.

Our results clearly show that even comparatively simple additions

to passively using storage to accommodate intermittent production surpluses
are able to generate benets.
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Chapter 4
Win-win possibilities through
capacity taris and battery
storage in microgrids1
Abstract
This paper investigates the impact of capacity tari design on microgrids.
While the possible benets for utilities of capacity taris are well researched,
comparatively little work has been done investigating the eects of capacity
pricing on prosumers.

Through simulating a grid connected microgrid and

solving the day-ahead dispatch problem for a calendar year, we show that a
well-designed capacity tari will not only smooth out demand proles, but
could also lead to less erratic charge/discharge cycles in a real-time pricing
scenario, lessening battery degradation. These results show that a properly
designed capacity tari has the potential to be benecial for both the utilities
as well as the battery-owning prosumer.

Furthermore, we propose a new,

heuristic approach to solve the day-ahead economic dispatch problem, which
we prove to be eective and ecient. Additionally, we demonstrate that our
novel approach does not impose mathematical restrictions such as continuous
dierentiability of the objective function.

1 This

chapter has been submitted for publication to Applied Energy as Milis, K.,
Peremans H., Springael J., Van Passel S. Win-win possibilities through capacity taris and

battery storage in microgrids
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4.1 Introduction
2

Microgrids , smaller scale networks that are able to meet their load and operate in a self-contained manner [1], are an increasingly active area of scientic
study. A large body of work focusses on more technical aspects, see for example [2] and [3] for a discussion on how to control microgrids in a way that
optimizes spinning reserve, whereas [4] expounds how to assure stability in
an islanded microgrid, while other authors focus their research on more specic parts of a microgrid [5].

There is also a growing body of research literature that focusses on the economics surrounding microgrids:

energy market design specically for mi-

crogrids is investigated in [6], while [7] looks at dierent case studies in India. However, comparatively little work has been done where the impact of
policy on microgrid economics are concerned [8]. As such, this paper looks at
the possible eects of capacity taris on microgrids. While similar work has
been done by other authors, as [9] compares the outcome of twelve dierent
taris applied to microgrids, our contribution does not only incorporate the
impact of dierent taris on the economics of microgrids, but also investigates at the impact of methodological choices concerning how the day-ahead
dispatch problem is solved on the behaviour of microgrids.

The day ahead dispatch problem is in itself a well studied problem for a wide
array of dierent energy-related applications: see [10] for a discussion of day
ahead dispatch concerning electrical vehicles providing ancilary services, or
[11] for an application in the scheduling of wind farms. In our case, the day
ahead optimal dispatch problem consists of deciding on how much electricity
to buy from each of the available sources in order to minimize operational
cost (optimal dispatch) for the coming day (day-ahead).

In order to tackle the two research goals, we developed our own multi-start
heuristics [12], [13], following a best improvement strategy on the one hand
and a rst improvement strategy on the other hand, to solve the day ahead
dispatch problem. Both of these heuristics are widely used to solve numerous optimization problems, see [14] and [15] for a deeper discussion of these
two improvement strategies.

Furthermore, taking into account the period-

icities present in residential load patterns, we propose two dierent bases in
which to represent and solve the problem, each of which exhibiting period-

2 See

chapter 2 for a complete denition of a microgrid, only the parts relevant for the
discussion in this chapter are reprinted here.
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Load
+Qg

Grid

+Ql

+Qs

Storage

(a) Model without intermittent generation

Load
+Qg

Grid

+Ql

+Qs

Storage

+Qi
Intermittent

(b) Model with intermittent generation
Figure 4.1: Model congurations

icity themselves. Additionally, these bases have the benet that they allow
for compression or dimensionality reduction of the day ahead dispatch problem. We simulate the operation of a residential microgrid, and compare the
resulting solutions with regards to both yearly operating cost and capacity
usage of the electrical network.

The following section describes in detail the methods used:

a rst subsec-

tion comprehensively discusses the problem formulation, followed by a second
subsection detailing the specics of the heuristics used, while the third subsection elaborates on the simulation set-up.

The third section shows and

discusses the results of the simulations, with a rst subsection concerned
with the results without dimensionality reduction, a second subsection detailing the dimensionality reduction and a third subsection discussing the
results after dimensionality reduction. Finally, the main conclusions as well
as possible avenues for further research are discussed in the last section.

4.2 Methods
This section starts by elaborating on the problem formulation; outlining both
the simulation model used and the optimisation problem to be solved. The
second subsection shows our proposed solution method.
subsection details the set-up of the experiments.
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Finally, the last

4.2.1 Problem formulation
Consider the economic dispatch problem for a macrogrid connected microgrid.
Our model, as shown in g 4.1 encompasses exogenous load, battery storage,
and possibly exogenously driven local intermittent generation.

Specically,

we determine the amount of electricity sold or bought from the macrogrid
that will minimise operating costs over a rolling window with a variable horizon

H.

The optimisation problem is solved for the rst horizon-length set of

hours of the year, after which the obtained solution for the rst hour is saved.
Then, the optimisation problem is solved for the next horizon window, but
now starting with hour two of the year, as opposed to hour one. Again, the
solution for the rst hour, i.e. hour two of the year, is kept. This process is
repeated until a solution has been found for the entire year.

The operating cost, to be minimised, has two components: an energy component, and a capacity component.

The energy component is the product

of a) the amount of energy withdrawn from or injected into the grid over
one hour,

Qg (t),

and b) the price for energy during that hour,

Pg (t).

This

price can either be determined by xed pricing, time of use pricing, or real
time market pricing.

The capacity component of the cost function reects

a capacity block pricing scheme, based on the work of Schreiber et al. [19]
where all capacity used up to a certain level

Cbar

will be paid at a rate

Cp1

Cp2 .

We

and all capacity used above this level is charged at the higher rate
choose to use this specic design since Schreiber et al.

reported the best

results with this kind of capacity market design in [19].

While the energy costs might be negative, reecting a net benet for the microgrid as it sells excess electricity to the macrogrid, the capacity component
of the cost function will always be positive. This is by design, since injecting
electricity into the macrogrid uses the same infrastructure as withdrawing
energy from the grid. Due to the granularity of one hour and our assumption
that the electric power withdrawn from, or injected to the grid is uniform
within each hour,

Qg

represents both the amount of energy, in kWh, as well

as the peak load, in kW.

First, the simple case of a model with a battery without self-discharge is
discussed. Then, this model is extended by integrating self-discharge of the
battery component in the model.

The nal subsection describes the imple-

mented model in which we transform the problem, so far formulated in the
time domain, into a new problem by choosing an appropriate set of basis
functions.
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Model with idealized battery storage in the time domain
Note that within each optimization window, the index is always renumbered,
starting from

1

and ending at

H.

Expression (4.1) shows the objective func-

tion, while equations (4.2)-(4.4) show the constraints, for the case where an
ideal battery, without discharge, is considered.

"
min
Qg

H
X

#
Qg (t) · Pg (t) + |Qg (t)| · Cp1 + max(|Qg (t)| − Cbar , 0) · (Cp2 − Cp1 )

t=1
(4.1)

Subject to

Ql (t) = Qg (t) + Qs (t) + Qi (t),
Qs,0 −

t
X

Qs (τ ) 6 Qs,max

∀t = 1, . . . , H

(4.2)

∀t = 1, . . . , H

(4.3)

τ =1
t
X

Qs (τ ) 6 Qs,0

∀t = 1, . . . , H

(4.4)

τ =1
Equation (4.2) enforces Kirchho 's current law for the single node depicted

Ql (t) must be met through the sum of
energy procured from the macrogrid Qg (t), the battery storage Qs (t), and
possibly intermittent generation present in the microgrid Qi (t). Do note the
in gure 5.1:

at all times, the load

signs for the energy ows as shown in gure 5.1:
positive when they ow towards the load.

all ows are considered

Where the battery is concerned,

this means that discharging the battery will mean that
while charging the battery will result in a negative sign

Qs (t) is positive,
for Qs (t). All the

other constraints are constraints on the usage of the battery. Equation (4.3)
corresponds to a set of

H

constraints, one for every hour of the considered

H

hour period, on charging the battery. For each individual hour, the sum of the
energy that was stored in the battery at the beginning of the optimization
step, denoted by

Qs,0 ,

plus the net inow to the battery, up to the hour

currently under consideration, cannot exceed the maximum storage capacity
of the battery denoted by
of

H

Qs,max .

Similarly, equation (4.4) is again a set

constraints, but this time on the discharging of the battery:

for each

of the hours considered, the net energy outows from the battery up to the
hour under consideration cannot exceed the energy that was stored in the
battery at the beginning of the period. Where the variables themselves are

Qg (t) and Qs (t)
+
elements of R .

concerned,
are

need to be elements of
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R,

while

Qi (t)

and

Ql (t)

Model with a self-discharging battery in the time domain
In this section, the simple model (4.1)-(4.4) is rened by taking the selfdischarge behaviour of the battery into acount.

Equations (4.1) and (4.2)

remain valid, however, the two sets of constraints governing the charge and
discharge behaviour will have to be adapted. A battery storage component
that exhibits self-discharging behaviour can be modeled by the following
dynamic model:

dS
= −Qs (t) − l · S(t)
dt

(4.5)

In the continuous model dened by equation (4.5),
of charge of the battery at time
of self-discharge.

t,

and

l,

S(t)

denotes the state

for leakage, characterizes the rate

Solving the rst order linear dierential equation in (4.5)

yields the expression for the state of charge at any given time

−l·t

S(t) = Qs,0 · e

Z

t:

t

−

Qs (τ ) · e−l·(t−τ ) dτ

(4.6)

0
At all times the state of charge of the battery has to be positive, and is
bounded by the maximum capacity of the battery:

0 6 S(t) 6 Qs,max

(4.7)

or

−Qs,0 · e

−l·t

Z
6−

t

Qs (τ ) · e−l·(t−τ ) dτ 6 Qs,max − Qs,0 · e−l·t

(4.8)

0
or

Z

t

−Qs,0 6 −

Qs (τ ) · el·τ dτ 6 Qs,max · el·t − Qs,0

(4.9)

0
Discretising equation (4.9) with a time-step of one hour in order to t in with
the rest of the model yields

−Qs,0 6 −

t
X

Qs (τ ) · el·τ 6 Qs,max · el·t − Qs,0

∀t = 1, · · · , H

(4.10)

τ =1
or, when split in to two inequalities:

Qs,0 −

t
X

Qs (τ ) · el·τ 6 Qs,max · el·t

∀t = 1, · · · , H

(4.11)

τ =1
and

t
X

Qs (τ ) · el·τ 6 Qs,0

τ =1
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∀t = 1, · · · , H

(4.12)

Equations (4.11) and (4.12) each represent

H

constraints, one for each of the

hours comprised in the time window under consideration, on the charging
and discharging of the battery respectively.

Model as expressed in terms of a general H-dimensional set of basis
functions
The models build in the previous two sections are all written with the assumption that the problem is being worked on in the time domain. The set
of

H

setpoints that are generated for the grid and the battery can also be

seen as a single vector:

Q̄s = [Qs (1), · · · , Qs (H)]

(4.13)

Q̄g = [Qg (1), · · · , Qg (H)]

(4.14)

It is possible to reformulate the problem to make use of any
base consisting of basis vectors

b̄h

and coecients

Q̄s =

H
X

sh

and

gh

H

dimensional

, such that:

sh · b̄h

(4.15)

gh · b̄h

(4.16)

h=1

Q̄g =

H
X
h=1

Substituting equations (4.15) and (4.16) into equations (4.11) and (4.12)
yields:

Qs,0 −

t X
H
X

sh · b̄h (τ ) · el·τ 6 Qs,max · el·t

∀t = 1, · · · , H

(4.17)

τ =1 h=1
t X
H
X

sh · b̄h (τ ) · el·τ 6 Qs,0

∀t = 1, · · · , H

(4.18)

τ =1 h=1
Equations (4.17) and (4.18) are the formulations of the constraints on the
charging and discharging of the battery used in the nal model.

Rewriting

the objective function and the rst constraint leads to the nal formulation
of the optimisation problem that will be solved:

"
min
gh

H
X
h=1

gh · b̄h · P̄g + |

H
X

gh · b̄h | · C̄p1 + max(|

h=1

H
X

#
gh · b̄h | − C̄bar , 0) · (C̄p2 − C̄p1 )

h=1
(4.19)
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Subject to

Q̄l =

H
X

gh · b̄h +

h=1

Qs,0 −

t X
H
X

H
X

sh · b̄h + Q̄i

(4.20)

h=1

sh · b̄h (τ ) · el·τ 6 Qs,max · el·t

∀t = 1, · · · , H

(4.21)

τ =1 h=1
t X
H
X

sh · b̄h (τ ) · el·τ 6 Qs,0 ∀t = 1, · · · , H

(4.22)

τ =1 h=1
In equations (4.21) and (4.22),
basis vector.

b̄h (τ ) denotes the τ − th element of the h − th

Additionally, all of the assumed exogenous variables in the

P̄g , Q̄l and Q̄i each
contain H values of the corresponding dataset for each of the H hours of the
considered time period, while C̄p1 , C̄p2 and C̄bar are all size H vectors, with
all elements being equal to Cp1 , Cp2 and Cbar respectively. All the products
model have been rewritten as vectors for consistency.

in equation (4.19) between vectors are scalar products.

4.2.2 Heuristic solution method
It is our goal to investigate whether it is possible to solve the economic dispatch problem for a microgrid, as outlined by equations (4.19) to (4.22), with
a subset of basis vectors.

Ideally, this compression should allow for shorter

run times of the algorithm, depending on which components are kept and
discarded during the compression step.

However, the compression should

also maintain a similar economic performance in terms of cost, in comparison with the same algorithm without compression. In order to get insight,
we implemented a heuristic solver, in such a manner that we would have
full control over the algorithm. We solved the economic dispatch problem in
three dierent bases to test the hypothesis with regard to the choice of basis
impacting the quality of the compression.

The following subsections elaborate on our solution method:
section shows the implemented heuristic.

a rst sub-

The next subsection details the

dierent bases, used to solve the problem, while a nal subsection outlines
the set-up of the dierent simulations.

Heuristic search
We implemented two dierent, multi-start heuristics to solve the problem
outlined above using a best improvement and rst improvement strategy.
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Start
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(a) Best improvement
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Generate starting
solution

Generate candidate
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becomes starting
solution
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solution

Cheapest solution
becomes starting
solution

(b) First improvement
Figure 4.2: Heuristic owcharts

63

Both strategies are depicted schematically in gs. 4.2a and 4.2b respectively.
Best improvement, on the one hand, evaluates

h

pairs of candidate solutions

per optimisation step consisting of a positive and a negative step in each of
the basis directions. If none of the evaluated solutions have a lower cost than
the previous solution -or start solution, for the rst iteration-, a random feasible solution is generated. The corresponding cost is calculated and the new
solution is used as starting point for the next iteration.

If there is at least

one of the candidate solutions feasible with a lower cost, the feasible solution
with the lowest cost will be selected. First improvement, on the other hand,
will generate the same set of

h candidate solution pairs, and will also check if

at least one of the generated candidate solutions is feasible with a lower cost,
but will not select the feasible solution with the lowest cost, but rather the
rst feasible solution encountered with a cost lower than the cost of the solution found in the previous iteration. First is in this case dened by the order
of the coecients

gh :

if

δ

Q̄g,pre is the solution obtained
Q̄g,pre + δ · g1 · b̄1 is said to
Q̄g,pre − δ · g1 · b̄1 , Q̄g,pre + δ · g2 · b̄2

is the stepsize and

at the end of the previous optimization step, then
be the rst candidate solution followed by
the third and so on.

Both of the implemented heuristics run through the optimization steps until one of two stopping criteria is met: the heuristic will stop after either a
dened maximum number of iterations have been reached, or when the difference between the best solution found untill now and the current solution
is smaller than a certain threshold precision.

Bases3
This research investigates whether or not exploiting the structure present
in the problem impacts the the operation of the algorithm used, leading to
either cheaper solutions, or similar solutions found with less computational
time elapsed. A natural candidate basis to investigate this is the sequentially
ordered Walsh matrix of order
as one of the

h

h.

Each of the columns of the matrix is taken

basis vectors, as each column has an increasing amount of

sign switches as can be seen in gure 4.3a, which in our model, corresponds
to a higher frequency of switching between charge and discharge. This means
that some of the patterns that one would expect to nd in the solution are
already present in the base matrix, such as the rst basis vector providing for
the constantly present base load, while the second basis term is well suited

3 Please

refer to Appendix A for a more in-depth discussion of the underlying mathematical concepts
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to model usage patterns with a periodicity of 8 hours, such as a working day.

However, Walsh matrices only exists for orders equal to powers of
that there is no Walsh matrix of order

24,

2, meaning

which is the usual time horizon

considered for economic dispatch problems.

As the time horizon for which

we solve our optimization problem is exible, this is not inherently a problem: the basis formed by the Walsh matrix of order 16 can be used to solve
the optimization problem, and is therefore one of the bases used in this paper.

Additionally, if we are willing to forgo the increasing amount of sign changes
per column, the Hadamard matrix is similar to the Walsh matrix: compare
for instance gure4.3a with gure 4.3b and note that the Walsh matrix contains a large range of sign changes per column, whereas the corresponding
Hadamard matrix does not. In order to construct a Hadamard matrix, it is
only required that order of the matrix to is even, meaning that a Hadamard
matrix of order 24 can be used as a basis to solve the economic dispatch
problem for a twenty-four hour time horizon.

As is clear from the comparison between gures 4.3a, 4.3b and 4.3c, while the
pattern of increasing sign changes is still somewhat present in the Hadamard
matrix of order 16, it is almost completely gone from the Hadamard matrix
of order 24.

We use both Hadamard matrices as a basis as the comparison

between the results of the Walsh and Hadamard matrix of order 16 will grant
insight as to whether the sequential ordering is important, and comparing
between the results obtained with the Hadamard matrix of order 16 and the
Hadamard matrix of order 24 allows for the investigation of the impact of
the chosen horizon on the outcome of the optimization.

Finally, for each of the considered time horizons, the standard basis, based
on the identity matrix of the corresponding order (see gs. 4.3d and 4.3e) of
that dimension was also used, to provide a baseline against which performance of the other bases could be compared to, both in terms of number of
iterations as in terms of total operating costs.

Each of the bases was also re-scaled to ensure that each charge-discharge
cycle does not violate the capacity constraints of the battery. When a random
solution is generated, as part of the multi-start heuristic, a linear combination
of basis vectors with a norm not exceeding 1 is used.

While this approach

does not guarantee feasible solutions, as the feasibility is contingent upon the
amount of energy stored in the battery at the beginning of the time period

t

currently being optimized, it does ensure that no solutions are generated
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Figure 4.3: Overview of the dierent bases.

Yellow cells always correspond

to a value of one, blue cells to a value of minus one in subgures a through
c, and zero in subgures d and e.
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that are by construction infeasible.

4.2.3 Simulation set-up
We solve the optimization problem outlined in eqs(4.19) to (4.22) for a median Belgian household with an annual electricity demand of 3600 kWh. The
storage component is modeled after Tesla Powerwall and sized at a maximum
capacity of 7 kWh.

In the literature, self discharge rates for Li-Ion batter-

ies are reported between 5% and 10%, but these are always reported for a
twenty-four hour period at minimum. To arrive at a 10% discharge after 24

.4%

hours, the discharge in our simulation was modeled at a at rate of 0
per hour.

The block capacity tari design is based upon the design that

Cbar set at 75% of the annual load
peak, Cp1 at 0.0584 e/kW and Cp2 at 0.1872 e/kW . This block capacity
design is compared to a xed capacity tari of 0.0652 e/kW , and a case
produced the best results in [19], with

without a capacity tari; see gure 4.4 for a visual representation of a block
capacity tari.

In the simulations where intermittent generation is part of

the simulated microgrid, this was modeled as 2.1 kWp of PV generation, to
represent a modal Belgian household with PV generation. Where the heuristics themselves are concerned, the stopping criteria used are maximum 1000
optimization iterations per time window and a precision of 0.01

e.

Both cases with and without a capacity tari are simulated for system congurations with and without the inclusion of solar PV, resulting in four dierent
set-ups.

Each of these set-ups is then solved with each of the ve dierent

bases outlined above. The four dierent set-ups are also solved using bases
with reduced dimensionality, based on the Walsh basis and the two Hadamard bases.

Each of the mentioned simulations is executed for ve dierent

realisations of the same year, providing insight into the robustness and stability of the obtained results.

The exogenous datasets used in the simulations, are all sourced from various Belgian electricity market actors:

the consumer load is based on the

synthetic load curves provided by Synergrid [16], the belgian federation of
electricity- and natural gasgrid operators, while the electricity price prole
used was obtained form EPEX SPOT Belgium [17], the Belgian power exchange operator. The intermittent generation in the simulation is provided
by solar PV, for which hourly generation data for Belgium is provided by the
Belgian TSO, Elia [18].
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Figure 4.4: Schematic representation of block capacity tari depicting capacity tari height (above) and resulting total capacity tari payment (below)
as a function of used capacity. Own composition based on [19].

4.3 Results and discussion
First, the results of the simulations using the ve dierent bases are presented
and discussed. Building upon this discussion, a second subsection details how
the bases with reduced dimensionality are derived from the ve original bases.
The outcome of the simulations using the resulting bases is then discussed
in the nal subsection.

4.3.1 Results without dimensionality reduction
Tables 4.1 to 4.5 show the results of the simulations that were run.

The

results are grouped by simulation set-up: for example, table 4.1 reports the
results for a microgrid without solar PV that is operating under a regime of
block capacity pricing, listing the results of the two implemented heuristics
for all of the considered bases. Two metrics are used to evaluate the outcomes
of the simulation:

the total average yearly operating cost on the one hand

and the average of the yearly peak capacity usage, taking into account both
withdrawals from and injections into the grid, in combination with the crest
factor on the other hand.

The total yearly operating cost provides insights

into the simulation outcomes where the private owner or operator of the microgrid is concerned, while the peak capacity used and the crest factor shed
light on the eect of the capacity taris investigated on grid usage. The peak
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capacity usage and the crest factor provide similar, but distinct information:
the peak capacity usage is straightforward, and shows peak usage of the electrical network by the microgrid, while the crest factor is dened as the ratio
of the peak capacity usage and the RMS value of the capacity usage over
the year. As such, it is a measure of peakiness in the capacity usage, as it
provides information on the ratio of the highest capaty peak to the average
capacity used. In terms of the grid, it also correlates with the utilisation of
assets that make up the distribution grid. In each table, the best results for
all considered metrics are printed in boldface for each of the used heuristics.

A few general trends are immediately apparent when it comes to average
yearly operating cost: the best improvement strategy outperforms the rst
improvement strategy in all but two cases. Furthermore, in these two cases,
the results of both improvement strategies are less then one standard deviation apart.

A second general observation is that the results across all

simulations are quite stable, as evidenced by the small standard deviations.
Another trend evident across all runs is that the solutions obtained for a
bases with dimensionality 16 consistently outperform the problem formulations with dimensionality 24 of the same problem, except in the two xed
capacity pricing scenarios. In the case of xed capacity pricing without solar
PV, the results of the three non-standard bases are very close together, as
show in table 4.3. The overall better performance of dimensionality 16 bases
seems to indicate that from a computational point of view it is better to
solve a larger number of smaller problems, as opposed to a smaller number
of larger problems. However, when comparing the average yearly peak usage
across all simulations ran, it is clear that the simulations with a twenty-four
hour decision horizon have on the whole lower capacity usage peaks than the
corresponding simulations with a sixteen hour decision horizon, the reason
being that the base twenty-four representations have more hours to smooth
out any demand or supply peak.

Furthermore, only in one of the twelve investigated cases is the best performing algorithm one that is using the standard basis, as table 4.2 shows that the
heuristic using the standard 16 base obtains the lowest cost in a system with
solar PV, operating under block capacity pricing. Across all dierent system
set-ups and heuristics, the Hadamard 16 base is the best performing of different bases tried, reporting the lowest average operating costs in six out of
twelve cases, while the Walsh 16 base obtains the lowest average costs in three
out of twelve cases.

On the one hand, this means that one of our research

hypotheses, that the increase of frequency present in Walsh basis is a property which would allow the heuristic to nd better solutions more quickly, is
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not upheld. On the other hand, these results do show that another research
hypothesis is upheld: the non-standard bases outperform the standard bases.

On the whole, the relationship between the average yearly operating costs
and the capacity peaks seems somewhat counter-intuitive at rst, as lower
peak usage of the grid doesn't really coincide with lower total operating
costs when comparing results for the same scenario set-up: the rst improvement strategy regularly reports lower capacity usage peaks but is consistently
out-performed by the best improvement strategy where total costs are concerned. It should be noted, however, that varying the weights of the energy
component and the capacity component in the ob jective function, such as by
increasing

Cp1

or

Cp2

is out of scope for this study, but these results seem to

indicate that the relative merits of using rst improvement or best improvement might be contingent on these relative weights.

Table 4.5 deserves special attention, as at rst glance the results reported
therein for the best improvement strategy in both the Hadamard bases as
well as the Walsh basis seem almost erroneous. However, when the pattern of
electricity bought from and sold to the grid is examined, it is clear that these
solutions engage in almost perfect price arbitrage, by buying up and storing
grid electricity when the price is low in order to sell this electricity back to
the grid when the price is high.

Consequently, the grid is heavily used in

this case, as doing so is free, meaning that the only price signal the system
responds to, is the electricity price.

Comparing these results to the results

obtained with block or xed capacity pricing also immediately proves the
role that capacity tari can play in stabilizing the grid, by limiting excessive
buying and selling of electricity solely to exploit arbitrage opportunities: capacity taris act as transaction costs, rendering hour to hour arbitrage based
on minor price dierences no longer protable.

In a similar vein, the usefulness of capacity pricing is also demonstrated by
comparing the results with and without the addition of solar PV for the three
dierent capacity payment schemes, as they clearly show that dierent kinds
of capacity tari lead to the electricity generated by the PV panels being used
in a dierent way. As can be expected, tables 4.5 & 4.6 show that in the case
where there is no capacity tari, most of the electricity generated by the solar
panels is sold to the grid, driving down the average yearly operating cost,
while signicantly heightening the capacity usage peak.

Conversely, tables

4.1 & 4.2 show that under a system of block capacity pricing, the addition of
solar PV has a much more nuanced impact on the behaviour of the system,
slightly increasing or decreasing the peak capacity usage, depending on the
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heuristic used. As evidenced by tables 4.3 & 4.4 a xed capacity tari leads
to an outcome in between these two extremes.

Furthermore, table 4.5 also shows the eectiveness of solving the economic
dispatch problem using one of the proposed non-standard bases:

the al-

gorithm using these representations is able to nd and exploit these arbitrage
opportunities within the limited number of iterations available, whereas the
same algorithm solving the same problem using a standard problem representation is not.

When comparing the average yearly operating cost between the three dierent capacity tari schemes, xed capacity pricing and block capacity pricing
are quite close together, while a system with no capacity taris predictably
results in much lower operating costs.

However, this favourable individual

outcome is oset by heavy use of the electrical grid. While the study of this
resulting externality is outside the scope of this study, this is clearly an unfavourable outcome for society. The choice between xed capacity pricing or
block capacity pricing is more interesting: consumers without solar PV are
slightly better o under a block capacity scheme than under xed capacity
pricing, while the reverse is true for consumers with solar PV. As can be seen
from gure 4.4, block capacity pricing is cheaper than xed capacity pricing
as long as the capacity barrier is not heavily exceeded. It is only for capacity
usage consistently exceeding the capacity barrier that xed capacity pricing
becomes cheaper for the consumer than block capacity pricing.

Applied to

the reported results, this means that under block capacity pricing, the algorithms stay close to enough or below the capacity barrier so that the total
yearly operating costs is lower than in the case with a xed capacity tari.
The addition of solar PV to the system, however, means that there is an
excess of energy to be sold to the grid, driving up capacity usage, resulting
in more capacity payments under a block tari scheme than under a xed
capacity payment scheme.

The crest factors mimic the behaviour of the peak capacity usage, in that a
low peak capacity usage will generally also correspond to a low crest factor.
Furthermore, just as with peak capacity usage, the rst improvement strategy
results in lower crest factors than the best improvement strategy for the same
scenario set-up. When comparing the scenarios with and without solar PV,
how the crest factor changes depends on the basis used for both block capacity pricing and xed capacity pricing:

adding solar PV drives the crest

factor down for the heuristics using the standard bases, and increases the
crest factor for the non-standard bases.
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Block capacity pricing & no solar PV
Best improvement
Basis

First improvement

Av. cost

Peak

Crest

Av. cost

Peak

Crest

Standard 16

514.30 (2.46)

5.65 (0.41)

12.00 (0.90)

528.40 (1.73)

3.80 (1.14)

8.20 (2.46)

Standard 24

518.56 (2.49)

5.65 (0.59)

11.98 (1.30)

529.43 (1.52)

3.17 (0.45)

6.86 (1.00)

2.95 (0.26)

6.26 (0.58)

3.98 (0.76)

8.45 (1.64)

Hadamard 16

510.98 (1.70) 3.45 (0.62) 7.36 (1.36) 510.85 (2.16)

Hadamard 24

517.11 (2.04)

3.88 (0.38)

8.27 (0.80)

518.17 (1.55)

Walsh 16

511.32 (1.88)

4.01 (1.28)

8.53 (2.72)

511.19 (1.88)

Table 4.1:

2.84 (0.17) 6.05 (0.37)

Simulation results under block capacity pricing for a microgrid

without solar PV. 'Av.

cost' stands for 'Average yearly operating cost' in

Euro. 'Peak' represents the average of the maximum grid usage in
'Crest' denotes the crest factor.

For Av.

kW

and

cost, Peak & Crest, the standard

deviation is reported in between brackets.

Block capacity pricing & solar PV
Best improvement
Basis

First improvement

Av. cost

Peak

Crest

Av. cost

Peak

Crest

Standard 16

202.85 (3.98)

4.09 (0.42)

7.78 (0.61)

3.89 (0.35)

6.80 (0.59)

Standard 24

211.16 (3.25)

3.82 (0.33) 7.03 (0.61)

239.95 (2.92)
247.37 (3.03)

6.49 (0.83)

221.35 (4.73)

4.60 (1.72)

8.44 (2.69)

231.19 (4.46)

4.03 (0.47)

Hadamard 16

4.47 (0.41)

7.93 (0.74)

Hadamard 24

225.15 (3.46)

4.54 (0.34)

8.09 (0.60)

267.05 (5.99)

4.32 (0.37)

6.84 (0.53)

Walsh 16

221.24 (4.08)

4.57 (1.29)

8.38 (2.35)

232.09 (4.99)

4.14 (0.60)

7.35 (1.07)

Table 4.2:

Simulation results under block capacity pricing for a microgrid

with solar PV. 'Av. cost' stands for 'Average yearly operating cost' in Euro.
'Peak' represents the average of the maximum grid usage in

kW

and 'Crest'

denotes the crest factor. For Av. cost, Peak & Crest, the standard deviation
is reported in between brackets.

As before, the two system congurations running without any kind of capacity tari stand out:
low.

compared to the other cases their crest factor is

While this does mean that the capacity demand of the microgrid is

rather constant throughout the year, the peak capacity usage in these two
cases are the highest amongst the investigated cases.

Taken together, this

means a constant, heavy load on the distribution network, which can have
repercussions to those components susceptible to wear and tear.

4.3.2 Dimensionality reduction
The simulation results reported above were used as a starting point for reducing the dimensionality of the bases.

In order to achieve this, the obtained
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Fixed capacity pricing & no solar PV
Best improvement
Basis

First improvement

Av. cost

Peak

Crest

Av. cost

Standard 16

523.21 (0.52)

6.53 (0.22)

12.33 (0.41)

544.94 (0.53)

Standard 24

528.16 (0.48)

6.06 (0.40)

11.57 (0.78)

548.10 (0.53)

Hadamard 16
Hadamard 24
Walsh 16

Table 4.3:

520.62 (0.69)

519.11 (0.56)

520.53 (0.61)

Peak

Crest

3.78 (0.53)

7.61 (1.05)

3.74 (0.45) 7.48 (0.89)

5.54 (0.57)

9.80 (1.03)

519.67 (0.75)

5.14 (0.65)

9.20 (1.17)

5.54 (0.46)

8.99 (0.72)

525.77 (0.68)

6.06 (0.74)

10.44 (1.22)

520.76 (0.63)

5.26 (1.02)

9.42 (1.84)

5.09 (0.60) 8.98 (1.04)

Simulation results under xed capacity pricing for a microgrid

without solar PV. 'Av.

cost' stands for 'Average yearly operating cost' in

Euro. 'Peak' represents the average of the maximum grid usage in
'Crest' denotes the crest factor.

For Av.

kW

and

cost, Peak & Crest, the standard

deviation is reported in between brackets.

Fixed capacity pricing & solar PV
Best improvement
Basis

First improvement

Av. cost

Peak

Crest

Av. cost

Peak

Crest

Standard 16

187.04 (0.95)

6.07 (0.54)

8.91 (0.83)

238.34 (0.86)

6.45 (0.32)

8.21 (0.37)

Standard 24

201.82 (1.66)

6.39 (0.29)

9.19 (0.44)

248.27 (1.56)

6.62 (0.59)

8.38 (0.75)

Hadamard 16

186.76 (0.89)

6.32 (0.69)

9.29 (0.99)

Hadamard 24
Walsh 16

Table 4.4:

181.72 (1.30) 5.93 (0.66) 8.54 (0.93)
186.96 (0.97)

7.08 (0.83)

10.40 (1.18)

192.53 (0.81)

6.03 (0.56)

204.38 (0.56)

5.62 (0.54)

195.84 (1.07)

8.98 (0.85)

7.75 (0.76)

5.57 (0.86)

8.35 (1.25)

Simulation results under xed capacity pricing for a microgrid

with solar PV.'Av. cost' stands for 'Average yearly operating cost' in Euro.
'Peak' represents the average of the maximum grid usage in

kW

and 'Crest'

denotes the crest factor. For Av. cost, Peak & Crest, the standard deviation
is reported in between brackets.

No capacity pricing & no solar PV
Best improvement
Basis

Av. cost

Peak

Crest

Standard 16

190.79 (2.11)

Standard 24

216.74 (1.59)

Hadamard 16

18.01 (2.08)

6.37 (0.34)

7.53 (0.10)

2.41 (0.04)

Hadamard 24

74.11 (2.04)

7.50 (0.09)

3.31 (0.03)

Walsh 16

18.09 (2.37)

7.52 (0.06)

Table 4.5:

6.44 (0.22)

First improvement
Av. cost

4.77 (0.13)

230.32 (1.81)

5.43 (0.29)

252.03 (2.38)

Peak
6.98 (0.22)

Crest
5.13 (0.15)

6.89 (0.21)

5.80 (0.18)

147.36 (1.29)

7.49 (0.10)

3.29 (0.06)

202.01 (2.65)

7.43 (0.12)

2.41 (0.02) 130.24 (1.72)

7.49 (0.06)

4.54 (0.08)

3.04 (0.02)

Simulation results under no capacity pricing for a microgrid

without solar PV.'Av.

cost' stands for 'Average yearly operating cost' in

Euro. 'Peak' represents the average of the maximum grid usage in
'Crest' denotes the crest factor.

For Av.

deviation is reported in between brackets.
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kW

and

cost, Peak & Crest, the standard

No capacity pricing & solar PV
Best improvement
Basis

Av. cost

Peak

Crest

Av. cost

Peak

-161.87 (1.04)

-122.46 (2.63)

-134.30 (0.85)

7.88 (0.36)

5.76 (0.30)

Standard 24

5.85 (0.24)

-101.00 (1.48)

7.23 (0.09)

5.40 (0.04)

Hadamard 16

-333.44 (2.76)

9.32 (0.39)

2.93 (0.12)

-203.68 (0.97)

9.19 (0.29)

3.86 (0.10)

Hadamard 24

-277.33 (2.26)

8.56 (0.39)

3.64 (0.15)

-150.58 (1.38)

7.77 (0.29)

-333.95 (2.87)

9.30 (0.22)

2.86 (0.10) -221.07 (2.27)

7.70 (0.18)

Crest

Standard 16

Walsh 16

8.76 (0.46)

First improvement

9.28 (0.39)

5.13 (0.11)

4.40 (0.13)

3.65 (0.12)

Table 4.6: Simulation results under no capacity pricing for a microgrid with
solar PV.'Av. cost' stands for 'Average yearly operating cost' in Euro. 'Peak'
represents the average of the maximum grid usage in
the crest factor.

For Av.

kW

and 'Crest' denotes

cost, Peak & Crest, the standard deviation is

reported in between brackets.

solutions for each of the dierent simulation set-ups and bases are pro jected
on their respective bases and squared. The average of these squares across the
simulated year is taken and represents a measure for the relative importance
of the corresponding basis vector in the solutions encountered. Additionally,
we normalised the vector containing these weights for each of the bases to
allow for comparison between bases. The bases with reduced dimensionality
are constructed by retaining the twenty-ve percent of basis vectors with the
highest weights. The choice to retain a quarter of the basis vector is based on
the results reported in gure 4.5b, as the four basis vector with the highest
weights are clearly distinguishable from the other basis vectors. In order to
have comparable results, the same ratio was used on the two other bases.
This dimensionality reduction is not carried out for the two standard bases,
as dimensionality reduction in their case would imply that there would only
be a non-zero solution for one quarter of the hours of the considered horizon.

The bases components retained are columns 1,9,5 and 13 for the Hadamard
16 matrix, columns 1,13,19,7,20 and 4 for for the Hadamard 16 matrix and
columns 1,2,3 and 4 for the Walsh matrix in construct the dimensionally
reduced bases. Note that the dimensionally reduced bases are ordered based
on the calculated weights. Figure 4.5 shows the result of this operation. It
is immediately apparent that the choice of which basis vectors to retain is
only dependent upon the choice of basis:

gure 4.5 shows that neither the

system conguration nor the heuristic used have any impact on which of the
basis vectors will be retained. While the weights of the rst and second most
important basis vector might shift a bit between dierent system set-ups,
their respective position does not change.

Additionally, the weights vary

little in between dierent realisations of the same system conguration, as
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(a) Hadamard 24

(b) Hadamard 16

(c) Walsh 16

Figure 4.5: Normalised weights of the basis vector, grouped per basis. Colour
codes are the same for all subgures:
Red: Best improvement, block capacity pricing & no solar PV.
Blue: Best improvement, no capacity pricing & no solar PV.
Black: Best improvement, no capacity pricing & solar PV.
Green: Best improvement, block capacity pricing & solar PV.
Brown: First improvement, block capacity pricing & no solar PV.
Magenta: First improvement, no capacity pricing & no solar PV.
Cyan: First improvement, no capacity pricing & solar PV.
Dark Green: First improvement, block capacity pricing & solar PV.
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the marks of the same colour are superimposed on one another in gure 4.5.

4.3.3 Results with dimensionality reduction
In order to evaluate the impacts of using these dimensionally reduced bases
on the yearly operational cost, the experiments were rerun using the dimensionally reduced bases. The scenario without a capacity tari was not simulated again because of the high externalities that resulted from this scenario.

As is immediately apparent from comparing the results reported in tables 4.7
to 4.10 with their respective counterparts without dimensionality reduction,
the performance of the heuristics after dimensionality reduction is highly
dependent on the simulation set-up.

Whereas the heuristics using the di-

mensionality reduced bases outperform the full dimensionality bases for the
case of a system without PV operating under a block capacity tari scheme,
and almost reach the same performance for a system without PV operating
under xed capacity taris.

In both simulation set-ups incorporating solar

PV, the dimensionally reduced bases are outperformed by the heuristics using the full dimensionality bases.

As can be seen from tables 4.7 and 4.9, the heuristics using the dimensionally
reduced bases manage to keep the peak capacity usage down, tables 4.8 and
4.10 show a similar, but less pronounced, reduction of peak capacity usage
for the system congurations with solar PV generation.

The crest factors

exhibit a similar behaviour.

Looking at the results for the dimensionally reduced bases, it is now the
Walsh base that presents the low average cost overall, being the cheapest in
six out of eight of the simulation congurations ran, while being well within 1
standard deviation from the best performing algoritm in the two other cases.
This reversal from the results discussed in section 4.3.1 shows that the Walsh
16 basis is the most suited of the bases for the dimensionality reduction outlined above.

The main reason for the higher yearly operating costs prevalent amongst the
heuristics using the dimensionally reduced bases is that they no longer have
the exibility to fully make use of the arbitrage operations oered by the
real-time energy market, precisely because of the reduction of dimensionality
in the bases used. These higher average yearly operating costs are however
oset by a reduction in computation time: while comprehensive and comparable data on runtimes is not available as the simulations were run in parallel
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Block capacity pricing & no solar PV
Best improvement
Basis

Av. cost

Hadamard 16

509.63 (1.63)

Hadamard 24

513.75 (1.75)

Walsh 16

509.65 (1.55)

Table 4.7:

First improvement

Peak

Crest

Av. cost

Peak

1.67 (0.12)

3.54 (0.26)

510.58 (1.60)

1.69 (0.03)

516.48 (1.73)

1.82 (0.91)

1.39 (0.07) 3.00 (0.16)
1.66 (0.05)

3.46 (0.20)

510.24 (1.37) 1.40 (0.05)

Crest
3.62 (0.08)

3.00 (0.25)

3.64 (0.14)

Simulation results under block capacity pricing for a microgrid

without solar PV, using dimensionally reduced bases.

'Av.

cost' stands for

'Average yearly operating cost' in Euro. 'Peak' represents the average of the
maximum grid usage in

kW

and 'Crest' denotes the crest factor.

For Av.

cost, Peak & Crest, the standard deviation is reported in between brackets.

on dierent computers, computation time for the instances on one of the
used machines dropped from 950 seconds to 550 seconds when switching to
the dimensionally reduced base representations of the problem, meaning that
the dimensionality reduction certainly has its merits.

Another advantage of using the dimensionally reduced bases becomes apparent when inspecting the charge-discharge behaviour of the battery.

The

number of charge-discharge cycles can be approximated by counting the number of sign changes in the power ow from the battery, with every pair of
consecutive sign changes corresponding with a charge-discharge cycle. This
is however an approximation which will overestimate the true number of
cycles, as a certain depth of discharge is required before such cycling aects
the useful lifetime of the battery.

When looking at this charge-discharge

behaviour, the heuristics using the Walsh 16 basis perform best across the
board, obtaining the results outlined in this section between 1100 and 1650
cycles.

The dimensionally reduced version of this Walsh 16 basis, however,

only needs between 600 and 900 charge-discharge cycles, with comparable reductions for both of the Hadamard bases. While the technical specics of the
impact of number and type of charge-discharge cycles on expected battery
lifetime is outside the scope of this paper, it is to be expected that such a
drastic reduction in the number of charge-discharge cycles per year will have
a positive impact on the overall lifetime of the battery. This eect could, at
least partially, oset the reported dierence in yearly operating cost between
the normal and dimensionally reduced versions of the algorithm.

A more

detailed analysis of the actual battery technology used would be required to
address this question.
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Block capacity pricing & solar PV
Best improvement
Basis

Av. cost

Hadamard 16

255.39 (4.43)

Hadamard 24

262.80 (5.27)

Walsh 16

Table 4.8:

255.01 (4.60)

Peak

First improvement
Crest

Av. cost

3.07 (0.26) 5.33 (0.45) 258.38 (4.76)
3.81 (0.76)

6.00 (0.66)

271.01 (5.23)

3.43 (0.45)

5.95 (0.77)

259.16 (5.40)

Peak

Crest

3.32 (0.49)

5.75 (0.86)

3.42 (0.42)

5.92 (0.73)

3.00 (0.23) 4.99 (0.38)

Simulation results under block capacity pricing for a microgrid

with solar PV, using dimensionally reduced bases.

'Av.

cost' stands for

'Average yearly operating cost' in Euro. 'Peak' represents the average of the
maximum grid usage in

kW

and 'Crest' denotes the crest factor.

For Av.

cost, Peak & Crest, the standard deviation is reported in between brackets.

Fixed capacity pricing & no solar PV
Best improvement
Basis

First improvement

Av. cost

Peak

Crest

Av. cost

Peak

Crest

Hadamard 16

545.73 (0.45)

2.64 (0.16)

5.28 (0.31)

545.71 (0.25)

2.87 (0.70)

5.78 (1.42)

Hadamard 24

557.71 (0.43)

2.80 (0.03)

6.37 (0.07)

557.84 (0.31)

2.67 (0.07)

6.08 (0.17)

Walsh 16

Table 4.9:

524.52 (0.41) 1.77 (0.06) 3.33 (0.12) 525.71 (0.40) 1.89 (0.03) 3.61 (0.06)

Simulation results under xed capacity pricing for a microgrid

without solar PV, using dimensionally reduced bases.'Av.

cost' stands for

'Average yearly operating cost' in Euro. 'Peak' represents the average of the
maximum grid usage in

kW

and 'Crest' denotes the crest factor.

For Av.

cost, Peak & Crest, the standard deviation is reported in between brackets.

Fixed capacity pricing & solar PV
Best improvement
Basis

Av. cost

Peak

Hadamard 16

265.04 (0.45)

3.76 (0.07)

Hadamard 24

289.40 (0.87)

3.59 (0.11)

Walsh 16

Table 4.10:

197.61 (0.58) 3.15 (0.16)

First improvement
Crest
4.83 (0.09)

4.58 (0.14)

5.26 (0.30)

Av. cost

Peak

265.31 (0.77)

3.38 (0.12)

289.49 (0.93)

3.59 (0.11)

199.70 (0.63) 3.24 (0.17)

Crest
4.92 (0.16)

4.58 (0.14)

5.27 (0.28)

Simulation results under xed capacity pricing for a microgrid

with solar PV, using dimensionally reduced bases.

'Av.

cost' stands for

'Average yearly operating cost' in Euro. 'Peak' represents the average of the
maximum grid usage in

kW

and 'Crest' denotes the crest factor.

For Av.

cost, Peak & Crest, the standard deviation is reported in between brackets.
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4.4 Conclusion
We have solved the day-ahead economic dispatch problem for a microgrid
with storage and local intermittent generation and with the inclusion of capacity taris.

We used our own multi-start heuristic to solve this problem,

and showed our heuristic approach to be eective.

Our results have both

methodological and policy implications.

Where the methodology is concerned, our results show that using a representation which mimics some of the periodicity inherently present in the
problem being studied has benets, as evidenced by the strong performance
of the non-standard bases used.

Furthermore, we have shown that these

non-standard bases can be used to reduce the dimensionality of the problem, thereby saving on computational time:

a dimensionality reduction of

75% corresponded to a runtime reduction of 40% and a cost increase of 20%,
clearly showing that the dimensionality reduction has merit.

We have also shown how it is possible to steer consumer load with both energy and capacity price signals. Our results show the impact of the design of
the capacity tari on the load behaviour of consumers: a block capacity tari
is able to limit peak capacity usage more than a xed capacity tari scheme,
which is in accordance with the results earlier published by Fridgen et al. [9],
while at the same time leading to comparable cost outcomes for the consumer.

Finally, our results show that the balance between the energy price and
the capacity price for electricity is important, and impacts both the yearly
operation cost of the individual microgrid, as well as the peak capacity usage,
meaning that this is a worthwhile avenue of further research.
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Appendix A: Linear algebra and intuition behind dierent bases
A basis is a linearly independent spanning set of vectors.

Linearly inde-

pendent means that it is impossible to write one of the vectors as a linear
combination of the other vectors in the set, while spanning means that all
the vectors in the considered vector space can be expressed as a linear combination of the considered set of vectors.

As an example, consider

R2 ,

the

(a, b) where both a and b are real numbers.
2
The standard basis for R is e1 = (1, 0) and e2 = (0, 1). Take for instance
the vector 2 = (2, 2), it is easy to see that v = 2 · e1 + 2 · e2 . However, another
2
valid basis for R is f1 = (1, 1) and f2 = (1, −1); it is easy to see that these
vector space of all coordinates

two vectors are linearly independent, and it has been proven that a linearly
independent set of dimension

n

is a basis for an

n

dimensional vector space,

meaning that the spanning property need not be proven. The vector

v = 2 · f1 + 0 · f2 .

now also be written as

Note that the vector

v

v

can

has not

changed, it are only the coordinates that are used to describe the vector in
relation to the basis vectors that are dependent on the choice of basis vectors.

v

e2

f2

e1
f1

Two dierent two dimensional bases

Now, consider an extension of this two dimensional example to a four dimensional vector space.

However, instead of looking at an arbitrary four

dimensional space, let us apply this to a rudimentary load prole. This load
prole splits a complete day into four dierent, 6 hour sections: 1: morning (06.00-12.00), 2:
and 4:

afternoon (12.00-18.00), 3:

night (00.00-06.00).

evening (18.00-00.00)

In order to now fully describe a load prole
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of this kind, it is enough to know how high the load is for the four dierent
periods, hence the four dimensional space. Just as in the previous example,
the standard basis for this four dimensional space is

(0, 1, 0, 0), e3 = (0, 0, 1, 0)

and

e4 = (0, 0, 0, 1).

So, a

e1 = (1, 0, 0, 0), e2 =
load pattern, l1 , that

uses 4 units (dimensionless, for ease of discussion) of power in the morning, 4 units during the afternoon, 2 units during the evening and 2 unit
during the night is

l1 = 4 · e1 + 4 · e2 + 2 · e3 + 2 · e4 .

However, just as

before, it is also possible to dene other bases for this four dimensional vector space, like the walsh basis:

w1 = (1, 1, 1, 1), w2 = (1, 1, −1, −1), w3 =

(1, −1, −1, 1), w4 (1, −1, 1, −1). l1 can now also be expressed in terms of the
walsh basis: l1 = 3 · w1 + 1 · w2 + 0 · w3 + 0 · w4 . Note how in this example it
is possible to assign meaning to the dierent basis vectors: in the case of the
standard basis, each of the basis vectors captures the height of the load prole
during the corresponding hour. When looking at the Walsh basis, however,
each of the basis vectors can be understood as a certain trend within the load
prole: the rst basis vector models the base load, as it is a constant term,
while the second component encodes for a prole with a higher load during
the daytime periods, and a lower load during night time periods. Similarly,
the third and fourth basic vectors are patterns showing a similar, periodic
variation.

Load

Load

2

2
e1

1
1

e2

1
2

3

4

Period

1

-1

2

3

4

Period

-1

-2
Load

-2
Load

2

2
e3

1
1

2

3

e4

1
4

Period

1

-1

-1

-2

-2
Standard Basis
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2

3

4

Period

Load

Load

2

2
w1

1
1

2

w2

1
3

4

Period

1

-1

2

3

4

Period

3

4

Period

-1

-2
Load

-2
Load

2

2
w3

1
1

2

w4

1
3

4

Period

1

-1

-1

-2

-2

2

Walsh Basis

The reason to explore such a non-standard basis, like the Walsh basis is apparent from the example outlined before: assuming that there is some periodic behavior apparent in the set of vectors that we want to study, it might be
easier to represent them as a sum of certain periodic basis components than
as a sum of what happens on each of the individual series considered. Furthermore, based on our hypothesis that some of these periodic components
will be more important for the set of vectors we are interested in, the Walsh
representation allows those vectors to be represented using only a subset of
the original basis vectors.

The simplied, intuitive, example is as follows:

assume that that the vector

l1

is the pattern corresponding to the optimal

solution to the optimization problem outlined in section 4.2.1; if we search
for this solution using the standard basis, we need all four basis vectors to
be able to construct

l1 .

However, if we search for this solution using the

Walsh basis, two of the four basis vectors suce for the construction of

l1 .

Of course, this line of reasoning is only true if most of the optimal solutions contain certain patterns, corresponding to certain basic vectors, more
strongly than other. However, gure 4.5 presented in section 4.3.2 show that
this is the case for the problem being studied within.
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Chapter 5
Steering the adoption of battery
storage through electricity tari
design1
Abstract
The economic viability of electricity storage using batteries, under dierent
tari structures and system congurations, is investigated.

The economic

outcomes of the dierent combinations of tari design and system conguration are evaluated.

Based on a discussion of the relevant literature, the

following tari designs are used in the study:

(i) xed energy prices, (ii)

real-time energy pricing, (iii) xed rate capacity taris, and (iv) capacity dependent capacity taris. Next, the dierent simulated system congurations
are outlined: (i) no battery storage, (ii) battery storage only, and (iii) battery
storage and decentralized renewable energy production with PV. Our study
provides insights for policy makers, showing that capacity block pricing only
incentivises storage as part of an (existing) PV installation, while the combination of real time energy pricing and capacity block pricing promotes a
wider adoption of battery storage.

5.1 Introduction
Smart grids have been widely researched as a possible solution for the decarbonisation of society's electricity demand, by allowing a greater penetration

1 This chapter has been submitted for publication to Renewable and Sustainable Energy

Reviews as Milis, K., Peremans, H., Van Passel S. Steering the adoption of battery storage

through electricity tari design
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of renewable energy sources [1],[2],[3]. One possibility to arrive at such a low
carbon smart grid, is the adoption of so-called microgrids.

A microgrid is

widely understood to be a grouping of electrical as well as heat loads and
sources, being able to operate either in self-contained, islanded mode, or as
part of the distribution system, in which case a microgrid is to act as a single,
controllable load [4],[5],[6],[7]. This of course raises the question of how such
loads should be controlled, a discussion of standardisation and control principles in can be found in [8], specically aimed at controlling the load that
microgrids represent.

A good overview of the drivers behind and challenges facing microgrids is
given in [9], [10] zooms in on the challenges and opportunities concerning
smart grids and microgrids.

In previous work [11], it has been shown that

there is a dearth of research looking at the policy impacts of dierent tari
schemes on the economics of microgrids, as most tari policy research focusses on the utilities.

One main recurring component which has been widely investigated in the
context of microgrids, is storage, both of heat and electricity.

Storage is a

well-researched component, as it greatly facilitates balancing of generation
and load. As shown in [12], locally available storage allows for ecient control of the grid through the use of well-designed price signals.

However, a

suitable and robust business case for storage remains elusive, as evidenced by
various publications looking at dierent possibilities: using the battery capacity of electric vehicles in a vehicle-to-grid setup was investigated by in [13],
while [14] investigates the possibility of using arbitrage possibilities.
papers report favourable outcomes in some, but not all, scenarios.

Both

Further

evidence of the precarious business case underpinning the adoption of storage
is provided in [15], showing that round trip eciency and capital costs -both
drivers for the overall cost of ownership- are still signicant barriers to the
wide scale adoption of energy storage technologies.

Against this backdrop of proven societal benets from the adoption of storage on the one hand and uncertain protability on the other hand, this paper investigates the impact of government policy on the adoption of energy
storage. More specically, we look at the impact of a capacity tari for electricity on the household adoption of battery storage. In order to eectuate
this analysis, we simulate dierent household microgrid congurations under
varying electricity price and tari schemes, minimizing the total operational
cost over the period of one year for a modal residential Belgian consumer. .
The choice of nationality is driven by ease of access to the relevant data; as
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the authors are attached to a publicly funded Belgian university, the Belgian
transmission and distribution system operators readily made the required
data available.

As systems costs and technical performance of intermittent

generation and storage are not only the subject of signicant technological
change but also important drivers of the overall protability of any given microgrid conguration [15], no a priori assumptions are made when it comes
to installation costs or technical performance of intermittent generation or
storage. The analysis made will instead indicate the tipping point, expressed
as an annualized cost below which dierent systems congurations become
economically viable.

The following section provides a more in depth literature review concerning the issues of interest directly linked to the research question at hand.
Section three states the research goal as well as the central research hypothesis, thereby also clearly delineating the contribution of this work.

The

fourth section details the research methodology used, and discusses in order
the research method, the research variables and the design of the simulation
model. A presentation of results and a discussion of these results and policy
implications closes this paper.

5.2 Literature review
Research into microgrids is fertile eld, as evidenced by the comprehensive
literature review establishing a functional layer based classication [16]. This
review provides a good starting point and provides a broad overview of microgrid concepts as well as existing microgrid test beds.

As [16] provides

a good basis of information, the remainder of this section will be explicitly
focused on the areas of interest of this paper, being policy measures used to
inuence system conguration on the one hand, and microgrid modeling and
simulation on the other hand.

As mentioned in the introduction, little research has been done on the impact of policy on microgrid economics [11].

A popular investigated policy

intervention is carbon taxation, as it is present in a majority of earlier work
[17, 18, 19, 20, 21, 22].

The reported results of this policy intervention are

mixed however: either they result in no noticeable impact on the microgrid,
compared to the no intervention scenario [17, 18, 22] or they incentivise the
installation of solar PV, but only when combined with a feed-in tari for
electricity generated by these panels [19, 20]. Only one case reports a somewhat favourable outcome of carbon taxation where renewable generation is
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concerned [21].

As already outlined above, economic incentives in the form of feed in taris
can be eective [19, 20], while suciently high tax credit, amounting to 50%
of the installation cost in [22], will have a signicant impact on the installed
system conguration, heavily favouring the adoption of wind power. When
the operation of the installed system is considered as well, the results are
more mixed: conventionally red CHP units still contribute the majority of
the generated power in the system modelled in [22], while some of the considered feed-in taris are higher than the grid price of electricity, leading to
the system buying all needed power from the grip, while selling all generated
power from the solar panels at the same time.

Less work has been done on investigating the impact of dierent tari systems, and the work available focuses exclusively on energy time of use pricing,
however, once again, the impact is found to be negligible [18], or sometimes
even negative, if emission costs are considered [23].

Time of use pricing is generally more studied as a measure to steer consumer
loads [24], without taking the resulting economics into account [25].

Along

a similar vein is the work presented in [12], capacity instead of energy price
signals are used to steer a controllable load.

The choice for using capacity

pricing as a signal as opposed to energy pricing is made because this better
reects the economic realities distribution system operators are faced with,
when serving the connected consumer loads.

Furthermore, these measures

are found to be eective in their stated goal of steering consumer loads.

There is a broad consensus in existing research where the simulation and
modelling of microgrids is concerned: simulations are set-up and mathematical optimisation based on mixed integer programming is carried out [17, 22].
The scope of dierent presented models in the literature diers however: some
models are operational models, focusing exclusively on operational parameters [18], while others are investment models, taking both the investment and
operational costs into account [17, 19, 20].

5.3 Research goal & hypothesis
Based on the review outlined above in section 2 and the ndings reported
in [11] a clear research gap becomes evident:
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to the best of the author's

knowledge there has been no research focusing on using capacity taris to
encourage the uptake of storage technologies. The contribution of this paper
is that it closes that research gap, by presenting the impacts of a capacity
tari scheme, both by itself as well as in conjunction with real time energy
pricing and evaluating the impact of these pricing schemes on a residential
microgrid. In doing so, this paper not only extends the breadth of scientic
knowledge surrounding microgrids, but also expands the toolkit of policymakers, by providing evidence of the impact of capacity taris on the economics of dierent microgrid system congurations.

The above contribution translates itself to the following research hypothesis:
capacity taris will be eective in dierentiating between dierent system
congurations, where the economics of these dierent systems are concerned,
specically favouring system congurations including storage.

The reason-

ing behind this hypothesis is that system with storage will be able to engage
better in peak-shaving behaviour, allowing them to avoid the higher costs
incurred for high peak usage of capacity.

This hypothesis will be tested by

simulating dierent system congurations -with and without storage as well
as with and without intermittent generation-, under a no intervention scenario, a scenario with capacity taris, and a scenario with both capacity
taris and real time energy pricing.

This research aligns itself with those

papers taking an operational approach, deliberately choosing not to take investment cost into account, but instead aiming to provide policy insights
that are relevant regardless of the current installation costs of the investigated technologies.

5.4 Research Methodology
This section discusses in detail the methodology used to test the hypothesis
outlined in section 3.

A rst subsection details the research method used,

detailing both the simulation model as well as the optimisation problem being solved. The second subsection delves deeper into the policy interventions
investigated, while the third and nal subsection elaborates on the particulars of the simulations.
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(a) Model without intermittent generation
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+Ql
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(b) Model with intermittent generation
Figure 5.1: Model congurations

5.4.1 Reserach method
In order to investigate the impact of electricity tari design on the adoption of battery storage, a simulation model is used.
renement of the model presented in [26]:

The model used is a

a residential consumer is mod-

elled, consisting at a minimum of an exogenous load prole and a connection
to the electricity grid, which serves as a limitless source or sink of electrical
energy. Additionally, local distributed generation and/or storage can also be
present. The model only incorporates electrical generation and load, heat is
not included. As more fully elaborated upon in [26], the explicit focus of the
model is the underlying economics, meaning abstraction is made of technical
considerations such as line losses or most of the technical aspects of individual
model components.

Figures 5.1a and 5.1b present a schematic overview of

the used model: gure 5.1a shows the modeled system without the presence
of intermittent generation, while gure 5.1b shows the system layout for the
case where intermittent generation is included in the modeled system. Additionally, both gures 5.1a and 5.1b also show the sign convention used: power
and energy ows are considered positive when they are owing towards the
load.

While this results in the seemingly counter-intuitive situation where

charging the storage component means a negative sign for the respective
term,

Qs ,

this sign convention was chosen to ensure consistency across all of

the terms used in the equation.

For the simulated system, the yearly operating cost, comprised of the payments made for the used energy and applicable taris, is minimized using
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Matlab.

The formulation of the problem is as follows (please consult the

nomenclature at the end of this paper for the meaning of the used symbols).
We minimize the cost function

min
QG

" 24
X

#
QG (t) · PG (t) + |QG (t)| · Cp1 + max (|QG (t)| − Cb , 0) · (Cp2 − Cp1 )

t=1
(5.1)

subject to the following constraints:

QL (t) = QG (t) + QS (t) + QI (t) ∀t = 1, ..., 24
Sin (1) −

t
X

QS (τ ) 6 Smax

(5.2)

∀t = 1, ..., 24

(5.3)

τ =1
t
X

QS (τ ) 6 Sin (1) ∀t = 1, ..., 24

(5.4)

τ =1
The decision variables used in the simulation model is the vector
the index t running over a 24-hour period.

QG (t)

with

At the start of each 24-hour

period, we renumber the indexes of the hours considered, so that the rst
hour has index 1, and the last hour has index 24. A rolling 24-hour window is
used: after the optimization is nished for the rst 24 hours, the solution for
the rst hour is saved, after which the optimization is carried out for hours
2 through 25, yielding the solution for the second hour, and so on and so forth.

Before elaborating on the cost function and the constraints, it is important
to discuss the sign convention used. All ows of power to the load are positive, while all ows of power away from the load are negative, by convention.
This does not impact

QI

as the amount of power available from the distrib-

uted generation will always be non-negative. However, said sign convention
has some repercussions where the interpretation of the signs of the decision
variables,

QG

and

QS

are concerned. For

QG ,

this simply means that power

bought from the grid will have a positive sign, while power sold to the grid
will have a negative sign. It is especially important to keep the sign convention in mind with regards to

QS ,
QS .

negative value of
positive sign for

QS ,

as charging storage will be reected by a

while discharging power from storage will result in a

Equation 5.1 details the cost function to be minimized and has two components. The rst component contains the cost for electricity used from the
grid or, conversely, the benet realised by selling electricity to the grid,
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while the second component represents payments made to the grid operator
for the grid capacity used. It should be noted that the actual payments are
calculated using a block tari scheme, where all capacity used above a certain
level,

Cb ,

has to be remunerated at a higher tari.

For each time-step considered, i.e. for each value of index t, the sum of the
amount withdrawn from the grid, the amount withdrawn from storage and
the power available from the intermittent generation must be equal to the
load that needs to be served; this is enforced by equation 5.2. Equations 5.3
and 5.4 are two sets of constraints on the battery: equations 5.3 enforces that
the battery can never be charged past its fully charged state, while equations
5.4 states that the battery cannot be further discharged when it is already
empty. These are two sets of twenty-four equations each, as they have to be
met for each hour of the 24-hour modeling window.

The resolution used in the simulation set-up is one data point per hour. This
means that all the variables considered are to be read as energy amounts.
However, as one of the main aims of this paper is to investigate the impact
of capacity taris, capacity used is also included: electricity bought or sold
during each hour is assumed to be uniformly distributed over that hour,
which means that the peak capacity during that hour also corresponds to
the electricity bought or sold.

For example, assume that during a certain

hour, 1.5 kWh of electricity was bought from the grid, this corresponds to
a capacity usage of 1.5 kW during the entirety of this one-hour window,
resulting in a peak capacity usage of, again, 1.5 kW for the hour under
consideration. Consecutive hours are linked through the storage component,
as the amount of energy in storage at the end of time-step t, is also the
amount of energy that will be in the storage component at the start of timestep t+1.

With the addition of time-varying energy prices, as is the case

for some simulations setups discussed below, this linkage through the energy
stored in the storage component, causes the system to become a non-causal
one, as the optimal decision at any given moment is dependent on future
events. The modelling intricacies this entails are further discussed in [26].

5.4.2 Reseerach variables
In this study, the household electricity bill is split into two parts, an energy component and a capacity component. The energy component provides
remuneration for the energy provider and can either be a reection of the
uctuating wholesale market price, or xed rate per kWh consumed.

In

the studied Belgian setting, household electricity consumers are currently
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Scenario

Energy

Capacity

Objective function

pricing

pricing

A

Fixed price

Fixed rate

B

Fixed price

Block pricing

C

Real time

Block pricing

P
minQG  24
t=1 (QG (t) · pg,f ix + |QG (t)| · Cp,f )
P
24
minQG
t=1 QG (t) · pg,f ix + |QG (t)| · Cp1
+max (|QG (t)| − Cb , 0) · (Cp2 − Cp1 )]
P24
minQG
t=1 QG (t) · PG (t) + |QG t| · Cp1
+max (|QG (t)| − Cb , 0) · (Cp2 − Cp1 )]

Table 5.1: Pricing and tari design scenarios

charged using a xed rate scheme.

Spot pricing was however included to

open up the possibility of price arbitrage by storage owners.

Likewise, two options are investigated for the capacity part of the electricity
bill.

The rst option is a xed capacity tari, where all capacity used, has

to be remunerated at a xed rate,

Cp,f .

The second option is capacity block

Cp,1 , which is the
by Cb and a higher

pricing, where there are two capacity taris: a lower one,
tari for all capacity falling in the lower block, limited
tari, for all capacity used above

Cb .

In total, this leads to three investigated scenarios, as show in table 5.1. Scenario A serves as a base case, without any additional policy intervention,
as it most closely resembles the actual situation in Belgium.

Scenario B

builds on scenario A by introducing block capacity pricing, while scenario
C not only incorporates block pricing, but real time energy pricing as well.
It is important to mention that these scenarios also have repercussions on
the ob jective function used: the objective function as detailed by equation
5.1 is the most general form, and holds true for scenario C. The objective
functions for the other two scenarios are derived from it, as shown in table 5.1.

The described optimization problem is solved for a simulated year using a 24hour sliding window. After an optimal solution for the next 24-hour window
is found, the results for the rst hour are saved after which the optimization
is run again, but now for hours two through twenty-ve.
repeated until a solution for the entire year is obtained.
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This process is

Cp,f
Cp,1
Cp,2

0.0652
0.0581
0.1872

e/kW
e/kW
e/kW

Table 5.2: Capacity prices

5.4.3 Design of the simulation model
Following the elaboration on the used simulation framework in the previous
section, this subsection provides greater detail on the design of the investigated policy interventions on the one hand, and the simulated system congurations on the other hand. Furthermore, the used data sources and instance
generation are also discussed.

Energy and capacity price points
As Schreiber et al. report favourable results with such capacity tari design
in [12], the same values for

Cp,f , Cp,1

and

Cp,2

are used as starting points in

this study. The numerical values of these parameters can be found in table
5.2.

Since the overall goal of the capacity block taris is to reduce the peak load
on the system, the cut-o point for the lower capacity block is designed to
encourage peak shaving by the individual consumer. As such, the threshold
for the capacity block tari scheme is set as function of the average consumer
load, being 1.2 times the average hourly load.

Spot price data was obtained from Belpex [27], while the xed energy price
was set to the yearly average of the spot price data, in order to eliminate any
bias towards either spot pricing or xed pricing due to a dierence in overall
price level.

System congurations
A variety of systems congurations is investigated for a modal Belgian household with a yearly electricity consumption of 3600 kWh.

In the base case,

only this load is present, without any intermittent generation or storage components available. This base case serves as a dual baseline: it will allow for
an estimation of the impact of the investigated policy measures on an average
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consumer when no actions are taken by the consumer, while it also serves as
a common backdrop against which the other system congurations can be
evaluated.

This base system conguration is then expanded with storage capacity in
the form of batteries, intermittent generation provided by solar photovoltaic
panels or a combination of both.

Battery storage is available in 0.9 kWh

increments, ranging from 0.9 kWh to 4.5 kWh of storage. Solar photovoltaic
generation is available as a 2.1 kWp installation. It should however be noted
that not all possible combinations have been simulated: without solar PV,
small to medium battery storage has been included, while for systems with
PV, only medium to large battery storage was included.

Data sources and instance generation
All data exogenous to the model are based on existing datasets: the electricity price data were obtained from Belpex [27], the load data is based upon
the synthetic load curve for a residential Belgian consumer made available by
Synergrid, the Belgian Federation of grid operators [28] and the solar generation data was obtained from Elia, the Belgian Transmission system operator
[29].

In order to evaluate the stability of the obtained results, the addition

of weighted white noise was used in order to eectuate three simulation runs
based upon dierent realizations for each combination of scenario and system conguration. Descriptive statistics for the exogenous datasets used are
reported in table 5.3. The statistics in table 5.3 clearly show that each of the
simulations ran can be considered as a dierent realisation of the same year,
as the each of the three data sets used are shown to be be similar, yet distinct.
The very low median and high skewness of the solar generation data is due to
the fact that there are many hours each year when it is dark, meaning solar
PV panels produce no electricity.

Finally, comparison of tables 5.2 and 5.3

clearly show that the capacity taris on the whole cover a similar range as
the real time energy price, except for the price of the higher capacity block,

Cp,2 , leading to the expectation that the block capacity tari will be eective
at steering the consumer load, as the capacity price signal encountered when
entering the more expensive capacity price block will outweigh the energy
price signal.

An important assumption made is that the system has perfect knowledge
about the future, meaning that the predicted load, price prole, and solar
irradiance for the coming twenty-four-hour period will always completely
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Descriptive

Load data

Solar Generation data

Real time price data

(kW )

(kW/kW p)

(e/kW h)

statistics
Mean

0.41

0.41

0.41

0.22

0.23

0.23

0.08

0.08

0.08

Median

0.40

0.40

0.40

0.00

0.00

0.00

0.09

0.09

0.09

Skewness

0.56

0.56

0.57

1.82

1.82

1.83

-.077

-0.74

-0.96

0.14

0.14

0.14

0.37

0.37

0.37

0.04

0.04

0.04

Minimum

0.14

0.13

0.15

0.00

0.00

0.00

-0.38

-0.41

-0.43

Maximum

1.02

0.94

0.94

1.98

1.97

1.84

0.32

0.31

0.32

(unitless)
Standard
deviation

Table 5.3: Descriptive statsitics of the exogenous data sets

match the corresponding realisations of that period.

While this may be

somewhat unrealistic, as in reality, some measure of forecast error will always be present, this assumption was made in order not to only simplify the
modeling work, but more importantly also to ensure that any forecast error
would not skew or interfere with the research question at hand.

5.5 Results and discussion
First, the quantities of electricity bought from and sold to the grid are discussed. Next, the yearly costs are analysed.

Figure 5.2 shows the amount of electricity bought from or sold to the electricity grid, for the second week of January, under scenario A (no additional
policy intervention). This gure mainly serves as a baseline for comparison
with the policy intervention scenario B and C. It should also be noted that
the results for the base case and the system with only 1.8 kWh of storage are
identical for scenario A, meaning they are superimposed over one another in
gure 5.2.

Only one week's worth of simulated data is shown because such

an interval allows for the data to be displayed in a clear and legible way,
while still showing the general trend that is present in all the data points.
Similarly, the choice was made to only depict 4 system congurations out
of the 8 investigated. Similar gures for the four system congurations not
shown here, can be found in appendix I. Additionally, the gures appended
in appendix II present the same data as shown by the gures discussed here,
but grouped by system conguration as opposed to by scenario. At this point
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Figure 5.2: Second week of January for scenario A (xed energy pricing, xed
capacity pricing)
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Figure 5.3:

Second week of January for scenario B (xed energy pricing,

block capacity pricing)

also bears repeating that the resolution of the simulation is one data point
per hour, with the assumption that the energy quantities -so the load, charging or discharging storage and generation from solar PV- remain constant
during this one-hour window. This also means that the energy quantities depicted in the gures discussed in this section, are also the power ows during
that same hour: a load of 1 kW over the period of one hour corresponds to
1 kWh and vice-versa.

Figures 5.3 and 5.4 show the system congurations during the second week
of January again, but now under policy scenario B and C respectively. As is
immediately apparent, the outcomes for both the base case and the PV system without battery storage do not change. This is as expected, as neither of
those systems have battery storage, they cannot adapt their behaviour based
on the pricing scheme that is in eect. In contrast, the two systems depicted
that incorporate battery storage show marked changes. When comparing gures 2 and 3, both depicted system congurations incorporating storage have
attened their respective peaks in gure 5.3. This is expected behaviour, as
both simulated systems use their available storage components to avoid going
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Figure 5.4: Second week of January for scenario C (spot energy pricing, block
capacity pricing)
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over the capacity threshold.

Under scenario C however, the resulting load

proles of the system congurations incorporating battery storage become
more erratic, as shown in gure 5.4. Not only do the battery-enabled simulated systems show higher peaks, their net consumption of electricity is also
less stable throughout a twenty-four-hour period. Both of these behaviours
are due to the arbitrage possibilities oered by the real time pricing of energy
that the system seeks to exploit.

Interestingly, gure 5.4 also shows a few

instances where the consumption of electricity by the systems with installed
battery storage capacity is higher than under scenarios A or B, indicating
that sometimes the price signal from the energy component is high enough
to override the penalty imposed by the capacity component for exceeding the
capacity threshold.

The behaviour of the battery component in the simulated results is also worth
analysing.

Figures 5.5 and 5.6 show the storage state throughout the year

for a system with 1.8 kWh of storage capacity and without or with 2.1 kWp
PV generation respectively.

Figure 5.5 shows three distinct battery usage

proles, one corresponding to each scenario.
vention scenario, the battery is not used.

As expected, in the no inter-

Under scenario B, the battery is

only used during the winter months, in order avoid exceeding the capacity
threshold.

Lastly, the battery will be used throughout the year in scenario

C, as the system tries to exploit any price arbitrage opportunities oered
by the real time pricing of electricity.

When looking at gure 5.6 however,

these three dierent proles are far less distinct: irrespective of the scenario,
the battery will now be used throughout the year, as the storage capacity is
needed in order to increase the self-consumption of generated electricity by
the solar PV panels. Figures for the other system congurations exhibit the
same behaviour as discussed here, and can be found in Appendix III.

The ndings outlined above are in accordance with the results discussed in
[9], as they both show that capacity taris can function as control signals
for controlling distributed storage, if such storage is present in the system.
Nevertheless, this by itself does not indicate if such capacity tari design
provides incentive for the adoption of electricity storage by consumers.

To

address this question table 5.4 lists for each of the system congurations the
yearly operating cost under the dierent policy scenarios as derived from the
simulations.

Before discussing the economic outcomes, an important point needs to be
reiterated:

as stated in the introduction, it was a conscious choice of the

authors to not include capital or maintenance costs for any of the simulated
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Figure 5.5: Storage state for a system with 1.8 kWh of storage capacity

Figure 5.6: Storage state for a system with 1.8 kWh of storage capacity and
2.1 kWp PV capacity
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System Conguration

Scenario
A

B

C

Base case

539.26 (0.37)

515.82 (1.31)

534.85 (1.20)

0.9 kWh storage

539.26 (0.37)

539.59 (0.47)

547.00 (0.41)

1.8 kWh storage

539.26 (0.37)

539.76 (0.55)

538.35 (1.33)

3.6 kWh storage

539.26 (0.37)

540.38 (0.70)

534.39 (2.35)

2.1 lkWp PV

272.90 (0.30)

401.75 (8.45)

419.17 (9.07)

1.8 kWh storage, 2.1 kWp PV

230.24 (0.72)

332.27 (6.15)

342.65 (7.16)

3.6 kWh storage, 2.1 kWp PV

213.26 (0.24)

272.45 (4.88)

281.77 (5.19)

4.5 kWh storage, 2.1 kWp PV

211.10 (1.06)

253.13 (4.50)

263.32 (5.28)

Table 5.4: Simulation results: average yearly operating cost in
deviation in

e/year)

e

(standard

components. This has a signicant impact on how the results presented below should be interpreted: if there is a dierence in reported costs between
various rows in table 5.4, this does not immediately mean that the conguration with the lower reported cost is more economical and should be adopted,
but rather provides a guideline by providing insight in the height of the annualised capital and installation cost which will allow the considered technology
to be economically viable. The benet of this approach is that it does not pin
the obtained results down to any specic level of technological advancement
and technical performance but provides valuable insights valid regardless of
the technical performance of the considered components.

Comparing columns A and B in table 5.4, it is clear that the block pricing
capacity tari scheme does not have a large impact on the base case system
conguration.

While this might seem counterintuitive, as this system con-

guration has no battery storage, meaning that it is impossible to shift any
part of the load to avoid exceeding

Cb ,

for the ma jority of the observations,

the used capacity remains below the capacity threshold. As denoted in table
2, the capacity tari for the lower block,

Cp,1

is lower than

Cp,f ,

so the ma-

jority of the capacity used will be charged at a lower tari under scenario B
as compared to scenario A, explaining the lower cost reported in table 5.4.
When the combination of real time energy pricing and capacity block pricing
is considered in scenario C, the results show that the outcome for the base
case scenario is a reduction of the yearly energy procurement cost.

Note that under scenario A, the resulting outcomes for the base case as well
as all the systems incorporating only battery storage are identical: the bat-
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Figure 5.7: Pro jected costs per 24 hours in

e for Scenario B(Fixed energy &

block capacity pricing)

tery will simply not be used, as there is no reason to use it.

Indeed, there

are neither time-dependent energy prices, which would open the possibility
to engage in price arbitrage, nor is there a block capacity tari, which would
encourage keeping the load prole below the capacity threshold.

Seeing as

the solution algorithm is clearly able to nd the solution which does not
use the battery if that is the lowest cost one, the fact that the operational
costs for systems with battery storage are higher than the base case under
scenario B and C might seem surprising. This is explained, however, by the
shorter decision horizon used in the simulation: only the upcoming 24 hours
are taken into account when deciding on the solution for the next hour, as
opposed to the entirety of the upcoming year.

Figures 5.7 and 5.8 show data supporting this conclusion. In particular, they
show, for the rst two weeks of the year or 336 hours, the pro jected cost that
will be incurred over the upcoming 24-hour period, for scenarios B and C
respectively.

As can be seen in gures 5.7 and 5.8, if the actual horizon of

the problem were to be limited to the same twenty-four hours that the optimisation problem is limited to, the system congurations including battery
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Figure 5.8: Pro jected costs per 24 hours in
block capacity pricing)
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e

for Scenario C(Spot energy &

storage would outperform the base case, with performance increasing with
battery size.

While scenario C does allow the system congurations with

battery storage to engage in price arbitrage, resulting in lower costs than
under scenario B, the price paid in optimization outcome due to the limited
horizon is still the dominating factor, as even the largest of the simulated
storage capacities is still outperformed by the base case system conguration.

Probably the most interesting result, however, concerns the case of the solar
installation without any storage capability. If there is no policy intervention,
opting for the installation of solar PV without battery storage is by far the
most cost-eective investment the simulated homeowner could make: yearly
energy procurements are halved in this case, and no battery storage needs
to be installed.

However, as soon as block capacity pricing is introduced,

the cost savings realized by the solar PV only system conguration drop
dramatically:

the surplus of electricity produced by the solar PV systems

has to be sold to the grid, incurring hefty capacity charges. Where the base
case system conguration saw a decrease in costs under real time pricing
combined with block capacity prices, a similar reduction in yearly costs does
not hold true for the pure PV system, as for this system conguration, the
yearly energy procurement costs are highest when both policy interventions
are combined, as the peak production of solar PV does not coincide with the
moments of peak electricity pricing.

The combination of PV generation and battery storage becomes much more
attractive when the battery storage is considered as an upgrade to an existing PV system, as both under scenarios B and C, signicant savings are
made by transitioning from a pure PV system to a PV system with battery
storage.

Specically, in the case of the 3.6 kWh & PV and the 4.5 kWh &

PV system congurations, adding that amount of battery storage allows the
simulated home owner to return to a pre-policy intervention yearly operating
cost, albeit with higher total system costs.

Seeing as this research is the rst, to the best of the authors knowledge, to
investigate the impact of capacity taris on the economics of microgrids, no
direct comparisons with earlier published research can be made.

However,

some parallels can still be drawn: rstly, it is worth reiterating that, following
published ndings in [9], capacity taris are able to steer consumer loads.
Secondly, when comparing the proposed capacity tari put forward in this
research with the time of use-schemes [18, 23], our results are in line with the
published ndings, in that the capacity tari put forward does not encourage
the uptake of renewables.

Furthermore, as table 5.4 shows, the proposed
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capacity tari actually disincentives the installation of solar PV: the yearly
operating costs for a system with PV generation rises with nearly

e130

if

block capacity taris are implemented. However, this is not a problem when
the stated goal of implementing the block capacity tari is kept in mind,
as it is aimed at promoting the uptake of storage systems, not necessarily
renewables.

Finally, our results are also in line with the ndings published

in [30], as the implementation of block capacity pricing, both separate from
as well as in conjunction with real time energy pricing does not negatively
impact consumers who do not have any microgrid technologies.
In summary, the results presented in this section show that the hypothesis
put forward in section 5.3 holds: gures 5.2,5.3 & 5.4 as well as gures 5.5
& 5.6 show the response, respectively of the system as a whole or of the
battery component, to the implementation of a block capacity tari, and
table 5.4 clearly shows that the proposed block capacity tari has virtually
no impact on some system congurations, like the base case conguration,
or the battery only conguration, while at the same time severely impacting
a system conguration that only has solar PV installed.
Based on the above discussion, the policy implications are clear: if the policy
goal is only to incentivise the adoption of storage in conjunction with, or as
an upgrade to existing solar PV installations, implementing block capacity
pricing should suce. In contrast, should it be the aim of policy makers to
arrive at the widest possible adoption of storage, both capacity block pricing
and real time electricity pricing will be useful, but will not suce by themselves to provide a protable business case for grid-connected battery storage.

5.6 Conclusion
The impact of electricity tari design on the adoption of battery storage
is investigated.

Using an optimization simulation model, the eect of two

policy interventions is studied: (i) block capacity pricing and (ii) the combination of block capacity pricing and real time energy pricing on a variety of
system congurations, consisting of battery storage, solar PV generation or
a combination of both. Due to the uncertainty and volatility of present and
future prices for both battery storage and solar PV panels, the impact of the
considered policy alternatives were investigated by comparing the simulated
average yearly operating costs of the dierent system congurations to a base
case system conguration without storage or solar PV. Notwithstanding that
capacity taris have been shown to be eective at controlling the use of distributed storage, our results show that these capacity taris by themselves
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only weakly incentivize the installation of battery storage, except as an upgrade to existing solar PV installations. We also show that the combination
of block capacity pricing and real time energy pricing might promote a wider
adoption of battery storage, but will not suce by itself.
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Nomenclature
QG (t)
QS (t)
QL (t)
QI (t)
Pg (t)
Pg,f ix
Cb
Cp,f
Cp,1
Cp,2
Ccap (t)
Smax
Sin (t)

kWh bought from grid at time-step t
kWh discharged from storage at time-step t
Load, in kWh, at time step t
Intermittent power production, in kWh, at time-step t
Grid price for electricity at time-step t
Fixed electricity price
Capacity limit of the lower capacity block, in kW
Fixed capacity tari, in

e/kW

Capacity tari for the lower capacity block, in

e/kW
e/kW

Capacity tari for the higher capacity block, in

Capacity payments due to exceeding the lower capacity block incurred during time-step t
Maximum storage capacity, in kWh
State of charge of storage, in kWh, at the beginning of time step t
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Appendix I

Second week of January for scenario A (xed energy pricing, xed capacity
pricing)
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Second week of January for scenario B(xed energy pricing, block capacity
pricing)
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Second week of January for scenario C (spot energy pricing, block capacity
pricing
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Appendix II

Second week of January for the system with 0.9 kWh storage

Second week of January for the system with 1.8 kWh storage
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Second week of January for the system with 1.8 kWh storage & 2.1 kWp PV

Second week of January for the system with 3.6 kWh storage
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Second week of January for the system with 3.6 kWh storage & 2.1 kWp PV

Second week of January for the system with 4.5 kWh storage & 2.1 kWp PV
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Appendix III

Storage state for a system with 0.9 kWh of storage capacity

Storage state for a system with 3.6 kWh of storage capacity
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Storage state for a system with 3.6 kWh of storage capacity and 2.1 kWp PV
capacity

Storage state for a system with 4.5 kWh of storage capacity and 2.1 kWp PV
capacity
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Chapter 6
Conclusion
6.1 Addressing the research question
what is the economic value
of storage for a residential microgrid owner currently, and in case it proves
to be negative, what are policy levers that can be used to adress this?, by
This dissertation addressed the research question

looking at three more specic research questions.
The rst specic research question, what is the current economic value of storage for a residential microgrid owner?, is conclusively answered in chapter
two.

This chapter shows the unanimous result in the reviewed literature

that electricity storage is not included in an economically optimal microgrid
conguration without some kind of governmental support, clearly showing
that the private economic value of storage is low.

While the calculation of

the exact societal benets associated with storage are outside of the scope
of the work presented in the previous chapters, a clear case has been made
in chapter 1 outlining the societal benets oered by a greater penetration
of storage. However, the breadth of investigated policy measures is narrow,
as the reviewed research focusses almost exclusively on feed-in taris on the
one hand and investment incentives on the other hand.

This is especially

somewhat surprising given the fact research focussing on the utility side of
the electrical grid has reported favourable outcomes with the use of capacity
taris.

What is a robust and insightful method to
model microgrids, which allows for the investigation of dierent policy interventions?, is addressed in several chapters. Chapter two shows that a
The second research question,

combination of simulation modeling and optimisation is a widely excepted

123

practice in the eld. The third chapter then explores the nature of the modeling problem at hand, while also showing that storage only really adds value
to a microgrid if either the reliability of the main in grid is low, or if there
are price arbitrage opportunity that can be exploited.

The rst of those

two possibilities is rather unlikely for a grid-connected microgrid in the developed world, and the second possibility constitutes a policy intervention in
an of itself. Chapter four, nally, presents a further developed version of the
model presented in the third chapter, and shows that the proposed heuristic
method is eective, thereby providing an answer to the methodologically inclined sub-research question.

Chapter four's conclusions then also start to address the nal research ques-

Which policy levers favour the installation of storage in residential microgrids?, as they show that real time pricing of electricity, meaning that

tion,

the price of electricity is dierent for each hour, as a function of supply and
demand on its own, while making electricity storage attractive due to opening arbitrage opportunities, will lead to high capacity usage and a constant
high load on the electrical grid. If real time pricing is however combined with
xed or block capacity pricing, the heavy peak usage of the electrical network
is mitigated. This is easily explained by the presence of capacity pricing: under xed pricing, the grid connected parties will pay a xed fee for each kW
of grid capacity they use, either by injection into or withdrawal from the grid,
while under a system of capacity block pricing, a xed amount of capacity can
be used at a predetermined low tari, and all capacity above this threshold
will need to be remunerated at a higher tari. While capacity block pricing
results in only slightly higher operational costs than xed capacity pricing,
the results demonstrate that capacity block pricing has the added benet of
reducing the amount of charge/discharge cycles the microgrid's battery experiences per day, thereby lengthening the expected lifetime of said battery.
This combination of both public benets, as evidenced by lower demand
peaks, which in turn allows for capacity reinforcement investment deferral,
and private benets, in the form of a longer battery lifespan, while at the
same time promoting the adoption of battery storage by microgrid owners,
means that the combination of block capacity pricing with real time energy
pricing is a very promising policy measure in order to promote the uptake of
residential battery storage.

The combination of real time energy pricing and block capacity pricing as
answer to the research question is further reinforced by chapter 5, as it not
only echoes the ndings of chapter 4, but shows additional evidence why the
proposed policy intervention would be robust: it would have no detrimental
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eect on consumers without storage or solar panels, as most of the capacity
usage is in the lower capacity price block, and peak household demand doesn't
coincide with electricity price peak, the cost for a household without any microgrid technologies will even see a slight reduction in yearly operating costs.
This is a non-trivial result from a social point of few, as the case can be made
that poorer households will lack the nancial means to invest in microgrid
technologies, and would therefore be obliged to accept the consequences of
any policy intervention on the base case system conguration, without any
possibility to adopt new technologies. System congurations with batteries
also see an improvement in their yearly operational costs, and it are only the
system congurations with PV that are negatively aected, however, this
eect can largely be mitigated by installing battery storage which allows for
more of the produced electricity to be self-consumed, instead of being injected
into the grid and incurring high capacity charges at times of peak production.

6.2 Key messages beyond the research question
In addition to the answers formulated in response to the research question
above, there are also other important conclusions put forward by this work
that bear repeating here.

Firstly, the literature review conducted in chapter two has revealed that a
lack of eort is oft-times put into reporting the specics of the simulation
or case that was studied, omitting information about installed generation
capacity, or overall load served. This makes it almost impossible to replicate
the results presented, which hampers the advancement of knowledge in the
eld.

Secondly, chapter four shows that interesting and promising results can be
obtained by adopting an innovative approach to the accepted methodology.
Additionally, the work put forward in chapter four shows that the adopted methodology not only impacts the overall obtained results, but can also
directly impact the behaviour of the modeled components, reinforcing the
message that it is important to make a well-considered choice when picking
a methodological approach.
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6.3 Limitations
A number limitations are worth mentioning, the rst two of which are both
related to the assumed exogeneity of the timeseries in the model. The rst of
these is the consumer load. A case can be made that it would interesting to
model the consumer load as endogenous to the model, meaning that the consumer load shifts in response to the current electricity prices charged on the
market.

Modelling this would however require signicant amounts of extra

data: in order to model this in any insightful way, the consumer's load prole
would need to be split in up in separate load proles for each appliance, after
which separate demand price-elasticities would need to be estimated corresponding to these appliances.

It is worth pointing out, however, that the

explicit inclusion of storage allows to largely sidestep this problem: storage
provides a buer which, size permitting, decouples the actual load prole of
the consumer from the demand prole that the grid experiences. In this way,
storage actually allows for automated demand response, without the need
for consumer interaction. One extra insight the behavioural approach could
deliver would be the convenience value of storage provided by this automation, as opposed to manually having to monitor grid prices and adjusting
behaviour.

Along a similar vein, the price of electricity is also assumed to be exogenous
to the simulation model.

This is a reasonalbe assumption when the size of

the simulated system is taken into account: the simulated microgrid is always
small compared to the main grid, meaning that the microgrid operates as a
price taker, with no means to aect the equilibrium price. It would however
certainly be interesting to let go of this assumption and look at microgrids
that are large enough to signicantly impact the market they connect to.
This idea will be touched upon as well in the next section, as a possible avenue of further research.

It is important to note that the focus of this work is exclusively on the
private, economics benets of storage, only tangentially touching upon the
public benets of storage, which can be both economic in nature, such as
allowing for capacity investment deferral, or societal, such as allowing for the
increased penetration of local, intermittent generation, of which the economic
valuation is less clear cut. Integrating data on these latter two values would
enhance the analyses conducted, as it would allow for a discussion on the
percentage of the positive externalities that needed to be internalised before
storage becomes economically viable at the level of a private actor, only
considering his private benets.
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6.4 Future outlook
While the research question put forward has been conclusively answered by
the work presented, interesting other avenues of research can be formulated.

A rst one concerns capacity tari design itself: the tari design used throughout this body of work has been proven to be eective, but that does not
preclude the existence of better designs, such as for instance a tari with
more than two parts, or one with a more pronounced dierence between the
two (or more) tari levels.

Closely linked to dierent designs of capacity

taris is the balance between the energy component on the one hand, and
the capacity component on the other hand:

these are the two parts of the

objective function that drive the operational cost that the microgrid will be
subjected to, and they drive microgrid behaviour in opposite directions. The
capacity component favour microgrid behaviour that uses as little capacity
as possible, while the energy component promotes heavy usage of the grid
through price arbitrage. Based on this reasoning, an investigation focussing
on the balance between the two might yield interesting results.

A second promising avenue of research is expanding the work presented
within to multiple interconnected microgrids.

This is an interesting prob-

lem, as it fundamentally changes the behaviour of the modelled system: in
the case of the grid-connected microgrid discussed in this booklet, the size,
both in terms of generation and load of the microgrid has always been small
compared to the main grid, meaning that the microgrid could only accepted
the market conditions on the main grid, without being able to inuence them.
In a scenario of multiple interconnected microgrids, this is no longer the case,
as now the actions of a single microgrid can signicantly impact the state
of the entire network.

This also means that the energy and capacity tari

design used needs to be able to communicate information about this state
of the network between all connected parties, since balancing the network is
now a shared responsibility amongst all interconnected actors.
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