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Abstract
The global energy system is undergoing a slow but massive change, initiated by environmental
concerns but it is increasingly driven also by the zero-marginal cost of renewable energy. This
change includes an increase in the effort to make the electric power system the main transport path
for energy in the future. A massive research and development effort has henceforth been put into
modernizing the electricity grid towards a so-called Smart Grid, by combining the power grid with
communication networks and automation, as well as modernized market systems and structures.
This work contributes to this process by introducing two unique models. The first provides a
tool for better understanding the impact of combined infrastructure networks with a simple yet
complex model of a combined energy, communication and decision model. The second model
provides a detailed agent-based environment of an electricity market, supporting various
independent entities inside the market, as well as a high time resolution and the often-neglected
aspect of coupled market stages. That is, all mis-predictions of the first market stage (day-ahead)
have to be settled at the second (balancing) stage.
Both models are then used to assess the problem of demand side management, in which the
traditional practice of power production being adjusted to the demand is at least partially dropped
and flexibility in the demand is used to match the supply – as such technologies are deemed crucial
to integrate the unsteady supply from renewable resources, like wind and solar power.
We find that complicated scaling effects can be found even in the simplified model, hinting at
insufficient consideration of the complexities involved in the real world. We then go to show such
unfavorable scaling effects also exist in the current market environment as modeled in our second
model.
Finally, we show how to circumvent these problems within the current environment as well as
introduce a framework to analyze cyber-physical systems and better handle their complexity.

Keywords: complexity, demand response, electricity market, emergent behavior, energy
transition, flexible demand, renewable energy, smart grid
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Tiivistelmä
Globaali energiajärjestelmä on hitaan, mutta massiivisen muutoksen edessä. Tämän muutostarpeen on käynnistänyt ympäristöämme koskevat huolet, mutta lisääntyvässä määrin tähän vaikuttaa nykyään uusiutuvan energian marginaalikustannusten nollataso. Tähän muutokseen liittyy
selkeä sähköverkkojen roolin korostuminen, ja pyrkimyksenä näyttää olevan muutos, jossa sähköverkot siirtävät suurimman osan käyttämästämme energiasta. Tämän seurauksena on käynnistetty merkittäviä tutkimus-ja tuotekehityspanostuksia, joiden tavoitteena on nykyaikaistaa sähköverkot älysähköverkoiksi. Älysähköverkoissa yhdistyvät sähköverkkoon integroidut tietoliikenneverkot ja automaatio sekä modernit sähkömarkkinajärjestelmät ja -rakenteet.
Tämä työ tuottaa lisää ymmärrystä uudistumisprosessiin tuottamalla kaksi uutta malliratkaisua. Ensimmäisessä mallissa kehitetään työkalu, jonka avulla pystytään paremmin ymmärtämään toisiinsa yhdistettyjen infrastruktuuriverkkojen toimintaa yksinkertaisella, mutta kompleksisella mallilla, jossa energia- ja tietoliikenneverkot sekä tarvittava päätöksenteko yhdistetään.
Toinen malli tuottaa yksityiskohtaisen agenttipohjaisen ympäristön sähkömarkkinasta. Malli
tukee erilaisten itsenäisten sähkömarkkinaosapuolten mallintamista korkealla aikaresoluutiolla ja
erityisesti usein huomiotta jätettyjen toisiinsa kytkeytyvien eri markkinavaiheiden mallintamista. Malli antaa eväitä vastata kysymykseen, miten ensimmäisessä markkinavaiheessa (vuorokausimarkkina) syntyvä ero tuotannon ja kulutuksen välillä tasapainotetaan toisessa markkinavaiheessa (tasapainotusmarkkina).
Kumpaakin luotua mallia hyödynnetään arvioitaessa kulutushallintaa, jossa sähköverkkojen
perinteisestä tuotannon ja kulutuksen tasapainosta ainakin osittain luovutaan ja kysyntä- eli
kulutusjoustoa käytetään tasaamaan kulutus tuotannon suuruiseksi. Tämänkaltaiset mekanismit
ovat oleellisia ja kriittisiä, kun sähköverkkoon liitetään suuria määriä vaihtelevatuottoista uusiutuvaa energiaa, kuten aurinko- ja tuulienergiaa.
Tutkimuksessa huomasimme merkittäviä ja monimutkaisia skaalautuvuusilmiöitä, jotka kertovat, että sähköverkkojen tutkimuksessa reaalimaailman kompleksisuuden huomioiminen on
ollut riittämätöntä.
Sähkömarkkinamallia hyödyntämällä huomasimme vastaavia epätoivottuja skaalausilmiöitä
esiintyvän myös nykyisessä sähkömarkkinassa.
Erityisesti loimme keinoja, joilla skaalausilmiöistä on mahdollista päästä eroon nykyistä sähkömarkkinarakennetta käytettäessä. Tässä työssä luotuja malleja ja niiden viitekehystä hyödyntämällä pystymme paremmin analysoimaan kyberfysikaalisia järjestelmiä ja hallitsemaan niiden
kompleksisuutta.

Asiasanat:
kompleksisuusteoria,
energialähteet, älykkäät sähköverkot

sähkömarkkinat,

sähköverkot,

uusiutuvat

To my wife and family
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Preface
Research, as with so many other things, is a tedious process. This has a lot to do with
the learning paradox stated by Aristotle:
The more you know, the more you know you don’t know.
Behind everything one looks at, it seems like a whole new world is opening up, leading
to sheer endless possible ways forward. At the same time, it strikes researchers with
two deep fears. All the time, we are haunted by the thought that somebody has already
done the same thing we are doing right now, and that we have not yet learned enough to
proceed with our own experiments.
Yet, it is the task of this book to hide all of this behind a coherent narrative, starting
from an overview of the state of the art, to the research questions that point out the
holes in the current knowledge and finally the publications that perfectly answer these
questions. Of course, this is far from how the process really went. However, we, as
humans, like stories.
This book, therefore, is a story about the complexity in energy systems, the
modernization of the grid and the complicated way in which electricity markets work.
This book is not, however, about all of the countless hours spent pondering and discussing
about how to move forward, about how to model and how to implement.
There is, however, one point where the story has a little crack. And for any curious
human being, researcher or otherwise, this is often the most interesting part. The crack
in this work can be found in the transition from a very abstract to a very concrete way of
modeling.
Curiously enough, it is this part of the process that was much more straightforward
in real life, than when telling the story. Nevertheless, I will try my very best to tell the
story of this process within the confines of an engineering thesis.
My sincere hope is that you as a reader will learn at least a few new things along the
way. However, I also hope to show how much more is still unsolved, because for the
curious mind, there is nothing more exciting for it, than to see time and time again, that
the more it knows, the more it can still learn.

7

8

Acknowledgements
Special thanks to my supervisors Pedro Nardelli, Rauli Svento and Ari Pouttu who made
this project possible.

9

10

List of abbreviations
AC

Alternating Current

ABM

Agent Based Modeling

API

Application Programming Interface

CASCADE

Complex Adaptive Systems, Cognitive Agents and Distributed Energy

DC

Direct Current

DR

Demand Response

DSO

Distribution System Operator

DSM

Demand Side Management

ED

Economic Dispatch

EDF

Électricité De France

EMTDC

Electromagnetic Transients including DC

EPOCHS

Electric Power and cOmmunication synCHronizing Simulator

EU

European Union

GAMS

General Algebraic Modeling System

GHG

Green House Gas

HVAC

Heating, Ventilation, and Air conditioning

IEA

International Energy Agency

IEEE

Institute of Electrical and Electronics Engineers

ISO
IT

Interdependent System Operator
Information technology

LINDO

Linear, Interactive, and Discrete Optimizer

LMP

Local Marginal Pricing

MASCEM

Electricity Markets Simulation with Strategic Agents

MG

MicroGrid

MILP

Mixed Integer Linear Programming

MIP

Mixed Integer Programming

MINLP

Mixed Integer Non Linear Programming

MIQP

Mixed Integer Quadratic Programming

NIST

National Institute of Standards and Technology

NIST LRM

National Institute of Standards and Technology Logical Reference Model

NP

Nondeterministic Polynomial time

11

NS2

Network Simulator 2

UC
UML

Unit Commitment
Unified Modeling Language

VPP

Virtual Power Plants

OPF

Optimal Power Flow

OTC

Over The Counter

PCR

Price Coupled Regions

PSCAD

Power System Computer Aided Design

PSLF

Positive Sequence Load Flow

PSO

Particle Swarm Optimization

PQ

Power Quality

PyPSA

Python for Power Systems Analysis

RTP

Real Time Pricing

SG

Smart Grid

SGAM

Smart Grid Architecture Model

SIF

Slower Is Faster

SysML

Systems Modeling Language

TOU

Time of Use pricing

TSO

Transmission System Operator

US

United States

12

List of original publications
This book is based on the following articles, which are referred to in the text by their
Roman numerals (I–V):
I F. Kühnlenz and P. H. J. Nardelli, “Dynamics of Complex Systems Built as Coupled Physical,
Communication and Decision Layers,” PLoS ONE, vol. 11, no. 1, pp. e0145135–19, Jan.
2016.
II F. Kühnlenz, P. H. J. Nardelli, and H. Alves, “Demand Control Management in Microgrids:
The Impact of Different Policies and Communication Network Topologies,” IEEE Systems
Journal, vol. 12, no. 4, pp. 3577-3584, Dec. 2018.
III F. Kühnlenz and P. H. J. Nardelli, “Agent-based model for spot and balancing electricity
markets,” presented at the 2017 IEEE International Conference on Communications Workshops
(ICC Workshops), 2017, pp. 1123–1127.
IV F. Kühnlenz, P. H. J. Nardelli, S. Karhinen, and R. Svento, “Implementing flexible demand:
Real-time price vs. market integration,” Energy, vol. 149, pp. 550–565, 2018.
V P. H. J. Nardelli and F. Kühnlenz, "Why Smart Appliances May Result in a Stupid Grid:
Examining the Layers of the Sociotechnical Systems," IEEE Systems, Man, and Cybernetics
Magazine, vol. 4, no. 4, pp. 21-27, Oct. 2018.

13

14

Contents
Abstract
Preface

7

Acknowledgements

9

List of abbreviations

11

List of original publications

13

Contents

15

1 Introduction

17

1.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
1.2 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
1.3 Contribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
1.4 Basic terms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
1.4.1 Energy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
1.4.2 Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
1.4.3 Power . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
1.4.4 Electricity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
1.4.5 Complicated versus complex . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2 Literature Review

25

2.1 Definitions for "Smart Grid" . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
2.2 Frameworks for smart grid architectures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
2.3 Models for the smart grid . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
2.3.1 Power grid and the communication network . . . . . . . . . . . . . . . . . . . . . . 29
2.3.2 Power grid and price . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
2.3.3 Integrated models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
2.4 The electricity market in general . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
2.4.1 European and US markets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
2.4.2 Traditional models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
2.4.3 Agent-based models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
2.4.4 Real-time pricing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
2.4.5 Demand response and flexible demand . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
2.5 Complex systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
2.6 Agent-based modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
15

2.7 Optimization in electricity systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
2.8 Alternative grid organization concepts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
2.8.1 Microgrids . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
2.8.2 Peer to peer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
3 Research Contributions
3.1 Dynamics of complex systems built as coupled physical,

61

communication and decision layers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
3.2 Demand control management in microgrids: the impact of different
policies and communication network topologies. . . . . . . . . . . . . . . . . . . . . . . . .66
3.3 Agent-based model for spot and balancing electricity markets . . . . . . . . . . . . 68
3.4 Implementing flexible demand: real-time price vs. market integration . . . . . 72
3.5 Why smart appliances may result in a stupid energy grid . . . . . . . . . . . . . . . . . 77
4 Discussion

83

4.1 Practical and theoretical implications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83
4.2 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

16

1

Introduction

Throughout its development, mankind time and again faced several elemental challenges:1 from food production and water shortages to spreading illnesses, wars, refugees
and more recently of course, climate change with droughts, floods, storms and whatever
else. Many of these problems are in some way interconnected. Food production or water
shortages could most likely be solved if a sustainable and affordable energy supply
were to be available for desalination and an intensive use of greenhouses implemented.
Climate change can be mitigated and CO2 levels can even be reduced. Wars are often
fought over resources like food, water or fossil fuels, again tracing back to energy.
Many of the dangerous, infectious illnesses spread themselves in the poor parts of
the world2 , often lacking fundamental pillars of modern infrastructure like electricity
networks, making modern medicine impossible. It is, therefore, easy to argue that a
sustainable and affordable way of providing power to the world solves many problems
beyond preventing a change of the earth’s climate in a way that would impact our living
standards fundamentally.
It is impossible to overestimate the importance of affordable energy on modern
society. Easily accessible energy is woven so deeply into the fabric of our everyday life,
that it is a difficult exercise to even imagine life without it (Rhodes, 2018); according to
(Herrmann, 2013) it is also one of the pillars of capitalism. Without affordable energy,
replacing labor with machines would never have been profitable to begin with. It is,
therefore, at least a necessary condition, although not sufficient.
Of course, energy currently reaches us in many forms, via gasoline, gas, coal, peat,
wood, electric power or even as heated water in district heating networks. Among these,
electric power has become the contender to replace all of them. Not only are most
renewable technologies, like photovoltaics, wind turbines or hydroelectric generators,
providing electric power, we can also use electric power for all our energy needs, ranging
from heating to transportation. Getting the world closer to a sustainable and affordable
electricity system can therefore impact the world tremendously.
The electricity sector is an unbelievably wide field, from the optimization of magnetic
fields in generator windings to the integration of battery storage and the economics
1A

more detailed overview can be found on http://www.necsi.edu/research/social/
is not to say living in the wealthy parts of the world has not brought a rise of diseases like obesity or
cardiovascular diseases but those are typically not infectious.

2 That
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of hydro power in grids with high wind and solar penetration. In recent years, it has
become clear, that the central element for the integration of renewables will be a grid
that is tightly integrated from consumer to producer, and from the physical network to
the market place, the so-called smart grid. A detailed discussion of what defines a smart
grid can be found in section 2.1.
A problem where most aspects of this newly combined infrastructure come together
is the integration of flexible demand. The idea of using renewable power when it is
available, and minimizing consumption when it is not, is very charming, yet it is not
exactly easy to do. As the research presented here will show, it is not only complicated
but also complex (see also section 1.4.5). For this idea to work, we need to communicate
the correct signals at the right time to electricity consumers, which then have to react
in such a way as not to cause problems for the system as a whole. Therefore, the
economic incentives and public policies for everyone have to be exactly right. It is this
combination of multiple networks and working mechanisms that make it necessary to
model and understand the problem as a complex problem.
1.1

Overview

This book is roughly structured into three parts: A literature review, summaries of the
original research papers and the discussion. The literature review gives an overview
about the state of the art for all core topics related to the research presented later, as well
as some neighboring topics. This specifically includes models for smart grids, models
for electricity markets as well as complex systems and agent-based modeling.
The summaries of the original papers, constitute the research contribution of three
journal papers, as well as one conference and one magazine paper. The first two, are
centered around a simplistic model of an energy system that is still a complex system
with emergent behavior. The next two papers focus in a different direction, as already
hinted in the introduction, that is electricity markets. A summary of the contributions to
the scientific body of knowledge these publications contain can be found in section 1.3.
Electricity markets are the cornerstone for many things in the current electricity
system. The final magazine paper is in many ways a summary of the work. It provides
some background on the methodology that supports all of the research included in this
thesis.

18

In the discussion, the research gets further examined and put into perspective.
Implications for real world systems and policies are presented as well as the theoretical
findings more important for future research.
1.2

Motivation

The work presented here aims to answer research questions centered around several
issues arising from the concept of the smart grid. Namely:
– How to model an energy system to best capture the complexity and possible emergent
behavior?
– Can a simple model incorporate all layers of the smart grid?
– Is the currently dominant way of integrating flexible demand via real-time pricing
scalable?
– How else is the integration of flexible demand possible?
The smart grid is an evolution of the power grid to facilitate the integration of
renewable energy via two-way communication networks. In turn, this enables a tighter
integration of energy markets and therefore new ways of interaction between producers
and consumers of power as well as between the parts of the infrastructure.
This modernization process of the grid does not only hold the great promise of
enabling a sustainable energy system, it also poses a great risk. If the wrong decisions
are taken, they could potentially bring down one of the most essential parts of our
infrastructure. In order to avoid mishaps, extensive simulation is necessary to understand
all aspects of a newly introduced technology. The way towards the smart grid, however,
includes the introduction of new technologies as well as a tighter coupling of existing
infrastructures. This allows for various effects that cannot be understood by modeling
parts along their interface, but instead requires holistic models. Consequently, the first
article (I) is concerned with the question of how to model an energy system to best
capture the complexity and possible emergent behavior.
While a simple model, as has been developed in publication I and extended in
publication II, can provide insights about basic relations, it cannot be used for actual
testing or the development of policies or guidelines. Since one of the core insights of
our simple energy system model is the fact that all parts that make up a smart grid can
influence the behavior of the overall system in certain circumstances, a more detailed
engineering focused yet holistic model of the smart grid was necessary.
19

Such a model can be constructed from models of the underlying parts, namely the
power grid, the communication network and the electricity market. After an extensive
review (see chapter 2) of existing approaches, it became clear that no existing market
model would fulfill the requirements for modeling the interaction between the different
layers of the smart grid. In order to fill this gap, a new market model was created as
described in publication IV.
The process of modeling the European/Nordic electricity market in turn led to a new
question. Is the currently dominant way of integrating flexible demand via real-time
pricing scalable? And if not, are there better alternatives? These questions are of
substantial interest as they concern current practices and policies and are discussed in
publication V.
1.3

Contribution

The work presented in this book has three main contributions:
– a model to illustrate complexity in an energy system
– an integrated, high time resolution model for electric power day-ahead and balancing
market
– a deep analysis of the real-time pricing concept for demand response.
The first model, while appearing highly abstracted from a real system, is at the same
time easily comprehensible. It has already been used to support the understanding of
certain phenomena for teaching purposes. It provides lots of room for easy modifications
and while it cannot make any meaningful predictions, it is to my knowledge, the only
simple yet complete model of a smart grid.
The second model, simulating a day-ahead and a balancing market, is similarly
unique with its feature set. Compared to the relatively few existing models that include
several market stages, it is the only one combining it with a very high time resolution and
the simulation of the European Market. Furthermore, the model is agent-based, making
it not only suitable for simulating emergent behavior but also it is easily extendable. It
is, therefore, not only suitable for the analysis presented here but also for many other
research questions.
In I, II, III as well as IV I was solely responsible for implementing the models,
designing the computational experiments, as well as the majority of the model design
itself, with specific details often being envisioned in discussions with the coauthors. The
authoring of the publications itself was done in close cooperation with the coauthors,
20

with an initial draft written by myself, which then underwent numerous iterations of
refinement. In IV also a data-set created by one of the coauthors is used. In V I was
again responsible for the computational experiments being presented, however I was not
involved in the initial draft of the publication but only in its refinement.
Finally, this work includes a comprehensive analysis of the currently dominant
practice of integrating flexible demand or demand response via so called real-time
pricing. With our market model we demonstrate that this is not a scalable solution and
propose an already existing market product as an alternative. We then go on to analyze
the root cause of why we believe real-time pricing has been analyzed incorrectly in the
past.
1.4

Basic terms

There are a number of basic terms used in the field of smart grid research that are
often assumed to be widely known but are not as clearly defined as one might think.
In addition, many of these terms have found their way into everyday language and
their original definitions are not applied as strictly as they possibly should be. This
complicates writing about many smart grid related problems.
1.4.1

Energy

Energy is perhaps the most problematic term in this list. It is as widely used in everyday
language as it is in science. It also appears to be a well-defined physical concept, but the
definition is not as clear as one might hope:
It is important to realize that in physics today, we have no knowledge of
what energy is.

(Feynman, Leighton, & Sands, 2015)

In essence Feynman argues that we only have a very abstract concept of conservation,
which yields a constant number, which we then call energy. Energy can be converted
from one form to another but always remains constant. Still, it is this conservation that
poses many problems when talking about energy systems. In everyday language we
tend to talk about sources of energy and energy being used, both of which imply a
non-conserved quantity. Typically, what we want to express is the notion of "useful" or
"available" energy, or energy that we can transform in such a way that it does work.
Feynman puts it like this:
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With regard to the conservation of energy, we should note that available
energy is another matter — there is a lot of jiggling around in the atoms of
the water of the sea, because the sea has a certain temperature, but it is
impossible to get them herded into a definite motion without taking energy
from somewhere else. That is, although we know for a fact that energy is
conserved, the energy available for human utility is not conserved so easily.
(Feynman et al., 2015)
While all of this appears to be quite a dilemma, very rarely do we need a definition of
energy that goes beyond the conservation. However, we need a term that better describes
the notion of available energy, so we can express the fact that something is produced and
consumed without violating precisely this conservation. The two candidates for this will
be discussed next.
1.4.2

Work

Work, again, is a physical concept as well as a concept used in everyday language.
However, for work, the physical concept and the everyday language use diverge even
more. In everyday language, "work" implies any kind of labor that we do, from
the manual labor of cleaning the floor to the writing of a newspaper article, which
might classify as knowledge work. In physics, work is derived from the concept of a
force acting along a path which can then be used to derive definitions for electrical or
thermodynamic systems. Because of this diversion of meaning, work is not used in this
work to express the concept of available or usable energy.
1.4.3

Power

Power as well has different meanings. In physics, it describes the rate at which work
is done, or one might say the flow of work. Alternatively, power might describe
the influence we might have on a certain process or system, as in political power or
willpower. However, compared to work or energy, power is most suited to describe
the workings of an energy system without violating either its physical meaning nor
confusing the everyday language part of our brain. Thinking of a wind turbine as a
source of power is valid in both regimes, which is why power will be used in many
places in this thesis where energy might seem an appropriate term, but when strictly
evaluated, is not.
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1.4.4

Electricity

While all of the other terms so far had at least a double meaning, electricity is used to
describe so many things, that it is safe to say the term has very limited meaning, since
one can never assume that someone else uses the same definition. The electrical engineer
William J. Beaty runs a website3 dedicated to the problem of defining electricity and he
has concluded the following:
What is electricity? This question is impossible to answer because the
word "Electricity" has several contradictory meanings. These different
meanings are incompatible, and the contradictions confuse everyone. If you
don’t understand electricity, you’re not alone. Even teachers, engineers, and
scientists have a hard time grasping the concept.
Wikipedia at the time of this writing retreats to similarly vague ground:
Electricity is the set of physical phenomena associated with the presence
and motion of electric charge.
Most of the time, electricity is used synonymously for electric energy, electric charge or
electric current. But as this sentence proves, there already is a term for each of those
phenomena. Other common phrases, however, include terms like electricity sector or
electricity market. Electricity, therefore, should be avoided as a term on its own and
replaced by another well-defined one.
1.4.5

Complicated versus complex

In everyday language, the terms complicated and complex are often treated as equivalent.
Merriam-Webster and Thesaurus.com both list them as synonyms for each other. In the
scientific world they do, however, have quite distinct meanings. The engine of a car, for
example, is complicated but not complex. It is complicated to understand what all the
parts in the engine do, however all parts are acting in unison, they are linked together
in lock step so that no one part can act independently from another.4 A market place
on the other hand, might be complex but not very complicated. In a market, there are
basically just three things happening, participants decide to buy, to sell or stay put given
3 http://amasci.com/miscon/whatis.html

and http://amasci.com/miscon/maxwell.html
is less true for modern engines where several things can be controlled by the ECU, even mechanical
settings like valve timings. However, the number of independent parts still remains very limited.

4 This
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a price. However, since each and every participant can make his or her own decision,
neither fully independent nor fully linked to the others, the system is complex. Any
collective action of the participants is then called emergent behavior, as it is not in any
way planned for but it emerges from the interactions within the system. Examples are
crashes of stock markets, where all actors act in unison by selling at the same time
without anyone forcing them to do so. A more detailed discussion of complex systems
can be found in section 2.5.
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2

Literature Review

Humankind started to build the electric grid in the late 1800s and then it began to
electrify all parts of daily life and production. Since then, electric power has found its
way so deeply into the bowels of the big machine that is modern civilization, it has
become almost impossible to imagine life without it.
It should therefore, not come as a surprise that the changes currently taking place in
the electricity system are discussed widely all throughout society, even given the very
technical nature of the underlying topic. This, of course, also means that there is not
only a large amount of literature from the past decades but there is also a flood of new
literature about this very topic. The task set out for this research work is to abstract
several parts of the smart grid, to enable a rich understanding of the interaction between
its components. This makes it very hard to define the boundaries for the topics to be
considered in this literature review.
I will try not only to give an overview of the relevant literature in the field, which is
the basis of the research in the following chapters, but further point to some articles that
answer related questions. Some of these questions might be on people‘s minds when
they think about the very topic, or such questions may just arise while they read the
review.
2.1

Definitions for "Smart Grid"

In order to model a smart grid, one needs to define what constitutes a smart grid. Gharavi
and Ghafurian give the following definition for IEEE in (Gharavi & Ghafurian, 2011):
The Smart Grid can be defined as an electric system that uses information,
two-way, cybersecure communication technologies, and computational
intelligence in an integrated fashion across electricity generation, transmission, substations, distribution and consumption to achieve a system that is
clean, safe, secure, reliable, resilient, efficient, and sustainable.
Already, in the first few words of this definition, it becomes clear that defining the term
smart grid will be difficult as the authors could not bring themselves to commit to their
own definition. The staggering collection of attributes further illustrates how loose
the term has been used and therefore, how wide the definition has to be. In the same
25

year, the German ‘Bundesnetzagentur’ wrote the following in (Bundesnetzagentur,
2011)(translated from German):
The conventional electricity network becomes the Smart Grid, when it is
upgraded with communication-, measurement-, control- and automationtechnology as well as IT components. Therefore "smart" will mean that the
state of the grid can be captured in real time and the option to react to this
state exists, so that the network capacity can be fully utilized.
This definition describes the smart grid more as a process with state, as compared to
a thing. Of course, when dealing with networks one always has to ask if a network,
which is by its very definition a combination of things, can be understood as a thing
itself or rather a state that the constituting parts are in. Nevertheless, the definition of
the Bundesnetzagentur remains similarly vague and falls back to listing a number of
attributes.
What both definitions have in common is that they focus on the physical aspect of
the grid. In contrast to the definitions above, the website5 of Fingrid, the Finnish TSO,
highlights more business-related aspects:
A Smart Grid, or intelligent power system, refers to a power system
that makes broad use of digitalization. Smart Grids enable customers to
participate more fully in the electricity market, improve power adequacy
and create new business opportunities for companies.
This definition is similarly vague, but virtually ignores any aspects of the physical grid
or grid control to highlight market integration and new opportunities for companies.
More economic focused publications go a similar way, Lund for example writes:
Basically, it is a power grid where all key stakeholders (energy producers,
consumers and network companies) are intelligently connected to each
other. Smart Grid includes integration of distributed power generation
and storage technologies, advanced metering, robust two-way information
communication, and vast automation.
(Lund, Lindgren, Mikkola, & Salpakari, 2015)
Again, Lund includes the aspect of new business opportunities and even new stakeholders
but also includes the automation, information and control aspects and now adds storage
to the mix.
5 https://www.fingrid.fi/en/pages/company/research-and-development/development-projects/smart-grid/
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Fig. 1. The SGAM model is often used to locate new concepts inside the smart grid realm.
Author: Steffenbr [CC BY-SA 4.0 (https://creativecommons.org/licenses/by-sa/4.0)]6

This short overview of different definitions, shows that there is no generally agreed
upon definition of what a smart grid is, or constitutes of. Even the consensus between
these definitions, i.e. that there is somehow communication and digitalization involved,
is not helpful to differentiate the smart grid from the power grid structure that existed 20
years ago or today. Communication and automation are nothing new for the power grid,
and their respective impacts have been researched back in the 1960s – see for example
(Emery & Marek, 1963).
It is therefore, better to understand the term "smart grid" rather as the name of
a currently ongoing modernization process of the power grid, that will integrate the
physical grid, the communication network and the market places more tightly than ever
before. Without there being any specific line or time that can or must be crossed, after
which we can say we now have a smart grid.
2.2

Frameworks for smart grid architectures

Several frameworks have been proposed to describe the architecture of smart grid
installations or concepts. The two leading frameworks are the smart grid Architecture
6 https://commons.wikimedia.org/wiki/File:Das_SGAM-Framework.png
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Model (SGAM) (S. G. C. Group, 2012) on the European side and the NIST Logical
Reference Model (LRM) (Smart Grid Interoperability Panel Cyber Security Working
Group, 2010). The purpose of these frameworks is numerous; foremost, they want to
create a common vocabulary and view on smart grids that is accessible for industry,
customers and regulators. The vocabulary then, is meant to integrate all the state
of the art approaches into one framework with all of the specific national/European
aspects included. They shall provide methods to analyze and evaluate alternative
implementations by providing reasonable abstractions. Further, they aim to support the
planning of possible transition from current to future grid architectures. Finally, they
provide criteria for assessing standards and interoperability requirements.
As described in (Neureiter, Uslar, Engel, & Lastro, 2016) such architectural models
are often used in software development or systems engineering. Therefore, a number of
generalized languages exist like UML or SysML. It has been pointed out, however, that
these generic approaches found little acceptance in the electrical engineering community,
which is why the smart grid domain specific models have been developed. The paper
also shows, that the NIST LRM and the SGAM are aligned but not identical.
The SGAM model is composed out of three axes, the domains and the zones
axes forming x and y, while the interoperability layers provide the z axis, see fig. 1.
The domain axis describes the traditional structure of the grid, from generation via
transmission to customer premises, while the zones axis depicts automation functionality.
Finally, the interoperability layers are:
– Business Layer
– Function Layer
– Information Layer
– Communication Layer
– Component Layer
The NIST LRM on the other hand, also includes a list of domain mapped actors, their
communication paths as well as individual interfaces. These interfaces have also been
categorized along security aspects.
In (Trefke et al., 2013) and (Dänekas, Neureiter, Rohjans, Uslar, & Engel, 2014) the
SGAM has been successfully applied to several existing smart grid projects to evaluate
the SGAM toolbox and test if the above listed goal of the framework is met. While
several minor changes have been proposed, no major problems with the frameworks
have been found.
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Lastly, it is worth pointing out that the SGAM shares some similarities with the
model proposed in I and further discussed in V, especially due to the layering approach
both models share. However, the fundamental difference is that the model presented in
I is meant as a guideline for simulating smart grids as a system of systems, whereas
each layer is a network coupled with the layers above and below. The approach in
I is therefore centered around the dynamics of cyber-physical systems. The SGAM
on the other hand is more focused on a very accurate and standardized description of
functionality.
2.3

Models for the smart grid

The above described problem with the definition of what constitutes a smart grid leads
to the problem that it is not obvious what types of models might be used to simulate
smart grids or even parts of smart grids. There are only very few things that smart grid
models typically share: they should be able to represent multiple actors, they should be
able to represent a network and they should be able to incorporate at least two of the
basic aspects of the smart grid. For example, they should combine the aspect of the
power grid and the communication network, or the power grid and the market system.
2.3.1

Power grid and the communication network

A number of approaches exist to combine power grid and communication network
simulations. Some of them are integrated models, others rely mostly on co-simulation,
where two established simulators are combined. Integrated models are often found when
shared knowledge of power grid state is needed for optimal grid control, for example
in (Simpson-Porco, Dörfler, & Bullo, 2013; Angjelichinoski et al., 2015; Cavraro,
Bolognani, Carli, & Zampieri, 2016) while the specific behavior of the communication
network is of less concern.
Meanwhile, co-simulation is typically used to test if specific technologies are suitable
for specific use cases, for example in (Lin, Sambamoorthy, Shukla, Thorp, & Mili, 2011;
Lévesque, Xu, Joós, & Maier, 2012; Ahmad, Kazmi, Shahzad, Palensky, & Gawlik,
2015; Mets, Ojea, & Develder, 2014). Co-simulation approaches do of course, have the
advantage of relying on already established and well tested parts to reduce development
and testing efforts.

29

Two particular co-simulation approaches are noteworthy. Firstly, EPOCHS (Hopkinson
et al., 2006) which integrates the NS2 network simulator and PSLF or PSCAD/EMTDC
both of which are transient simulations. As the use of transient simulators makes clear,
EPOCHS is meant to simulate very short timescales and the simulation duration is usually longer than real time. One of the big problems with co-simulating communication
networks and power grids, is that typical network simulations are run as discrete event
simulations, while power grids are simulated with continuous time. This can lead to
errors, which accumulate over the simulated time span, every time a discrete event
occurs too far from a synchronization point of both simulators. This is overcome by the
second noteworthy co-simulator approach, based on EPOCHS, presented in (Lin et al.,
2011) which integrates NS2 and PSLF. It treats the overall simulations as event driven,
thereby overcoming the problem of accumulating errors resulting from different time
treatments. It does so by essentially dynamically adjusting the simulation steps for the
still continuous power grid simulation, so that every discrete event will create its own
synchronization point.
Another branch of research where power grid and communication networks are
combined, stems from the more general field of graph theory and complex networks. It
describes them as coupled infrastructure networks (Korkali, Veneman, Tivnan, Bagrow,
& Hines, 2017), interdependent networks (Parandehgheibi, Modiano, & Hay, 2014),
multilayer networks (Kivela et al., 2014) or correlated networks (Reis et al., 2014).
Especially noteworthy here, are the first two publications, which show the possibility of
in fact improving the reliability and resilience of coupled networks. This, of course,
is the promise of many smart grid technologies, yet it is not immediately obvious: if
the power grid becomes dependent on the communication network to function, not
only might a failure in the power grid potentially result in a blackout but additionally, a
failure in the communication network might do too. Therefore (Korkali et al., 2017)
and (Parandehgheibi et al., 2014) focus on mitigating the spread of local failures in the
power grid through communicating such failures and reacting accordingly.
2.3.2

Power grid and price

A common way of approaching smart grids, is to consider a combination of a power
grid model together with pricing information. Typically, the price is used as a basis to
implement optimization methodologies for the scheduling of storage or flexible demand,
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often in combination with wind or solar power, ideally converging to a state also optimal
for the power system.
In the case of demand response (see also section 2.4.5) based on so called real-time
pricing, there is a tremendous amount of publications available, many of which follow
the same procedure: with a given set of flexible loads and a price for buying electricity
as input, an optimized schedule is calculated. This is performed either by taking into
account the power grid conditions or measuring the impact on the grid, see for example:
(Safdarian, Fotuhi-Firuzabad, & Lehtonen, 2016; Deng, Yang, Chow, & Chen, 2015;
Safdarian, Fotuhi-Firuzabad, & Lehtonen, 2014; Deng, Yang, Chen, & Chow, 2014;
Kilkki, Alahaivala, & Seilonen, 2014; Qian, Zhang, Huang, & Wu, 2013; Shariatzadeh,
Mandal, & Srivastava, 2015).
Storage very often gets analyzed in a similar manner, which is not too surprising as
the boundary conditions for both are in fact, very similar. Storage enables the reduction
of consumption during one point in time, for an increased consumption for another point
in time, the same way that demand response usually does. Some publications explicitly
try to arbitrage (Nykamp, Bosman, Molderink, Hurink, & Smit, 2013) while others
optimize for other goals, like reducing fluctuations from renewable sources (Jiang &
Wang, 2013) or the energy schedule within micro grids (Tushar & Assi, 2017).
These models typically assume that there exists a (somewhat correlating) relation
between the price of using electric power and the willingness to pay for electric power,
and as such, it can be modeled into the optimization problem. Only a few publications
analyze what happens if this assumption is dropped and a more non-linear response
to prices is assumed. For example, heating needs to be run within a certain range of
hours and it will be optimized to always use the cheapest hour, no matter how large the
price difference is, given it can still keep the temperature within an acceptable range.
One such example, can be found in (Belonogova, Valtonen, Tuunanen, Honkapuro,
& Partanen, 2013) showing the possible collapse of distribution networks due to the
synchronization of loads. The same outcome can be found with the charging of electric
vehicles (Sharma, Canizares, & Bhattacharya, 2014; Xu & Chung, 2014), where the
same price for every customer during a given hour, leads to a new peak during the
cheaper hours.
This effect is sometimes also called the rebound effect and can be found in real world
studies about demand response (Saele & Grande, 2011; Puranik, 2014) and simulations
(Safdarian et al., 2014). The reasons why this effect occurs is systemic and has to do
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with models not considering the system as a whole, crucially ignoring the actual energy
balance. This shortcoming should be solved with integrated models.
2.3.3

Integrated models

One notable example of a framework that is widely used is GridLab-D (Chassin, Fuller,
& Djilali, 2014). GridLab-D is an agent based simulation environment developed
in the US that allows for the simulation of diverse loads in the form of households,
down to appliances, and also the power grid that these loads interact with, as well as
generators and other power system equipment. GridLab-D allows one to simulate across
numerous agents (up to millions) and timescales (from sub–second to years). It is an
agent-based simulation with an event-based time-line that switches into continuous time
for grid simulation when an event requires it, very similar to the (Lin et al., 2011) model
described above. It also allows for the integration of a form of market-based approach,
where certain elements can submit bids to a central market place.
While GridLab-D looks very promising on paper, it has some downsides: Firstly, it
is focused on the US and therefore, the market mechanism is not compatible with the
way European markets work. Furthermore, GridLab-D is meant to be configured via
configuration files and it has no specific API to implement custom behaviors for agents.
Another model which integrates market (or pricing) is PyPSA (Brown, Hörsch, &
Schlachtberger, 2018), which at its core, is a mixed integer problem (MIP) optimization
engine, that minimizes the costs of electricity production given the power grid constraints
or the investment costs in the grid itself. PyPSA on the other hand, does not include
smaller timescales (smaller than 1 hour), as would be necessary for balancing, nor a real
electricity market, rather it is based on optimal dispatch of each generator.
While there is a certain lack of actual electricity market models in the previously
described models (except for GridLab-D), there is not an actual shortage of market
models as we will see in the next section.
2.4

The electricity market in general

A fairly recent publication (Cramton, 2017) gives a good overview of the tasks for
an electricity market, as well as their design principles. While the paper does not
specifically discuss the European market system, the technical as well as economic tasks
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are the same for both systems, the US-American nodal system and the European zonal
one (discussed later on).
The straightforward goals of the market, in economic terms, are long run and short
run efficiency. While short run efficiency deals with the optimization of generator
dispatch, long run efficiency is about the proper investment incentives. Crampton points
out that for neither of them, is the system optimal. Short run efficiency is hampered by
market power and externalities (like emissions), while the challenges for long term
efficiency lie in the requirement for reserves to guarantee sufficient supply as well as
diminishing returns for transmission, once new lines are built and price differences
vanish. Crampton also points out that transmission is what ultimately enables the
wholesale market of electricity. Since only with sufficient transmission, can different
generators serve the same users, and therefore compete against one another.
The paper then goes on to discuss a market system that is very much split into
a day-ahead market and a real-time market. A model common in the US but quite
different in the EU (see section 2.4.1). The same applies to the details of the market
implementation as discussed below. Nevertheless, this represents the basic market
cascade, where power is traded with increasingly higher time resolution the closer the
trading happens to delivery time, in order to ensure a match of supply and demand.
Crampton cites this as one of the reasons for the complexity in electricity market designs.
Further, the article points out how the central dispatch model for the most part won
out against the exchange model in the US, but less so in Europe. The exchange model in
its purest form has been implemented in California and led to an exceptional crisis, see
(Woo, Lloyd, & Tishler, 2003; Wolak, 2003). In Europe, the system is a hybrid, where
some of the power is traded via exchanges in the form of over-the-counter trading (OTC)
while the remaining part is traded via a wholesale market (see (Growitsch & Nepal,
2011)). This wholesale market then acts as a central optimizer based on the received
bids and the transmission network constraints. It matches bids and orders in a way that
maximizes social welfare whilst still respecting transmission network limitations.
In (Newbery, Pollitt, Ritz, & Strielkowski, 2018), the authors provide a very
comprehensive discussion about the challenges for electricity market designs with a
high share of variable renewables. They identify six core principles:
1. Correct the market failures as close as possible to their source, relying on subsidiarity
as much as possible.
2. Allow for appropriate cross-country variation in market design across member states
rather than a one-size-fits-all solution.
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3. Use price signals and regulated network tariffs to reflect the value of all electricity
services and deliver the least system cost solution.
4. Collect the difference between the regulated allowed revenue and efficient prices in
the least distortionary way from final consumers.
5. Efficiently “de-risk” the financing of low-carbon investment as the electricity system
becomes more capital-intensive.
6. Retain flexibility to respond to new information on the attractiveness of different
low-carbon technologies
Further, they point out the importance of integrating flexible demand and storage to
respond to the challenges of variable renewables to shifting demand and supply, over
space (via transmission) and over time (via flexible demand and storage).
2.4.1

European and US markets

In both the US and Europe, electricity markets have undergone a process called
"liberalization" in the late 1990s and early 2000s based on a reform package initially
implemented in the UK. The package consisted mainly of the following points:
1. The unbundling of the four distinct functions of the electricity industry: generation,
transmission, local distribution, and retail services.
2. Deregulation of those functions where competitive markets can be introduced,
typically wholesale generation and retail services.
3. Transmission and distribution services that remain regulated and are made available
to all users under mandatory open access.
4. The creation of physical and financial markets for electricity trading.
5. The creation of an independent system operator (ISO) to operate the transmission
system.
See (Woo et al., 2003). However, the implementation of the 4. point has been done
differently not only between Europe and the US but also within Europe. The biggest
difference remains in the adoption of nodal and zonal pricing in the US, while in Europe
almost exclusively, zonal pricing is present7 .
Nodal pricing, which is typically implemented as local marginal pricing (LMP),
aims to price power with consideration to congestion in the electricity network. Prices
are therefore differentiated on a bus level (local) and based on the marginal cost of
the generator supplying the next increment of energy (marginal), as first described
7 The
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exception being Poland, which aims to introduce local marginal pricing

in (Schweppe, Caramanis, Tabors, & Bohn, 1988) and later analyzed by (Hamoud &
Bradley, 2004). Imagining a system with two nodes/buses (A, B) where the generator
at A can produce for 10C/MW while the generator at B only for 20 C/MW, and the
interconnection allows for a flow of up to 10MW. In this scenario, we find that: if
consumption at node B is 10MW or more, the price will rise to 20C/MW. This is
because for anything more than 10MW, generator B would need to run as not to exceed
the limit of the interconnection. The pricing zones in LMP therefore appear during
congestion wherever needed, given the structure of the underlying grid.
Zonal pricing also provides a mechanism for signaling congestion via price differences. However, the zones, which can show different prices, are predefined. As long as
no congestion is present, all zones are treated equally and exhibit the same price. Once a
congestion occurs between two zones, however, the price splits and typically rises in the
zone that imports the power, as more local generation is required to be activated in that
zone and to discourage high demand (Nordic Council of Ministers, Nordic Council of
Ministers, & THEMA Consulting Group, 2014). In the example above, with two nodes
A and B, we can have two different settings, either A and B are in two different zones,
which would lead to the same outcome as for LMP or where both are in the same zone.
If the latter is the case, the price would rise for the whole zone, e.g. also for node A,
once the capacity of the interconnection is exceeded and the generator at B needs to run.
A detailed discussion about the advantages of nodal, zonal or uniform pricing can be
found in (Weibelzahl, 2017). In general, nodal pricing is seen as the first best solution
for long and short-term price signals with the main downside of a very complicated
pricing structure arising.
As a main conclusion, nodal pricing yields a first best outcome both in the
short and in the long run, since congestion is directly reflected in optimal
spot prices. However, given several disadvantages of nodal pricing like
the high number of nodal prices that have to be calculated or the possibly
complex coordination of the corresponding submarkets, some countries
refrain from choosing a nodal pricing system in practice.

(Weibelzahl,

2017)
The other advantage attributed to zonal pricing is that it potentially eliminates the
market power that a local generator might have in setting prices (Johnsen, Verma, &
Wolfram, 1999; Hjalmarsson, 2000). This is due to the zones typically being much
larger, therefore, including more competing producers. Whether this assumption holds
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true is discussed for example in (Hogan & Harvey, 2000). Defining the zones becomes
a very political issue nevertheless (Egerer, Weibezahn, & Hermann, 2016; Plancke,
De Jonghe, & Belmans, 2016).
In (Meeus & Belmans, 2007) and (Van Vyve, 2011) the differences between the
prevailing systems in the US and Europe are discussed in more detail. Van Vyve finds
two issues with the US system:
1. Truth telling (Participants are not incentivized to bid their true costs)
2. Missing money (The market does not necessarily collect the same amount of money
than it pays out)
and four with the European model:
1. Fairness
2. Walrasian Equilibrium
3. Welfare Sub-Optimality
4. Algorithmic Complexity and Modelling Capabilities
The first two points for the European model deal with the problem of rejected block
orders that are in the money8 , which has since also been discussed in the technical
documents of the underlying European market algorithm (PXs, 2016), and have been
improved. While the last issue appears to be a growing problem, judging by the
presentations published from meetings of the PCR group which manages the European
market algorithm (Euphemia performance issues: Feed-back on EUROPEX identified
issues and proposed solutions, 2015).
While Van Vyve outlines less problems with the implementation of US markets, the
issues might be more problematic:
This example is extreme, but in general, it is possible to make money
in the US model by submitting fake orders in the hope that they will be
paradoxically rejected, and collect the possible uplift. In general, this will
lead agents to submit orders which are more non-convex than in reality, to
increase the likelihood that they will be rejected.
...
Market participants are strongly regulated in the US, and this solves the
issue in practice.
and further:
8 In
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the money meaning that they are profitable for the submitting party given the area price

Indeed, in the US model as outlined in Section 4, it is not true that the total
amount of money paid by buyers is equal to the total amount of money
collected by sellers plus money collected by network operators (congestion
revenue). This missing money has to be financed somehow, but this is not
part of the formal model.
(Meeus & Belmans, 2007) on the other hand, conclude with the following statement
about the two market system:
However, as underlined in this paper, the European design is being deployed
on a more efficient scale. This is thanks to European legislation but can
also be partly explained by the simpler design that is prevailing in Europe.
It has been argued that the more fine tuned North American markets are
more difficult to couple.
Finally, the tendencies in Europe are such that the differences with the
prevailing North American design will continue to fade. In conclusion,
the prevailing designs in Europe and North America are clearly more
comparable than they might seem at first sight.
The authors apparently disagree on the complexity of the European system. Nevertheless, the European electricity markets are coupled in a much tighter way than with
the US markets and they are already running a combined order book (Chatzigiannis,
Dourbois, Biskas, & Bakirtzis, 2016). This is done in order to optimize the exchange
between the electricity markets. All orders in all of the participating markets are
collected together and solved as one single optimization problem.
The next subsections will now dive into the possible ways of how to model electricity
markets.
2.4.2

Traditional models

Traditional economic models for electricity markets focus on the equilibrium theory,
as for example, the work done by (Borenstein, 2005), which in fact provided a sound
model for the time and place it was developed.
However, the power system is changing in two fundamental ways with the introduction of renewable energy sources. Power is no longer produced solely by centralized
stations, but rather, it is becoming ever more collected in a distributed manner due to the
increasing number of intermittent sources like solar and wind (Hirth & Ziegenhagen,
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2013; Hirth, 2013a). Hence, the power system needs to coordinate a fast-growing
number of players, while the volatile nature of renewable sources requires systemic
changes to be properly accommodated. This fact implies that models that assume
a production that creates constant merit order curves, cannot be applied nowadays.
As a result, extensions of the Borenstein model have been proposed to accommodate
renewable energies (Kopsakangas-Savolainen & Svento, 2013, 2012a).
But as Farmer and Foley point out in Nature (Farmer & Foley, 2009), economic
models need to evolve towards agent-based approaches that can capture the complexity
and emergent behavior that arise in a system based around heterogeneous interacting
players.
2.4.3

Agent-based models

This push towards agent-based models for economics has been embraced by the
community quite early on. As a result, many models for different purposes now exist.
An overview of the models can be found for example in (Ringler, Keles, & Fichtner,
2016; H. A. Li & Nair, 2015).
Notable models include MASCEM (Vale, Pinto, Praca, & Morais, 2011) and
CASCADE (Rylatt, Gammon, Boait, & Varga, 2013). Both include a balancing stage
and therefore, they respect the physical constraints of the power system. CASCADE
also specifically targets possible problems with feedback created in real-time pricing
systems, which will be discussed in section 2.4.4. However, it targets specifically the
UK market system and does not include modern market mechanisms like block orders.
Instead, it models consumer reaction with a traditional cost-benefit function.
MASCEM is thought to be more flexible in terms of the implementation of concrete
market rules, so it can be configured to represent specific local markets. It also targets
the simulation of Virtual Power Plants (VPP), which aggregate distributed generators
like rooftop solar, in order to bid them into the wholesale market.
Notably, however, existing agent-based market models mostly fall short in two ways,
as identified in (Ringler et al., 2016):
Given the narrow focuses, interactions between different layers, e.g. with
centralised wholesale electricity markets, are sometimes neglected. Thereby,
a consistent and comprehensive evaluation of effects from Smart Grid
structures is still difficult. Similarly, the concrete link to current market
designs and implementation steps are missing, which is why some research
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papers remain rather academic. Issues of local acceptance are neither
addressed explicitly.
The other crucial aspect is that of the timescales under consideration. Wholesale
markets typically work on an hourly schedule. But consumption and production need to
be balanced on a sub-second level. The misconception that these two timescales do not
interact, already has concrete real-world effects (Weißbach & Welfonder, 2009; Z. W. Li
& Samuelsson, 2011; Schäfer, Beck, Aihara, Witthaut, & Timme, 2018).
Overall, agent-based models have established themselves as tools for modeling
electricity markets in order to understand many different problems from market power
to virtual power plant integration. Yet, there is still a long way to go when it comes
to models that specifically include European market rules and that consider shorter
timescales which may or may not be part of the markets explicitly but are often strongly
interacting with them.
2.4.4

Real-time pricing

In our free market economies, monetary incentives are usually seen as a way to change
human behavior. This assumption is widespread, going from cost-benefit decisions of
our everyday life to economic policies of countries. It seems natural, hence, to assume
that exposing end-users of electric power to varying prices will inevitably result in
behaviors that maximize the efficiency of the electricity system. One of the earliest
mentions of this idea can be found in (Houthakker, 1951) and (Steiner, 1957).
Both articles discuss the problem of peak loads and pricing schemes that discourage
customers from using electric power during such high demand periods. The proposed
two-tariff system has been implemented afterwards and is still in use. For example, in the
UK, the so-called “Economy 7” tariffs have a cheaper electricity price for seven hours
during the night (Hamidi, Li, & Robinson, 2009). There, such tariffs are typically used
in conjunction with storage heaters to store cheap power from the night to heat the house
during the day. In recent years, this idea has been taken further: the customers in some
places have the option to choose the so-called real-time price (Kopsakangas-Savolainen
& Svento, 2012b).
As the name suggests, this price should reflect the cost of producing electricity in
“real-time” and therefore, enable the customers to allocate their flexible demand (e.g.
washing machines, dish washers or the charging of electric cars) during times where
power is cheaper. This would then align the needs of the system, e.g. reducing peak
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load to avoid overloading of power lines, with the interest of consumers to save money,
assuming of course that the price correctly reflects any bottlenecks in production or
transmission (Houthakker, 1951).
The concept of a real-time price is also at the core of many concepts of the evolving
power grid, the smart grid, where decentralization and intermittent production drive the
need for new coordination mechanisms (Elma, Taşcıkaraoğlu, İnce, & Selamoğulları,
2017). This development, however, seems curious when compared to the findings of
(Houthakker, 1951) back in 1951: “We shall not proceed to consider tariffs with three or
more running charges, as the introduction of further rates yields rapidly diminishing
returns, while consumer costs increase accordingly.”
From the current technological perspective, in combination with the liberalized
electricity system, this argument however looks inappropriate: not only does the
market generate public price information with at least hourly resolution, but also there
exists technological means to inform and charge the customer with the same time
resolution. Therefore, the idea to expose customers to these hour-by-hour prices seems
straightforward.
Yet, in a case-study of the implementation of real-time pricing (RTP) in Chicago
(Allcott, 2011), the authors found that the cost of the metering infrastructure is likely to
exceed the benefits gained from higher efficiency:
More importantly, although there are significant uncertainties, these efficiency gains do not appear to overwhelm reasonable estimates of the cost
of conserving energy or installing advanced metering infrastructure. These
results do not make a strong case for optional or population-wide residential
real time pricing.
Even though variable pricing schemes have been implemented for quite some time,
only very recently have researchers started to identify possible problems that arise
when they become massively used as a guide for shifting flexible loads. For example,
problems related to market instabilities were presented in (Roozbehani, Dahleh, &
Mitter, 2012), while instabilities of the physical grid due to these effects were discussed
in (Belonogova et al., 2013). In (Krause, Börries, & Bornholdt, 2015) undesirable
demand synchronization between independent agents have been demonstrated with
a simple agent-based model and external price signals. With the specific example of
electric vehicles, the work of (Dallinger & Wietschel, 2012) shows a type of “avalanche
effect” where the charging times of all vehicles synchronize in low price times.
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2.4.5

Demand response and flexible demand

Demand response or flexibilization of demand is the technical realization of RTP (see
section 2.4.4), in the way that it allows the consumer to act on price signals (or rather
signals in general), to optimize their consumption patterns. It is worth noting, that
demand response is not a new technology or idea, and it was probably first implemented
in France by EDF for industrial customers in 1956, and residential customers in 1965.
According to (IEA, 2014) TOU has led to significant peak demand reductions of 5%,
with a simple time of use tariff and consumer information campaigns. To understand the
idea and impact of demand response or the integration of flexible demand, we have to
first understand several factors, beginning with two physical constraints.
One of the physical constraints of the electricity system, is the balance between
supply and demand. Due to the limitations of most thermal power plants, this balance has
to be kept in check within very tight bounds (Prabakaran & Pradeep, 2014). Traditionally,
the easiest way to manage this balance was to adjust the supply side of the equation,
also called demand-following. With the advent of renewable power sources, demandfollowing is no longer quite so simple. Wind and solar power fluctuate within many
time scales (Anvari et al., 2016). And while a modern inverter, which connects the
renewable resource to the grid, can adjust the power output, it can only ever adjust it
down. Therefore, in order to maintain the balance of supply and demand, it has become
a progressively more important option to adjust the demand side instead of the supply
side, in systems with high renewable penetration (Short, Infield, & Freris, 2007a).
Another physical constraint for the grid, is the load on power lines, which is limited
mostly by physical security considerations due to thermal constraints 9 . With a higher
load, a power line exhibits a higher temperature and due to thermal expansion, will sag
more, and therefore be close to the ground. Still, the limit for a specific power line in a
meshed network might also depend on the thermal limit of a different line (Hingorani,
1993; Moreira, Ohishi, & da Silva Filho, 2006). In most cases, these limits will only be
reached during times of high demand, this can either be locally in a distribution network
(Medina, Muller, & Roytelman, 2010), or grid wide in the high voltage network (Chen,
Deng, Chen, & Conference, 2008). Both cases can potentially be alleviated by reducing
the peak demand. In fact, if power consumption can be reliably coordinated to avoid
critical levels, it can be used to defer investment in grid infrastructure (Strbac, 2008).
9 In distribution grids the voltage drop can also limit the amount of power a line is able to transport, as the
voltage cannot be kept within the defined limits for all customers connected to the same line.

41

Furthermore, power line faults are typically the source of major blackouts (Andersson et
al., 2005) so better control over load can potentially solve contingencies in the grid
(Tyagi & Black, 2010).
Beyond these physical constraints, there are also environmental and economical
considerations that are important to review, in order to understand the rise of demand
response. From the economic side, we again need to consider two cases: a traditional
system, and a system with high renewable penetration. In a traditional system, the
short-term price of producing power will mostly depend on the demand (Houthakker,
1951). In essence, it is cheaper to run a power plant at a fixed output level, than to
ramp it up and down. Thus, even in the case of high competition, i.e. without any
scarcity effects, power will be more expensive during peak demand times. Therefore, if
peak demand can be reduced, it will reduce the cost for the consumption of power. If a
reduction of peak demand is also desirable for the producer, however, things are less
straight forward, as peak power is usually sold for high prices (Albadi & El-Saadany,
2008). A producer might have invested in peak power production units which are not
needed anymore if peaks are avoided. Consequently, such investment would not have
the planned usage and therefore, would not be profitable.
In the case of a system with high renewable penetration, the price can also be driven
from the supply side (Hirth, 2013b). If a lot of renewable energy is available, the
price will go down, even if the demand remains the same. From then onwards, the
mechanisms remain similar, as the lower prices will be beneficial (at least for consumers)
if they can shift their consumption in the suitable time frame.
The environmental background for demand response is less clear. In a traditional
system, it can be the case that during times of peak load, more greenhouse gas (GHG)
emission intensive technologies are run (for example diesel generators), yet this is
not necessarily the case, as has been demonstrated in (Holland & Mansur, 2008;
Kopsakangas-Savolainen & Svento, 2012b). Therefore, in a traditional system, in order
for a demand response system to become more environmentally friendly, it would
need to step away from a purely economic optimization as (Kopsakangas-Savolainen,
Mattinen, Manninen, & Nissinen, 2017) for example suggests:
Automatic measurement and control technology and smart grids enable a
new type of demand-oriented electricity contracts, including those which
utilize emission-based demand elasticity. From an energy system point of
view, real-time emission based demand management and real-time price
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based demand management should not been seen as alternative to each
other but rather as complementary methods.
However, in the case of a system with high renewable penetration, the picture is clearer.
As times of low price are much more likely to be caused by the high availability of
renewable sources and therefore, are more likely to coincide with less GHG emissions.
There are several different methods for coordinating the usage of demand response
(Hancher et al., 2013):
1. time of use pricing (TOU)
2. dynamic pricing
3. fixed load capping
4. dynamic load capping
5. direct load control
Especially, TOU and dynamic pricing (in the form of real time pricing, see section 2.4.4)
have seen widespread adoption recently. Examples can be found in (Jessoe & Rapson,
2015; Yousefi, Moghaddam, & Majd, 2011; Dehnavi & Abdi, 2016; S. W. Group, 2017),
specifically with residential and commercial customers.
Systems that rely on other signals than price, are also common, but more so in
industrial settings, for example, as load shedding applications, as direct load control or
frequency-controlled load in reserve markets (Samad & Kiliccote, 2012). For residential
customers also, other signal methods other than price have been proposed and trialed
with differing success (Faruqui, Sergici, & Sharif, 2010). One of the most common
ideas is to provide the consumer with a "traffic light" like signal, which conveys turning
on more appliances as being okay, not so good or should be avoided if possible. While
this simplification might be very useful and easily implemented, as for example on the
Scottish Island Eigg10 , it is not very useful for automation.
Many models for the integration of demand response rely on modeling the utility
function of potential users (for example (Ma, Deng, Song, & Han, 2014; Samadi,
Mohsenian-Rad, Schober, Wong, & Jatskevich, 2010; Fuller, Schneider, & Chassin,
2011)). Where the utility function describes the benefit a user gains from consuming
more power. These models often trace back to a utility function described in (Fahrioglu
& Alvarado, 1999), even though Fahrioglu does not provide empirical evidence that the
assumed function has merit. In (Reiss & White, 2005) empirical data is used to estimate
price elasticity and it is found that:
10 http://www.bbc.com/future/story/20170329-the-extraordinary-electricity-of-the-scottish-island-of-eigg
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This pattern indicates that most households will alter their electricity
consumption very little in response to a price change.
One reason why price elasticity is difficult to measure (and therefore difficult to
correctly use utility functions to describe consumer behavior) is that responses to price
can be very different. In (Albadi & El-Saadany, 2008) three different responses are
described:
– reduce peak electricity usage during peak hours
– shift peak demand to off peak hours
– use on-site generation
The last point makes it clear already that the focus is slightly more on industrial
customers than residential ones, as the latter rarely have the means for (dispatchable)
on-site generation. One might argue that modern battery storage can provide such
means; however, storage itself would fall into the second category of shifting peak
demand. Nevertheless, these three actions are not easily captured in a utility function,
especially given that they might also be non-linear. Henceforth, (Albadi & El-Saadany,
2008) introduces the concept of self-elasticity and cross-elasticity from (Kirschen,
Strbac, Cumperayot, & de Paiva Mendes, 2000), whereby the first corresponds to the
reduction of peak usage, while the second corresponds to the shift from peak to off-peak
hours. However, (Albadi & El-Saadany, 2008) then goes on to ignore cross-elasticity in
its analysis.
Typical real-world studies of demand response from customers, however, show the
strong effects that a shift of demand can have, also known as a rebound effect, where the
shift of peak demand leads to a new peak. One example is the study from Norway (Saele
& Grande, 2011) or Belgium (Vanthournout, Dupont, Foubert, Stuckens, & Claessens,
2015). Of course, this effect can also be found in more theoretical assessments, for
example in (Puranik, 2014) who notes that:
The loads are shifted to off-peak time resulting in new peaks, yet these
peaks are never higher than the current peaks. There is a load reduction
of around 300 MW (maximum) from peak during the observed week, see
Figure 7, and a load addition of about in off-peak hours of a day.
In other words, a very moderate peak load reduction results in an enormous peak during
formerly "off-peak" hours. In (Palensky & Dietrich, 2011) the effect is laid out in the
following way, grounded more on an appliance level:
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Dynamic DSM does not necessarily reduce energy consumption, only
consumption patterns are influenced. If a process is interrupted for some
reason, it might have to “catch up” once it has green lights again. An
example is a water pumping system that can — because of its storage tanks
— easily be shed for 30 min. After the shed it has to fill up its tanks again,
since they were drained during the shed period. A so-called “rebound
effect” (or payback) takes place, energy is typically not saved and maybe
even a new peak is generated.
When trying to integrate HVAC controls into the market (Fuller et al., 2011) finds a very
similar outcome:
... it can be seen that the original peak was approximately 6 MW, while
the active market reduced the peak to approximately 5.2 MW, and then
rebounded to 6.5 MW.
and concludes:
The examples included in this paper were not meant to demonstrate the
optimal method of controlling demand response or decreasing congestion
on a feeder, but rather a demonstration of the level of detail needed to
perform analysis on Smart Grid technologies. Without proper modeling of
all components and technologies within the distribution system, analysis
of the interactions of the individual components may be lost. As Smart
Grid and other advanced technologies continue to be introduced into the
electrical infrastructure, proper analysis of the effects of these control
systems will be paramount. These effects can only be captured when
properly modeling all aspects of the distribution system, from the end use
load to the power flow model to the market infrastructure.
It is important to point out that demand response (when it relates to a shift in
demand), acts like storage and most of these actions do in fact rely on storage outside of
the electricity system. For example, a water heater, a storage heater for a house, or even
a house itself can store thermal energy and therefore heating can be somewhat flexible in
time (IEA, 2014). For the same reason, the rebound effect typical for demand response
can also be found in the case of a battery storage system (Mishra, Irwin, Shenoy, & Zhu,
2013). If, for example, a battery were to be used to reduce the peak demand of a house,
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by providing some of the load during peak hours, it will need to be recharged again later,
therefore increasing the load during that time.
Solutions to the rebound effect often employ some form of randomization, as for
example the solution employed by Kremers in (E. Kremers, de Durana, & Barambones,
2013; E. A. Kremers, 2013). Such solutions, however, are typically not compatible with
systems that rely on pricing but are very useful for direct load control, for example, for
frequency regulation (Short, Infield, & Freris, 2007b; Moghadam, Ma, & Zhang, 2014).
In an industrial setting, the boundary conditions might be very different. In (Shoreh,
Siano, Shafie-khah, Loia, & Catalão, 2016) demand response in steel, aluminum, cement
factories as well as refrigeration facilities are discussed. Especially, aluminum smelting
is noteworthy as the process illustrates several differences between industrial and
residential/commercial settings. Not only is the smelting process itself adjustable (the dc
voltage used to drive the separation of oxygen and aluminum can be varied) there are
also typically several pots in one line, and several lines in one plant. Consequently,
the plant can in theory, steer its power consumption without any rebound effects by
using a lower DC voltage or fewer lines, or pots per line (X. Zhang & Hug, 2015). Such
changes will of course alter the output of the plant, however there is no immediate need
(if at all) to "catch-up" as there is with household appliances or HVAC systems. Of
course, many other processes described in (Shoreh et al., 2016) have the same properties
as household appliances and are only shiftable not variable.
There are several publications that discuss specifically the downsides or failings of
demand response (Kim & Shcherbakova, 2011; Strbac, 2008; Connell, Pinson, Madsen,
& Malley, 2014). In general, there are three types of challenges:
– technical problems (communication infrastructure, smart meters, controllable loads)
– business problems (regulation, business case)
– social problems (information, response fatigue, user behavior)
The most noteworthy problem is probably the business case. As has been put in (Connell
et al., 2014):
While it is acknowledged that extending the electricity market to incorporate
demand results in a more efficient market with increased social welfare, this
welfare is distributed among a number of different parties. It may be quite
difficult to develop a business model that can collect a sufficient amount of
this increased welfare with sufficient certainty to make the business viable
and to justify the required investment in infrastructure.
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This directly translates to extremely low potential saving for residential customers:
Assuming recent trends, the total potential DR savings per household then
amounted to 0.056-0.84% of total expenditures, or between $27 and $412 a
year.

(Kim & Shcherbakova, 2011)

Even worse, these savings would also need to cover the installation costs of new
equipment:
Even with a 15% decrease in electricity expenditures, it would have taken
an average household 16 months of energy savings to cover the cost of a
typical smart meter in 2008.

(Kim & Shcherbakova, 2011)

While this might sound like a reasonable investment, the authors conclude that together
with the high uncertainty, it would likely deter customers from the investment. It should
also be mentioned that the assumed 15% decrease is the absolute maximum found in the
study. This means either other players in the field would need to share their benefits
from DR with the residential customers or electricity prices would need to rise. That is,
to make saving more attractive, in order to make DR a viable option for the customer.
This is especially troublesome considering the potential for DR as listed in (Gils, 2014):
Annual averages are around 25 GW in industry, 31 GW in tertiary sector
and 37 GW in residential sector.
Implying potentially huge gains in efficiency for conventional production or reduced
storage costs for renewable generation.
Curiously enough, the industry sector is where DR seems to be the most advanced.
In (Paulus & Borggrefe, 2011) it is mentioned that 50% of German steel mills already
bid their furnaces into the reserve markets, although for very high prices. Similarly,
(Torriti, Hassan, & Leach, 2010) lists about 3000 MW of interruptible large industry
loads being used for DR in Italy and similar numbers for Spain. The UK appears to
be the only listed country where DR is successfully marketed to consumers (see also
(Hamidi et al., 2009)).
Overall, the literature shows that the integration of flexible demand is most likely
beneficial and doable, demonstrated by the adoption of such programs in the industrial
sector. However, the implementation for other sectors might be much more difficult not
only on the technical side but also from a business perspective.
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2.5

Complex systems

The notion of a complex system is not necessarily a new idea, see for example (Simon,
1962), but it has certainly become more popular in recent years. In fact, it appears to
have become a branch of science on its own. Yet, the term itself remains somewhat
undefined. This fact is discussed in detail in (Ladyman, Lambert, & Wiesner, 2012)
together with possible measures of complexity. In essence, there are several features that
are necessary and/or sufficient to make up a complex system:
– feedback
– spontaneous order
– robustness and lack of central control
– numerosity
The existence of emergence is also often named, however (Ladyman et al., 2012)
argues that emergence is itself not well defined. The last point, numerosity, is very much
the classic point of anti-reductionism and is outlined for example in (Anderson, 1972),
with the core argument being that the whole has properties beyond the sum of every
single part. Which of course could also be understood as emergence.
The idea of a complex system that exhibits properties from the interaction of it parts
has found applications in numerous fields, from public policy (Furtado, Sakowski, &
Tóvoli, 2015), archeology (Kohler, 2012), economics (Anderson, 1988; Arthur, Durlauf,
& Lane, 1997), education (Jacobson & Wilensky, 2009) and many more.
The importance for a better understanding of complex systems becomes clear when
exhibiting some of the effects. The Braess paradox, originally described in (Braess,
1968), is an effect in transportation networks, where the addition of transport capacity
leads to a lower throughput in the network. In a more practical way, this may mean that
the construction of a new road to relieve the congestion on an existing road network
leads to even more congestion. This can also happen in reverse, whereby the closing of
an existing road leads to less congestion. This effect is not only counterintuitive, it
of course only happens under specific circumstances. In order to in fact improve the
throughput in a transportation network, the emergent effects have to be accounted for.
The power grid, for example, is also a transport network that can exhibit the Braess
paradox, as shown in (Witthaut & Timme, 2012).
A range of similar effects has been summarized in (Gershenson & Helbing, 2015)
under the umbrella of "slower is faster", such as:
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The slower is faster (SIF) effect occurs when a system performs worse as
its components try to do better.
Another example where the theory of complex systems has brought new insights,
is with the understanding of financial markets. While the assumption of rationality
explains everyday trading reasonably well, it does little to help in the understanding of
the so-called market failures, like bubbles:
The theory works well to first order. But it doesn’t account for actual market
anomalies such as unexpected price bubbles and crashes, random periods of
high and low volatility (price variation), and the heavy use of technical
trading (trades based on the recent history of price patterns). (Arthur, 1999)
With the use of agent-based modeling in (Arthur, Holland, LeBaron, Palmer, & Tayler,
1997) the authors could however explain these anomalies, where individual expectations
become self-reinforcing and therefore, no longer converge to a (rational) equilibrium.
Modeling of complex systems is generally of great importance as many sociotechnical systems cannot otherwise be separated from the outside world for experimentation (Waldrop, 2018). Agent-based models are one of the most used tools to model
complex systems as they can incorporate all of the above listed conditions, as will be
discussed in the next section.
2.6

Agent-based modeling

Agent-based modeling (ABM) is a technique that is founded in computational models
for complex systems originating from early segregation models like (Schelling, 1969) or
Wolfram‘s cellular automata (Wolfram, 1983). The real onset of these models began
with the common availability of computational resources and more accessible software
like (Wilensky, 1997) and (Borshchev, Kolesov, & Senichenkov, 2000) in the late 1990s
and early 2000s.
ABM consists of a set of agents that interact with each other to represent a given
scenario. This set of agents can be anywhere from very homogeneous to very heterogeneous. In addition, each agent is part of a certain category of system elements, yet
each agent has individual properties and memory that makes him unique inside the
simulation.
ABMs are philosophically very close to system dynamics and systems thinking
(Richmond, 1993) which aim to include feedback mechanisms between parts of a
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system or subsystems, into a holistic analysis for interconnected problems. However,
agent-based modeling relies even more on computation and can, in theory, get even closer
to a real-world scenario. A very good overview of current practices for agent-based
modeling can be found in (Helbing, 2012).
At its core, agent-based modeling removes the need for equation-based formulations
of behavior from the modeler and transitions into an interaction based paradigm where
reactions are formulated as an algorithm instead of an equation. Even though the
mathematical language has evolved and is very much capable of representing most
algorithms, it is the coupling of many elements using the same or even different
algorithms, which makes agent-based modeling different. Helbing puts it the following
way:
Depending on the problem of interest, agents may for example represent
individuals, groups, companies, or countries and their interactions. The
behaviors and interactions of the agents may be formalized by equations,
but more generally they may be specified through (decision) rules, such
as if-then kind of rules or logical operations. This makes the modeling
approach much more flexible. Besides, it is easily possible to consider
individual variations in the behavioral rules (“heterogeneity”) and random
influences or variations (“stochasticity”).

(Helbing, 2012)

It should be noted, that even purely engineered systems are increasingly modeled
as multi-agent systems (for example: (Ashrafi & Shahrtash, 2014; H. A. Li & Nair,
2015; Wu et al., 2010)) as the number of coupled but independent elements grow. But
beyond that, most systems also possess connection points with humans and are therefore,
socio-technical systems. Such systems are a prime subject of agent-based models, since
they are generally better at representing human behavior and networked systems.
It is also for these reasons, that in order to represent networks and human behavior,
ABMs have been adopted for modeling socio or socio-technical systems, such as for
example in:
– traffic (Tesfatsion, 2002; Gershenson & Helbing, 2015)
– crowds (Henein & White, 2004)
– economics (Tesfatsion, 2002; Kaihara, 2003; Hommes, Tesfatsion, Economics, &
2006, n.d.)
– financial markets (Raberto, Cincotti, Focardi, & Marchesi, 2001)
– social networks (Szabó & Fáth, 2007)
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– cooperation and consensus formation (Nardini, Kozma, & Barrat, 2008; Gaston &
desJardins, 2005; Rauhut & Junker, 2009)
Agent-based modeling provides a uniquely flexible structure, whereby a system can
be modeled bottom-up starting with a very simple assumption. Dropping this assumption
later usually does not demand an extensive rethinking, but is rather an additive process,
where more detailed behaviors or heterogeneities are included. Therefore, (Helbing,
2012) also points out that ABMs are useful not only for prediction but also for explanation, guiding data collection, revealing dynamical analogies, discovering new questions,
illuminating core uncertainties, demonstrating trade-offs, training practitioners, and last
but not least decision support (see also (Epstein, 2008)).
2.7

Optimization in electricity systems

At its core, organizing the electricity production system is, as with so many other things,
an optimization problem. Given numerous constraints, the optimal method by which to
produce power is the goal. Contrary to what one might think at first, it is not necessarily
the cheapest way. This would only be true in the case of completely inflexible demand.
The merit order curves for Nord Pool for example, show a small sensitivity to price for
the demand11 . This then implies that one does not simply optimize to find the cheapest
way to generate the required amount of power, but rather, the amount to produce is
determined by the social welfare maximum. In addition, there are many technical
conditions that need to be respected, which further complicates the problem, so that
solutions that would provide a higher optimum might not be technically feasible. That is,
due to aspects such as power plant ramping, or network, security or voltage constraints.
In the literature, this problem can be found under several different names, with no
clear distinction between them. Most commonly used are optimal power flow (OPF) and
economic dispatch (ED) but also unit commitment (UC). In (Frank, Steponavice, &
Rebennack, 2012a) the relation is described as the following:
In this way, OPF extends the classic economic dispatch problem: classic
economic dispatch controls only which generation units to dispatch while
OPF controls all power flows within the system. (In recent papers, the
term “economic dispatch” is sometimes applied to OPF which has the same
objective function as the classic economic dispatch problem.)
11 https://www.nordpoolgroup.com/elspot-price-curves/
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While in (Wang & Shahidehpour, 1993) UC and ED are separated as follows:
One is the unit commitment which determines the unit start up and shut
down schedules in order to minimize the system fuel expenditure. The
other is the economic dispatch which assigns the system load demand to
the committed generating units for minimizing the power generation cost.
Nevertheless, as implied in the first quote, the terms are used rather loosely.
In power systems literature, the problem is often called economic dispatch and
typically does not consider the demand to be price sensitive:
The objective in the economic dispatch of a power system is to minimize
the cost of meeting the energy requirements of the system over some
appropriate period of time and in a manner consistent with reliable service.
The appropriate period may be as short as a few minutes or as long as a
year or more depending on the nature of the energy sources available to the
system.

(Anstine et al., 1971)

This is probably due to historic reasons, as in most systems before the liberalization of
electricity markets, demand would be forecasted and then the most cost-efficient way to
supply it, was the optimization goal. If price sensitivity of the demand was considered,
then it was typically as demand dispatch or demand response (Botterud et al., 2013).
However, finding the social welfare maximum instead of minimizing the cost is not
what complicates the optimization. The complication is rather founded in the conditions
that make the optimization non-linear and non-convex.
Non-convex decisions are already part of the unit commitment problem, where the
decision needs to be made as to whether a specific power plant is to be used or not. Since
most thermal power plants do not just exhibit costs due to fuel consumption but also
some form of start-up/ramp-up and shutdown/ramp-down costs (Wang & Shahidehpour,
1993; Pang & Chen, 1976), this leads to a combinatorial problem to be optimized,
similar to the knapsack problem (Kellerer, Pferschy, & Pisinger, 2004). However,
non-convex effects can also appear in the operation of thermal power plants, most often
discussed as valve-point effect (Anstine et al., 1971) where the actual output of a steam
turbine is not linear, but rather shows "ripples" when another steam valve starts to open.
Regarding the issue of OPF, the problem is also considered as non-linear due to the
power flow calculations. In (Frank et al., 2012a) and (Frank, Steponavice, & Rebennack,
2012b) a very detailed overview is provided on different methods of how to solve the
OPF problem either by simplification or specific methods.
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In the European power markets, most of these technical details have been abstracted
away (for example via block orders (Meeus, Verhaegen, & Belmans, 2009)) while
they are modeled more explicitly in the US markets (Van Vyve, 2011). Nevertheless,
the underlying problem remains non-linear and non-smooth no matter if the decision
involves specific ramping costs or accepting block orders. Therefore, the problem
of economic dispatch and unit-commitment has become a test field for a variety of
optimization algorithms developed in the last decades.
In (Sleisz, Sores, & Raisz, 2014) the European market is generally classified as
a convex mixed integer quadratic problem (MIQP), where the integers are mainly
necessary for the block orders. It has been noted that:
The main difficulty of convex MIQPs (and MILPs) lies in the integer
variables. Integrality conditions divide the solution space into several
disjunct parts, therefore local search algorithms such as simplex or barrier
methods must be launched multiple times. On the other hand, exhausting
elimination of these subproblems is practically impossible, since their
number grows exponentially with increases in problem size.
However, more recent editions to the market, namely minimum income conditions
and unified purchase prices have made the problem non-convex. This leads to the fact
that optimality is no longer guaranteed for the market solution (PXs, 2016). However, in
terms of computation, even MILPs are NP-complete (nondeterministic polynomial
time), which poses problems for scaling up the number of orders that are optimized
(Sores, Divenyi, & Raisz, 2013). How complex the computation is also depends on the
number of integer variables and therefore, block orders:
These conditions can affect the complexity of the problem only when they
are present in vast numbers, which is not a practical issue in this application.
(Sleisz et al., 2014)
The most common algorithm used for optimization in electricity markets are mixed
integer programming (MIP) solvers. These solvers have come a long way from being
ridiculed as a toy (Morales-Espana, 2017) as they are now a substantial part of all kinds
of businesses. The commercial solver Gurobi, for example, is used by companies like
FedEx, Netflix, SAP, Siemens, Shell and Google12 .
12 http://www.gurobi.com/company/example-customers
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However, since the OPF problem in general is non-convex and non-linear, any
MIP or MIQP formulation does involve some simplification. Consequently, a plethora
of non-deterministic (involving some form of randomness or heuristic aspects) or
hybrid methods have been applied, as can be found in the overview in (Frank et al.,
2012b). Notable methods include meta-heuristics such as simulated annealing, particle
swarm optimization (Arif, Hellal, & BOUDOUR, 2009; Reddy & Bijwe, 2016) as well
as neural-networks or genetic algorithms. Especially in the field of meta-heuristics,
the number of algorithms based on particle swarms, yet which employ some kind of
metaphor used for solving OPF, is tremendous. As an example:
1. Firefly Algorithm for solving non-convex economic dispatch problems with valve
loading effect (Yang, Hosseini, & Gandomi, 2012)
2. Cuckoo search algorithm for economic dispatch (Basu & Chowdhury, 2013)
3. Imperialist competitive algorithm for solving non-convex dynamic economic power
dispatch (Mohammadi-Ivatloo, Rabiee, Soroudi, & Ehsan, 2012).
There have been, however, a few studies completed within which widely accepted
methods like MIP are compared against non-deterministic ones. In their survey (Frank
et al., 2012b) notes:
However, all the meta-heuristics discussed tend to be computationally
intensive. As a result, the scalability of non-deterministic OPF methods
often lags that of well-developed deterministic OPF methods, even for
MINLP formulations.
With MINLP being Mixed Integer Non-Linear Programming, a generalization of MILP
allows for nonlinear equations.
In (Biskas et al., 2006) a PSO implementation and an enhanced genetic algorithm
are directly compared against two commercial MINLP solvers, namely GAMS and
LINDO. It concludes with the following:
Mathematical programming methods have been proved robust and reliable
for medium-size systems (up to 708 buses), even with the presence of
discrete variables, which give a theoretical advantage to metaheuristics.
On the other hand, metaheuristics have shown satisfactory behaviour
in small-size systems, but failed to provide robust solutions with the
necessary reliability in medium-size systems. It has been shown that
metaheuristics do not scale easily to larger problems, since the execution
time and the quality of the provided solution deteriorate with the increase of
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the number of control variables. The potential of metaheuristics to enhance
their performance and provide satisfactory solutions for large-scale power
systems has yet to be demonstrated.
While computing power has certainly improved since 2005, there seems to be no
fundamental change regarding the usefulness of metaheuristics to deal with real world
power systems. In summary, it seems best practice to use simplifications to transform
the problem into a form that is compatible with MIP solvers.
2.8

Alternative grid organization concepts

There are several concepts that aim to change the structure of the current power grid.
In today’s grids with liberalized markets, there are only very few hierarchical levels.
Essentially, power is traded at a market place between producers and consumers, or
retailers representing a group of consumers. The physical infrastructure is typically
organized via a transmission (TSOs) and distribution system operators (DSOs). In the
following section, several concepts to change this established structure are broken down.
2.8.1

Microgrids

Microgrids (MGs) aim to add at least one hierarchical level at the bottom of the current
hierarchy of power grid organization. Similar to the smart grid concept, many authors
find that there is not yet a conclusive definition of what defines a MG:
MG is a concept still not fully clearly defined. Indeed different authors refer
to it in distinct ways. MG is usually defined as a cluster of micro-generators,
storage systems and loads operating as a single system, although formal
definitions differ in the literature. (Martin-Martínez, Sánchez-Miralles, &
Rivier, 2016)
Nevertheless, most definitions have a very wide overlap, so a convergence to one
standardized definition is likely to happen very soon. It is clear that MGs are to be a
locally confined subsystem, explicitly consisting of specific infrastructure components.
That is, in contrast to the concepts of aggregators or even retailers that can typically
operate across a large geographical area and are not bound to specific infrastructure. This
of course is intentional, as the infrastructure (especially networks) are a natural monopoly
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and therefore have been split off from other businesses as part of the liberalization
process (see also section 2.4.1). There are several advantages MG ought to bring:
From the grid point of view, the main advantage of the MG is that it is
treated as a controlled entity within the power system which can operate
as a single load. From the customer point of view, this MG can meet
their electrical and heat requirement locally, can supply uninterruptible
power, improve local reliability, improve PQ (power quality), reduce feeder
losses and provide voltage support. Furthermore, the MG can reduce
environmental pollution and global warming through utilizing low-carbon
technologies.

(Mariam, Basu, & Conlon, 2016)

All these claims are based on the idea of a more bottom up approach to managing
the grid. While the current grid relies on a few centralized entities to manage power
quality and optimize production schedules, in a MG these things would already be
optimized within the MG, and therefore, reliance on the centralized entities would be
reduced. This concept can be taken further, via the introduction of even more layers
that do local optimization, as with the example presented in (Martin-Martínez et al.,
2016). Here, the authors also include the concepts of a nanogrid and a picogrid, with the
nanogrid representing a single building and the picogrid a single household. Going with
this conceptualization, the MG then represents several buildings that are physically
close. One feature that is often discussed in conjunction with MGs is the possibility of
islanding, which means to operate the MG without connection to the rest of the power
grid (Lopes, Moreira, & Madureira, 2006). Such a feature can possibly increase the
reliability, as inside the MG, area power can still be supplied even when the transmission
grid suffers from a failure. Naturally, such a feature is also very useful for actual
islands, which for this reason have become a major testbed for MGs. An overview of
the international efforts in testing MG concepts can be found in (Hossain, Kabalci,
Bayindir, & Perez, 2014). One problem that MGs face inside of liberalized market
areas, is the conflict between a locally confined MG and the retailer competition. The
concept of a MG can only work if a large part, if not all, members of a local community
are participating, as otherwise the benefits of local optimization would disappear and
features like islanding become impossible. In contrast to this, liberalized markets are
based on the free choice of a retailer for every consumer, independent of his or her
grid connection. In (Wouters, 2015) the case of Singapore is examined where market
liberalization is not yet fully established, and MGs can use existing exemptions from
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the laws to operate. The case of MG integration in Europe’s legal environment is
discussed in (Eid et al., 2016). The authors point out that one possible solution in
an aggregation model in which only specific appliances are controlled, is for a MG
to provide flexibility as a localized service instead of optimizing the whole energy
consumption of a community. While this is a possible way to aggregate flexibility, it
does only appear to be a very limited case of a microgrid. Another alternative is the
cooperative ownership of local infrastructure:

The village of Feldheim (Germany) represents an example of a co-operation
between private households, the municipality and project developers for
the management of a decentralized renewable energy system. This system
is managed by a cooperative, which is both the retailer, the owner of the
electricity network and the manager of flexibility.

(Eid et al., 2016)

This model then eliminates local market power via a change in the ownership structure
instead of retailer competition. Another problem concerns the possibility of optimizing
the power system given a large share of MGs. In the current system, all information
is submitted to central entities for optimization, mainly the market place. In a MG
dominated system, the optimization would start bottom up at the MG level or even
below. This level, however, has a very limited view of the system and it is unlikely that
optimality can be achieved under all circumstances. Solutions that address this problem,
like (Conejo & Aguado, 1998) or more recently (Kar, Hug, Mohammadi, & Moura,
2014) typically rely on the ability of communication between each entity. Such solutions
could be problematic to scale due to the need to communicate not only between a central
controller but between all parts of the network extensively. Overall, MGs are a solid
concept, but their practical implementation is not compatible with current regulation,
nor with current market and control concepts. Therefore, the problem for MGs might be
that while they could technically coexist within the current system, they cannot (yet)
easily do so given the current regulatory environment and market structure. Finally, as it
stands, it is unclear whether the allocation of resources could be as efficiently executed
in a distributed manner, as compared to what is being done now in the current, rather
centralized market structures. Which leads to the next topic of peer to peer trading
which is closely related to the technology of MGs.
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2.8.2

Peer to peer

Peer to peer trading of commodities is not necessarily a novel concept. OTC trading,
for example, as described in section 2.4, has and probably will be an important part
of electricity trading. However, modern concepts of peer to peer trading do not only
include large power producers or consumers but also much smaller ones, down to the
household level. Such change is like the concept of real-time pricing only possible
through technological advancement, (Giotitsas, Pazaitis, & Kostakis, 2015) describes it
like so:
The advancement of Information and Communication Technologies (ICT)
have arguably provided the opportunity for a “paradigm” shift in the way
energy is produced and distributed. An increasing number of people
have been experimenting through a variety of participatory networks
allowing them to manage, share and produce in a collaborative manner.
The foundations of a new social order have been set, based on meaningful
cooperation and active participation, intensifying the intellectual discussions
that explore its applicable political and economic range.
It can already be seen from the quote, the potential ramifications resulting from such a
structural change in the means of production, could be significant. While (Giotitsas et
al., 2015) continues in this slightly ideologically tainted rhetoric, the article gives a solid
overview on the possibilities of peer to peer trading of electric energy, including a list
of possible downsides. However, in the core description the article avoids explicitly
mentioning one of the prerequisites for such a system: that is, in order for trading
between prosumers to be a viable option, many peers have to have a significant surplus
of energy. Which, as is later mentioned, is a less likely scenario in a highly populated
area like a city. Yet more than half of the population is already living in cities. One
of the biggest advantages of a peer to peer system, as is pointed out in (Giotitsas et
al., 2015) and also in (Murkin, Chitchyan, & Byrne, 2016) is the potentially higher
resilience of peer to peer systems as they remove any single point of failure. This
is because each node is equal and can therefore take the role of any other node. In
(C. Zhang, Wu, Long, & Cheng, 2017) an extensive overview of existing peer to peer
projects for energy trading is presented, including 10 different projects. Many of the
projects, however, focus solely on a business model which is compatible with current
regulations, therefore, essentially adding another hierarchy level into the market system
58

instead of an actual peer to peer system, as prosumers essentially interact via the market
place of the platform instead of between each other. The most promising way to remove
the need for a platform altogether is shown in the last two analyzed projects, which both
rely on block-chain. The block-chain provides a distributed technology to generate a
chain of cryptographically linked blocks that can contain information. Once a block is
part of the chain it cannot be altered anymore without notice. This mechanism can
in turn be used to substitute the trusted third party in an exchange that the platform
provider represents. This concept is further explored in (Sikorski, Haughton, & Kraft,
2017), which also brings the concept of peer to peer trading down another level in
which individual appliances trade with each other. As has been pointed out by (Park
& Yong, 2017) the concept of peer to peer trading is also related to the concept of an
Energy Internet. The concept of the Energy Internet probably goes back to (Friedman,
2008) and envisions a system where energy is packetized like data in the internet and is
distributed in a peer to peer fashion, again like in the Internet. While the packetization
of electrical energy seems infeasible at first glance, it is worth noting that even in the
current architecture, the trading of energy is essentially already packetized. In day
ahead markets, energy, power is typically sold in quantified steps within given time
blocks resulting in a packet of energy. However, it is not physically possible to trace
the delivery of any given package in the network. This nevertheless, would become
possible with the use of DC networks for small scale applications as proven in (Tashiro,
Takahashi, & Hikihara, 2012) or via a back to back DC coupling of network cells in the
macro scale as proposed in (Abe, Taoka, & McQuilkin, 2011). Regardless, the hurdles
that any of these concepts need to overcome are most likely not of a technical nature but
of a regulatory one, whereby the current state of affairs is vehemently defended by the
established incumbents. In addition to this, there is the significant problem of how to
effect transition without interrupting critical infrastructure.
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3

Research Contributions

3.1

Dynamics of complex systems built as coupled physical,
communication and decision layers

In this first research publication, several basic and more theoretic research questions
have been addressed. Therefore, the publication delivered more abstract results than the
later publications. The first question we address is centered around the idea of a three
layered model for socio-technical systems. We were interested in how one could capture
a complex system representing an energy system within the concept of a three layer
model, in the most basic way. If this basic model could be created, it could then be
used to generate insights about such coupled systems far more easily, as the number of
variables is minimized. Finally, such a system could be ideal for teaching, as it would be
easy to understand, yet provide insights into the problems of complex systems.
Within the three layers, the degree of freedom for modeling for each layer becomes
greater, starting from the physical layer to the communication layer and finally the
decision layer. While both the physical and communication layers have to follow
established physical properties, there are typically no such restrictions when it comes
to decision making. However, in this publication we strove for the simplest way of
representing each part, which provides another good boundary condition to find a
reasonable description.
In the publication, the physical layer is represented by a simple DC network, that
simply consists of resistors and a constant voltage source. The resistors are grouped
together to represent an entity, from here on called ‘agent.’ All resistors belonging to
an agent, are wired in parallel, as are the agents themselves. Only one resistor in the
network is not wired in parallel and this represents the inner resistance of the power
source, or one might say the bottleneck, as all current has to pass through it. The exact
number of resistors is controlled by each agent, so the overall amount varies and is in
fact controlled in the decision layer.
This arrangement might seem overly simplistic at first, however, not only is it almost
identical to common research of DC micro-grids (Yu, She, Ni, Wang, & Huang, 2013),
it can also represent most fundamental properties of an energy system. Firstly, users
share a common resource over a network which carries the energy flow. Secondly, the
energy source is limited, and the effects of this limit can be seen globally.
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There are of course, no synchronization effects like those inside a Kuramoto-like
model (Filatrella, Nielsen, & Pedersen, 2008), and even though these effects exist in the
real power grid, they are not strictly necessary for a basic model. The collapse that a real
power grid can exhibit in a desynchronization event, can however be partially recreated
when necessary, since the main consequences of the desynchronization of a generator is
the tripping or disconnect of this generator. Therefore, if such severe consequences like
a blackout are required, they can be included, based on voltage limit violations instead
of frequency limit violations. That is, instead of the generator tripping due to over or
under frequency, the generator would trip due to over or under voltage. These patterns,
however, are not employed in any of the simulations included in the publication.
In the next layer up, the communication layer, the design was again based on a few
very simple concepts. All agents would be connected to one or several neighbors in a
connected graph. The simplest version of this graph is a ring network, in which each
agent has exactly two neighbors. Further, the communication network would transmit
the state of an agent to its neighbors. However, this transmission can be erroneous, so
that the message does not conform to the real state. This error can be interpreted in
multiple ways, as a technical error in the communication system or as an agent lying or
misinterpreting. Another typical aspect of communication networks, latency, was not
included in this study.
Finally, the decision layer, representing the core of the agents, is the most influential
on the overall simulation. Not only are there numerous possible behaviors that might be
implemented, it is also easy to imagine that each identified behavior pattern could be
somehow combined with any other. Again, we used the simplification criteria to guide
the design process. In the simulation presented in the publication, each agent follows a
simple objective, he aims to maximize his energy consumption share. He has three
possible behaviors for each time step; keep, reduce or increase the amount of resistors.
Furthermore, we decided to make agents reluctant to remove resistors. That is, an agent
will only reduce the amount of resistors he has with a very low probability, or if at least
one neighbor does so too. One might think of the resistors as appliances in a house,
appliances that the user is unwilling to switch off, if not strictly necessary.
The energy consumption share maximization of the agents might seem unreasonably
greedy at first, however, it can also be viewed as an optimization process since the
amount of power available is limited. In fact, the power the agents receive plotted
against the amount of resistors in the system, follows a concave curve. Therefore, once
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the optimal number of resistors has been added to the system, adding another resistor
decreases the power received for all agents.
Given this description, one might expect the agents to at first increase the power
draw until the optimum is reached, at which point any agent that is adding a resistor will
end up with less power than before and therefore, change his strategy. And for very
small systems (less than 10 agents) that is indeed what happens. Once the agents reach
the optimum, they start to oscillate around it, each one trying to gain an edge against the
competitors but very soon hitting the limit of the system once again. At this point, the
agent will decrease its usage, or at least remain stable. In small systems, an agent will in
fact benefit from removing load from the system if the system is overloaded.
However, with more and more agents in the system the picture changes, as other
effects gain importance. At first, the agents just become less effective at reaching the
optimal point. But with what we call mid-sized systems (about 100 agents), the system
suddenly gains a new dynamic, as it starts to oscillate on a different timescale. Once the
agents get over the optimum, some agents start to decrease their usage, yet with no
positive effect. Despite the decrease in usage, this does not improve their situation. The
reason for this behavior is the decreasing amount of feedback the agents can get from
the system, now that more agents are acting in it.
The agents then face somewhat of a prisoner’s dilemma type situation. If they decide
to cooperate and remove load from the system, they improve the global situation, but
they are individually worse off. If on the other hand, they defect and increase the load
instead, the global situation grows worse, yet the individual system might still improve.
This can also be seen as another justification for the reluctance to remove load from the
system.
In the publication, we show analytically that this is not caused by insufficient scaling
of the parameters, but it is in fact a property of the system in the way it is set up. In
other words, these oscillating behaviors are inherent and emerge from the interactions
between various parts of the system.
In these mid-sized systems, the communication network is an important part. As
agents will be triggered to reduce their usage when their neighbors do, and the system is
at its limits, the shape of the neighborhood also plays a role. In a random network, a
highly connected agent can trigger multiple other agents, whereas in a ring network,
only two agents can be affected. However, the same is true vice versa to convince a
highly connected agent that it should reduce its resistors in the network, as the system is
at its limit, it will take more agents in its neighborhood in order to cooperate. Therefore,
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in the case of a Watts-Strogatz graph we see much more pronounced oscillations than in
a ring graph.
Both simulations show the same pattern, in which a single agent cannot significantly
influence the system. As a result, in order to achieve an optimal or near optimal solution,
they would need to coordinate. Yet, such coordination on a global level is prevented
by the local greediness of the individual agents. As some of the agents start to reduce
their consumption in order to return to the optimal point, this frees up resources for the
individuals not yet cooperating. In turn, they can then capture that which the collective
has given up. Accordingly, from the defector perspective, there is not yet a problem.
Adding more load to the system still gains them more power, even though it is only the
power that others gave up upon.
The outcome of the simulation with different parameters and different sizes, can
been seen in fig. 2, where the development of the behavior is presented in a grid. For a
more detailed explanation, the reader is referred to the original publication.
At some point, the system will reach a state where a few agents of its agents are
consuming most of the available power while everyone else is consuming at a minimum
level. It is only now that the remaining non-cooperators can "feel" feedback again from
the system, as they are the only ones now acting. They will then also abruptly cooperate.
This removal of load will bring the system back towards the optimal point, with all the
agents gaining power during this period. Once the system crosses the optimal point,
coming from the overloaded to the underloaded side, however, agents lose power once
again, resulting in all agents suddenly breaking cooperation. This of course brings the
system back to the beginning of the cycle.
For even larger systems, the situation changes again. For a large system of about
1000 agents, the system becomes far more stable yet unjust, in the sense that very few
agents capture most of the power, while the rest are stuck at a minimum level. The
agents receive even less feedback from their actions in the system and they get stuck in a
cooperation trap. The only way to break out of this trap is via a misperception of the
neighborhood due to errors in the communication system.
The error rate in the communication system, is in fact the third element that leads to
the dynamics in the system. In an environment with no errors, the system can easily
get stuck in a cooperation trap, where all agents believe they should "help" each other
without an actual need for it. The occasional error in the messaging, however, leads
an agent to actually test the state of the system again. Without this mechanism, the
dynamics in the mid-size systems would also not occur. However, if the error rate
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Fig. 2. Overview of simulation results for agent populations of 100 (top) and 500 (bottom)
agents with a variation of the greediness of the agents. A red pixel stands for a not collaborating agent (defector), while white represents an cooperator.

becomes too high, the system effectively behaves randomly, as the messages lose all
meaning. This leads in fact to a situation where we find a peak of activity in the system
for a communication error rate of about 1%.
In summary, we have demonstrated in this publication, that even with very simplified
components, an energy system can show complex emergent behavior stemming from the
interaction of physical properties (the non-linear power delivery function), technical
properties (the error rate and network structure in the communication layer) and social
phenomena (cooperation and greediness). We have further shown that all three of
these layers sometimes dominate the behavior of the overall system, depending on the
parameter ranges. Furthermore, we have shown also that emergent behavior is hard to
foresee even in engineered systems, and so extensive simulation is necessary to avoid
unstable regimes and unforeseen consequences. Finally, the strong size depends of
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the system proves that what may work in small systems is not at all guaranteed to be
functional in larger ones.
3.2

Demand control management in microgrids: the impact of
different policies and communication network topologies

In this publication, we try to advance the understanding of how to improve coordination
in a microgrid, e.g. a small region that can be self-sustained in relation to the larger
power grid, with simple signals to optimize energy usage. The publication is based on
the model previously described in section 3.1.
We focus on possible policies to stabilize the fluctuating consumption patterns that
emerged in systems of a certain size by introducing the entity of a microgrid aggregator
that is tasked with managing the microgrid, while the microgrid in this context is the
whole system we simulate. The study was motivated by the demand control problem in
DC-microgrids.
We consider three different scenarios, where the first one entails no signaling by the
microgrid aggregator and represents the baseline. The second strategy is based on a
global signal, where the aggregator is directly signaling the state of the microgrid to all
agents, while in the third strategy, the signaling is somewhat indirect in the form of a
price signal.
The model is again composed of:
1. physical layer – a DC power grid
2. communication layer – a network with given transmission error probability
3. decision layer – a set of agents representing users and a microgrid aggregator.
Therefore, this model also conforms to the three layer model described in publication
I and V. Again, enabling us to model the system in a holistic way, following the
philosophical approach of reflexive systems and control (Lepskiy, 2018).
The global signaling policy is very much inspired by a real-world example of the
Scottish island Eigg, which can be found in (Yadoo, Gormally, & Cruickshank, 2011).
The energy system on Eigg consists of renewable generation, a battery bank and a diesel
backup generator with no mainland connection. It is therefore, a natural microgrid. Due
to the volatile nature of renewable sources, the need arises to use demand response to
use power when it is available and minimize consumption when it is not.
Such coordination is typically done via pricing signals, however Eigg decided to
adopt a much simpler, cost effective and straightforward solution for a small community:
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they installed an energy traffic light. If the supply from wind and solar is unconstrained,
it will light up green and signal to the inhabitants that they can run even large appliances
without the need for burning fossil fuel. A red signal on the other hand, means that the
system is severely constrained and measures to reduce consumption should be taken. Or,
at the least, usage of energy intensive appliances should be deferred.
We implemented the global signal as a cooperation signal that is common to all
agents, instead of one solely for immediate neighbors. This configuration is then equal to
a complete graph as a communication network, when the aggregator signals an overuse,
as soon as the system is over its optimal point.
The pricing policy, on the other hand, is more common as prices are used in a variety
of systems to optimize their usage. Yet, in order for the agents to be able to interpret the
pricing signals, they need to have a utility function that gives them a relation between
the cost of consumption and how they value this consumption. In other words, a relation
that they can evaluate to figure out if their consumption level is too expensive compared
to the value it provides or if they should increase it to gain value.
We specifically implemented a utility function that can also be found in (Fahrioglu &
Alvarado, 1999) and (Samadi, Mohsenian-Rad, Schober, & Wong, 2012). The function
is parameterized so that there exists a linear marginal benefit only up to a certain point,
after which the benefit does not increase anymore with higher consumption. The agents
are then optimizing their benefit (the utility value minus the costs).
Overall, we find that both policies under review significantly improved the situation
for the very unstable mid-sized systems of our original system. However, the best results
could in fact be achieved with the global signaling strategy, instead of the price signal.
The global signaling strategy is a simple way of providing each agent with global
information about microgrid aggregate power consumption. This strategy leads to a
more stable outcome, which is far less influenced by other parameters of the simulation,
like the communication network topology.
The chosen pricing strategy maps the original power optimization into a cost-benefit
optimization, where each agent wants to achieve the individual optimal power usage
considering the price and the utility value of the consumed power. Yet, significantly, the
range of parameters which achieved this outcome was far narrower. In the non-trivial
cases, where the sum of the demanded power of all agents exceeds the maximum
available power, the outcome is highly dependent on the choice of not only the price
levels but also the valuation of the power. This suggests that for price-based solutions to
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work, they need to be far more fine-tuned to the participants and their responses, in order
to achieve a desired outcome.
In other words, pricing does not inherently guarantee optimal usage and stability for
the microgrid. However, our results underline the need for a regulatory entity, here the
microgrid aggregator, to overcome potentially unstable configurations that emerge.
3.3

Agent-based model for spot and balancing electricity markets

The research presented in this publication deviates from the path that the two previous
publications have followed. Neither is it based on the same model nor is it a holistic
smart grid model. Yet, it follows the same principle core assumptions that the electricity
infrastructure should be understood as a complex system and therefore, modeled as a
multi-agent simulation.
As the previous publications have demonstrated, even simple energy systems can
possess tendencies to unstable or unsustainable behavior, which can be overcome by a
coordinating unit. In the real electricity system, this mediator is in many ways, the
electricity market. While we have already explored a simple, two-stage pricing model,
electricity markets have evolved into much more sophisticated constructs, thus, a simple
price cannot do them justice (see also section 2.4 and section 2.4.4). So much so, that
simply setting a price does not do it justice at all, which was one of the reasons that lead
to the development of the model presented in here.
The publication is in many ways, the precursor to the main research of this thesis,
and it is already hinting towards the next steps. The main purpose, however, was to
introduce the core of the new model, which is centered around electricity markets to
a wider audience. Further, the publication also presents how the model improves on
other implementations of electricity markets and it compares simulation results with
real-world data.
There are three main points that together make the model we developed unique:
1. it has detailed implementation of both, spot and balancing market in one model
2. it has a very high time resolution down to one minute
3. it is written in Python and open source
The first two points do in fact relate to the same reason. It is often mentioned, that
supply and demand have to be matched at all times in the electricity grid, but neither the
actual reason nor the consequences are often discussed.
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In a synchronous electricity grid, a change in the supply and demand balance will
lead to a change of the synchronous frequency, i.e. the speed that the generators and
synchronous motors spin with. That is, if there is an oversupply of electricity they will
spin faster and they will spin slower if there is an under-supply13 . This means that
the rotational energy acts as a buffer during the times of mismatch. The real problem
originates from the fact that most synchronous turbines are not able to withstand large
deviations from their designed frequency under load (Prabakaran & Pradeep, 2014).
In theory, a grid works the same at many different frequencies (Filatrella et al., 2008)
but the need to match supply and demand goes back to mechanical properties of the
installed equipment.
Now in terms of modeling, this means that a very high time resolution is necessary
should one want to ensure that supply and demand are in fact matched. For market-based
systems, this would mean down to the minute level. Of course, there are mechanisms
that react faster, yet these are usually not coordinated via a market but are rather part of
the protective controls of the power generation equipment itself. This does not mean
that the market itself should generally work at a minute resolution, although in the US,
some markets are down to a 5-minute resolution and 15 in Europe.
In the real world, electricity markets have been designed to deal with this very
problem by trading electricity with increasingly higher time resolutions. Starting from
long term contracts, either in the form of over-the-counter (OTC) trading or futures for
price hedging, these contracts can cover a timespan up to multiple years. The next stage
is typically the spot or day-ahead market where electricity is traded for the whole of the
following day in 1-hour blocks. The final stages are intra-day and balancing markets,
where even finer time resolution is common.
However, balancing markets play a special role as they are typically the only one
sided markets where only supply is bid into while demand comes directly from the
physical reality in the grid14 . This contrasts with the day-ahead market where typically
supply and demand are bid into ahead of time.
In the model, both balancing and spot market are modeled close to the Nord Pool
market. The spot market of Nord Pool is in turn part of the European market coupling
13 In

fact a mismatch of supply and demand will trigger a change of the frequency that persists until the balance
is restored, but since both demand and supply typically change with frequency (e.g. a motor uses less power
when it spins slower) the balance can in theory restore itself within certain limits.
14 Note that here demand is not referring to demand for electricity but instead to the demand for regulation,
which can of course be delivered by flexible demand or production units.
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and therefore run by the Euphemia algorithm (PXs, 2016). Since all markets that are
part of the market coupling are based on the same algorithm, and in fact, computed as a
single order book, the model is somewhat universal.
Beyond this, the model consists of the following players:
1. Users
2. Retailers (Utilities)
3. Producers.
All players are modeled as individual agents, so multiple of them can coexist and
compete in the same simulation. Together with the two market places, they interact in
three stages.
1. Day-ahead market: Retailers submit the forecasted demand as a bid to the market
and producers offer their production. The market matches both by maximizing social
welfare.
2. Balancing market: Users consume power and any deviations from the day-ahead
schedule has to be balanced with offers from the producers to either regulate up or
down.
3. After market: in the final period, the costs and earnings for all parties are calculated.
One of the stronger simplifications that was made for the modeling, concerns the
load curve of the users. We make the assumption that all users have a sinusoidal load
curve, shifted along the y-axis, so the demand is always a positive number. While
this seems overly simple at first, there are some days where the national load curve in
Finland follows this pattern surprisingly closely, showing that this is not as farfetched as
it might initially appear.
The producers of the model are configured to follow a roughly exponential merit
order curve, including very cheap baseload producers on one end, and very expensive
peak producers on the other end. The utilities are mainly doing the forecasting and
act as a collection point for balancing fees. The load forecasting is done based on an
historical average of the previous iterations. The balancing costs are billed to the retailer,
which then spreads it among its users as fixed costs.
Finally, to show some of the advantages of the model, we compared the results the
model creates for balancing with real-world data. The unique aspect our model can
provide here is the so-called intra-hour balancing. Intra-hour balancing happens when
in the same hour, up and down balancing needs to be performed. This might seem
impossible at first, but it goes back to the time-resolution arguments made previously. It
is possible that demand in the first part of the hour exceeds scheduled supply, while in
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Fig. 3. Visualization of the interaction phases of the agent groups in the combined simulation. At first (top) spot market prices are determined based on forecasts. In the next
step (center) actual consumption and necessary balancing is simulated. Finally (bottom), all
financial transactions are taken care of.

the last part of the hour, it is below the forecast. In this case, there needs to be up and
down balancing in the same hour.
This is typically the case for hours with high ramp rates, where demand changes
quickly. Even if the hourly demand was projected perfectly, demand will be below the
average rate in the first half and above in the second half of the hour, leading to the same
amount of up- and down-balancing being needed. It should be noted, however, that this
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is also contrary to the idea that balancing is used to correct forecasting errors, as in that
case there are no forecasting errors. Rather, it is not possible to correctly represent the
issue (i.e. ramping rate) within the given framework of hourly forecasts.
Beyond this, we also compare several other statistical measures of the output from
our model with data from Nord Pool, and we find that the model works reasonably well
to recreate the data.
In summary, this publication presents a simple yet realistic model of a two stage
European electricity market in an agent-based modeling framework, as a very easily
expandable platform for future research.
3.4

Implementing flexible demand: real-time price vs. market
integration

In this publication, which is in some ways the most important part of this work, we
compare two ways of integrating flexible load into the current electricity system. We
end up giving strong policy advice in what should be considered for future decision
making and what has been neglected in the past. The work was published in Energy, a
well-regarded interdisciplinary journal.
In a broader sense, we discuss the topic of demand response or flexible demand,
which is one of the most interesting issues in the current energy transition. This is
because it not only holds many promises and poses many problems, but it is also
effectively a nexus of the evolved disciplines of electrical engineering, communications
engineering and economics.
As previously mentioned, the publication is based on the model introduced above.
That is, it focuses on the relations between the day-ahead and the balancing market.
Both markets are the center of an agent-based model which includes utilities, producers
and consumers as market participants.
The interaction happens in three steps. At first, the producers submit their forecasts
for production capabilities into the market where they get matched with the forecasted
consumption from the utilities. This step has two outcomes, a schedule for each market
participant, based on what offers for production or bids for consumption have been
accepted, and a price for the procured electricity during each time slot.
In the next stage, all deviations from these schedules due to forecasting errors and
ramping rates (see previous article) are taken care of in the balancing market, based on
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offers from the producers. In the third and final stage of each simulation day, the system
accounts for all costs or revenues from the simulated day.
The new addition in this publication is that we add flexibility to the consumers, that
is, each consumer is either a flexible consumer or a (non-flexible) normal one. If he
is flexible, he possesses the ability to change the phase angle of the sinus curve that
represents its consumption, so he can shift where during the day his personal peak and
off-peak consumption occurs. So, neither is his actual peak consumption level nor his
overall consumption changed, but just the timing.
This might appear somewhat counterintuitive, given that the goal of flexibility is
often the reduction of consumption peaks. While this might be possible in certain
instances, we do not consider it realistic nor necessary to reduce peak load in the overall
system. Given the nature of many appliances, they need a certain amount of power
to fulfill their duty, and therefore, are only flexible in time. Even a locally installed
battery might not be able to smooth out the load peak as the battery itself needs to be
recharged at some point, often creating another peak. However, for the system under
consideration, the elimination or reduction of individual peaks is also not necessary
as long as the players are able to coordinate so that they do not create unnecessary
peak loads. For example, two households can create a perfectly flat load profile if their
respective sinusoidal load is phase-shifted by π.
In some cases, peak power consumption is not necessarily disadvantageous, which
becomes more apparent in systems with renewable resources. In such systems, the
highest efficiency might only be achieved if peaks are coordinated at the right time,
to optimally use all available resources. If for example, there is a lot of solar power
available during midday, it is likely more efficient to shift all flexible consumption
to midday. In turn, such a move is likely to create a peak in consumption, but one
which fully utilizes the available renewable energy, which is also economically efficient
due to the zero marginal cost of renewables like solar. This already outlines the
importance of coordination in this publication, and henceforth, we will compare two
coordination mechanisms, the market integration of flexibility and real-time pricingbased coordination.
With regard to real-time pricing coordination (RTP), we understand the form of
RTP that is currently common in Europe and specifically the Nord Pool area, where
consumers are charged the day-ahead market prices for their consumption. Consequently,
therefore, consumers are incentivized to avoid consumption during high day-ahead
prices and vice versa. In respect of market integration, we included a special order type
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from Nord Pool which is called exclusive block orders. With these orders, a retailer
can submit several different possible consumption patterns, based on the flexibility of
their consumers. Similar to the schedule the market creates for producers based on
their offers, it can then also select the optimal consumption profile to maximize social
welfare.
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Fig. 4. Overview of the costs changes for the electricity user. With a high enough percentage
of peak load, the system costs due to balancing are override the savings gained at the day
ahead market in the RTP case.

How the retailer would then incentivize or directly control its users is a problem that
we do not directly address in the article. There are many possible options when it comes
to retailer internal price incentive schemes or even market places. However, especially
for consumers in the form of households, it is most likely that any kind of available
flexibility will be automated, in which case most solutions will look the same for the
user, no matter their implementation details. If the dishwasher makes a bid to the retailer
for a cheap time slot or gets told which slot to use, it is likely transparent for the user, as
long as the dishes are clean when he comes home.
In the main scenario, we look at a system that is roughly configured to represent the
Finnish electricity system. The merit order curve is based on a list of power plants and
their likely variable costs, which roughly correspond to the prices we see in actual Nord
Pool data.
We then vary the amount of flexible users in the system. Keeping all other things
equal. For low amounts of flexible users, we find a resulting reduction of overall costs
per MW throughout the system in both coordination regimes. That is, even users that are
not flexible, end up profiting from the reduced prices during peak hours.
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In the RTP regime, the flexible users always calculate how to shift their load, so they
can achieve the lowest costs for their consumption given the day-ahead prices of the day.
For a rising amount of flexible peak load in the system, i.e. more flexible users,
something more unexpected happens. That is, for the RTP regime, the costs begin to
once again rise. They do, however, stay low for the integrated coordination regime.
The mechanism behind this is relatively simple, in that it is essentially emergent
behavior based in a systematic misconception in the system. The flexible users base
their decisions on when to consume on the day ahead price, which in turn is based on
the prediction of the retailer. In other words, the price directly reflects the prediction of
the user’s behavior. As long as the flexible users do not "see" their actions influencing
the price, they can be predicted well enough.
The situation changes however, once the flexible users create their own peak in
the system. This also leads to a change in the price. At this point, it is very likely cost
efficient for them to change their consumption to something different than originally
predicted, to avoid the price peak. They are incentivized to not behave as predicted.
In a day-ahead only model, this would not lead to any problems, however in our
model, the incorrectly predicted consumption needs to come from the balancing market.
It will, therefore, drive up the balancing costs for the retailer and in turn, the system
costs for the users.
Balancing prices are typically higher than day-ahead market prices, so the overall
system is less efficient and more cost intensive. The short-term availability gets priced
into balancing offers and only a few power plants are able to provide balancing power
without being already synchronized. Consequently, balancing power is mostly coming
from power plants that are already on-line yet which are not yet fully utilized, typically
leading to an even steeper merit order curve.
In contrast, when flexibility is part of the markets dispatching process, no extra costs
will arise, as no switching is going on after the prices are published. Thus, the gains
remain, even with larger amounts of flexible peak load being available in the system.
The resulting savings have been depicted in fig. 4.
There are two arguments that need to be addressed as they are a common objection
to the analysis presented up to this point. The first is the use of price-dependent demand
bids, and the other is the virtually unconstrained implementation of the flexible peak
load into our setup.
Price-dependent bids are very common in electricity market places in the US and
in Europe. Such bids essentially specify a relation between the price during a certain
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hour and the volume that the party is willing to buy. In addition, they are also typically
specified in a linear-piecewise fashion. Such orders are very useful for industrial
applications, where production processes can typically be ramped up or down or where
even on-site generation is available. For residential or commercial purposes, they are not
particularly useful as they lack the ability to ensure that only a certain volume overall
will be procured. As an example, a dish washer would need to be run only once during
the day, even if the price continues to be low. In a price-dependent order, this cannot be
adequately expressed. Similar conditions are necessary for almost all appliances as well
as for heating or cooling. Therefore, price-dependent orders are not the solution for
many demand response related problems, which is of course the reason why market
places introduced other so-called complex orders.
The other point, about almost unlimited flexibility, has also been addressed with
an additional simulation in the appendix of the publication. Essentially, restricting
the flexibility to only certain time horizons complicates the problem formulation,
implementation and understanding but it does not get rid of the problem itself. Even if
the flexible power only decides within a few hours of the day when to run, it can still
create the effect of avoiding its own best prediction and therefore lead to a cost increase.
In the second scenario, we simulate a system with renewables. In this scenario,
volatile renewable energy sources are added to the system, without retiring any other
resources. The first important observation to make, is that even though we included
the balancing market, there is no rise in system costs, even though renewables cannot
be predicted perfectly and lead to a higher need for balancing power. In fact, the
renewables lead to a larger cost reduction than the flexible peak load even under the best
circumstances in our setup.
Moreover, one might expect that the combination of renewables and flexible load
leads to an even higher reduction of costs, however, that is not the case in our scenario.
As long as renewables do not need to be curtailed, the cost reductions from renewables
benefit the system in the same way, as wholesale prices drop regardless. Only in a
case where curtailment would happen that could be prevented by providing the system
flexibility (from the demand side) would the gains be increased.
Finally, we point out what has been overlooked in previous discussions about real
time pricing, which summarizes down to three points:
1. Contrary to the name, real time prices are typically not real time, and do not change
based on the actions of the players.
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2. Market prices reflect binding settlements and markets are designed to monetarily
punish any deviations from these settlements.
3. Due to order books being closed, it is not possible to know how much power can be
produced at a given price, from the outside.
It should be underlined that 2. and 3. even hold true if RTP were to be based on intra-day
or balancing prices. Crucially, the second point is always true in the current market
system and it is the one that mainly explains the effects seen in this publication.
In summary, this publication presents a holistic model of the electricity system
including several market stages, and it also respects the physical properties of power
generation. Based on this model, we simulate different regimes for coordinating flexible
load, demonstrating that the current approach to real-time pricing is not scalable and
should be rethought. We then go on to analyze the reasons why these outcomes are
found and how to prevent them with the use of existing market products.
3.5

Why smart appliances may result in a stupid energy grid

In this publication, we discuss the unexpected consequences of insufficient and idealistic
concepts in regard to the modernization of the power grid – also known as the smart grid.
This article is in many ways, a summary of the more philosophical findings we have
made during our research, and also whilst teaching. It describes not only two simple
simulations that demonstrate the effects we speak of but also it gives a more in-depth
explanation of why the approach of a three layer model might help to overcome the
shortcomings.
We discuss the traditional shortcomings of more reductionist approaches on the
example of two other published examples, and two of our own simulations. The
first simulation is closely related to the work from (Evora, Hernandez, Hernandez, &
Dzemyda, 2015) and (Krause et al., 2015). In the first case, a system of how to use
smart fridges for frequency stabilization is presented, while the second one deals with
the possible amplifications of small price fluctuations into big demand peaks.
We argue that the classification of physical, information and regulatory layers can be
applied to many systems beyond the electricity system, as the problem of coordinating
individual agents is widespread. Examples can be found in traffic, whereby a traffic light
coordinates the traffic flow over a crossing. There, the physical layer is provided by the
road and the vehicles, the information flows via the traffic light and finally, the regulatory
layer is the set of rules that everyone follows. A very different example can be found in
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the waiting room of many hospitals, where every patient draws a number depending on
his or her health status and then gets called upon. Here, the physical system is formed by
the patients and the hospital rooms, while the information is transmitted via the private
numbers and the public announcement of the current number, and the assigned room. In
this example, the regulatory layer is of course, that people actually need to follow this
system exactly, and that one patient is assigned to exactly one specific room at a specific
time.
It is an interesting side note, that while these systems do not necessarily possess a
central control, they do have a centralized component, which is the set of rules that
everyone follows. In the example of the traffic light, it is not only necessary that I
know what red and green mean, instead everyone needs to know, and everyone needs to
memorize it in the same way. This is even true for systems where we often think of
individual agents as being very heterogeneous, as in the case of the general economy.
But even there, we need a set of rules and norms at a market place to overcome the
lack of trust that would otherwise inhibit trading. In other words, the rules become the
centralized element.
In our first example, we illustrate the difference of a locally smart device opposed to
a globally smart device. The basic setup is a DC power-grid, in which the smart devices
are represented by a simple resistor. During a given time period, the voltage of the
power source drops, so the system voltage falls below a given threshold. The task of the
devices is then to react to this problem. This can be thought of as a typical application
for demand response in a system with variable renewables, where, for example, a cloud
might reduce the available solar power for a short period of time.
All smart devices act similar to a fridge or a heater, in that they turn on for a certain
amount of time and then off again, in what is called a duty cycle. Therefore, on average,
only a limited number of devices are active. During the voltage drop, the locally smart
devices that are currently on, all sense the problem in the system and react the same way,
by turning off.
While this sounds like a reasonable action, this is not necessarily the case. A simple
policy, where from a binary threshold, a binary action is derived, it underestimates the
collective impact on the system. In fact, what happens in our example is the following:
Since all devices turn off at the same time, the system flips to the other end of the scale
and reaches an over-voltage situation, as too much load has left the system. This in turn,
will trigger all of the devices to turn on again, since all of them are currently off. Of
course, this will lead to an even worse state of under-voltage. This cycle will then drive
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the system in an oscillating fashion. Since these oscillations are no longer caused by the
original drop in voltage, they will continue beyond the original cause. The system is
dominated by its own reflections.

Fig. 5. Comparison of locally and globally smart devices reaction to a disturbance in the
power supply. Locally smart devices can collectively create a cycle of disturbance on their
own by acting in synchronization due to the original disturbance. Globally smart devices
consider the reaction of others in their actions.

We call this locally smart, as the decisions of the individual device are reasonable,
yet the collective behavior can be detrimental. For the globally smart devices, we then
employ a technique similar to medium access control in cellular networks. Since the
other devices have to consider that there are other devices acting in the same manner, we
randomize the reaction times to the initial event. In this way, we can guarantee that not
all of the devices will act at the same time. This alone would potentially lead to a very
slow reaction time, which can be overcome by adjusting the probability of a device
reacting immediately, depending on the size of the disturbance. Both strategies together
can lead to an appropriate reaction even without a central controller coordinating the
action. An illustration of this can be seen in fig. 5.
With the second simulation, we recreated the scenario presented by (Krause et
al., 2015) and we show how to prevent negative outcomes in the form of high peak
loads. For this purpose, we couple the model from (Krause et al., 2015) with a physical
layer, which is missing in the original simulation. This physical layer then gives us the
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opportunity to make the devices globally smart by considering not only the price but
also the voltage. If an appliance senses that the local voltage is too low, it will not turn
on, even if the price is cheap. This mechanism, however, cannot prevent demand peaks
entirely but it can ensure that they do not have negative effects on the system.
Such a device could act as a safeguard against decisions that are damaging for the
system. Since it acts on local physical data, such a safeguard would protect against a
variety of attack vectors. Even in a worst-case scenario, where a price signal would be
faked by a malicious attacker, such a safeguard could prevent negative outcomes, as it
only relies on input from the grid side. Furthermore, the lack of a data channel would
make it very hard to attack from a distance.
In the final part of the article, we argue that it might seem unlikely for such issues to
arise in practice, as infrastructure systems are typically well thought out, simulated and
tested. However, there are at least two known issues in the electricity system that stem
from the exact same reductionist approach that could most likely be avoided by thinking
in a more holistic way. The first is the so called 50.2 Hz problem (Boemer, Burges,
Zolotarev, & Lehner, 2011) where photo-voltaic installations in Germany have been
mandated to shut themselves off, in the case of an over-frequency event of 50.2 Hz.
On a day with high solar infeed, this would have meant a sudden loss of several GW,
potentially collapsing the grid, which is almost exactly the same case as described in our
simulation.
The second case is a bit more intricate and has to do with the regulatory structure of
the electricity market. Since the market operates on an hourly schedule, all changes in
load or production are only expressed as an average for the full hour. For example, if a
power plant sells 1 MWh of energy, it is expected to provide 1 MW of power for one
hour. Therefore, if a power plant sold 1 MWh in hour A and 2 MWh in hour B, it will
try to adjust its output from 1 MW to 2 MW at the change of the hour. Of course, such
sudden changes in production do not reflect actual consumption. And if we look at the
ensemble average of the grid frequency, we can indeed see strong deviation for every full
hour. A more detailed description can also be found in (Weißbach & Welfonder, 2009;
Entso-E, 2012) and (Z. W. Li & Samuelsson, 2011). While (Weißbach & Welfonder,
2009) even claims:
Additionally, the power system is operated nearer to the defined security
limits, since especially during the scheduled power programme changes in
the evenings a large part of the primary control reserve power is activated.
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Again, this issue can be traced back to a reductionist viewpoint, where the implementation of the market rules does not consider the complete system. We argue
that describing the system within our three layer framework can help to overcome the
reductionist point of view, and foresee potentially bad collective coordination problems,
without burdening the modeler with a very stringent workflow. But, no model, no matter
how well it was crafted can ever predict reality in all its aspects (see also (Sterman,
2002)).
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4

Discussion

4.1

Practical and theoretical implications

The concept of a "smart grid" has caught on in almost all areas of research that are
related to the electric grid, far beyond the usual hype cycle that many technology terms
go through. It is, therefore, safe to assume that the concept will stick around and that
there is something to it that resonates, with researchers, industry and even the general
public. Yet, as can be seen in section 2.1 no good definition exists for what makes a
smart grid.
What is clear, however, is that the modernization process towards the smart grid
means an even tighter integration of electricity grid, communication network and
electricity market. Less obvious, are the drivers for this modernization process. The rise
of volatile renewable sources in the grid is certainly a part of it, but the typical promises
of smart grid technology go beyond that. They promise higher efficiency, less capital
investment costs and higher reliability.
The smart grid as such, is a concept that is not only very vague (see also section 2.1),
it is also hard to fit into a single model. However, in many fields of research, even the
attempt to combine all elements that make up a smart grid, is not undertaken. Often not
only because of the problems in modeling that it brings, which I will discuss later, but
because it is not deemed necessary.
The work presented here, shows in two different ways how such an approach
is futile. In publication I we present a very simple model of an energy system that
integrates the most basic elements from the physical network, the communication
aspects and decision-making process, which can already exhibit emergent behavior.
This demonstrates the importance of modeling the smart grid as a complex system
endogenizing the interactions that can happen between various elements. That is, in
order to account for feedback-loops and any resulting behavior between previously
unrelated parts.
A case where this lack of interaction was especially apparent, was with the case
of real-time pricing. It is a surprisingly common assumption that real time prices are
created externally and that they still accurately reflect the system state (see for example
(Tsui & Chan, 2012; Mohsenian-Rad & Leon-Garcia, 2010; Faria & Vale, 2011)). This
in turn, leads to two other assumptions: firstly, every decision based on the given price
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incentives are favorable, following the idea of the invisible hand. Secondly, there is
no counteraction resulting from these decisions. And for a small project, with a small
number of users, all of this might be an accurate approximation but it cannot hold if
scaled up.
In publication II we discuss how different policies can influence the emergent
behavior that exists in our simple energy system model, depending on the size of the
system. While this is still an extremely simplified setup, such studies which aim to
understand such scaling behavior are crucial in understanding the systematic impact
of different policies and technologies. Nowadays, technologies can spread extremely
rapidly, and even existing technology can change due to changes in software that
are rolled out almost instantly. Therefore, it needs to be ensured via simulations run
beforehand, as to whether any given technology is in fact safe to be deployed onto the
electricity grid.
One of the biggest bottlenecks during the progress of the research presented here,
was in fact the difficulty of integrating the electricity market into the wider holistic
picture. While numerous electricity market simulations exist, they are usually not
designed to interact with engineering-focused models of power grids or communication
networks.
It is, therefore, the intention of publication III to overcome this lack of suitable
market models. It does so in three ways: Firstly, the physical reality that power needs to
be balanced. Secondly, it is based on a comparably high time resolution. Thirdly, it is
built around modular extendable concepts like agent-based modeling and object-oriented
programming.
The high time resolution provides freedom to the modeler to choose the timings
of the different market stages and allows for the implementation of very fine granular
behaviors for the individual agents. At the same time, the inclusion of balancing ensures
that all energy that is consumed is in fact produced somewhere. This goes back to the
over simplistic models of RTP.
Often, the wholesale market for electricity is treated much like a shopping mall, in
which case, two important aspects are lost. In a shopping mall, goods are put on display
for a certain price and a customer can buy how much he desires until the shelves and
storage are empty. This is not at all how day-ahead wholesale markets work. The prices
for each hour do not correspond to an offer that electricity can be bought for, but instead
are the result of matching demand with supply. This is far more akin to a stock market
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price, which reflects the bid-ask spread or the last run transaction, and not the rest of the
orderbook.
An empty shelf for electricity would correspond to a blackout or brownout, with
hard to predict consequences due to the interconnectedness of the electricity system.
For this very reason, the day-ahead market is based on forecasts of actual demand
with various incentives and regulation to ensure that the best effort is taken to predict
accurately. Therefore, the price that the day-ahead market calculates is not of immediate
concern for the participants. It is part of long-term decisions, but in the short-term the
participants are bound by contract to the bids and offers that they have submitted, and
which have been accepted.
To buy energy at the wholesale market, the buyer has to place a bid. This bid can
take several forms, but for a retailer representing a consumer, it would be very typical to
place a bid for a set amount of energy up to a maximum price in a given hour. This
reflects the intention to buy for example 100 MW h of energy as long as the price is not
higher than 1000 e in hour 12. How high the price is, might depend on resources the
retailer has at her own disposal. However, it may as well be the maximum allowed
bidding price, reflecting the need to buy electricity no matter what.
Once the market clearing is done, the participants are told if their bids were accepted,
i.e. in the money. Staying with the example, this means that the price was below 1000 e
in hour 12. The retailer has now bought 100 MW h and has to pay for it during the
settlement period. This agreement can no longer be altered. This creates a schedule for
producers and consumers for the whole day.
If the retailer ends up needing less energy for hour 12, it still needs to pay the full
amount. It can, however, try to resell some of it in the intra-day market. If this does not
cover the differences between actual consumption and the bought energy, the fallback
is the balancing market. The balancing is at first operated system-wide, that is, the
system-wide balance needs to be secured no matter who is responsible for the mismatch.
The responsibility only gets sorted out during the settlement phase.
Keeping with the case of the retailer needing less energy than originally bought,
based on the forecast and assuming the system is overall unbalanced in the same
direction, some producers need to reduce their output. These producers then "buy" the
energy from the system (which includes the retailer). Once bought back, they do not
need to produce it anymore. However, they will of course try to buy it for a lower price
than it was originally sold for, accounting for the fuel that was procured or the degrading
of parts due to rapid output changes. Finally, they will buy it back for as low a price as
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they can get away with. Having first sold it for a higher price and then having bought it
back for a lower one, naturally means that they made a profit. This profit is paid by the
retailer, therefore the retailer would have been better off with a more accurate forecast.
The same is true for the other case, where the retailer has forecasted too little and the
same is true for the overall system. In the opposite case where the system is in reverse to
the retailer (if the retailer is long, the system is short and vice versa), the retailer usually
faces only the market price and some volume fee. Overall, the case is pretty clear, the
system is set up so that a departure from the schedule created at the whole sale, is costly.
Based on this process, the findings of publication IV appear almost straight forward,
yet they are the opposite of many findings in the current literature. If any actions to
change the consumption are taken based on the price of the wholesale market, they
almost inevitably lead to the forecasted amounts being amiss, in turn, making production
more costly as laid out above.
There are a few possible ways around this problem, all based on the assumption that
the retailer can learn to forecast the price sensitivity of its users. This either happens
over time (from one day to the next) or via an iterative process (before market closure)
(see for example (Samadi et al., 2010)). This iterative process would represent a massive
change to the current setup of day-ahead markets. Current markets are based on double
blind auctions to minimize market power. Since the bids from all other parties are
unknown, the Pareto optimal strategy is to bid the true cost. An iterative process on
the other hand, would most likely enable certain players to exercise market power by
gaining information during the iterative steps of the algorithm.
As we argue in publication IV however, both of these are based on the assumption
that user behavior is not only price sensitive but that this price sensitivity can in fact
be expressed in a price sensitivity curve. In other words, the flexibility of the demand
during every hour can be expressed as a function of the price.
It is very likely that this does not hold true for many real-world scenarios. The
simple example is a smart appliance, like a dish washer, that just has to run once. This
appliance would try to run during the cheapest hours of the day, when faced with a real
time price. However, there is most likely no relation to the specific price of these hours,
they just have to be the cheapest ones during that particular day or timespan. Thusly, the
demand cannot be expressed as a function of the hourly price during a specific hour, as
it also depends on the price of the other hours, specifically on the price difference. Such
a relation, however, cannot be bid into the market, nor would it be helpful.
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As soon as any bid trying to forecast the behavior of these smart dishwashers is
large enough to influence the market price, it is prone to change what these dishwashers
actually do. Which is the effect that leads to excessive costs, in the case we modeled.
This pattern of an appliance "hunting" for the cheapest hour instead of having
a cut-off price, is in fact true for many appliances. This is also true for electricity
consumers in industry, households or the commercial sector, if they can be flexible.
Exceptions include certain applications in the industrial sector where it might be
beneficial to produce more or less, as long as the price is below or above a certain
threshold, and products can be stored.
For applications like cooling or heating, which often come with a limited amount of
flexibility, the behavior is often assumed to follow a trade-off between savings and
comfort. While such a trade-off might exist, it appears unlikely that frequent violations
of comfort would be tolerated, even if savings are high, which most likely they are not
(see section 2.4.5). More likely, is the case where a change in consumption will result in
savings without any noticeable change in comfort. This again makes them price hunters.
Storage behaves in the same way, but typically it is even more flexible when it comes
to timing, and also power consumption. Modern batteries can usually be fast charged up
to a certain level of charge, with very high power. And therefore, possibly compressing
charging (within only an hour) to 80% thus drawing lots of power in a short amount of
time.
The solution then to this problem, is to integrate the flexibility directly into the
market-matching process. This means the retailer would not rely on the wholesale
market price to guide the users about their decisions but would instead take responsibility
for this coordination itself. It can then bid the flexibility into the market in the form of
block offers. For the retailer, the result is again a schedule it should follow to avoid extra
costs, only this time, the schedule already accounts for the flexibility in the system.
The retailer now needs to coordinate the flexibility among its customers to conform to
the schedule. This can be done by direct control of loads e.g. telling the dishwashers
when to run, or by using some retailer internal pricing mechanism (see for example
(Doostizadeh & Ghasemi, 2012)).
The systematic importance of this change can be illustrated by looking at the
following example. Let us assume that during hour A, the market has a very low price of
10 e/MWh as only the baseload power plant is run, together with a lot of wind. During
hour B, the price is a higher 50 e/MWh however, as the wind is mostly gone and a
gas turbine needs to be run. This price difference now incentivizes a load shift from
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hour B to hour A. What is missing, however, is any information on how much load
should be shifted. An increase of 10 MW during hour A might be easily covered by the
load following ability of the baseload power plant, however an increase of 100 MW
would most certainly result in balancing power being needed, likely from the gas turbine
with prices above 50 e/MWh. Either of these changes also remove load from hour B,
leading to extra down balancing costs.
This demonstrates the lack of information contained in the wholesale price, as it
does not contain any details on how much power would potentially be available for a
given price. This then makes it impossible to schedule the right amount of load shift,
just based on the price difference.
One possible solution to this, seems to be to move the real time price closer to
actual real time and base it on the intra-day or balancing price. In theory, this solves
the problem of the price not correctly reflecting the current situation, as it is based on
forecasts. Yet, two significant aspects should be considered. Firstly, prices still result
from a binding transaction, still leading to extra cost if the schedule resulting from this
transaction is not followed. Secondly, the daily schedule of the market is chosen to give
sufficiently long planning horizons for all participants. A real-time price based on the
balancing or intra-day market might make such planning unnecessarily difficult.
The move to shorter time scales is not unlikely to lead to instabilities, when
considering the quick reaction time of certain appliances. Heating, cooling or battery
charging can react to changes in price, possibly within seconds. How a purely price-based
system is guaranteed to converge in such a scenario, is unclear (see also (Roozbehani et
al., 2012)).
There are three large shortcomings in publication IV. First, is the lack of a detailed
consumer model, second is the missing intra-day market and last is the lack of a physical
layer beyond the system balance. All three of these, have been deliberate decisions in
favor of simplicity of the model and time constraints. While I expect none of them
to change the results significantly, they would allow one to understand the limits of
the discovered effects and to model some others, as will be detailed in the future work
section 4.2.
It has been this dissemination of real-time pricing, together with several other
real world examples from the electricity sector, as well as experiences from the
telecommunication sector that have lead my co-author Pedro Nardelli and I to trying to
formalize our model of thinking into a method that we detailed in publication V.
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4.2

Future work

There are seemingly endless ideas that cross a researcher’s mind during the various
stages of researching. Only a few of them are practical at the time, while others seem
highly promising, but are not currently feasible.
The model used in publication I and II has one feature that is most arbitrary, the
behavioral description that the agents follow. This is of course, a problem that many
agent-based models face, as well as many social sciences. Economics, for example,
tries to avoid this issue with the concept of rationality. Rationality is then reduced to a
mathematical concept like game theory. However, we know of many instances where
the common concept of rationality does not align with actual human behavior, leading to
the branch of behavioral economics.
Another way to make this behavior less arbitrary, would be to evolve it along
certain measures, instead of postulating it. This is possible with the application of
genetic optimization, where the genome is a decision tree describing the agent behavior.
Especially in such a simple system, as in publication I this kind of simulated evolution is
possible. It would of course, shift the arbitrary part of the modeling towards the metrics
along which to evolve the behavior. Nevertheless, this addition to agent-based modeling,
combining it with machine learning, seems very promising.
For the second model, used in publication III and IV two additions seem particularly
worthwhile. First, is the inclusion of a physical power grid simulation into the market
matching process. This is important, as it relates to another area where RTP is used as a
concept to improve the efficiency of the system by incentivizing the use of flexible load.
Many European countries, especially in northern Europe, are split into several price
zones, which allow the market matching to assign different prices to two neighboring
areas. That is, if the physical limits of the grid do not allow it to supply all of the demand
with the same cheap source.
For example, if the flow between area A to area B is limited to 100 MW while most
of the cheap production is within area A (for example due to geographical properties), all
demand beyond 100 MW will prompt power plants in area B to be run. This, in turn, will
cause the price in area B to be higher than in area A. Most likely, this is only the case for
the peak hours, therefore DR could help to reduce the need for new power lines and keep
prices low. However, the price is probably not linear but contains a discontinuity. As
long as demand is below the limit, the prices in both areas are the same, but as soon as
the limit is reached the price most likely exhibits a jump to a higher level and vice versa.
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As a result, research is needed to understand with which assumptions coordination with
solely the price is possible, and when a market integration of flexibility is favorable.
The second improvement is a much more detailed load model, where the load
curve of agents is formed by several devices with different flexibility ranges and power
demands. This could include heating or cooling loads, as well as electric cars or battery
storage. This addition is technically fairly straightforward, but the optimization of
the loads as well as the sensible definition, takes more time. The big advantage that
such an improvement would allow, is a more realistic price forecast. So instead of
just explaining the underlying effect, the model could also estimate the actual costs of
mis-coordinated flexible demand.
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of a dynamic energy management system using real time pricing and local
renewable energy generation forecasts. Energy, 134, 206–220.
Emery, F. E., & Marek, J. (1963, June). Some Socio-Technical Aspects of Automation.
Journal of Occupational and Environmental Medicine, 5(6), 326.
Entso-E. (2012, February). Deterministic Frequency Deviations joint ENTSOE (Tech.
Rep.).
Epstein, J. M. (2008, October). Why Model? Journal of Artificial Societies and Social
Simulation, 11(4).
Euphemia performance issues: Feed-back on EUROPEX identified issues and proposed
solutions. (2015, November).
Evora, J., Hernandez, J. J., Hernandez, M., & Dzemyda, G. (2015). Swarm Intelligence
for Frequency Management in Smart Grids. Informatica.
Fahrioglu, M., & Alvarado, F. L. (1999). Designing cost effective demand management
contracts using game theory. In IEEE Power Engineering Society. 1999 Winter
Meeting (Cat. No.99CH36233) (pp. 427–432 vol.1). IEEE.
Faria, P., & Vale, Z. (2011, August). Demand response in electrical energy supply: An
optimal real time pricing approach. Energy, 36(8), 5374–5384.
Farmer, J. D., & Foley, D. (2009). The economy needs agent-based modelling. Nature,
460(7256), 685–686.
Faruqui, A., Sergici, S., & Sharif, A. (2010, April). The impact of informational
feedback on energy consumption-A survey of the experimental evidence. Energy,
35(4), 1598–1608.
Feynman, R. P., Leighton, R. B., & Sands, M. (2015). The Feynman Lectures on Physics,
Vol. I. Hachette UK.
Filatrella, G., Nielsen, A. H., & Pedersen, N. F. (2008, March). Analysis of a power grid
using a Kuramoto-like model. The European Physical Journal B, 61(4), 485–491.
94

Frank, S., Steponavice, I., & Rebennack, S. (2012a). Optimal power flow: a bibliographic
survey I. Energy Systems, 3(3), 221–258.
Frank, S., Steponavice, I., & Rebennack, S. (2012b). Optimal power flow: a bibliographic
survey II. Energy Systems, 3(3), 259–289.
Friedman, T. (2008). Hot, Flat and Crowded. Farrar, Straus and Giroux.
Fuller, J. C., Schneider, K. P., & Chassin, D. (2011). Analysis of Residential Demand
Response and double-auction markets. In 2011 IEEE Power and Energy Society
General Meeting (pp. 1–7). IEEE.
Furtado, B. A., Sakowski, P., & Tóvoli, M. H. (2015). Modeling complex systems for
public policies.
Gaston, M. E., & desJardins, M. (2005). Agent-organized networks for dynamic
team formation. In Proceedings of the fourth international joint conference on
Autonomous agents and multiagent systems - AAMAS ’05 (p. 230). New York,
New York, USA: ACM Press.
Gershenson, C., & Helbing, D. (2015). When slower is faster. Complexity, 21(2), 9–15.
Gharavi, H., & Ghafurian, R. (2011). Smart Grid: The Electric Energy System of the
Future [Scanning the Issue]. Proceedings of the IEEE, 99(6), 917–921.
Gils, H. C. (2014, April). Assessment of the theoretical demand response potential in
Europe. Energy, 67(c), 1–18.
Giotitsas, C., Pazaitis, A., & Kostakis, V. (2015). A peer-to-peer approach to energy
production. Technology in Society, 42, 28–38.
Group, S. G. C. (2012, December). Smart Grid Reference Architecture (Tech. Rep.).
Group, S. W. (2017, October). 2016 SGIP ADVANCED ENERGY STORAGE IMPACT
EVALUATION (Tech. Rep.).
Growitsch, C., & Nepal, R. (2011, January). Electricity spot trading in Germany: price
formation and convergence. Energy Studies Review, 18(1), 3.1–3.13.
Hamidi, V., Li, F., & Robinson, F. (2009). Demand response in the UK’s domestic
sector. Electric Power Systems Research.
Hamoud, G., & Bradley, I. (2004, May). Assessment of Transmission Congestion
Cost and Locational Marginal Pricing in a Competitive Electricity Market. IEEE
Transactions on Power Systems, 19(2), 769–775.
Hancher, L., He, X., Azevedo, I., Keyaerts, N., Meeus, L., & Glachant, J.-M. (2013,
July). Shift, Not Drift: Towards Active Demand Response and Beyond (Tech.
Rep.).
95

Helbing, D. (2012). Agent-Based Modeling. Springer Berlin Heidelberg. Berlin,
Heidelberg.
Henein, C. M., & White, T. (2004, July). Agent-Based Modelling of Forces in
Crowds. In Multi-Agent and Multi-Agent-Based Simulation (pp. 173–184). Berlin,
Heidelberg: Springer, Berlin, Heidelberg.
Herrmann, U. (2013). Der Sieg des Kapitals. Westend Verlag.
Hingorani, N. G. (1993). Flexible AC transmission. IEEE Spectrum, 30(4), 40–45.
Hirth, L. (2013a, July). The market value of variable renewables. Energy Economics,
38, 218–236.
Hirth, L. (2013b, July). The market value of variable renewables. Energy Economics,
38, 218–236.
Hirth, L., & Ziegenhagen, I. (2013). Balancing power and variable renewables: A
glimpse at German data. SSRN Electronic Journal.
Hjalmarsson, E. (2000). Nord Pool: A Power Market Without Market Power. Working
Papers in Economics, 28.
Hogan, W., & Harvey, S. M. (2000). Nodal and zonal congestion management and the
exercise of market power. Harvard University.
Holland, S. P., & Mansur, E. T. (2008). Is real-time pricing green? The environmental
impacts of electricity demand variance. The Review of Economics and Statistics.
Hommes, C. H., Tesfatsion, L., Economics, K. J. H. o. C., & 2006. (n.d.). Handbook of
Computational Economics.
Hopkinson, K., Wang, X., Giovanini, R., Thorp, J., Birman, K., & Coury, D. (2006,
May). EPOCHS: A Platform for Agent-Based Electric Power and Communication Simulation Built From Commercial Off-the-Shelf Components. IEEE
Transactions on Power Systems, 21(2), 548–558.
Hossain, E., Kabalci, E., Bayindir, R., & Perez, R. (2014, October). Microgrid testbeds
around the world: State of art. Energy Conversion and Management, 86(C),
132–153.
Houthakker, H. S. (1951). Electricity tariffs in theory and practice. The Economic
Journal, 61(241), 1.
IEA. (2014, March). Technology Roadmap: Energy Storage. , 1–64.
Jacobson, M. J., & Wilensky, U. (2009, November). Complex Systems in Education:
Scientific and Educational Importance and Implications for the Learning Sciences.
The Journal of the Learning Sciences, 15(1), 11–34.
96

Jessoe, K., & Rapson, D. (2015). Commercial and Industrial Demand Response Under
Mandatory Time-of-Use Electricity Pricing. The Journal of Industrial Economics,
63(3), 397–421.
Jiang, Q., & Wang, H. (2013, January). Two-Time-Scale Coordination Control for
a Battery Energy Storage System to Mitigate Wind Power Fluctuations. IEEE
Transactions on Energy Conversion, 28(1), 52–61.
Johnsen, T. A., Verma, S. K., & Wolfram, C. D. (1999). Zonal pricing and demand-side
bidding in the Norwegian electricity market. POWER. University of California
Energy Institute.
Kaihara, T. (2003, August). Multi-agent based supply chain modelling with dynamic
environment. International Journal of Production Economics, 85(2), 263–269.
Kar, S., Hug, G., Mohammadi, J., & Moura, J. M. F. (2014). Distributed State Estimation
and Energy Management in Smart Grids: A Consensus+Innovations Approach.
IEEE Journal of Selected Topics in Signal Processing, 8(6), 1022–1038.
Kellerer, H., Pferschy, U., & Pisinger, D. (2004). Introduction to NP-Completeness of
Knapsack Problems. In Knapsack Problems (pp. 483–493). Berlin, Heidelberg:
Springer, Berlin, Heidelberg.
Kilkki, O., Alahaivala, A., & Seilonen, I. (2014, July). Optimized Control of Price-Based
Demand Response With Electric Storage Space Heating. IEEE Transactions on
Industrial Informatics, 11(1), 281–288.
Kim, J.-H., & Shcherbakova, A. (2011, February). Common failures of demand
response. Energy, 36(2), 873–880.
Kirschen, D. S., Strbac, G., Cumperayot, P., & de Paiva Mendes, D. (2000). Factoring
the elasticity of demand in electricity prices. IEEE Transactions on Power Systems,
15(2), 612–617.
Kivela, M., Arenas, A., Barthelemy, M., Gleeson, J. P., Moreno, Y., & Porter, M. A.
(2014, August). Multilayer networks. Journal of Complex Networks, 2(3),
203–271.
Kohler, T. A. (2012). Complex systems and archaeology. Archaeological theory today.
Kopsakangas-Savolainen, M., Mattinen, M. K., Manninen, K., & Nissinen, A. (2017).
Hourly-based greenhouse gas emissions of electricity – cases demonstrating
possibilities for households and companies to decrease their emissions. Journal of
Cleaner Production, 153, 384–396.
Kopsakangas-Savolainen, M., & Svento, R. (2012a, September). Promotion of Market
Access for Renewable Energy in the Nordic Power Markets. Environmental and
97

Resource Economics, 54(4), 549–569.
Kopsakangas-Savolainen, M., & Svento, R. (2012b). Real-time pricing in the nordic
power markets. Energy Economics, 34(4), 1131–1142.
Kopsakangas-Savolainen, M., & Svento, R. (2013, June). Economic Value Approach
to Intermittent Power Generation in the Nordic Power Markets. Energy and
Environment Research, 3(2), 1–17.
Korkali, M., Veneman, J. G., Tivnan, B. F., Bagrow, J. P., & Hines, P. D. H. (2017).
Reducing Cascading Failure Risk by Increasing Infrastructure Network Interdependence. Scientific Reports, 7, 44499.
Krause, S. M., Börries, S., & Bornholdt, S. (2015, July). Econophysics of adaptive
power markets: When a market does not dampen fluctuations but amplifies them.
Physical Review E, 92(1), 012815–5.
Kremers, E., de Durana, J. M. G., & Barambones, O. (2013, January). Emergent
synchronisation properties of a refrigerator demand side management system.
Applied Energy, 101(C), 709–717.
Kremers, E. A. (2013). Modelling and simulation of electrical energy systems through
a complex systems approach using agent-based models (Unpublished doctoral
dissertation). Karlsruher Institut für Technologie.
Ladyman, J., Lambert, J., & Wiesner, K. (2012, June). What is a complex system?
European Journal for Philosophy of Science, 3(1), 33–67.
Lepskiy, V. (2018, February). Evolution of cybernetics: philosophical and methodological analysis. Kybernetes, 47(2), 249–261.
Lévesque, M., Xu, D. Q., Joós, G., & Maier, M. (2012, March). Communications
and power distribution network co-simulation for multidisciplinary smart grid
experimentations. In ANSS Annual Simulation Symposium (p. 2). Society for
Computer Simulation International.
Li, H. A., & Nair, N.-K. C. (2015). Multi-agent systems and demand response: A
systematic review. 2015 Australasian Universities Power Engineering Conference
(AUPEC), 1–6.
Li, Z. W., & Samuelsson, O. (2011). Frequency deviations and generation scheduling in
the nordic system. PowerTech, 1–6.
Lin, H., Sambamoorthy, S., Shukla, S., Thorp, J., & Mili, L. (2011). Power system and
communication network co-simulation for smart grid applications. In ISGT 2011
(pp. 1–6). IEEE.
98

Lopes, J. A. P., Moreira, C. L., & Madureira, A. G. (2006, May). Defining Control
Strategies for MicroGrids Islanded Operation. IEEE Transactions on Power
Systems, 21(2), 916–924.
Lund, P. D., Lindgren, J., Mikkola, J., & Salpakari, J. (2015, May). Review of energy
system flexibility measures to enable high levels of variable renewable electricity.
Renewable and Sustainable Energy Reviews, 45(C), 785–807.
Ma, J., Deng, J., Song, L., & Han, Z. (2014, April). Incentive Mechanism for Demand
Side Management in Smart Grid Using Auction. IEEE Transactions on Smart
Grid, 5(3), 1379–1388.
Mariam, L., Basu, M., & Conlon, M. F. (2016, October). Microgrid: Architecture,
policy and future trends. Renewable and Sustainable Energy Reviews, 64(C),
477–489.
Martin-Martínez, F., Sánchez-Miralles, A., & Rivier, M. (2016, September). A literature
review of Microgrids: A functional layer based classification. Renewable and
Sustainable Energy Reviews, 62(C), 1133–1153.
Medina, J., Muller, N., & Roytelman, I. (2010, August). Demand Response and
Distribution Grid Operations: Opportunities and Challenges. IEEE Transactions
on Smart Grid, 1(2), 193–198.
Meeus, L., & Belmans, R. (2007). Is the prevailing wholesale market design in Europe
and North America comparable? In 2007 IEEE Power Engineering Society
General Meeting (pp. 1–5). IEEE.
Meeus, L., Verhaegen, K., & Belmans, R. (2009). Block order restrictions in combinatorial electric energy auctions. European Journal of Operational Research, 196(3),
1202–1206.
Mets, K., Ojea, J. A., & Develder, C. (2014, July). Combining Power and Communication Network Simulation for Cost-Effective Smart Grid Analysis. IEEE
Communications Surveys & Tutorials, 16(3), 1771–1796.
Mishra, A., Irwin, D., Shenoy, P., & Zhu, T. (2013). Scaling distributed energy storage
for grid peak reduction. New York, New York, USA: ACM.
Moghadam, M. R. V., Ma, R. T. B., & Zhang, R. (2014). Distributed Frequency Control
in Smart Grids via Randomized Demand Response. IEEE Transactions on Smart
Grid, 5(6), 2798–2809.
Mohammadi-Ivatloo, B., Rabiee, A., Soroudi, A., & Ehsan, M. (2012). Imperialist
competitive algorithm for solving non-convex dynamic economic power dispatch.
Energy, 44(1), 228–240.
99

Mohsenian-Rad, A.-H., & Leon-Garcia, A. (2010, August). Optimal Residential Load
Control With Price Prediction in Real-Time Electricity Pricing Environments.
IEEE Transactions on Smart Grid, 1(2), 120–133.
Morales-Espana, G. (2017). Accelerating the Convergence of MIP-based Unit Commitment Problems. TU Delft.
Moreira, F. S., Ohishi, T., & da Silva Filho, J. I. (2006). Influence of the thermal limits
of transmission lines in the economic dispatch. In 2006 IEEE Power Engineering
Society General Meeting (p. 6 pp.). IEEE.
Murkin, J., Chitchyan, R., & Byrne, A. (2016). Enabling peer-to-peer electricity trading.
In Proceedings of ICT for Sustainability 2016. Paris, France: Atlantis Press.
Nardini, C., Kozma, B., & Barrat, A. (2008, April). Who’s Talking First? Consensus or
Lack Thereof in Coevolving Opinion Formation Models. Physical Review Letters,
100(15), 158701.
Neureiter, C., Uslar, M., Engel, D., & Lastro, G. (2016). A standards-based approach
for domain specific modelling of smart grid system architectures. In 2016 11th
System of Systems Engineering Conference (SoSE) (pp. 1–6). IEEE.
Newbery, D., Pollitt, M. G., Ritz, R. A., & Strielkowski, W. (2018). Market design for a
high-renewables European electricity system. Renewable and Sustainable Energy
Reviews, 91, 695–707.
Nordic Council of Ministers, Nordic Council of Ministers, N. C. o. M., & THEMA
Consulting Group, T. C. G. (2014, May). The Nordic Electricity Exchange and
The Nordic Model for a Liberalized Electricity Market. , 1–19.
Nykamp, S., Bosman, M. G. C., Molderink, A., Hurink, J. L., & Smit, G. J. M. (2013,
August). Value of Storage in Distribution Grids—Competition or Cooperation of
Stakeholders? . IEEE Transactions on Smart Grid, 4(3), 1361–1370.
Palensky, P., & Dietrich, D. (2011). Demand Side Management: Demand Response,
Intelligent Energy Systems, and Smart Loads. IEEE Transactions on Industrial
Informatics, 7(3), 381–388.
Pang, C. K., & Chen, H. C. (1976). Optimal short-term thermal unit commitment. IEEE
Transactions on Power Apparatus and Systems, 95(4), 1336–1346.
Parandehgheibi, M., Modiano, E., & Hay, D. (2014). Mitigating cascading failures
in interdependent power grids and communication networks. In 2014 IEEE
International Conference on Smart Grid Communications (SmartGridComm) (pp.
242–247). IEEE.
100

Park, C., & Yong, T. (2017). Comparative review and discussion on P2P electricity
trading. Energy Procedia, 128, 3–9.
Paulus, M., & Borggrefe, F. (2011, February). The potential of demand-side management
in energy-intensive industries for electricity markets in Germany. Applied Energy,
88(2), 432–441.
Plancke, G., De Jonghe, C., & Belmans, R. (2016). The implications of two German
price zones in a european-wide context. In 2016 13th International Conference
on the European Energy Market (EEM) (pp. 1–5). IEEE.
Prabakaran, S., & Pradeep, G. (2014). A study on turbine blade fatigue protection. In
2014 Eighteenth National Power Systems Conference (NPSC) (pp. 1–4). IEEE.
Puranik, S. (2014). Demand side management potential in Swedish households
(Unpublished master’s thesis). Chalmers University of Technology.
PXs, P. (2016, January). EUPHEMIA Public Description. PCR Market Coupling
Algorithm.
Qian, L. P., Zhang, Y. J. A., Huang, J., & Wu, Y. (2013, June). Demand Response
Management via Real-Time Electricity Price Control in Smart Grids. IEEE
Journal on Selected Areas in Communications, 31(7), 1268–1280.
Raberto, M., Cincotti, S., Focardi, S. M., & Marchesi, M. (2001, October). Agent-based
simulation of a financial market. Physica A, 299(1-2), 319–327.
Rauhut, H., & Junker, M. (2009, June). Punishment Deters Crime Because Humans Are
Bounded in Their Strategic Decision-Making.
Reddy, S. S., & Bijwe, P. R. (2016). Efficiency improvements in meta-heuristic
algorithms to solve the optimal power flow problem. International Journal of
Electrical Power Energy Systems, 82, 288–302.
Reis, S. D. S., Hu, Y., Babino, A., Andrade Jr, J. S., Canals, S., Sigman, M., & Makse,
H. A. (2014, September). Avoiding catastrophic failure in correlated networks of
networks. Nature Physics, 10(10), 762–767.
Reiss, P. C., & White, M. W. (2005). Household Electricity Demand, Revisited. Review
of Economic Studies, 72(3), 853–883.
Rhodes, R. (2018). Energy. Simon and Schuster.
Richmond, B. (1993, June). Systems thinking: Critical thinking skills for the 1990s and
beyond. System Dynamics Review, 9(2), 113–133.
Ringler, P., Keles, D., & Fichtner, W. (2016). Agent-based modelling and simulation of
smart electricity grids and markets–a literature review. Renewable and Sustainable
Energy . . . , 57, 205–215.
101

Roozbehani, M., Dahleh, M. A., & Mitter, S. K. (2012, October). Volatility of Power
Grids Under Real-Time Pricing. IEEE Transactions on Power Systems, 27(4),
1926–1940.
Rylatt, M., Gammon, R., Boait, P., & Varga, L. (2013). Cascade: an agent based
framework for modeling the dynamics of smart electricity systems. Emergence:
Complexity and Organization, 15(2), 1–13.
Saele, H., & Grande, O. S. (2011, March). Demand Response From Household
Customers: Experiences From a Pilot Study in Norway. IEEE Transactions on
Smart Grid, 2(1), 102–109.
Safdarian, A., Fotuhi-Firuzabad, M., & Lehtonen, M. (2014, October). A Distributed
Algorithm for Managing Residential Demand Response in Smart Grids. IEEE
Transactions on Industrial Informatics, 10(4), 2385–2393.
Safdarian, A., Fotuhi-Firuzabad, M., & Lehtonen, M. (2016, February). Benefits of
Demand Response on Operation of Distribution Networks: A Case Study. IEEE
Systems Journal, 10(1), 189–197.
Samad, T., & Kiliccote, S. (2012, December). Smart grid technologies and applications
for the industrial sector. Computers and Chemical Engineering, 47, 76–84.
Samadi, P., Mohsenian-Rad, A.-H., Schober, R., Wong, V. W. S., & Jatskevich, J.
(2010). Optimal Real-Time Pricing Algorithm Based on Utility Maximization
for Smart Grid. In 2010 First IEEE International Conference on Smart Grid
Communications (pp. 415–420). IEEE.
Samadi, P., Mohsenian-Rad, H., Schober, R., & Wong, V. W. S. (2012, August).
Advanced Demand Side Management for the Future Smart Grid Using Mechanism
Design. IEEE Transactions on Smart Grid, 3(3), 1170–1180.
Schäfer, B., Beck, C., Aihara, K., Witthaut, D., & Timme, M. (2018). Non-Gaussian
power grid frequency fluctuations characterized by Lévy-stable laws and superstatistics. Nature Energy, 3(2), 119–126.
Schelling, T. C. (1969, May). Models of segregation. American Economic Association,
59(2), 488–493.
Schweppe, F. C., Caramanis, M. C., Tabors, R. D., & Bohn, R. E. (1988). Spot Pricing
of Electricity. Springer US. Boston, MA.
Shariatzadeh, F., Mandal, P., & Srivastava, A. K. (2015, May). Demand response for
sustainable energy systems: A review, application and implementation strategy.
Renewable and Sustainable Energy Reviews, 45(C), 343–350.
102

Sharma, I., Canizares, C., & Bhattacharya, K. (2014). Smart Charging of PEVs
Penetrating Into Residential Distribution Systems. IEEE Transactions on Smart
Grid, 5(3), 1196–1209.
Shoreh, M. H., Siano, P., Shafie-khah, M., Loia, V., & Catalão, J. P. S. (2016, December).
A survey of industrial applications of Demand Response. Electric Power Systems
Research, 141, 31–49.
Short, J. A., Infield, D. G., & Freris, L. L. (2007a, July). Stabilization of Grid Frequency
Through Dynamic Demand Control. IEEE Transactions on Power Systems, 22(3),
1284–1293.
Short, J. A., Infield, D. G., & Freris, L. L. (2007b, July). Stabilization of Grid Frequency
Through Dynamic Demand Control. IEEE Transactions on Power Systems, 22(3),
1284–1293.
Sikorski, J. J., Haughton, J., & Kraft, M. (2017). Blockchain technology in the chemical
industry: Machine-to-machine electricity market. Applied Energy, 195, 234–246.
Simon, H. A. (1962, December). The Architecture of Complexity . Proceedings of the
American Philosophical Society, 106(6).
Simpson-Porco, J. W., Dörfler, F., & Bullo, F. (2013, September). Synchronization and
power sharing for droop-controlled inverters in islanded microgrids. Automatica,
49(9), 2603–2611.
Sleisz, A., Sores, P., & Raisz, D. (2014). Algorithmic properties of the all-European
day-ahead electricity market. In 11th International Conference on the European
Energy Market (EEM14).
Smart Grid Interoperability Panel Cyber Security Working Group. (2010). NISTIR
7628-Guidelines for Smart Grid Cyber Security vol. 1-3 (Tech. Rep.).
Sores, P., Divenyi, D., & Raisz, D. (2013). Flow-based capacity calculation method
used in electricity market coupling. In 2013 10th International Conference on the
European Energy Market (EEM) (pp. 1–7). IEEE.
Steiner, P. O. (1957). Peak loads and efficient pricing. The Quarterly Journal of
Economics.
Sterman, J. D. (2002). All models are wrong: reflections on becoming a systems
scientist. System Dynamics Review, 18(4), 501–531.
Strbac, G. (2008, December). Demand side management: Benefits and challenges.
Energy Policy, 36(12), 4419–4426.
Szabó, G., & Fáth, G. (2007). Evolutionary games on graphs. Physics Reports, 446(4-6),
97–216.
103

Tashiro, K., Takahashi, R., & Hikihara, T. (2012). Feasibility of power packet dispatching
at in-home DC distribution network. In 2012 IEEE Third International Conference
on Smart Grid Communications (SmartGridComm) (pp. 401–405). IEEE.
Tesfatsion, L. (2002). Agent-Based Computational Economics: Growing Economies
From the Bottom Up. Artificial Life, 8(1), 55–82.
Torriti, J., Hassan, M. G., & Leach, M. (2010, April). Demand response experience in
Europe: Policies, programmes and implementation. Energy, 35(4), 1575–1583.
Trefke, J., Rohjans, S., Uslar, M., Lehnhoff, S., Nordström, L., & Saleem, A. (2013).
Smart Grid Architecture Model use case management in a large European Smart
Grid project. In IEEE PES ISGT Europe 2013 (pp. 1–5). IEEE.
Tsui, K. M., & Chan, S. C. (2012, December). Demand Response Optimization for
Smart Home Scheduling Under Real-Time Pricing. IEEE Transactions on Smart
Grid, 3(4), 1812–1821.
Tushar, M., & Assi, C. (2017, June). Optimal Energy Management and Marginal
Cost Electricity Pricing in Microgrid Network. IEEE Transactions on Industrial
Informatics, 1–1.
Tyagi, R., & Black, J. W. (2010). Emergency demand response for distribution system
contingencies. In Transmission and Distribution Conference and Exposition (pp.
1–4). IEEE.
Vale, Z., Pinto, T., Praca, I., & Morais, H. (2011). MASCEM: Electricity Markets
Simulation with Strategic Agents. IEEE Intelligent Systems, 26(2), 9–17.
Vanthournout, K., Dupont, B., Foubert, W., Stuckens, C., & Claessens, S. (2015,
October). An automated residential demand response pilot experiment, based on
day-ahead dynamic pricing. Applied Energy, 155(C), 195–203.
Van Vyve, M. (2011). Linear prices for non-convex electricity markets: models and
algorithms. CORE, 2011(50).
Waldrop, M. (2018, April). Free Agents. Science Magazine, 1–5.
Wang, C., & Shahidehpour, S. M. (1993). Effects of ramp-rate limits on unit commitment
and economic dispatch. IEEE Transactions on Power Systems, 8(3), 1341–1350.
Weibelzahl, M. (2017). Nodal, zonal, or uniform electricity pricing: how to deal with
network congestion. Frontiers in Energy, 11(2), 210–232.
Weißbach, T., & Welfonder, E. (2009). High frequency deviations within the European
power system: Origins and proposals for improvement. Power Systems Conference
and . . . , 1–6.
104

Wilensky, U. (1997). NetLogo Segregation model. Center for Connected Learning and
Computer-Based Modeling.
Witthaut, D., & Timme, M. (2012, August). Braess’s paradox in oscillator networks,
desynchronization and power outage. New Journal of Physics, 14(8), 083036–17.
Wolak, F. A. (2003, August). Diagnosing the California Electricity Crisis. The
Electricity Journal, 16(7), 11–37.
Wolfram, S. (1983, July). Statistical mechanics of cellular automata. Reviews of Modern
Physics, 55(3), 601–644.
Woo, C.-K., Lloyd, D., & Tishler, A. (2003, September). Electricity market reform
failures: UK, Norway, Alberta and California. Energy Policy, 31(11), 1103–1115.
Wouters, C. (2015). Towards a regulatory framework for microgrids—The Singapore
experience. Sustainable Cities and Society, 15, 22–32.
Wu, J., Yuan, S., Ji, S., Zhou, G., Wang, Y., & Wang, Z. (2010, March). Multi-agent
system design and evaluation for collaborative wireless sensor network in large
structure health monitoring. Expert Systems with Applications, 37(3), 2028–2036.
Xu, N. Z., & Chung, C. Y. (2014, October). Uncertainties of EV Charging and Effects
on Well-Being Analysis of Generating Systems. IEEE Transactions on Power
Systems, 30(5), 2547–2557.
Yadoo, A., Gormally, A., & Cruickshank, H. (2011, October). Low-carbon off-grid
electrification for rural areas in the United Kingdom: Lessons from the developing
world. Energy Policy, 39(10), 6400–6407.
Yang, X.-S., Hosseini, S. S. S., & Gandomi, A. H. (2012, March). Firefly Algorithm
for solving non-convex economic dispatch problems with valve loading effect.
Applied Soft Computing Journal, 12(3), 1180–1186.
Yousefi, S., Moghaddam, M. P., & Majd, V. J. (2011). Optimal real time pricing in
an agent-based retail market using a comprehensive demand response model.
Energy, 36(9), 5716–5727.
Yu, X., She, X., Ni, X., Wang, G., & Huang, A. (2013). Power management strategy for
DC microgrid interfaced to distribution system based on solid state transformer.
In 2013 IEEE Energy Conversion Congress and Exposition (pp. 5131–5136).
IEEE.
Zhang, C., Wu, J., Long, C., & Cheng, M. (2017). Review of Existing Peer-to-Peer
Energy Trading Projects. Energy Procedia, 105, 2563–2568.
Zhang, X., & Hug, G. (2015). Bidding strategy in energy and spinning reserve markets
for aluminum smelters’ demand response. In 2015 IEEE Power & Energy Society
105

Innovative Smart Grid Technologies Conference (ISGT) (pp. 1–5). IEEE.

106

C718etukansi.fm Page 2 Monday, September 23, 2019 11:28 AM

ACTA UNIVERSITATIS OULUENSIS
SERIES C TECHNICA

700.

Varghese, Jobin (2019) MoO3, PZ29 and TiO2 based ultra-low fabrication
temperature glass-ceramics for future microelectronic devices

701.

Koivupalo, Maarit (2019) Health and safety management in a global steel company
and in shared workplaces : case description and development needs

702.

Ojala, Jonna (2019) Functionalized cellulose nanoparticles in the stabilization of
oil-in-water emulsions : bio-based approach to chemical oil spill response

703.

Vu, Kien (2019) Integrated access-backhaul for 5G wireless networks

704.

Miettinen, Jyrki & Visuri, Ville-Valtteri & Fabritius, Timo (2019) Thermodynamic
description of the Fe–Al–Mn–Si–C system for modelling solidification of steels

705.

Karvinen, Tuulikki (2019) Ultra high consistency forming

706.

Nguyen, Kien-Giang
multiantenna systems

707.

Visuri, Aku (2019) Wear-IT : implications of mobile & wearable technologies to
human attention and interruptibility

708.

Shahabuddin, Shahriar (2019) MIMO detection and precoding architectures

709.

Lappi, Teemu (2019) Digitalizing Finland : governance of government ICT projects

710.

Pitkänen, Olli (2019) On-device synthesis of customized carbon nanotube
structures

711.

Vielma, Tuomas (2019) Thermodynamic properties of concentrated zinc bearing
solutions

712.

Ramasetti, Eshwar Kumar (2019) Modelling of open-eye formation and mixing
phenomena in a gas-stirred ladle for different operating parameters

713.

Javaheri, Vahid (2019) Design, thermomechanical processing and induction
hardening of a new medium-carbon steel microalloyed with niobium

714.

Hautala, Ilkka (2019) From dataflow models to energy efficient application specific
processors

715.

Ruokamo, Simo (2019) Single shared model approach for building information
modelling

716.

Isohookana, Matti (2019) Taistelunkestävä hajaspektritietovuo kansalliseen
sotilasilmailuun

717.

Joseph, Nina (2019) CuMoO4: A microwave dielectric and thermochromic
ceramic with ultra-low fabrication temperature

(2019)

Energy-efficient

transmission

strategies

for

Book orders:
Granum: Virtual book store
http://granum.uta.fi/granum/

C718etukansi.fm Page 1 Monday, September 23, 2019 11:28 AM

C 718

OULU 2019

UNIVERSITY OF OUL U P.O. Box 8000 FI-90014 UNIVERSITY OF OULU FINLA ND

U N I V E R S I TAT I S

O U L U E N S I S

ACTA

A C TA

C 718

ACTA

UN
NIIVVEERRSSIITTAT
ATIISS O
OU
ULLU
UEEN
NSSIISS
U

Florian Kühnlenz

University Lecturer Santeri Palviainen

Senior research fellow Jari Juuti

Florian Kühnlenz

University Lecturer Tuomo Glumoff

ANALYZING FLEXIBLE
DEMAND IN SMART GRIDS

Professor Olli Vuolteenaho

University Lecturer Veli-Matti Ulvinen

Planning Director Pertti Tikkanen

Professor Jari Juga

University Lecturer Anu Soikkeli

Professor Olli Vuolteenaho

Publications Editor Kirsti Nurkkala
ISBN 978-952-62-2387-2 (Paperback)
ISBN 978-952-62-2388-9 (PDF)
ISSN 0355-3213 (Print)
ISSN 1796-2226 (Online)

UNIVERSITY OF OULU GRADUATE SCHOOL;
UNIVERSITY OF OULU,
FACULTY OF INFORMATION TECHNOLOGY AND ELECTRICAL ENGINEERING

C

TECHNICA
TECHNICA

