ISTANBUL TECHNICAL UNIVERSITY * GRADUATE SCHOOL OF SCIENCE
ENGINEERING AND TECHNOLOGY

A DOUBLE-AUCTION MICROGRID MARKET DESIGN AND ITS
APPLICATION WITH AGENT-BASED SIMULATION

M.Sc. THESIS

Efe BASLAR

Department of Industrial Engineering

Industrial Engineering Programme

JANUARY 2020






ISTANBUL TECHNICAL UNIVERSITY * GRADUATE SCHOOL OF SCIENCE

ENGINEERING AND TECHNOLOGY

A DOUBLE-AUCTION MICROGRID MARKET DESIGN AND ITS
APPLICATION WITH AGENT-BASED SIMULATION

M.Sc. THESIS

Efe BASLAR
(507161137)

Department of Industrial Engineering

Industrial Engineering Programme

Thesis Advisor: Dr. Cafer Erhan BOZDAG

JANUARY 2020












ISTANBUL TEKNIK UNIiVERSITESi* FEN BiLIMLERI ENSTITUSU

MIKRO SEBEKELER ICIN BiR PIYASA ONERIiSi VE AJAN TEMELLI
BENZETIM ILE BiR UYGULAMASI

YUKSEK LiSANS TEZi

Efe BASLAR
(507161137)

Endiistri Miihendisligi Anabilim Dal

Endiistri Miihendisligi Programm

Tez Damismani: Dr. Cafer Erhan BOZDAG

OCAK 2020






Efe Baglar, a M.Sc. student of ITU Graduate School of Science Engineering and
Technology student ID 507161137, successfully defended the thesis “A Double-
Auction Microgrid Market Design and Its Application with Agent-Based Simulation”,
which he prepared after fulfilling the requirements specified in the associated
legislations, before the jury whose signatures are below.

Thesis Advisor: Dr. Cafer Erhan BOZDAG

Istanbul Technical University

Jury Members: Assoc. Prof. Ayberk SOYER

Istanbul Technical University

Dr. Kivan¢ ONAN

Istanbul Dogus University

Date of Submission : 15 November 2019

Date of Defense : 6 January 2020






For my present and the future
family,

Vii






FOREWORD

What started as an ambitious attempt at an academic pursuit has actually turned bitter
thanks to many challenges I’ve faced throughout the Master’s that is concluded by this
study. Instead of marking a hopeful kickstart to my career, it seems it is merely the
start of the voyage to the unknown. I hope I never rue the day I've taken the decision
to start studying in this Master’s.

I must thank my advisor Cafer Erhan Bozdag for his invaluable support and all those
anonymous commenters in stackoverflow.com for helping me code the simulation
model to the fullness, which actually comprised more than half of all the work I've
done for this thesis. I also thank my dear Nisa Komiircii for being there for me, all the
time.

November 2019 Efe BASLAR






TABLE OF CONTENTS

Page

FOREWORD ...ttt ettt sttt e s teneseeaneeseetanseranessessmmessesarsseriinsssesannens X
TABLE OF CONTENTS ..ottt sttt st enaenenns Xi
ABBREVIATIONS ... oottt sttt sttt n e nseneeneens Xiii
LIST OF TABLES ...ttt XV
LIST OF FIGURES ......coi ittt sttt sttt Xvii
SUMMARY ittt ittt sttt s taieseaestaseseasseaaesesststsssssssssssenssssnsssees XiX
OZET ... coiniiieieieteteiteretoteteeeeeseasssnterareresnsnssasssereserasnssnsanssssesesesasnsasnssnsnses xxi
1. INTRODUCTION. ...ttt sttt sttt e sa e e sestesresbenaeneenes 1
1.1  Renewable Energy Integration Challenges ..........ccccviiieieieeieie e 6
1.2 Prosumer Integration Challenges and Energy Storage........c.cccovveveveveevieseennesennnn 8
1.3 The Purpose of the StUAY ..........coiiiiiiiieiees e 11
1.4 MICrogrid iN LITEIatUIE. ......ceiiiiirieiieieei ettt 12
141 The state of microgrids in current and future electricity markets .................. 12
1.4.2 Simulation of electricity Markets ........ccccoveveiieiie i 16

2. PROPOSED MARKET STRUCTURE ......cccoiiieicisice e 21
2.1 CONErent ArDItrarineSS .....c.coeveieieiresiesiesie et sbe e 21
2.2  Double-Auction Market Mechanism with Forecast Error Adjustment.................. 22
2.3 Features of the Proposed Market DeSign ........cccccveiririnenieneieeeseee e 26

3. SIMULATION Lttt e et s e s aae e s e e s tae e snreeenreeeas 29
3.1 Description of the Data: LONGON..........ccceoiiiiiiciccecee e 29
3.2 Highlights of the SIMUIALION ..o 36
3.21 LAMMING BOENTS .....vetiteieeieeieete ettt 37
3.2.2 Renewable generation and energy StOrage ........cvevveveeeeieieerieseesiesreenesresnean 41
3.2.3 0] (=0 ] (] 1o [ SRS SUSURPSIN 42
3.24 Implications of integrating P2P trading to double-auctions..............cc.ccouu.... 50

3.3 The Logical Flow of the SIMUIation .............cccooviiiiiiiiinece e 52
331 The Agent “Residential” ..........ccocviiiiiiiiciciiee e 52
3.3.2 The Aent “OPErator”......c.coieieiriiieiiiieeie sttt sre s 57

3.4 Simulation with Default Parameters .........cccccviveveiieiie i 60

4. EXPERIMENTS ..ottt st 71



4.1  Critical StOrage LEVEL..........cov i 71

4.2  Double-Auction Allocation Coefficient (K)........c.covererereieiinieneseneneeeeeeees 74
4.3 LBAMING w.eeevieiiitiiteite sttt ettt bbb ettt n e ere s 77
4.4  Grid Connection and Discriminatory AUCHIONS..........ccccevieeieneseeniese e 79
45  Breaking EVEN ..o 85
5. DISCUSSION AND FUTURE RESEARCH ......cccooiiiiiiiicceee e 87
REFERENGCES ...ttt sttt sttt ettt n et 89

xii



ABBREVIATIONS

CO2: Carbon dioxide

EU: European Union

US: The United States of America
Hz: Hertz

DG: Distributed Generation

AC: Alternating Current

PV: Photovoltaic

VPP: Virtual Power Plant

P2P: Peer-to-Peer

MAPE: Mean Absolute Percentage Error
CHP: Combined Heat and Power
UK: The United Kingdom

ToU: Time-of-Use Pricing

kWh: Kilowatts hour

Xiii






LIST OF TABLES

Page
Table 2.1: Regular double-auCtion SEIUP.........ccvviiiiieieeeee e 24
Table 2.2: Market clearance with double-auction ... 25
Table 3.1 The MICrogrid SEIUP ......cveiiiiiiiie e 43
Table 3.2 Default Parameters.........coiiieiiiiiieesese sttt st e nee e 60
Table 3.3 Electricity Bills Under the Regular Market Regime ..........ccccoevviiviinineneneneen, 60
Table 3.4 Electricity Bills Under the Proposed Market Structure............cccoovvevvvreneneniennen. 62
Table 3.5 Percentage Change in Electricity BillS...........cccccovvviiiiiiiiiiie e 62
Table 3.6 SIMUIAtION RESUILS ......oveiiiiiciiiie e 68
Table 4.1 Bills in COMPAIISON........cciiiiiiiiiiieie ettt se et sre e b e s re e e nresae s 84
Table 4.2 Variables of Interest in COMPAriSON..........cccvcveiiiieeiieie e 84
Table 4.3 Break-Even Analysis, Islanded MOGE...........cccooevieiieiiiiiieinese e 86
Table 4.4 Break-Even Analysis, Grid-Connected MOde..........ccccveveveneeceneecieneceeieeveene, 86

XV






LIST OF FIGURES

Page
Figure 1.1 Energy demand for non-renewable resources is expected to grow [4].................. 2
Figure 1.2 A representative microgrid system, from the study by Mengelkamp et al. [9]...... 6
Figure 1.3 The fare of Lithium-lon battery prices [21]........ccccooiiiriiineieiese e 10
Figure 3.1 Average Hourly Consumption Values of Each Household ............c..ccccoviinnns 30
Figure 3.2 Aggregated HOUrly LOad ..........cccocviiiiiii i 31
Figure 3.3 Monthly Consumption SUMMANY .........cccceiieiieeicie et 33
Figure 3.4 Mean Hourly Wind Speed Values HiStOgram ............ccococcevereiniininnininenesenns 35
Figure 3.5 Average Solar Irradiation ..o 36
Figure 3.6 January-March Load Time SEIES.........cccoevieiiiiiiieie e s 45
Figure 3.7 January-March DIagnOSIS ..........ccuiiiirinirieiieieisisi e 46
Figure 3.8 April-August LOad TIME SEIIES.......ccuiiiirieieieisisisie et 46
Figure 3.9 April-August DIAgNOSIS.......cccvveiiiieiiieeie e seestesre e sre e e e e sae e erae e e eeesre e 47
Figure 3.10 September-December Load Time SEries..........ccocovviviviiiniiisiinsiieiieeseenae 48
Figure 3.11 September-December DIagnOSiS. ........ccerviierieiiriiisiesese e 48
Figure 3.12 Generation TIME SEIES .......ccviiiiiieiieiece sttt ste e s re e s re e ste e eesne e 49
Figure 3.13 Generation DIagnOSIS.........ccccveiiiiieiiieeie e eeesiesre e stese e e re e sreeraesresreeeesreens 50
Figure 3.14 Price determination TUNCLION...........ccociiiiiiiieieieesi e 53
Figure 3.15 The workflow of the residential agent..........c.ccccovveviiieiieiececie e 56
Figure 3.16 The workflow of the Operator agent ...........cccceceviveiiie e e 59
Figure 3.17 Chord Diagram showing all P2P Trades [84] .........c.ccovierereiiiniiiii e 61
Figure 3.18 Consumption Source BreakdOWN ............cccevieiiiiiiinieneneeeese e 61
Figure 3.19 Average Market Clearing Prices with Error Adjustment.............cccccevevvenennnn, 64
Figure 3.20 Average Market Clearing Prices without Error Adjustment...........c...ccccoceveue.e. 64
Figure 3.21 Household 10 — Q-Values for Bids at 10 PM ..........ccocviiiiieiiinisic e 66
Figure 3.22 Household 3 — Q-Values for Asks at 10 PM .......cccccvviiiiiiiicie e, 67
Figure 3.23 Average Hourly Difference FOrecast Erfors........ccocvvviveeieieeneseciese e, 69
Figure 4.1 Critical Storage Level EXperiment RESUILS...........cocvviriiiniieiiiseiee e 72
Figure 4.2 Electricity Bills with respect to the Change in the Critical Storage Level .......... 73
Figure 4.3 Market Clearing Price and K ValUe..........c.cccooveiiiiiciiie e, 74
Figure 4.4 Electricity Bills with respect to the K value ... 75
Figure 4.5 Bill Values with respect to the change in Critical Storage Level and k value..... 76
Figure 4.6 Household 3 — Q-Values for Asks at 10 PM .........ccccccvivieveiecic e, 77
Figure 4.7Household 10 — Q-Values for Bids at 10 PM ...........cccccoviveiiieiie e, 78
Figure 4.8 Critical Storage Level and k value for Discriminatory Auctions .............c.cc.e.... 80
Figure 4.9 Average Price Per kWh throughout the simulation runs ............cccccooeiieennnn. 81
Figure 4.10 Average Market Clearing Price Throughout the Simulation Runs.................... 82
Figure 4.11 Chord Diagram for the Grid-Connected Setting..........ccccoovrerviinieieninenesens 83

XVii


file:///C:/Users/efbsl/Desktop/Yeni%20klasör/EfeBaşlar_YLTez_14Kas.docx%23_Toc30165308




A DOUBLE-AUCTION MICROGRID MARKET DESIGN AND ITS
APPLICATION WITH AGENT-BASED SIMULATION

SUMMARY

The study aims at illustrating the feasibility of an islanded microgrid system the ability
of the microgrids to supply cleaner and cheaper electricity to its stakeholders. The
motivation arises from the changing energy visions of the developed world. The Earth
can no longer afford being polluted by the rampant burning of the fossil fuel resources
to supply energy. The electricity grid that envelops human civilization has changed
very little and it is heavily reliant on the fossil fuel resources. To realize the vision of
clean energy, the grid must first undergo a structural change and the microgrid might
be a stepping stone in this regard. Microgrids are technologically feasible and there are
several applications around the world. Before becoming widespread in use, however,
the problem of unpredictability and erraticism in renewable generation poses a
formidable obstacle for microgrids. To address this problem, new grid paradigms are
facilitated, namely, distributed generation, that is electricity generation at the site of
consumption, peer-to-peer electricity trading and energy storage. With these
possibilities becoming cheaper than ever and continuing to become cheaper, it will not
be long before microgrids are regarded as viable alternative in localized generation of
electricity. To that end, this study proposes a means to regulate the peer-to-peer trading
among the microgrid to alleviate the negative effects of the variability in renewable
energy generation. One of the cornerstones of any market structure is the pricing
mechanism and it is the part where the dynamics of the market manifests itself. There
are no examples literature that integrates the nature of the renewable generation in the
market structure in microgrids, that is why this study aims at producing such an effort.
To integrate the variability in renewable generation, the idea of coherent arbitrariness
is presented as a viable approach. The bid and ask prices in double-auctions are
modified with the average forecasting errors to account for the risk in uncertain output
from the renewable generation units. For the simulation of the proposed market
structure an agent-based model is built with their capability to learn emulated by
simple reinforcement learning approach. A simple ARIMA model is used as a
placeholder to provide forecast values and their errors in the form MAPE. The
simulation is run with real world data from the Low Carbon London project and
various meteorological data from the UK Met Office and experimentation of numerous
model parameters are carried out and their results are reported. The results of the study
indicate that the islanded microgrid can in fact supply cheaper and cleaner electricity
yet the high setup costs and how they should be covered, make it rather difficult to
implement. Due to these estimated high costs, the grid-connected mode of operation
is proposed to be a transitionary period until the islanded form microgrid until
renewable generation units and electricity storage becomes cheap enough to make the
islanded microgrid a beneficial investment.
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MIKRO SEBEKELER iCIN BiR PIYASA ONERIiSi VE AJAN TEMELLI
BENZETIM iLE BIR UYGULAMASI

OZET

Bu calisma degisen ve gelisen elektrik iiretim sekillerinin, 6zellikle de yenilenebilir
enerji kaynaklari ile elektrik iiretiminin yarattigi ¢esitli sorunlar1 goz Oniinde
bulundurarak ve ortaya koyabilecegi c¢esitli olumlu 6zelliklerden de yararlanarak,
mevcut elektrik sebekesine eklemlenmesine katkida bulunabilecek microgrid’ler
(mikro sebekeler) icin bir piyasa tasarimimi igermektedir. Bu katki temel olarak
elektrigin sebekeden bagimsiz olarak tiikketim noktalarinda temiz, tiiketiciler igin
karsilanabilir ve tireticiler i¢in de kazang saglayabilecek maliyetler ile iiretilmesini
saglamaya calismaktir. Mikro sebekeler hatir1 sayilir bir stiredir elektrik sebekeleri
literatiirinde bulunsa da, hem yenilenebilir enerji kaynaklarinin hem de elektrik
pillerinin yiiksek maliyetleri bu tiir uygulamalarin 6niine gegmekteydi. Bu birimlerin
fiyatlarinin son yillarda diismeye baslamasi ve liretimlerinin daha kolay hale gelmesi
ile, mikro sebekelerin teknik olurlulugunun yaninda  yatirimsal olarak da
olurluluklarinin ihtimali ortaya ¢ikmistir. Mikro sebekeler temiz ve ucuz elektrik
tiretebilme ihtimallerinin yaninda, diinya ¢capindaki ¢evre orgiitlerinin ve bazi gelismis
tilkelerin ortaya koydugu karbon salinim1 azaltma yoniindeki hedeflerin gerceklesmesi
icin gerekli olan, enerjinin fosil yakitlar yerine riizgar ve Giines gibi yenilenebilir
enerji kaynaklar ile iiretilmesinin yayginlagsmasinda da bir araci olarak diisiiniilebilir.
Fosil yakitlarin aksine bu yenilenebilir enerji kaynaklarinin davranislarinin isabetli
sekilde tahmin edilmesi oldukg¢a zordur, bu yilizden de fosil yakitlara dayali calisan
alisilagelmis elektrik sebekesi, yenilenebilir enerji kaynaklarinin sisteme dahil olma
orani arttikca cesitli sorunlar yasamaktadir. Bunlardan en Onemlisi, elektrik
sebekesinde arz ve talebin sistem c¢alistigt her an esitlenmesi gerekliligidir.
Yenilenebilir enerji kaynaklarinin davraniglarinin tahmin edilmesinde yasanilan
gicliikler de bu dengenin kurulmasini zorlastirmaktadir. Bu denge bozuldugunda
sistemin ¢alisma frekansinda degismeler yasanmakta, bu da saglanan elektrigin
kalitesini kotii etkileyip elektrik iireten ve elektrik tiiketen aygitlar tehlikeye
sokmaktadir. Ancak, bu sorunun da ¢oéziimii teknolojinin gelismesi ile kolaylasacak
gibi gorlinmektedir. Elektrik pillerinin ucuzlaylp yayginlasmaya baglamasiyla
yenilenebilir enerji kaynaklar1 beklenenden veya gereginden fazla {ireitim yaptiginda
bu enerji depolanabilecek, tersi durum oldugunda da gereken enerji depolanmis
enerjiden saglanabilecektir. Tesla gibi firmalar bu konuda ¢esitli girisimler yapmis
olup, evsel kullanici icin g¢esitli depolama secenekleri yaratan piller satmaya
baslamistir. Elbette tiim bu bahsedilen gelismeler ¢esitli hukuki ve ekonomik sorunlar
da yaratmaktadir. Elektrik sebekesi i¢in elektrik iiretenler cogunlukla elektrik santrali
sahibi bliylik firmalardir. Elektrik iiretimi yontemleri ¢ogalip boyutlar1 kiigtildiikce,
bunlarin evsel kullanicilar tarafindan edinilmesinin de yolu agilmistir. Gelisen elektrik
dagitim teknolojileri ile beraber sebeke dagitim unsurlarinda olabilecek sikismalarin
da ¢ozlimlerinin bulunmasiyla evinde yenilenebilir enerji kaynaklari ile elektrik iireten
kullanicilarin tirettigi elektrigi sebekeye veya diger kullanicilara satabilmesinin de 6nii
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acilmistir. Iste onerilen piyasa tasarimi da kullanicilara elektrik ticareti yapabilme
imkan1 vermektedir. Literatiirde ise bu konuda arastirma sayist c¢ok fazla
olmadigindan, gelecekteki elektrik sebekesinin de adim adim daha yerel parcalara
boliinebilecegi diisiiniildiiglinden, bu konunun c¢alisilmasinin yararli oldugu
gorilmiistiir.

Tasarimi yapilan bu piyasa diizeninin en énemli 6zelligi ise fiyatlandirmada yiiksek
oranda belirsizlik igeren bu yenilenebilir enerji kaynaklarinin davraniglarint da goz
Oniine almasidir. Ekonomi literatiiriindeki baz1 ¢alismalara gore saticilarin ve alicilarin
bir mal i¢in akillarinda noktasal bir deger yoktur ve mallara bigilen deger ¢esitli dissal
faktdrlerden etkilenebilmektedir. Ozellikle elektrik iiretiminin yenilenebilir enerji ile
yapildigi bir ortamda elektrik arzinin degiskenligi ve dolayli olarak da degeri oldukca
degisken bir halde olacaktir. Coherent arbitrariness (Tutarli keyfilik) olarak
adlandirilan bu durum, piyasa i¢inde kullanilan ¢ift tarafli agik artirma yonteminde
fiyatin tekliflerinin degerlendirilmesi ic¢in kullanilmistir. Elektrik iiretimi ile
kaynaklarin ve elektrik tiiketiminin tahmini de i¢ i¢e oldugundan bu piyasa diizeninin
de elektrik tahminine ihtiyaci olacagi diisliniiliip, bu tahminlerde olusan tahmin
hatalarinin fiyatlara yansitilmasi elektrik degerindeki dalgalanmalari hesaba katacagi
diisiiniilmistiir. Bahsi gegen bu ¢ift tarafli agik artirma yontemi de mikro sebekelerde
elektrik ticareti icin ¢esitli calismalarin sonuglarima gore uygun olarak kabul
gdrmiistiir. Iste tiim bu bilgileri hesaba katarak, calismanin amaci da goz 6niinde
bulundurarak bu piyasa tasariminin nasil performans gosterdigini gérebilmek adina bu
calisma i¢in bir ajan-temelli benzetim modeli kurulmustur. Bu model de Londra i¢in
yapilan bir projede bulunan, akilli elektrik dlger (smart grid) bulunduran evlerin bir yil
boyunca yarim saatlik elektrik tiiketimleri verisini, Londra igin riizgar hiz1 ve giines
enerjisi verisini kullanmigtir. Modelde piyasanin ¢alismasini saglan bir yonetici ajan
ve piyasa i¢inde bulunan ev halklarini temsil eden 13 adet evsel ajan bulunmaktadir.
Modelde c¢esitliligi saglamak admna bazi evlerde iiretim araglart bulunmakta,
bazilarinda bulunmamaktadir. Bu ajanlar yonetici ajanin yonettigi agik artirma
sisteminde birbirleri ile elektrik alig-verisi yapip birbirlerine bunun i¢in tcretler
Oderler. Yonetici ajan sistemde arz ve talebin siirekli esitlenmesinden, tahminlerin
yapilmasindan ve bir sonraki aralikta, mikro sebekeye eklenmis olan, yakit hiicresinin
calisip galismayacagmin kararini vermektedir. Evsel ajanlar ise Pekistirmeli Ogrenme
yontemlerinden biri olan Q-Learning’i kullanarak a¢ik artirmalarda alis ve satig i¢in
hangi teklifleri vermeleri gerektigini belirlemektedirler. Model ise piyasanin
performansini gormek icin tiretildigi i¢in ve mikro sebekelerin ucuz ve giivenli enerji
saglayabilecegi iddia edildigi i¢in, modelin en 6nemli ¢iktilart ise modellenen piyasada
bulunan hanehalklarinin ne kadar elektrik faturasi 6dedigi, mikro sebekenin elektrik
arzin1 saglamakta ne kadar basarili oldugu ve ne kadar elektrik ticareti yapildig: gibi
Olctitlerdir. Bu dlgiitlerden, 6zellikle, hanelerin 6dedigi elektrik faturalari oldukca
onemli olup, bu hanelerin mevcut elektrik sebekesine bagli olduklari takdirde ayni
tilketim ile ne kadar elektrik faturasi 6deyecekleri degerleri ile karsilastirilmistir.
Kurulan benzetim modeli ¢alisitirilmis ve kurulan mikro sebekenin tiim kullanicilar
icin daha ucuz elektrik saglayabilecegi goriilmiistiir. Ancak, modelin baz1 girdilerinin
degiskenligi de bu elektrik faturalarmmi ve kurulan mikro sebekenin elektrik arzinm
saglayabilme yetisini etkileyebilmektedir. Bu girdiler i¢in ¢esitli deneyler yapilmis
olup, hanelerin elektrik faturalar1 ve mikro sebekenin ¢esitli performans gostergeleri
karsilastirilmistir. Bunun sonucunda mikro sebekenin elektrik saglamakta ve haneler
aras1 elektrik alig-verisini diizenlemekte oldukca basarili oldugu goriilmiistiir. Bu
yapilan deneylerin yanisira, hem diizgiin acik-artirmada hem de teklifin 6dendigi agik
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artirma yontemleri de bu piyasa diizeni i¢in denenmistir. Mikro sebekelerin
Ozelliklerinden biri olan hem kendi basina izole bir sekilde c¢alisabilme 6zelligi hem
de ana elektrik sebekesine bagli olarak calisabilme o6zelligi de bu acik artirma
yontemleri ile beraber performanslarinin goriilebilmesi adina benzetim deneylerine
katilmistir. Fakat, bilinmektedir ki, mikro sebekelerin de maliyeti tiim ucuzlamalara
ragmen halen oldukga yiiksektir. Bunun i¢in de yatirim analizi yapilmis olup, elektrik
faturalar ile saglanan tasarrufun yapilan yatirimi kag sene i¢inde amorti edecegi
arastirtlmistir. Tim bunlar sonucunda, mikro sebekenin tamamen izole sekilde
caligmasinin elektrik pillerinin maliyetlerinin devletsel bir otorite tarafindan
karsilanmasi halinde bile halen karli olmadigi, ancak ana sebekeye baglanabilen bir
mikro sebekenin maliyetini ekipmanlarin tahmini hayat siiresi i¢erisinde ¢ikarabildigi
gorilmiistlir. Sonug olarak, izole mikro sebekelerin daha yaygin hale gelebilmesi i¢in
ozellikle elektrik pillerinin ucuzlama trendini devam ettirmesi gerekmekte, bu
gerceklesinceye kadar da daha yiiksek yenilenebilir enerji liretimi oranlarina
ulagilabilmesi i¢in de ana sebekeye baglanabilen mikro sebekenin gegis siireci i¢in
kurulabilmesi onerilmistir.
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1. INTRODUCTION

Electricity as a power source is arguably humanity’s ultimate creation, almost every
aspect of what has come to be the “civilization” has either come to being as a result of
electricity’s inception or has been empowered and has been serving humanity ever
since. Not much, however, has changed in the way electricity is generated, distributed
and consumed. Electricity grid is one giant machine that spans entire countries and
even continents. With a flip of a switch, one might tap into the power that has been
generated hundreds of kilometres away. It is impossible not to marvel at the perfection
of a machine with such simplicity and proportion, however, a portion of grid’s
weaknesses and related challenges in the years to come, stems from this very attribute

of the electricity grid.

Electricity is not a natural resource and therefore it requires to be produced at some
form of a facility, at the expense of other resources. Fossil fuels are one type of these
resources used for electricity generation, and the primary suspect for the increasing
greenhouse gas (mainly COg) levels in the atmosphere, regarded to be a prime cause
for the dreaded global warming. Some developed countries have reached consensus to
reduce the greenhouse gas emissions to alleviate the effects of global warming. By
2030, the members of the European Union have agreed to cut the greenhouse gas
emissions by 40% according to 1990 levels and to increase the share of renewable
energy sources to at least 27% [1]. The United States, on the other hand, seeks to
reduce the greenhouse gas emissions by 80% before 2050 [2]. Such vision requires
each stakeholder to cooperate towards fulfilment. This need has become even more
pressing with the increasing CO. emissions worldwide, as reported in the 2018 Global
Carbon Budget Report [3], the year 2018 saw an increase in worldwide CO2 emissions
by burning fossil fuels by 2.7% compared to a 1.6% increase in 2017. Dreadfully, the
demand for CO. emitting energy sources is projected to increase in the coming

decades. The ascent can be observed in Figure 1.1.
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Figure 1.1 Energy demand for non-renewable resources is expected to grow [4].

The desire to transition from a century-long tradition of fossil-fuel driven electricity
generation has expectedly induced its own woes. other non-fossil-fuel electricity
generation methods (e.g. Nuclear, Hydroelectric, Geothermal) that can be regarded as
clean energy sources have been found to have colossal environmental impacts.
Therefore, to achieve the vision of lower CO. emissions, it is of utmost necessity to
effectively utilize solar and wind power which come into play with their own problems

and challenges.

Electricity is not a commodity that can be stored conventionally, at least, not without
incurring costs detrimental to the profitable operation of electricity providing services.

The nature of electricity as a commaodity, then, dictates that supply (generation) and
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demand (load) must always be equal so long as the grid is functional. When the balance
shifts in favour of any side, the frequency of the grid steers away from the desired 50
Hz (60 Hz in some regions), causing power overloads or power outages. Because each
generator must be generating at the same frequency the grid is on, at that moment. The
urgency of the supply-demand balance becomes exacerbated even further with the
integration of renewable energy sources that generally behave erratically.

The liberalization of the global economy also happens to be a driving force in the
transition and evolution of electricity systems. Contrary to traditional electricity
market structure where regulation is a ubiquitous feature of the market, the future
electricity grid is thought to be a medium that enables the actors to participate in the
market in the presence of minimal number of barriers and minimal amount of

regulation.

The advent of new technologies and the change of the economic and financial practices
in the global marketplace enabled to progress from century old grid paradigms to new
possibilities that can assist the integration of clean energy sources and provide reliable
energy to the consumers. It is however, much harder than it sounds. The gargantuan
proportions of the electricity grid and the interconnections it encompasses make the
transition into a more intelligent electricity grid a formidable challenge. The ever-
increasing energy demand coupled with the mentioned issues is driving the policy
makers, electricity generators and all stakeholders to seek more reliable, resilient and

clean energy technologies.

The answer may just lie in two words: “smart grid”. As defined by the EU Commission

Task Force for Smart Grids,

“A Smart Grid is an electricity network that can cost efficiently integrate the
behaviour and actions of all users connected to it — generators, consumers and
those that do both — in order to ensure economically efficient, sustainable
power system with low losses and high levels of quality and security of supply
and safety.” [5].

The integration of use behaviour has not been possible in the conventional grid

framework since it has required constant (mostly automated) communication between
3



the actors in real time. After the introduction of smart meters and energy management
systems with proficient artificial intelligence components, it has been made possible,
at least in theory, to convert the current grid systems to a “smart grid”. Along with the
advantages a smart grid system might bring, the transformation is necessary for
alleviating the detrimental effects of the unpredictable nature of renewables via better
predictions, reduced transmission losses and more efficient use of the electricity in
general. The smart grid might be the only solution to achieve higher penetration of

renewable energy sources.

Conventional grid works with centralized generation of resources where the generation
of electricity traditionally takes place at remote dedicated power plants. With smart
grid, this can finally change because electricity can then be generated at consumption
points using renewable energy resources. The practice is known as distributed
generation (DG) and is central to this work. DG is defined to be an electric power
source that generates power directly in the distribution side of the grid or at the

customer site, by Ackermann et al. [6].

A distinction regarding this definition is that of between transmission and distribution.
Traditional grid consists of three major elements; generation, transmission and
distribution. Generation is self-explanatory, and transmission defines the process of
using high-voltage alternating current (AC) lines to transfer electricity through long
distances. Distribution, on the other hand, encompasses the delivery of low-voltage
electricity to doorsteps of the consumers, usually in residential, commercial or
industrial areas. Distributed generation therefore by-passes the transmission phase of

electricity production, avoiding the losses that come with it.

Energy storage can be the key to effectively integrate DG within the grid framework,
the energy storage costs have traditionally not been very affordable, but this is
changing for the better, rapidly. Energy storage units using differing technologies were
subjected to an analysis by Schmidt et al. [7] and were projected to decrease in lowest
lifetime costs by 36% (2030) and 53% (2050).

The traditional grid is suffering from resiliency and reliability issues. As mentioned
above, the grid is a giant machine. Incidents even in the fringes of the grid may meddle

with the intricate balances and cascade into a major grid-wide black-out, causing



severe pecuniary and non- pecuniary damage. Furthermore, in the case of a natural
disaster or a cyber-attack, the grid should stand resilient to mitigate the damage. It is
also very difficult to run this huge machine reliably under constantly increasing levels

of demand with the current infrastructure.

To remedy these problems, utilizing the idea of DG, a solution was proposed:
microgrids. However, for the better part of last twenty years, grid-wide applications of
the microgrid idea have remained stagnant due to the profitability and feasibility
concerns regarding renewable energy systems and energy storage. The term microgrid
has several definitions, one of the most prominent is the one given by the Microgrid

Exchange Group, an ad hoc group of researchers, and is as follows:

“...a group of interconnected loads and distributed energy resources within
clearly defined electrical boundaries that acts as a single controllable entity
with respect to the grid. A microgrid can connect and disconnect from the grid

to enable it to operate in both grid-connected or island mode.” [8]

An important aspect to note regarding this definition is that microgrids are to operate
within clearly defined boundaries. This expression should be interpreted as the
following: microgrids can be deployed in small communities, creating self-sufficient
nexuses of clean energy generating and consuming societies. This idea is the primal
purpose of transitioning into a smart grid, signalling that microgrid is the major
building block of the future electricity grid. Moreover, one of the most promising
features of the microgrid concept is its ability to connect to or disconnect from the grid
at will. Grid-disconnected operation is referred as “island” or “islanded” mode, and
with the help of this feature, the microgrid can avoid problems caused by the grid by
phasing into the self-sufficient islanded operation mode. In the future, the grid may

transform into a system of systems, an agglomeration of microgrids.

A microgrid representation showing the connections between the prosumers and the
diversification of electricity generation can be observed in Figure 1.2. It is worth
noting that setups for microgrids can be very different. The flexibility of the system

allows it to adapt to almost any environment.
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Figure 1.2 A representative microgrid system, from the study by Mengelkamp et al.

[9]

Another idea in the smart grid framework is the prosumer actor. In the current grid
structure, consumers are merely passive receiver actors. With the integration of
distributed generation of electricity and cheaper energy storage systems, consumers
have the opportunity to produce and store their own electricity and consume right away
or at a later time, hence the name prosumer. But this is not all a prosumer can do. In a
non-regulated microgrid or a smart grid market, prosumers can sell or buy electricity
to or from their peers or the grid. However, prosumers in the current market structure
are still governed by the central market entity and priced with a top-to-bottom
understanding [10]. With a proper introduction of a decentralized market structure, the
potential of liberalized prosumer integration can finally be realized. Before the dawn

of the microgrid era, however, there are numerous obstacles that must be overcome.

1.1 Renewable Energy Integration Challenges

Renewable energy is clean, but it is not dispatchable in the sense that fossil, nuclear
and hydro plants are. Dispatch is the practice of assigning electricity generators for

generation to specific time windows usually according to a reliable demand forecast.
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The non-renewable sources can provide constant levels of power since the power they
can generate with respect to the operational parameters, is known. Therefore, they can
be assigned to generate a certain portion of their capacity for a certain amount of time,
in other words, can be dispatched. Renewable energy sources, on the other hand,
generate intermittent and mostly unpredictable power depending on the weather
conditions, like, wind speed and direction for wind turbines and solar irradiation for
photovoltaic (PV) panels [11]. Which means, renewable energy sources cannot be

dispatched, in the traditional sense.

Due to the inability to reliably dispatch renewable energy generators, balancing the
supply and the demand at all times, is a daunting task. The variability of the renewables
affects the power quality and increase the likelihood of service loss. As the penetration
levels of the renewable energy sources increase, the current market structure becomes
obsolete. In microgrids, this problem becomes even more crucial. Microgrids are

desired to be self-sufficient when operating in islanded mode.

Thankfully, there are several technologies and methods that can work to alleviate the
effects of this problem. Energy storage and demand response are examples of these
possible solutions. Large scale energy storage is inevitably going to be a vital part of
the future electricity systems [12]. Being able to store electricity when generation
from renewables are high and when there is a lack of supply, to consume the stored
electricity is surely a gamechanger in dealing with the intermittency issue of
renewables. Demand response, on the other hand, is the practice of encouraging the
consumers by giving them certain forms of financial compensation to reduce or shift
their electricity demand during peak hours [13]. Demand response, with the help of
advanced communication technologies and smart meters, can be used in real time.
However, the effectiveness of the methods for incentivization of demand response for
the consumers are questionable at best, since some consumers tend to think that the
outcome from participating in demand response might now outweigh the investment
costs [14]. Microgrids are capable of utilizing both energy storage and demand

response.

A concept to note here is the idea of Virtual Power Plants (VPP). Although frequently

used interchangeably with microgrids, VPPs incorporate software systems to

automatically handle the dispatch and optimization procedures of generation, demand
7



side management and storage resources, providing value to the stakeholders via the
utilization of software innovations. Yet, unlike a microgrid, a virtual power plant will
always be grid connected. [15]. VPPs can be used to aggregate supply from varying

sources and to provide demand response service to the grid.

Renewable energy is cheap, with zero marginal costs, yet, it has the power to take a
heavy toll on the electricity market by harshly reducing the market price of electricity,
in what is called the merit-order effect. As the amount generated by renewables with
zero or low marginal costs increase, the market price of electricity tends to dip, in the
presence of the price inelasticity of the electricity demand. If left unchecked, this
phenomenon might prove to be a deterrent for some investors [16], [17]. Microgrids
can offer better local prices to each stakeholder’s benefit by integrating prosumers to

engage in peer-to-peer trade, using market principles to determine electricity prices.

Several other issues regarding the renewable integration policy covered by Byrnes et
al. in the Australian market can be summarized under following points; grid
connection costs where a generator must pay a certain amount to connect to the grid,
the instability of regulation and policy causing insufficient financial incentives, lack
of social/institutional acceptance and issues relating to remote grid disconnected
communities [18]. Microgrid deployment in the presence of liberalized policies might

prove to be the answer to these hindrances.

1.2 Prosumer Integration Challenges and Energy Storage

Prosumer integration is one of the cornerstones of a successful microgrid operation.
Active participation from a considerable number of prosumers is necessary to provide
continuous and quality power to the stakeholders in microgrids. To achieve the vision
of a decentralized, clean and accessible energy, prosumers must effectively be
integrated into the grid of the future. For a successful integration of presuming actors,

a strategic utilization of the energy storage technologies and techniques is necessary.

Prosumers, in the absence of prohibiting laws and rules, can choose to trade electricity
among peers or with the grid itself. This is beneficial for achieving the ever crucial
supply-demand balance[19], diversification of generation, the financial outlook of the

prosumer actor [20] and higher penetration of renewables [4].



However, several challenges lie ahead before a large-scale adoption of prosumers by
the electricity grid. A number of these challenges were shown by Sousa et al. [10] and
some of these are as follows; legal and regulatory obstacles, possible energy poverty
for some consumers, human involvement in prosumer engagement, technology
dependency and being negotiation heavy. But when considered against the
achievement of possible improvements after establishing a well-functioning prosumer-

based electricity market, the problems start to become only transitionary.

While the prosumer number sees a stable increase [20], energy storage is getting
cheaper and becoming a viable solution option for the traditional problems with the
unpredictability of the renewable energy sources [21]. As can observed by looking at
Figure 1.3, Lithium-lon storage prices are forecast to drop below 100$/kWh by 2020.
From the same figure, solar and wind system prices may be discerned to be following
a similar trend. There are several technologies utilizing different methods that can be
used for energy storage, a summary of the function of the possible energy storage
systems is given by Mariam et al. [22]. According to their work, energy storage should
maintain the balance of supply and demand in a microgrid in the presence of load
fluctuations, enable the DG units to function as dispatchable power sources and
provide the initial energy requirement for transitions between islanded and grid-

connected phases of the microgrid.

There are four prominent energy storage technologies that are compatible with
microgrid operations, Battery stores the energy in chemical form and when connected
to a load discharges the storage as electricity. It is the most popular energy storage
choice for microgrids because it can reserve the energy for future demand and it is
relatively cheaper than the other options. Flywheel stores kinetic energy, but it is
mainly used for power quality improvements and there are only several cases in which
it is deployed in a microgrid environment. Super-capacitors store high-cost and limited
capacity storage units that store energy in electrostatic fields. They involve no moving
parts and no chemical reactions while also being quite efficient. Lastly, fuel cells store

fuel energy and convert it to electrical energy at activation.
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Figure 1.3 The fare of Lithium-lon battery prices [21]

The smart grid and energy storage benefit each other. Energy storage helps by
providing peak shaving (the practice of reducing the peak load of consumers) and by
increasing the dispatchability of renewables. The smart grid, on the other hand, helps
by supplying information for more strategic loading and discharging of energy stores.
However, in concordance with other smart grid paradigms and innovative energy
technologies, several hurdles stand before a high penetration of energy storage utilities
including delayed development due to profitability and feasibility concerns and high
capital costs of energy storage installations. Also, when deployed as an actor in the
traditional grid, energy storage provides no more than peak shaving and load
balancing, resulting in limiting its value to energy arbitrage (buying for less, selling
for more). With the rise of deregulated markets, energy storage options can provide
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voltage support and frequency regulation services, emphasizing the need for a
comprehensive deregulation policy [23].

The current state of affairs regarding the renewable integration can be summarized in
the following manner; higher penetration renewables require widespread adoption of
smart energy systems, smart energy systems require microgrids to be effective,
microgrids require active prosumers and efficient energy storage, coupled with a
capable market structure to envelop all the elements required for a smoothly operating,

reliable, resilient and clean electricity grid.

1.3 The Purpose of the Study

The current and the future state of affairs, as laid out in the previous sections, requires
the employment of the more modern ideas in electricity generation. A localized energy
system freed from the confines of the traditional grid might just provide the clean and
cheaper energy that will ever be required. It is worth noting that a localized system
does not need to be isolated from the main grid at all times.

In this study, a market structure is developed and tested using real data. The ways
which the proposed market structure can help the operation of a resilient localized
electricity grid and the ways which it can help the generation of affordable, clean and

accessible electricity are investigated.

The main goal of this study is to provide a feasible market structure that fits the nature
and the innate problems of localized electricity generation. The structure is expected
to contribute to the global energy generation goals described in the previous sections.
The primary question of interest whether this market structure is feasible in a microgrid
setting. If it is, the secondary questions of interest are, the ability of the structure to
deliver cheaper electricity, and the extent to which it can contribute to the future vision
of a resilient, clean and affordable electricity grid. The ability of the modern
decentralized means of renewable electricity generation to compete with and to replace

the traditional grid is vital to its future tenure as a viable alternative.
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1.4 Microgrid in Literature

Since the conception of the microgrid paradigm, microgrids saw an extensive
conduction of research varying from its architecture to its policy implications.
Although a rather general review is given here, the main focus and the purpose of this
review is to cover the related parts of the literature. Reader must note that technical
implementation or similar concerns are not within the scope of this work. It is rather
fitting to start from microgrid’s role and position in current and future electricity

markets.

1.4.1 The state of microgrids in current and future electricity markets

As microgrids become technologically feasible, the propensity to deploy microgrid
markets and to probe into possible market structures grows rapidly. The integration
of distributed generation, storage and prosumers require revisions of current electricity
market policies to introduce a more liberalized market structure. Three possible market
designs are stated to exist by Parag and Sovacool [20], which are evolving peer-to-
peer designs, prosumer-to-interconnected or island mode microgrids; and organized
prosumer groups (or community-based groups). As demonstrated by Sousa et al. in
their review of peer-to-peer and community-based markets, the distinction between
these two regimes are as follows; Peer-to-peer (P2P) defines a market structure in
which the actors collaborate with what they have to offer for a commons-based
production, trade or distribution of some form of goods or services. In P2P markets
there is no central authority that oversees the transactions between the peers. In
community-based markets, however, a central authority or a community manager is
present to manage trading activities and to intermediate between the community and
the rest of the system [10].

The number of works depicting, simulating or designing a P2P market structure started
to rise only recently; among them are the study by Zhang et al. [19], in which a trading
platform called Elecbay that allows P2P trading in microgrids was proposed. Elecbay,
then was simulated and tested using game theory in a low-voltage grid-connected
microgrid environment. The simulation results demonstrated the capability of P2P
trading to reduce the dependency of the microgrid to the utility grid, balance the local
demand and supply and integrate a higher penetration of renewables into the system.

All of which are articles of primary motivation behind implementation of microgrids.
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The authors conclude with a remark that with the diversification of the actors,

microgrids can further the benefits of P2P energy trading.

The scintillating case of Brooklyn microgrid [24] resonated among the microgrid

researchers, in a study by Mengelkamp et al. [9], the researchers propose a microgrid

market framework based on blockchain technology, seven components that are

required for a sustainable microgrid operation and evaluate the Brooklyn case with

respect to the derived seven components. These are

a)

b)

d)

f)

9)

Microgrid setup: the requirement of a clear definition of the objective,
participants and the commodity.

Grid connection: at least one point of common coupling must be present to
maintain the balance of demand and supply. Also, to enable the construction
of a grid of microgrids.

Information system: A cutting edge information system must be present to
facilitate the information flow among the market participants, provide a market
platform and access to it.

Market mechanism: To enforce payment rules and to provide a suitable bidding
language in a clear bidding format, a mechanism must be well-defined. It
should be able to allocate the traded energy by ensuring the coupling of buy
and sell orders of the actors within the market.

Pricing mechanism: For the efficient allocation of supply and demand, a
pricing mechanism must be present. Usually, uniform or pay-as-bid auctions
perform this role. Traditionally, a large part of the energy price consists of taxes
and other charges, in a microgrid, however, this might be subject to change.
Energy management trading system: A system that employs a bidding strategy
to automatically maintain energy supply for the market participant that it is
subject to. It should require access to the real time data of the participant to
forecast its consumption and generation, with the aim of providing sound
strategies.

Regulation: Microgrids require a legislative framework to be integrated into

the energy policies that are in place.

Among others, Liith et al. [25] develop a linear programming based P2P trading model

to evaluate the advantages of two separate market designs and DG setups focused on
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the battery storage flexibility. The first design is based on a decentralized storage
whereas the other is based on a centralized storage. Decentralized storage signifies the
distributed storage, privately owned by the prosumers; centralized storage, on the other
hand, denotes a storage entity owned by the community. In both cases the price is

determined dynamically.

The model minimizes electricity costs of a small locality subject to the usual requisites
of an electricity grid operation. The findings of the study assert that both options are
viable and provide electricity bill reductions. It is worth noting that the authors state
that the future research on this subject should focus on the integration of local energy

markets into the intra-day and day-ahead market regime.

Following their own advice, the same group of researchers, Zepter et al. [26], provide
another work on the subject, specifically on the prosumer integration in wholesale
electricity markets. Using a two-stage stochastic model and their proposed interface
STEP (smart electricity exchange platform), the researchers test the value of P2P trade

in the context of prosumer integration into the intra-day and day-ahead markets.

Moreover, Morstyn et al. [27] discuss the possibility of bilateral contract networks for
a new scalable peer-to-peer market design in which they investigate real-time and
forward markets incorporating contracts between generators, suppliers and consumers.
The authors find some preferences that maximize the utility of each actor to establish
a stable network of contracts with energy trading. Paudel and Peng [28] propose a
hierarchical peer-to-peer framework for future networks of microgrid distribution.
They show the capability of their proposed framework by an application in a small-
scale distribution system, with results indicating that the proposed hierarchical peer-
to-peer framework provides better cost reduction than a regular P2P scheme. They
note that, with the addition of demand response and energy storage, the work can be
extended. Zhou et al. evaluated three different P2P mechanisms, namely, supply-
demand ratio, mid-market rate and bill sharing using a multi-agent simulation
framework, with a result in which supply-demand ratio outperforms the other methods
[29]. El-Baz et al.[30] studied the synthesis of electricity markets and microgrids,
proposing a double-sided auction model that considers the limitations of the devices
that are bidding. The model works discretely in near-real time and forward markets.

14



The results show that, while cutting the prosumer costs by around 23%, the proposed
model increases the self-sufficiency of the microgrid.

Furthermore, Moret et al. [31] investigate the computational properties of negotiation
algorithms for peer-to-peer electricity markets and find that without hybrid approaches
or simplification of the negotiation procedures, challenges are likely to arise in the
presence of a high number of market participants. It should be noted that some of the
works listed here concern the microgrids, others, on the other hand, concern the
entirety of the electricity grid. Some of the works can be specialized for the microgrid
case. For a review of existing peer-to-peer energy trading projects in or among

microgrids, the reader can refer to the work of Zhang et al. [32].

Community based microgrids has also seen the body of research governing the related
topic grow. Ma et al. [33] provided a generic framework for a community-based
microgrid with wind turbines, PVs and combined heat and power generations, as a
result of their simulations, the technological feasibility of the proposed system was
demonstrated. An investigation into the feasibility of reducing energy costs via the
employment of P2P trading in community microgrids was conducted by Long et al.
Three market structures much like the work by Zhou et al. [29]; bill sharing, mid-
market rate and an auction-based pricing strategy, were subjected to analysis by the
authors in a community microgrid with PV systems, validating the effectiveness of the
proposed mechanisms[34]. A book chapter by Bird et al. investigates the resilience of
community microgrids and analyses the case of the Potsdam microgrid, emphasizing
the need to engineer an electricity grid that could withstand large-scale catastrophes
[35]. A double phase aggregated battery control to facilitate peer-to-peer energy
trading in community microgrids was proposed by Long et al. [36], in which individual
prosumers use a third party entity to regulate their generation. In the first stage of the
proposed system a constrained non-linear programming optimization minimizes the
costs, then, in the second stage a rule-based control considers some real-time input to
control set points. In the end, the proposed method was able to reduce the community

energy costs by around 30%.

Overall, it is possible to observe, that the body of research continues to grow with an

expedition. Currently, only several works are present within the topic of microgrid

markets. The number can be expected to increase as the newfound feasibility of
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microgrids necessitate sound market structures to accompany the technological

research on microgrids.

1.4.2 Simulation of electricity markets

Before proceeding to microgrid simulations, it is useful to infer some insights from the
existing simulation practices on the electricity market. To that end, a brief review of
the works pertaining to this subject is going to presented. There are several approaches
to electricity market simulations and chief among them is the agent-based simulation

approach.

Before moving further on, it is necessary to provide the fundamentals regarding agent-

based simulation.

1.4.2.1 Agent-Based Simulation

To understand what agent-based simulation models are, it is necessary to understand
what complex systems are. Perhaps what Aristotle had the say on the subject still has
some degree of validity, as he said, “The whole is more than sum of its parts.”. Indeed,
complex systems are more than the congregation of their elements. Complex systems
are systems that are unpredictable in which their behaviour is unlikely to be
reminiscent of the properties of the elements that comprise the system. Complexity
should not be confused with complicatedness. Complicated systems are usually
accompanied by sheer size and not as hard to analytically solve or behaviourally
predict as complex systems. Examples to complex systems come in many varieties
since almost every system that involves human factors can be considered complex
systems. The electricity market, without a doubt, falls under the complex system

denominator.

A fitting method to grasp the intricacies of complex systems can be found in Agent-
Based Modelling (ABM). ABM is an approach that aims define and incorporate the
behaviour of the elements (or agents) in the system and build the system with a bottom-
up approach. The agents can be anything that is integral in understanding or
reconstructing the overall behaviour of the system. Agents tend to communicate with
other agents, and react to changes in the environment and to the actions of other agents.
Most of the time, complex systems are composed of parts that behave pre-emptively.

To capture that behaviour, agents in the Agent-Based Models are required to have
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some degree of learning capacity. The global behaviour of the system, then, emerges

from all the micro interactions that occur within the model.

Usually, the Agent-Based Modelling approach is used in Agent-Based Simulation
models. In the electricity market modelling literature, the use of agent-based
simulation is heavily favoured by researchers since it is one of the better methods in
trying to capture the supposedly rational behaviour of the actors. In 2014, Ringler et
al. [37] provided a major review of the works concerning the simulation of electricity
markets and in particular, smart grids. It is not surprising that the locus of the research
is around the more modern grid paradigms, namely demand response and distributed
generation. Further, it is worth noting that, by 2014, not much tangible research was
available on possible markets to govern microgrids. As noted by the authors, studying
smart grid and its paradigms with Agent Based Modelling and Simulation is still a
young and a limited research area and further research should take an even more
pronounced approach on the analysis of local trading and local storage systems, which
is exactly what this certain piece of research is attempting. In an earlier review of the
subject of agent-based simulation of electricity markets, Sensful3 et al. [38] indicates
that agent-based modelling is a capable means to produce insightful analyses into
market design of electricity systems, further justifying the choice of agent-based
simulation approach for this study. The remaining cutting-edge research, as narrated
by the authors, is centred around the simulation of the idea that agent-based energy
management systems could be used to help control the future electricity grid. Guerci
et al. [39] introduced agent-based modelling approach -or agent-based computational
economics (ACE) from the vantage point of economists- as a suitable method to study
various issues in the electricity market. They further indicate that Erev-Roth and Q-
Learning algorithms are quite useful for simulating the learning processes of the agents

in agent-based models.

Among the more prominent research in the field is the work of Zhou et al. [40] on
analysing the benefits of a demand response program with an agent-based simulation
model. The focus of the study is the commercial buildings since a considerable amount
of avoidable electricity consumption is situated at such buildings. A building profile
set that comprises more than 80% of all electricity consumption by all commercial
buildings is picked and simulated with proper generating agents under different market
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structures with varying levels of competition. The findings indicate that employing
demand response could provide peak shaving and reduce electricity prices in the
market. In the work by Kahrobaee et al. [41], an agent based modelling approach is
adopted to test whether various demand side management methods, including
electricity trading among neighbourhoods, are useful to decrease peak loads and
electricity prices. It turns out customers can save as much as 40% if they participate in
the neighbourhood trading programme. With load shifting utilizing electricity storage,
a considerable degree of demand flattening, making renewable integration to the
system much easier. Vasiljevska et al. [42] investigate the effects of different contracts
adopted by customers, that enables the use of different services made possible by
installing smart meters. The main performance variables for the analysis are, monetary
savings, change in comfort defined by temperature change, CO2 emissions savings
and security of electricity supply. However, the customers seemed to remain with more
conservative contracts rather than the more technologically advanced, environment
friendly contracts. In the study by Zhou et al. [29], three different peer to peer
electricity sharing mechanisms are subjected to juxtaposition. Aliabadei et al. provided
two works on the field, in of the studies [43] the authors test the feasibility of several
classic and hybrid pricing mechanisms under a bidding procedure with learning agents.
After simulating detailed learning sessions, interesting result here is that, at the market
clearing price, a policy that assigns the remaining demand randomly to the electricity
generators seem to be the better choice in providing more affordable electricity. In the
other study conducted by the same group of researchers [44], they build another agent-
based simulation model to analyse the effects of Q-Learning parameters on decision
making under risk and uncertainty. The authors conclude that, following an acceptable

level of risk averting policy can increase the profits of a market participant.

For the other not directly electricity market related works, Hansen et al. [45] provide
a literature review on the use of agent-based modelling as a tool to assess the benefits
of a possible transition, change or an upgrade on a present electricity system. Energy
transition as a definition could also include the installation of microgrids. The authors
recommend an interdisciplinary approach to aid the policy making procedures with
agent-based models, since they must also incorporate the social aspects of the issues
at hand. Chappin et al. [46] provide an agent-based simulation framework to monitor

and adapt to the climate change and its policy implications for energy systems.
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Overall, it can be observed that agent-based simulation is a well-established tool for
studying the electricity grid. When supplemented with learning methods or other
advanced statistical methods, agents can quickly approximate to the real-world

behaviour of the stakeholders in systems.

1.4.2.2 Agent-based simulation of microgrids

The difficulties surrounding the real-life applications of microgrids due to practicality
concerns engendered the various approaches for microgrid modelling to take the
spotlight. This has led to a great amount of research to be produced in modelling of
microgrids. For the evaluation of microgrids, simulation seems to be the go-to choice
for the practitioners. In an attempt to solidify agent-based simulation as a form of good
practice, Kremers et al. [47] argue that conducting the agent-based microgrid
simulations with a double-layered approach should cover both technical and systemic
issues. A simple model is built on the AnyLogic software with six agents but the study
seems to be focused more on the technical implementation of microgrids. Peer-to-peer
or other smart grid paradigms are not included in the model. It is, however, a
noteworthy study in the field due to I ts nature as a pioneer. Many studies seem to have
used the double-layered framework laid out by this study. Alzahrani et al. [48] choose
to define microgrids as systems of systems, the conglomeration of numerous likely
autonomous systems cooperating for a purpose. The definition is quite fitting and its
accuracy can be discerned just by glancing at the framework of microgrids. The
authors present the technical feasibility of a microgrid using a real-world example in
the US. However, the study focuses solely on the technical aspects not on the market
implications. The findings of study indicate that similar microgrids could be installed

with proper controlling measures.

Mengelkamp et al. [49] investigate the efficiency of different electricity storage
approaches under a peer-to-peer market structure. Agents in the simulation
continuously solve linear programming models. This study is one of the few that
features a focus on the market structure rather than the technical plausibility of
microgrids. The authors state that without an installed energy storage system, only
around 26% of total the electricity demand would be covered, thus justifying the
vitality of storage systems in microgrids. The simulated microgrid uses a community

energy storage system, which all the qualified prosumers in the microgrid are allowed
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to make storage operations with. The authors assert that, with further studies on
intelligent automated bidding strategies (they employed only zero intelligence agents
for the bidding task), enveloping legislative framework and fitting market structures
microgrids could prove to be an alternative to the possibilities for localized generation
of electricity , Li et al. [50] propose a reinforcement learning based control system for
grid connected microgrids, they compare several state-of-the-art reinforcement
learning methods for the task. Their study features no peer-to-peer trading but the
prosumers can feed-in their excess generation to the grid, if the grid buying price is
desirable for such occasions. The study by Sanseverino et al. [51] is an another attempt
to assess the technical feasibility in microgrids but their work is focused on island
mode of microgrids. In the study, agent-based simulation is used to solve the optimal-
flow problem, which is a prominent issue in the field of electricity grid research.
Agents communicate with each other to direct the flows through the more efficient
buses. He and Sharma [52] build an agent-based simulation model, abiding by the
double-layered simulation framework, with the ability to expand the generation
capabilities, the agents employ the Erev-Roth reinforcement learning algorithm.
Finally, Prinsloo et al. [53] build an agent-based simulation approach to ascertain the
capabilities of microgrids to bring affordable electricity to remote rural localities.

Considering the lack of quantity in the agent-based simulation of microgrid market
structures and the relative youth of this particular branch of research, therefore the
topic of choice for this study seems justified and appropriate.
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2. PROPOSED MARKET STRUCTURE

2.1 Coherent Arbitrariness

As evinced by the work of Mengelkamp et al.[9], one of the pillars of a functioning
microgrid is the existence of a market structure and a pricing mechanism. Previously
in this study, the erratic behaviour of the renewable generation sources and the
necessity to incorporate energy storage systems was discussed. The nature of
renewable generation creates an uncertainty regarding the true value of the supplied
commodity, in a small microgrid, the number of generators to be aggregated also tends
to be small and this number might not be enough to form a predictable supply curve.
Under uncertainty, as shown by the work of Ariely et al., [54], buyers tend to have
difficulties in pinpointing the value of a commodity. The phenomenon that even
ostensibly or inherently irrelevant factors can affect the valuation process of a
commodity for market participants is named to be coherent arbitrariness. The findings
of the study by Ariely et al. were corroborated by Hanley et. al [55], in a study where
they found that participants are willing to report their valuations as intervals and the
size of the intervals are affected significantly by the experience participants have on

the subject.

The malleability of the reported prices by the market participants show that, they,
instead of having point valuations for commodities, rather have an interval that
represents their valuations. Furthermore, even with enough experience, the valuations
are shown to be still somewhat arbitrary. Experience is demonstrated to create,
however, an anchor that the participants can base their prices on. Assuming that, the
volatility of supply and demand levels in the microgrid affects the inherent value of
the electricity as a commodity, then the assumption that even automated buyers and
sellers could have problems in constructing accurate approximations for the true value

of the supply of electricity at a given time, automatically follows.
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Since forecasting for the dispatch of dispatchable elements in the microgrid to maintain
the supply-demand balance is very crucial, it is useful to record the past forecast errors
in some form and to discern a possible pattern among the errors. One of the
propositions of this work is to use forecast errors to account for the unpredictability of
the electricity supply and demand in a microgrid. The coherent arbitrariness
phenomenon, on the other hand, is proposed to be the basis for constructing bidding

intervals for the double-auction market mechanism.

2.2 Double-Auction Market Mechanism with Forecast Error Adjustment

The focus of this study is on the real-time microgrid markets that encourage P2P
electricity trade. P2P Electricity trade has its own challenges; as discussed previously.
Without a market mechanism in place, the microgrid not only loses one of its major

highlights, but also its ability to reliably balance consumption and generation.

An auction is defined to be a construct that conveys price and quantity information
from and to sellers and buyers. If this exchange is a one-way procedure, then the
auction is a single auction, if both parties actively participate in the market, then it
arranges the bids of buyers and the asks of sellers and this form of auctions is known
to be the double-auction [56].

Double auction mechanism for P2P trading is proposed to be a valid market
mechanism in the foregoing work by Mengelkamp et al. [9]. Other studies have shown
the viability of different forms of double auctions for energy trading in microgrids,
including the work of Fagiry and Das [57], in which they propose a double auction
algorithm that incorporates proportionally fair allocation of energy. Another algorithm
by Majumder et al., [58] continuously solves optimization problems to maximize the
social welfare of the participants . A work by Guerci et al.[59] facilitates two different
reinforcement learning algorithms, one of which being the Q-learning algorithm, to
approximate different behaviour of buying and selling agents under two double-
auction settings. Rosen and Madlener [60] develop an understandable auction
mechanism aimed at the prosumers in local electricity markets, because the ones who
are trading energy are not seasoned traders and therefore must be tailored to their needs
and information level. Their findings indicate that, in a competitive market, the price

convergence is achieved rather quickly
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The study by Block et al. [61] also offers a double-auction mechanism that takes into
consideration the requests of the interested parties, these request may vary from price
restrictions to capacity restrictions. They provide a mixed integer problem to model

the microgrid market with combined heat and power (CHP).

Interval bidding utilizes the idea of coherent arbitrariness. Banerjee and Shogren [62]
studied the behavioural difference between point and interval approaches on valuation
and bidding procedures in different auction settings. Their findings partially support
the findings of Ariely et al. [54] and support the finding that that people are willing to
bid with intervals as stated by Hanley et. al [55]. One of the combinations they
experimented with is the coincidence of point valuation and interval bidding. This
study makes use of the same approach to construct bidding intervals. A study by
Mahieu et al. [63] investigates interval bidding to elicit the preferences of the
participants as probability distributions. A simpler approach but a different take to
approximate valuations of the participants is adopted in this work. Because, in
microgrids, lingering inaccuracies of demand and supply forecasts causes the
uncertainty of the valuations of the participants to exacerbate. Even the best forecast
methods tend to have abysmal forecast errors and it is necessary to anticipate such
occurrences. Therefore, in this work, a double auction mechanism that allows the
participants to place their bids by constructing bidding intervals using the hourly

average percentage forecast errors is proposed.

The forecasting error metric of choice for this study is the Mean Absolute Percentage
Error (MAPE). The formula is given below (2.1):

n
100 Vi — ¥ (2.1)
MAPE(%) = leyl .yll
noe

Where n is the total number of observations in the forecasting period, y; is the forecast

for period i and y; is the true value for the observation.
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In the double auction procedure, the buyers bid their maximum affordable prices and
the sellers ask for a minimum desirable sale price for the commodity to be traded.
However, considering the uncertain outlook of supply-demand balance and coherent
arbitrariness, the prices offered by the participants might not converge to the true
value of the commodity, resulting in an inefficient market clearing price and a

suboptimal social welfare.

Below, assuming the demand for buyers and the supply for sellers equal to 1, in Table
2.1: Regular double-auction , s; denotes the minimum price seller i is asking for the
commodity and b; denotes the maximum price the buyer j is willing to pay. In the
representation below, s; are sorted into an ascending order and b; into a descending
order. Given that s; < b; and s, > b,, the conventional incomplete information
double auction procedure (the participants only have the information of their own

valuations, not of their peers) is as follows;

Table 2.1: Regular double-auction setup

Sellers Buyers
Sy b,
S, b,
S3 bs
S4 b,
Ss bs

Starting from the lowest seller and the highest bidder, the participants are matched as

long as s; < b;.

The market is said to be clear when all potential buyers and sellers are matched. The
market clearing price p., according to example above, is between s; and bs. In some

forms of double auctions p. is calculated by the equation shown in (2.2) [64].

Table 2.2 shows the cleared market and matched participants.
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The market is said to be clear when all potential buyers and sellers are matched. The
market clearing price p., according to example above, is between s; and b;. In some

forms of double auctions p, is calculated by the equation shown in (2.2) [64].

Table 2.2: Market clearance with double-auction

Sellers Buyers

||

pc= 8xs+(1—8)xby 2.2)

Where § is a real number in [0,1] and k is the index that belongs to the participants
that coincide with the market clearing point. It is worth noting that, p. can sometimes
refer to prices higher than the market clearing price if the auction is not a uniform
auction. In the uniform auction, all the matched participants trade via the market
clearing price, in non-uniform auctions the price could be decided as discussed
above.

In the context of electricity markets, the definition of double-auctions is not enough
due to the nature of electricity having very little tolerance for supply-demand
imbalances. The interval bidding approach helps in this department by allowing the
participants to bid in a more flexible manner. Having calculated the MAPE of the
forecast for the difference between supply and demand for a specific hour t, the

bidding approach in the real time market for the buyers can be expressed as in (2.3):

By, = by, * (1 + MAPE,) (2.3)
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And for the sellers:

Sk, = Sk, * (1 — MAPE,) (2.4)

The expressions above imply that buyers bid their maximum affordable price with
the interval [by,, B, ] and sellers ask a value in the interval [S,, sk, ]. By increasing
the maximum affordable prices and decreasing the minimum allowable prices help
the system to, in case of unexpected supply-demand difference surges in either

direction, adapt to the changes and set the market clearing prices accordingly.

There is one final matter on this subject, that is, the distinction between uniform
auctions and pay-as-bid (or discriminatory auctions). In uniform auctions, the
transactions are realized using the market clearing price while in pay-as-bid auctions
each transaction takes place with the corresponding negotiation price. Both these

types of auctions are compared in this study.

2.3 Features of the Proposed Market Design

The primary goal of the proposed market, as in any electricity market, is to provide
reliable and resilient service to the consumers. In a microgrid, however, this is not a
simple task. To maintain the supply-demand balance, the market requires much more
than traditional dispatch mechanisms. Thankfully, with the advent of battery storage
technologies, there are several methods to maintain the microgrid operations.

Without a considerable battery capacity, it is impossible to integrate high penetrations
of renewable generation. Because of that, battery storage takes a central stage in the

daily operations of a microgrid. In the proposed market, prosumers can...

e Dbuy excess electricity generation of other prosumers for immediate
consumption to cover their own lack of supply.

e buy excess electricity generation of other prosumers for later consumption, in
other words, to store in their own storage system.

e buy electricity from the stores of other prosumers for immediate consumption.

e sell their excess electricity to other prosumers for their immediate
consumption.
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o sell their excess electricity to other prosumers to be stored in their storage
systems.

o sell certain amounts of their own storage to satiate the supply needs of other
prosumers.

o feed their excess generation to the grid if the microgrid is running on the
islanded mode.

e choose their own price for selling and buying electricity, however, they can be
penalized for damaging the welfare of other market participants.

e install additional wind and solar generation systems after consulting with the
microgrid operator.

e cover the lack of supply from the grid if the microgrid is not running on the

islanded mode.

As for the role of the entity, henceforth named the system operator, the microgrid
system operator may choose to install and dispatch additional generation units that
may or may not be renewable sources. A microgrid consisting of 100% renewable

generation might not be possible for most of the regions around the world.

The system operator is responsible for making hourly forecasts for renewable
generation and electricity consumption. With the forecasts in hand, the operator can
schedule dispatchable generation units if there is any. The operator is also responsible
for conveying the average and real time hourly forecast errors to all the participants in
the system that require forecast information. Furthermore, it is the operator’s task to
determine tariffs for the prices of additional generation units if the outlook of the

microgrid might necessitate the installation of such units.

If the market chooses to employ balancing techniques including demand response or
peak shaving, the operator is the natural entity with the power and knowledge to take
these actions. The operator must record the electricity trades that took place between
prosumers and the prices the parties involved in the trade negotiated to. If the pricing
mechanism involves a modified version of the double-auction method, then the system
operator must determine the inputs to maintain the satisfaction of the prosumers as
close as possible to the optimal welfare of the market. If a market mechanism
necessitates the system operator to pay the market participants some subsidies or

premiums, then the operator must be willing to undergo these operations for the
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sustainable operation of the microgrid and for supplying uninterrupted, quality power
to the market participants.

Incorporating the features and functionalities briefly mentioned above, the proposed
market design is expected to provide reliable, resilient and clean power to the market
participants while also offering better prices that allows the sellers to stay profitable.
With better prices and energy generation capabilities, the electricity bills of the

prosumers are expected to drop.
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3. SIMULATION

To test whether the market design proposed in this work fulfils the expectations, an
agent-based simulation model is built with real-world data. As discussed in previous
sections, simulation techniques and agent-based simulation approaches are particularly
well-suited for the simulation of electricity markets and especially microgrids that
house peer-to-peer energy trading prosumers. To provide a setting that is as real as
possible, real-life energy consumption and weather data is used to create a data-driven
agent-based simulation model of the proposed interval bidding based double-auction

microgrid market.

3.1 Description of the Data: London

Data transparency policies of energy institutions around the world engenders
tremendous opportunities to retrieve, use and analyse large, sophisticated data. The
United Kingdom (UK) having such policies and a will to transform its electricity grid
in line with the European renewable energy vision, has created a great source of
energy consumption data collected from smart meter user households. Between
November 2011 and February 2014, electricity consumption data of 5567 London
households are systematically collected and publicized via the Low Carbon London
project by the UK Power Network [65]. This study makes use of this dataset and in

this subsection some facts about the selected portions of the dataset are presented.

The high number of households participating in the data collection period is no mere
coincidence. UK has engaged in a program to install smart meters by 2020 called the

Smart Meter Rollout.
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The Low Carbon London project was not only about collecting consumption data but
also the project experimented with dynamic time-of-use (ToU) electricity prices. In
1122 of all households participating the project, dynamic prices were used. The project
determined three pricing tariffs, first being the “low” tariff in which customers paid
0.039 Pounds per kWh of energy consumed, second, the 0.1176 Pounds/kWh costing
“default” tariff and third, the costly “high” tariff at 0.672 Pounds/kWh [65]. For the
other households that did not take part in the dynamic pricing experiments, a flat tariff
was put in place at 0.14228 Pounds/kWh These prices will be treated as one of the
benchmarks for this simulation study. The dataset is accessible via the London
Datastore website [66].
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Figure 3.1 Average Hourly Consumption Values of Each Household

To simulate a microgrid to test the proposed market design, 13 Households were
randomly selected among the households participating in the dynamic pricing project.

2013 was chosen as the year for simulation and all the relevant data pertaining to 2013
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were collected. The dataset for each household contains 17520 (the number of half-
hours in a year) entries that correspond to the energy consumed in that half-hourly
period. However, for simplicity purposes and to avoid high consumption of
computational resources, the datasets are combined into hourly datasets. Below, hourly
annual average consumption data for the households are plotted. The horizontal axis

represents the hours of the day, the vertical axis represents the average electricity
consumption.

As seen in the figure above, Household 1 engages in a very light consumption
behaviour whereas Household 2 is a moderate consumer. Household 3, shown in,
displays the characteristics of what is called “the Duck Curve”. This household houses
very heavy consumers. Further, one of the high-volume consumers, Household 4,
shows an interesting peak around the midday.

5000
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Hour of the Day

Figure 3.2 Aggregated Hourly Load

Household 5 displays a light behaviour with what may be called a “pressed duck
curve”. Household 6 displays a similar behaviour to Household 5. It is important to

notice the discrepancy between heavy consumers and light consumers. When the
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consumption values of all the household over a course of a year are aggregated, the
system displays the behaviour shown in Figure 3.2. The load profile, known as “the
duck curve” is even easier to discern from the plot. There are no unusual load patterns
and there is an expected peak around 8 PM. After midnight, the consumption levels
dip to daily lows and in the morning climb to a plateau. From Figure 3.3 the monthly
trends in electricity consumption can be observed. High consumption in winter can
mostly be attributed to heating requirements. The part above summarizes the load
profile of the randomly selected households from the dataset. What’s integral to the
simulation is, however, the wind and solar energy potential of the chosen location.
London is not known for its sunny outlook, yet, considerable amount of electricity

especially during the summer could be generated in London.
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Figure 3.3 Monthly Consumption Summary

Thanks to numerous databases, data containing hourly entries both for solar irradiation
and average wind speeds are publicly available. This study makes use of such
databases. The MIDAS project by the UK Met Office [67] features records of mean
hourly windspeed data dating back to as early as 1950s taken from the vast number of
stations around the UK. Similar to the handling of the load data, the dataset from the
year 2013 was taken. Heathrow station was chosen since the airport located there is
not obstructed by any buildings and could provide a better approximation for the
widespread wind energy tendencies in the vicinity. The measurements were taken at a
height of 25 meters which is an acceptable height for the installation of residential
wind turbines. Due to the nature of wind, the wind displays an erratic behaviour that

could partially be attributed to the distance from the ground level [68]. Therefore, the
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measurements at 25 meters should provide a rather accurate estimate for the wind

energy potential in the area.

The more elusive and trickier is finding a reliable solar irradiation database. There are
many methods to measure solar irradiation and many do not account for all the
necessary factors. Solar irradiation a location receives could be estimated by the
longitude and latitude of that location, because any point on Earth is periodically
bathed in solar energy from distinct angles along the course of distinct durations.
However, such methods do not stem from localized observations and are usually
inaccurate mostly because their lack of consideration for numerous obstructing factors.
The Photovoltaic Geographical Information System (PVGIS) has been developed as
an initiative of the European Commission and provides reliable solar irradiation data
based on observations, for most of Europe and its surrounding regions [69]. The
interface with which the users can communicate also recommends installation angles
for photovoltaic cells. This study assumed that the photovoltaic cells in the simulation
are installed in lieu of the recommended optimal angles by the PVGIS interface. The
values found both in the wind data and the solar irradiation data are properly converted

to their metric system counterparts.

The histogram of mean hourly wind speed data is shown below in Figure 3.4. Hourly
wind speed values generally tend to follow the Weibull distribution [70]. This seems
to be the case for the dataset retrieved from the MIDAS project. It is therefore possible

to infer that there is not much complication with the wind speed data and it is authentic.
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Figure 3.4 Mean Hourly Wind Speed Values Histogram

The distribution of average hourly solar irradiation values throughout the months could
be observed in Figure 3.5. Unsurprisingly, the solar irradiation values are higher in
summer days and dramatically lower in winter. Combined with the increased need
during winter nights to engage in heating activities that require a large amount of
electricity, the task to provide reliable simultaneous electricity becomes even more

pressing.

The main challenge of supplying the increased consumption levels in winter months
by diminished renewable supplies during those times, could only be overcome by
rigorous utilization of energy storage units when the microgrid is operating in the
islanded mode.
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Figure 3.5 Average Solar Irradiation

The data fed to the simulation is summarized above, there seems to be no obstacles in
furthering this study with the data available.

3.2 Highlights of the Simulation

The simulation of the proposed microgrid intra-day market structure is aimed to be

comprehensive. Using the aforementioned principles and utilizing the summarized

data, an agent-based simulation model is built on the AnyLogic simulation software

using the Java language. Preliminary analysis, data preparation, forecasting, and post-
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analysis were carried out using the R programming language and several related
packages. A Java library for maintaining an interface between Java and R named
“RCaller” is used [71]. The interface is used to provide the simulation with on-demand
hourly forecasts for load and renewable generation. The forecasts are vital because the
proposed market structure featuring forecast error-adjusted bids necessitate the

retrieval of forecast errors to function as intended.

There are numerous highlights of the simulation model that are developed to make the
simulation as close to the reality as possible. The first and the most important step was
the integration of real-world data into the model.

3.2.1 Learning agents

One of the more contemporary research topics in agent-based simulation is about
making agents decide more intelligently and learn from their previous experiences.
Among the algorithms that strive to achieve this goal, the Q Learning [72] and Roth-
Erev [73] algorithms are fairly prominent and proficient. Variants of these algorithms

have been used in this study to induce learning in agents.

These algorithms qualify as simple reinforcement learning algorithms. Reinforcement
learning is defined by Sutton and Barto [74] as “learning what to do”. If an agent is
learning with reinforcement, then the agent does not know which actions to take at
first, but rather learns about the relative benefits of each possible actions by trial and
error. This process is known as discovery. After accumulating enough experience, or
having spent enough time discovering the environment, agent may be dictated to cease

learning and use the experience in choosing further actions.

Q learning is defined as follows:

Q(spde) « 1 —a) x Q(sp,d) + ax [R(St' d)+ vx max Q(5t+1'd)] 3.1)

In the equation above, there are two parameters related to the intensity of learning. The
index t represents The parameter « is a real value in [0,1] and it is called the “learning
rate”. Higher a values induce a more forgetful learning process, in which the recent
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experiences have more weight in defining the Q values, meaning that the agent is more

open to newer experiences and more “eager” to learn.

The other parameter y is called the “discounting rate” and it is also a real valued scalar
and an element of [0,1]. This parameter sets the rate at which the immediate and future
rewards affect the experiences of the agent. In the auction model, however, y is always
0, because there is no one specific goal at the end of the year, or the learning period.
The auctions are run on an hourly basis and each hour is independent of the other.

Q (s, d;) defines the Q value of a possible action d; at time t and at state s;. Q values
represent the value of the potential reward that can be achieved by making the specific

decision corresponding to the explicit combination of the given action, state and time.

The essence of the Q-Learning algorithm is that, these Q values are not static. They
get updated with the tested reward values according to the pre-determined parameters
as long as the learning session is live. R(s;, d;) represents the value of the reward received
for taking the action (s;, d;). It must be noted that the reward must not always be
positive. If the action results in an undesirable outcome, then the reward will have to
signal that. Further, Q-Learning may or may not include delayed rewards, the possible
future rewards are considered using the best Q values for future actions. The algorithm
just assumes that, after taking the action, the agent will continue taking the best action

rationally.

All the Q values that are constantly updated for every combination for the state-action
space exist only for a single purpose: being a guide for making the best decision based
on experience and discovery. Before making each decision, all the Q values available
for each available action are compared and the action corresponding to the highest Q

values is chosen for that specific state and period.

As stated earlier, the learning procedure in Q-Learning could be deactivated, or could
be set to occur sporadically. The so-called discovery parameter, € is a real value
representing the probability that the next action taken will be decided not by the highest
Q value but randomly among all possible actions.

Roth-Erev algorithm on the other hand is slightly different than the Q-Learning
algorithm. The update rule for the classic Roth-Erev algorithm is defined in (3.2) and

(3.3). The main difference between two algorithms is, in Q-Learning -unless it is
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dictated by the € value- the action is chosen deterministically looking at the highest Q
value. However, in Roth-Erev algorithm the actions for each state have their own
probabilities. These probabilities are set by the propensity values which are calculated
and updated in similar fashion to the Q values. In the equation below, k and j are

elements of the decision set, j, k € {1,2,... N}

git+1D) A -7r)xqj) + mx(1—e) ifj=k (3.2)

qj(t+1) « (A —1)*q;t) + m *e/(1—N) if j+=k (3.3)

T, represents the reward for the chosen action k at time t. The update rules for the
chosen action and the rest of the action space are slightly different. The updated values
are “propensities”: the tendency to take an action. Here, e represents the exploration
or experimentation parameter. It is a real value in [0,1], similar to Q-Learning’s
learning parameter, it dictates the rate at which the algorithm learns. Higher e values
make m;, less important in updating the propensities. The update of the rest of the
actions take place inversely proportioned to the number of actions N available. The
recency parameter r affects the rate at which the algorithm forgets previous
experiences. Higher r means, less weight given to previous experiences. Initial
propensities q;(0) are input parameters and might have effects on the learning process

to an extent.

The expressions given above are only for updating the propensities, Roth-Erev
algorithm functions with probabilities. The means to transition from propensities to

probabilities is given below in (3.4).

g5 (3.4)
pi() = o a:(®)
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It can easily be inferred from the above equation that probabilities for taking any action

Is just the reflection of their propensities.

For auctions, however, a variant of the Roth-Erev algorithm could be used. The reason
for this is that, the derivation method for probabilities of the classic Roth-Erev
algorithm given in (3.4) cannot properly account for negative rewards and
propensities. In this study, agents have to overcome negative rewards after they fail to

win in auctions.

The variant Roth-Erev algorithm proposed by Sun and Tesfatsion [75] makes
necessary adjustments for the integration of negative propensities into the algorithm.
The authors used this algorithm specifically for electricity market auctions, making it
a viable option for further studies which aim to do the same. The update rules and

probability calculations are given below in (3.5) and (3.6).

git+1D) «A—r)xqj)+ mex(1—e) if j=k (3.5)

qgjt+1) « (@A —-r)*q;(t)+ qj*e/(1—N) if j+k (3.6)

The update rules for propensities are the same with a single exception. Instead of
updating using the reward value m;, the propensities corresponding to the rest of the
action space decay according to the experimentation parameter e. This is perhaps more
suitable for an environment in which the rewards are more volatile, like that of in the

auction setting. The calculation of probabilities take place as follows:

o (3.7)

As seen in (3.7), using the Euler number e solves the negativity problem since any

exponent of the number e is nonnegative.
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Both of the algorithms are suited to the needs of this particular study. The setting
necessitates the utilization of opportunity costs so that the agents could tailor their bids

and asks to more appropriate values to their advantage.

3.2.2 Renewable generation and energy storage

As stated earlier, one of the major goals of installing microgrid systems is to be able
to incorporate distributed generation of clean electricity. The most prominent
opportunities for this are installing solar panels and residential wind turbines.
Electricity power generation from these sources could be estimated by formulae given
in (3.8) and (3.9)

1 :
Powerying = 2 *Cp*xp* T+ r?x Vms;ind (38)
The power generated by the wind depends on the wind speed elevated to the power of
three (V3,,4), the area swept by the blades (with the radius of r) of the wind turbine
(7 = r?), the air density p and the power coefficient C,,. Air density is estimated to be 1.225

kg/m?3 by the International Standard Atmosphere [76]. The power coefficient, on the other
hand is a measure of the efficiency of the wind turbine. The theoretical maximum for this value
is found to be 0.593 according to Betz’s Law. A study by Dai et al. [77] showed that a reliable

estimate for this value is 0.397.

The solar power, on the other hand is estimated by the following expression:

Powergyjqr = A*17 %G * PR (3.9

Where, A is the total area of solar panels installed in m?2. the yield of the solar panel
denoted by r is defined by the power of a single solar panel divided by the area of that
specific solar panel. G is the solar irradiation (Watt/m?) and PR is the performance

ratio of the solar panel. According to a report from the WISE-PV Stakeholder
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Workshop [78], the average performance ratio for solar panels in UK is 0.84. This
value is used throughout the study.

For the modelling of energy storage devices in this study, Tesla Powerwall 2 [79] is
used as the storage device of choice. Depending on how heavy the households
consume electricity, different number of storage devices are installed for those
households. A single unit of Tesla Powerwall 2 can store up to 13.5 KWh of electricity

to be used on demand.

The proposed setup of the microgrid is as follows. The number of storage units and
solar panels are decided according to the consumption profiles of the households. A
standard residential turbine with a blade length (radius) of 2 meters and a standard
residential solar panel with a peak power capability of 250W is used in the study.

3.2.3 Forecasting

The necessity of forecasts for the proposed market structure were discussed in previous
sections. Forecasting various parameters of interest in the electricity markets is a
thoroughly studied field. Therefore, many viable forecasting methods have been made
available by researchers. For its simplicity and somewhat gentle handling of the
computational resources compared to more modern methods featuring neural
networks, Autoregressive Integrated Moving Average (ARIMA) models have been
chosen as the forecasting method for this study. Providing accurate forecasts is not one
of the aims of the study, thus, no further discussion takes place on forecasting. ARIMA
models however, are regarded as one of many methods to be relied on for both load
and renewable energy generation forecasting, the reader could refer to various reviews

on load [80], wind [81] and solar [82] generation forecasting

The ARMA (without integration) models are defined as follows:

Xt - a]_Xt_l — e _apXt_p == gt + ngt—l + -+ gqgt—q (310)

X, is the observation of the time series at time t. The term &, is the residual of the
model at the same time period, while a,, denotes the level of association between the

lagged terms of the time series and the current observation. The integer p is therefore
42



the order of the Autoregressive part. Likewise, 8, shows the association between the

current and lagged error terms, assuming that error terms are somehow correlated with
each other. The order of the Moving Average part is signified by g. The integration,

however, necessitates the use of the lag parameter, with

Table 3.1 The Microgrid Setup

Household Wind Turbine Solar Panel Count Energy Storage
Blade Length (m) (kWh)

Household 1 0 0 135
Household 2 2 135
Household 3 2 30 67.5
Household 4 2 20 54

Household 5 0 0 135
Household 6 0 0 135
Household 7 2 0 135
Household 8 2 10 40.5
Household 9 2 0 27

Household 10 0 0 135
Household 11 0 0 135
Household 12 2 0 135
Household 13 2 20 40.5

the inclusion of integration the model becomes the expression below (3.11).

(1_

. g . (3.11)
@; * L *(1—L)d*Xt=5+ 1+29i*Ll * &

i=1

W'Mﬁ
[y

L! represents the lag parameter. The multiplication of the lag parameter by the actual
observation X, gives itself minus its i’th lag. The value §/(1 — X7_; LY is known to

be the drift of the ARIMA model.
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The values that need to be forecast are load and the combined generation of wind and
solar units. The forecast values are used not only for generating the bidding intervals
but for the activation in backup generation units in the islanded mode or the activation
of the grid connection in the grid-connectable mode. If the forecast difference between
the load and the renewable generation is less than backup generation capabilities and
if the current levels of storage is considered not to be able compensate for the lack of
supply, then the backup generation is scheduled an hour-ahead to provide electricity.
A similar directive is employed for grid connection, basically, if the microgrid cannot
sustain itself and it is not operating with the island-only approach, then it can connect
to the grid to cover for the deficient supply.

That being said, the necessity arises for the determination of ARIMA parameters.

3.2.3.1 Load Forecasting

As seen from the summaries of the data, load profiles change drastically from season
to season. It is, therefore, highly likely that the behaviour of the data generation process
behind the values of interest changes from season to season. The difference in monthly
consumption shows that the months could be grouped in three. For the heavy
consumption from January to March, Figure 3.6 shows the stationarised time series

with the autocorrelation and partial autocorrelation functions.

After first differentiation, the series seem to display, as expected from an hourly time
series, a seasonal behaviour at around Lag 24. On the other hand, the autoregressive
components of both the regular and the seasonal part of the time series seem to display
the behaviour of orders 1 to 2, as evidences by the spikes on the partial autocorrelation
function at their respective observations. The autocorrelation function, on the other
hand shows that a seasonal first differencing and a first order of moving average might
be necessary. After consideration of various combinations, the diagnosis of an
ARIMA(1,1,1)x(1,1,1) model, which found to be the best according to the Bayesian
Information Criterion (BIC), is shown below.
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Figure 3.6 January-March Load Time Series

The residuals seem to display a white noise behaviour and to be almost normally
distributed, indicating that the model could be used for forecasting load data. The
Ljung-Box statistic fails to reject the null hypothesis that the residuals come from a
white noise process (Q* = 2.5788, P= 0.8595).

For from April to August, the same procedure is followed. Below, the pre-analysis and

the diagnosis of the first differenced time series can be found.

The following months, as observed on the figure 3.8, display a similar but a subtle
behaviour. The same parameters ARIMA(1,1,1)x(1,1,1) is found to the best and the
most fitting alternative among possible combinations. The diagnosis of the time series
can be found in Figure 3.9. This time, the Ljung-Box statistic (Q*=12.703, P=0.04799)
barely fails to reject the null hypothesis. This might be due to the downwards trend in
consumption from April to August, while the first three months display a more static

behaviour.

The same procedure for the remaining four months yields the following results that
can be observed from Figure 3.10 and 3.11. Again, similar patterns can be read from

the pre-analysis of the time series in Figure 3.10.
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Figure 3.8 April-August Load Time Series
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Residuals from ARIMA(1,1,1)(1,1,1)[24]
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Figure 3.9 April-August Diagnosis
Therefore, the same actions are taken to ascertain the parameters of this portion of the
time series. This time, the hypothesis that the residuals come from the white noise
process is rejected but the best alternative in terms of Ljung-Box statistic (Q*=24.171,
P=0.00048) is ARIMA(1,1,1)x(1,3,1).

The forecasting during the simulation takes place every hour, using the past 144
observations. This number is a compromise between accuracy, computational resource
and recency of the observations, 144 hours equalling to 6 days is tried and found to be
good figure for more than 15000 forecasts required in a year. For the first 143 hours,

simple mean of the previous observations is taken to provide the forecast.

3.2.3.2 Renewable generation forecasting

The same approach is taken to forecast the electricity generation with renewable
resources. While the load is relatively less cumbersome to forecast, the erraticism of
renewable generation becomes highly apparent after recurrent attempts at forecasting

the fare of renewables.
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Figure 3.10 September-December Load Time Series
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While rather convincing patterns could be found for load forecasting, the same is not
particularly valid for the forecasting the generation with renewables. The best fit using
ARIMA family of models is found to be a non-seasonal ARIMA (1,1,0) process with

unconvincing performance in post-analysis.
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0 10 20 30 40 ] 0 20 30 40
Lag Lag

Figure 3.12 Generation Time Series

Renewable generation values are generated using the microgrid setup given in Table
3.1, and the renewable generation formulae given in (3.8) and (3.9). The forecast

values are aggregated energy values generated by solar and wind power.

Shown in Figure 3.12 is the first differenced time series of renewable generation
estimates, from which not much could be inferred. Both Autoregressive and Moving
Average components seem to display the behaviour of orders of 0 to 2. After trials, as
stated previously the best fit is found to be the ARIMA(1,1,0) model. The distribution
of residuals shows a tendency to high kurtosis values while the Ljung-Box statistic

rejects the null hypothesis that the residuals come from a white noise process.
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Figure 3.13 Generation Diagnosis

3.2.4 Implications of integrating P2P trading to double-auctions

An elaboration as to how auctions with learning agents work is necessary at this stage
of the study. Details regarding various update rules and reward-punishment relations
of the learning algorithms are given here. In addition, a further inquiry into how pay-

as-bid and uniform auctions relate to the given study is presented.

The double-auction mechanism had previously been summarized in earlier sections.
There is, however, an issue that arises from the nature of the islanded operation of
microgrids. That being, the double-auction mechanism does not, by definition, allow
trades beyond the market clearance line. This proves to be a problem in the islanded
operation setting of the microgrids. Since the microgrid is designed to be self-
sufficient, unmatched demand or excess supply poses an obstacle to the perpetuation
of the microgrid system. If some of the buyers and sellers are not matched during the
double-auction process, it is just fine in the grid-connected operation of the microgrid.
The sellers that were not able to sell their excess electricity could just feed the excess
electricity to the grid and get paid for it while the buyers can just satiate their demand

from the grid, paying the grid price per kilo-watt hours of energy.
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However, in the islanded mode, without any interference to the double-auction process
instabilities in the microgrid are bound to occur due to the void of a mechanism that
compensates for the unmatched buyers and sellers. The problem actually arises from
the buyers trying to bid an undesirable price and sellers trying to ask a too expensive
price for that specific iteration of the double-auction process. This could be dealt with
by introducing penalties to low bidding or high asking agents. The pecuniary penalties
would then manifest themselves on the electricity bills of the prosumers. A simple
approach would be, having the buyers paying the actual or the average market clearing

price (or a fixed penalty) but having the sellers receive none of the paid amount.

There is another implication of the islanded operation of the microgrid. The excess
generation should be directed either to consumers whose demand is not satiated, or to
consumers who can store electricity in their storage devices. For the islanded operation
this is not an option but a necessity. Along with the implication discussed in the
previous paragraph, this second implication necessitate special measures to be taken

for the islanded operation of the microgrid.

There is a logical precedence order between three types of trades that can take place
in this microgrid. Actions 1 and 2 could fall under the umbrella of ancillary markets
which is not the scope of this study. There is not really any competition in the markets
that are created by these actions, especially when the microgrid is functioning in the
islanded mode. The main market structure, on the other hand, is mostly maintained by

action 3.

1. Excess generation to immediate consumption: If a consumer cannot satiate

their demand either by self-generation, self-storage or by other microgrid
measures and if the prosumer cannot store the excess generation in batteries,
this portion excess generation must be consumed by those with uncovered
demand. Pricing could be a pre-set value or the average market clearing price
for that window of time.

2. Excess generation to storage: For the sustainable operation of the microgrid

and for keeping the system frequency at acceptable levels, excess generation

must be directed elsewhere. After covering the unmet demand, the remaining

excess generation should be stored in batteries. To reiterate a vital point again,

these operations are necessary and out of the scope the main market structure.
51



Pricing could be a pre-set value or the average market clearing price for that
window of time. During the operation of the grid-connected mode, excess
generation can be sold to the grid instead of storing the electricity inside the
batteries.

3. Storage to consumption: After the allocation of excess generation, the less

volatile type of trades can take place. The consumers that still need their
demand met by external sources, can compete to buy the electricity from the
batteries of others or the prosumers can compete to sell electricity from their
stores. If the microgrid is on the grid-connected mode, then the competition is
more meaningful. The grid competes on both sides of the market and
participants can choose to buy from or sell to the grid according to the market

prices.

3.3 The Logical Flow of the Simulation

The agent-based simulation model consists of two types of agents, the “residential”
agent simulating the prosumers and consumers and the “operator” agent fulfilling the
regulator role for the market. Laying out the actions of these agents summarizes the
main flow of the simulation at each iteration. The simulation depicts every hour in a
day and runs for a year, totalling in 8760 hours. In each of these 8760 hours, the
simulation tries to balance the consumption with generation while regulating the trades
between the prosumer agents, making forecasts, calculating forecasting errors and

recording the variables that give insight to the process that is being simulated.

3.3.1 The Agent “Residential”

The residential agent represents the prosumers. Each instance of the agent has its own
learning procedure that is set according to either one of Roth-Erev or Q-Learning
algorithms and data storing capabilities to calculate the performance variables like

amount of electricity bought from other customers or the total electricity bill.

The agents use these learning procedures to set their bidding and asking prices. There
are five options each representing the level of prices from “very low” to very high.
After determining the level with which the agent wants to bid or ask, average
forecasting errors and the pricing function is used to determine the final bid. The
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pricing is based on the real-time pricing policy of the Low Carbon London project.
The details of the project were given in the beginning of this section. To reiterate,
consumers paid 0.039 Pounds/kWh with the “low” tariff, 0.1176 Pounds/kWh with the
“default” , and 0.672 Pounds/kWh with the “high” tariff. The function for determining
the price values is shown below in (3.12), the function is taken from a polynomial

regression fit to the values given above:

price(x) = 0.074525 * x — 0.0474 * x %> + 0.011875 * x3 (3.12)
0.6
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Figure 3.14 Price determination function

The x variable represents the choice of prosumer residential agent after the adjustment
as shown in (2.1) for buyers and (2.2) for sellers. Therefore, before being transformed
to the monetary value by (3.12). Then the bidding (3.13) and asking (3.14) intervals

are constructed using the expressions below:

B; = (price(b;),price(b; * (1 + MAPE,)) (3.13)
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S; = (price(s; * (1 — MAPE,)), price(s;)) (3.14)

The intervals are in fact the relaxation of the lower bound for asking prices and of the
upper bound for bidding prices. Making the acceptable intervals for bids or asks a little
longer. Therefore, depending on the realized demand and supply values, the
participants have better chances of getting matched in auction process. This is
beneficial both for the participants and for the microgrid. It prevents likely losses from
inaccurately evaluated values of supply and demand (this confusion directly affects
the asking and bidding prices, damaging the social welfare in the microgrid electricity

market).

In Q-Learning and Roth-Erev algorithms, agents learn with rewards. Accurate
determination of these rewards plays a large role in this microgrid market simulation.
The determination of rewards and punishments simply follow the idea of opportunity

cost.

What the buyer prosumers want to achieve, rationally, is buying the electricity at
cheapest prices possible. Yet, at the time of bidding, the agent does not know whether
their bid is overpriced or not. The agent can only understand the true position of their
bidding, after learning about the market clearing price. The market clearing price is a
good indicator as to what the true value of a commodity is in that given transaction
period. The determination of the reward for buying customers is as follows, the reward
for a successful bid is set to the actual amount paid per the unit of energy, to . Since
the goal of the buyers is to minimize expenditure, it is rational to assume that the buyers
would be more willing to decrease their bids after a successful bid for not paying more
than the market value of the commodity and to increase their bids after a failed bid for

being able to buy the commodity.

0, B; < B; and B; won

0, B; > B;and B; lost (3.15)
ntk(Bj) - —prices(Bj), B; = B; and B; won
k -1, B; = B;and B, lost
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Above in (3.15) B; represents the bid price, B; represents the price whose Q or
propensity value is being updated and p. shows the market clearing price, finally s
represents agent ks reward at period t . The reward for buying is nonpositive and the
rewards are used to update Q values and Roth-Erev propensities. The price choice with
less negative Q or Roth-Erev value is more likely to be bid in the coming auction
window. For each agent there are 24 sets of Q-Learning or Roth-Erev algorithms and
accompanying data pertaining to the 24 hours in a day. Each set is used exclusively
for the hour it belongs to. The underlying logic for the update rule laid out in (3.15)
could be summarized as following: since buyers would like the minimize their
expenses, after winning a bid, their tendency to bid lower increase. Same is valid for
the bids that do not win in the latest iteration of the double-auction. The buyer, after
failing to win, would be more willing to increase their bids. After the undergoing a
standardization process, they could be assigned as rewards in either one of Q-Learning
or Roth-Erev algorithms.

For sellers a similar path is taken. If an agent’s ask is accepted, the agent becomes
more willing to increase the value of the ask. Likewise, if the agent were not able to
sell, the agent becomes more willing to make discounts in the ask price.

For both the buyers and the sellers, the tendencies elaborated above could be explained
by the opportunity cost phenomenon. If the agents “feel” as if they are missing out or
as if they are being “abused” by very low ask/very high bid prices, it is rational to
assume that they would like to change their behaviour. The reward functions that are

set considering opportunity costs of these actions are reflected below in (3.16).

The difference in the seller reward function (3.16) is the ease of integrating opportunity
cost, if the ask is successful, the reward is simply the market clearing price p, since it
signifies the market value of the commaodity, in this case the price per power. If the
ask is not successful, on the other hand, the agent misses the opportunity to sell
electricity valued at the market clearing price, and should therefore be penalized. The
general workflow of the residential agent is shown below in Figure 3.15.
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(—prices(Sj) +p.+1, S; > S;and S; won
prices(S;) —p. + 1, S; < S;and S; lost

| 1+ prices(Sj), S; = §; and S; won

| -1 S; = S;and S; lost

Ttk (Sj ) =

(3.16)

Start

v

Calculation of
Electricity Sealf-
Generation Values

v

Saving the data Calculation of unmet

pertaining to thi demand and storage
particular period levels

v

Determination of prices
with the help of the

learning algorithms 1

Auction results

Caloulation of
— W -’ from the cperator

f iabl
performance variables / agent

"

Preparing for the mext

Crata related to
learning algorith

pened, activation or
desctivation of necessany
genaration units

Figure 3.15 The workflow of the residential agent

There are several variables of interest belonging to both agent types available in the
model. For the residential agent, the most prominent of these variables are:

e Generated Electricity (Solar, Wind)
e Stored Electricity

e Bought Electricity (from Prosumers, Grid or other generators)
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e Sold Electricity (to consumers, grid)

e Electricity Bill
Several others are used to assess whether the simulation is running as intended or not.

The electricity bill parameter is particularly important since it is a major variable of
interest for this study. One of the aims of the study is to show that with microgrids,

cheaper electricity could be provided for the end users.

The residential agents must report their excessive or deficient demand so that the
operator knows which agents are willing to participate in the next iteration of the
auction. The residential agents send their bids or asks, and the operator responds
whether they have won or not. According to the resulting auction, the electricity trades
and payments take place, the operator makes a final check and each participant gets
ready for the next period. On extreme occasions or in the case of a predicted system
overload, the operator may order the users to deactivate their distributed generation
units to protect the system integrity.

3.3.2 The Agent “Operator”

The operator entity is responsible for the sustenance of the microgrid system. The
forecasts, the auctions, deactivation orders and grid connection decisions are all
maintained and ordered by the operator. The manner with which the forecasts are
governed were laid out previously along with the general auction process. The general

workflow of the operator agent is shown below in Figure 3.16.

The operator agent is the omniscient agent in the simulation. It collects generation,
consumption and storage level data to make forecasts, oversee auctions and calculate
the related variables of interest, including the electricity bills. Some of the variables
calculated by the operator agent are as follows:

e Total demand

e Total supply

e Total unmet demand

e Total excess generation

e Total amount of electricity stored, used and sold from storage.
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e Total amount of electricity trade broken down to subtypes

e The amount of electricity sold to or bought from the grid

The operator also supplies backup electricity in the islanded mode by employing
fuel cells. Fuel cells were chosen to be a clean alternative but cheaper diesel
generator could be used for the same purpose. The integration of fuel cells due to
their dispatchable nature necessitates making activation and deactivation decisions
beforehand. The dispatch of the fuel cell requires forecasts for the next period and
it is decided according to the following expression. The activation rule utilizes the
safety stock idea. The critical level, or the reorder level, is a parameter that should
be optimized. If the conditions given in (3.17) and (3.18) are together satisfied or
the condition in (3.19) is satisfied, then the fuel cell unit (or the grid connection)
Is scheduled to be active for the next hour.

forecastyips * (1 + errorgirre) < ¢ (3.17)
O¢ + ® + forecaStdiff * (1 + errordiff,t) < O-system * Peritical (318)
Ot = szstem * Peritical (3-19)

@ represents the power of the fuel cell unit in kilowatts or O if the system is able
to connect to the grid. forecastysr is the forecast difference between the
renewable generation and the system load. errorgff is the average of MAPE’s
for that specific period for the difference between renewable generation and system
load. The variables related to storage o, and ogysem represent the current level of
system-wide storage in kWh and the total system-wide storage available in kWh.
Periticar ON the other hand, is the critical level of storage, a real value in [0,1].
(3.17) and (3.18) together imply that, if the storage level is forecast to decrease to
a critical level then the backup measures (fuel cell) should be activated. (3.19)
implies that if the storage level is already critical, then the backup measures should

be activated.
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3.4 Simulation with Default Parameters

The generation and storage capabilities were listed in Table 3.1. The remaining
default parameters are given below in Table 3.2. Q-Learning is assumed to be the

default learning algorithm of choice and the microgrid is assumed to be islanded.

Table 3.2 Default Parameters

Parameter Value
Pcritical 0.19
7 12 kW
a 0.95
€ 0.3
k 0.65
Fuel Cell price per power 20 pence/kWh

With given consumption data and the standard tariff for electricity (14.62 pence/kWh),
the electricity bills appear as shown in Table 3.3. All values are given in Pounds. The
fuel cell price per power is assumed to be 20 pence/kWh with profit premium added
on top, as the cost of fuel cell is estimated to be around 0.14-0.15$/kWh[83].

Table 3.3 Electricity Bills Under the Regular Market Regime

Household 1 Household 2 Household 3 Household 4
257.36 646.40 1992.88 1670.57
Household 5 Household 6 Household 7 Household 8
384.67 271.31 801.98 1172.83
Household 9 Household 10 Household 11 Household 12
957.43 590.31 599.66 804.97
Household 13

1473.79

The electricity bills shown in Table 3.3 are the benchmark values for the simulation.

Naturally, the bills represent the consumption profile of each household.
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Figure 3.17 Chord Diagram showing all P2P Trades [84]
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Table 3.4 Electricity Bills Under the Proposed Market Structure

Household 1 Household 2 Household 3 Household 4
233.4091 385.8987 1086.6185 848.7048
Household 5 Household 6 Household 7 Household 8
268.6266 203.1526 465.4144 558.7616
Household 9 Household 10 Household 11 Household 12
722.1396 414.6025 493.9944 484.1165
Household 13

670.5140

The simulation is run 100 times with the default parameters. With learning algorithms
carrying over each simulation iteration, agents did not have to start learning anew
every time an iteration is run. The results show a clear reduction in the electricity bills.
This is expected, since the prosumers do not pay for the electricity that they generate.
The households that do not generate electricity, however, have also had their electricity
bills decreased by relatively lower percentages. These values are marked with red in
Table 3.4. The bills can be seen in Table 3.4 and the percentage changes in the

electricity bills can be seen in Table 3.

Table 3.5 Percentage Change in Electricity Bills

Household 1 Household 2 Household 3 Household 4
-9.30% -40.30% -45.47% -49.19%
Household 5 Household 6 Household 7 Household 8
-30.16% -25.12% -41.96% -52.35%
Household 9 Household 10 Household 11 Household 12
-24.57% -29.76% -17.62% -39.85%
Household 13

-54.50%

The Figure 3.17 shows the chord diagram of the amount of P2P electricity trades
between each household in the microgrid. From the figure, it can be inferred that the
market is quite competitive. The market shares of each participant are proportional to
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their generation capability. There are no signs of collusion between participants as
well, showing the power of the simple Q-Learning algorithm to emulate the behaviour

of market participants under repetitive auction episodes.

Figure 3.18 shows the breakdown of the aggregated electricity consumption of the
households to hours of the day and to its components. The figure clearly shows when
solar and wind generations take place. As expected, solar energy is only available
during the day, peaking around the noon. It is a formidable source of energy when it
is available. It can be argued that most the electricity storage is filled during and around
the noon using solar energy, due to the plateau in consumption. Wind energy, on the
other hand, follows a more consistent pattern with a slight setback during the night.
The “bought from stores” part highlights the part of the P2P trade that is facilitated via
auctions. P2P trades tend to dip as the morning approaches, this can be attributed to
the fact that after a long night with no solar power output, the storage either plunges
to very low levels or gets exhausted. After the stores climb back to more safe levels
the volume of P2P trade increases back again. This is accompanied by the fact that the

demand is significantly lower during the night when most of the residents are sleeping.

The average market clearing prices for each hour of the day is shown in Figure 3.19
with the forecast error adjustments to the prices and Figure 3.20 without the forecast
error adjustments. The explanation of these prices is not straightforward and there are
many factors involved in the determination process of these prices.

The classical supply and demand relation dictates that, the market price should
increase as demand increases and supply decreases, ceteris paribus. But the other
variables do not remain constant throughout the operation of the microgrid. Both
demand and supply are affected by factors other than those that belong to this isolated
auction market. The overall supply depends dramatically on the availability of the fuel
cell while the overall demand is affected by the abilities of the prosumers to cover their
own unmet demand using their own storage. The most prominent factor driving the
pricing patterns is the forecast errors. The supply-demand relation, on the other, can
better be observed in Figure 3.20 where the scenario displayed does not feature

forecast errors incorporated to the price determination mechanism.
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The prices reported in Figure 3.19 display the behaviour of the forecast difference
errors. The difficulties in forecasting solar and wind power, as laid out in section 3.2.3,
emerge as a major factor in the determination of the prices. The behaviour of the
market clearing price under the adjustment regime is parallel to the solar power
availability. The uncertainty in the availability of solar power makes the market prices
climb during the noon. What makes electricity more valuable during these periods is
the risk factor. Inaccuracy of the solar irradiation forecast is directly connected to the
dispatch/deactivation decision for the fuel cell, the component of the microgrid which

supplies more expensive electricity.

It is also possible to observe the underlying dynamics of the islanded microgrid
electricity market as a special case. What determines the market clearing price and
indirectly the behaviour of the suppliers is mostly the demand level of the system at a
given episode. If the system is operating as intended, that is, without a lack of supply,
then the competition is quite stiff for the supplier side of the market. The suppliers, in
turn, are left with no choice other than to reduce their prices as much as possible to be
able to sell anything at all. This is a direct result of the classical supply-demand
relation: If the supply in the market exceeds the demand, the prices are expected to

drop.

It is possible to iterate that, with the inclusion of the forecast adjustments, it has
become more tempting to trade during the day for the suppliers and more affordable
during the day for the demand side. The uncertainty in the supply especially during the
day and the accompanying risk is compensated to a degree with the adjustment by the
forecast errors. Creating a balance between risk and affordability is vital to achieve a
higher level of welfare in the market.

The part of the prices that are dictated by the supply-demand relations can be observed
in Figure 3.20. The behaviour displayed by the market clearing prices resembles that
of the aggregated load profile of the market, shown in Figure 3.2. As the demand
increases the market clearing prices also seem to increase. The demand, however, is
not the sole factor in this process. The availability of the electricity storage is well
effective in the occurrence of these prices. The storage levels tend to be at their
maximum right after the sun sets and at their minimum right before the sun rises.
Heavy consumption during the evening and stable consumption during the night take
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their toll on the storage, occasionally pushing the storage to dangerous levels. As a
result, the prices are highest around 9 to 11 PM when and lowest after the morning
rush. Not much difference actually exists between the prices due to the aforementioned
feature of the islanded microgrid market. Suppliers should lower their prices to stay
competitive and that most of the time the suppliers choose to stick to the lowest prices.
These results and findings indicate that the learning algorithm and the double-auction

mechanism perform well and realistically.

The fare of the learning component and how fast it adapts to the given market is given
below. As can be observed from the chord diagram in Figure 3.17, Household 3 is the
household with the largest sales volume and Household 10 is the household that
realized the highest number of procurements. The Q values for all available bid and
ask alternatives are given in in Figures 3.21 and 3.22. How Household 3 learned to sell
its electricity and how Household 10 learned to buy the most advantageous manner
can be seen from the change in their Q values. As one of the busiest hours, 10 PM is

chosen to
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Figure 3.21 Household 10 — Q-Values for Bids at 10 PM
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display the behaviour of the learning algorithm.
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Figure 3.22 Household 3 — Q-Values for Asks at 10 PM

It is obvious that buying for “high” or “very high” prices are not efficient options for
a buyer. This can be explained by the aforementioned feature of this particular market
that the supply generally exceeds the demand. This renders bidding high prices a
disruptive option both for the sellers and buyers. Winning a round of the auction
process with higher ask prices is a distant possibility while winning with a higher bid
price is simply paying too much for the round. The most favoured choices both for the
seller and the buyer seem to be the “very low” and “low” options, understandably. The
nature of this market, without any outside interference, makes the prices converge to
these values. Because these prices are all determined as a result of repetitive auctions
and with no regulation in the market, they can be regarded as the true indicator of the
value of the electricity in this market. It must be noted; however, the installation and
maintenance costs of the renewable generation units and the electricity storage units

are not considered in the price determination process. How these expenditures are
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going be covered or whether these are going to be considered as mere infrastructure of
the future (thus making this a responsibility of the governing authorities) is surely up
for debate.

Table 3.6 Simulation Results

Variable of Interest Value (kWh)
Total Demand 81,699.605
Total Supply 81,272.249
Supply from Wind Generation 25,440.669
Supply from Solar Generation 21,877.377
Unmet Demand (Blackout) 126.744
Sold via Auctions 11,187.197
Excess Generation Fed to the System 113.819
Sold Excess Generation 1,454.837
Sold Excess Generation for Storage 4,552,792
Total Stored 31,879.85
Total Used from Storage 20,993.27
Initial Storage 3375
Final Storage 36.888

The values shown in Table 3.6 provide the benchmark for further experiments. Despite
all the efforts to balance the supply and the demand, 126.7 kWh of demand could not
be covered. Using the typical values, this corresponds to around half'a day’s electricity
consumption. Throughout the year, the total duration of blackouts was around 12
hours. The highlight of these results is the amount of electricity traded between the
market participants. 21% of all demand were covered using P2P trades, this ratio could
change under different market regimes and different market decisions, one of which
being the critical storage level. Storage were also utilized effectively, covering 25,6%
of all demand throughout the year. Figure 3.18 shows a detailed breakdown of these

values to the hours of the day. Additionally, the difference forecast errors in the form
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of MAPE, broken down into the hours of the day can be found below in Figure 3.22
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Figure 3.23 Average Hourly Difference Forecast Errors

The inaccuracy of the forecasts during the noon is largely attributable to the erratic
behaviour of solar irradiation. While the load is relatively easier to forecast (18%
MAPE on average), the difference forecasting proves to be a challenge (69% MAPE)

due to the unpredictability of the renewable generation resources.

Next, results of a series of experiments are given.
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4. EXPERIMENTS

In this section, several experiments are run with the aim of either investigating the
effects of the model parameters or testing another method against the already-
established methods presented previously in this study. The random seed was kept
constant throughout the relevant experiments to follow the principles of experimental
design as closely as possible. The set of random seeds allow for reproducible

experiment runs and a scientific testbed for the experiments of interest.

4.1 Critical Storage Level

The critical storage level is an integral part of the islanded mode of operation of the
microgrid system. As the operator agent continuously monitors the level of aggregate
storage, the dispatch decisions of the fuel cell are made according to these
measurements. Therefore, the critical storage level affects pretty much every aspect of

the system, making it one of the most important parameters of interest in the model.

The simulation model is run 10 times per critical storage level increment, totalling to
110 runs. The critical storage level increases by the increments of 0.01 from 0.15 to
0.25. The values of the affected model variables are given below in Figure 4.1 and
Figure 4.2.

The most immediate effect of the storage level on the system is the changing values of
total unmet demand and the excess electricity generation. The goal of this experiment
is to find an acceptable level of critical storage that minimizes both the unmet demand
and the excess generation and to investigate the collateral effects of the change in
critical storage level. The critical storage level becoming more sensitive (or increasing)
means the uptime of the fuel cell increases. It must be noted that, the fuel cell usually
provides more costly power than the other means of generation, at least in the present

microgrid system.
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The rows marked by “Unmet Demand” and “Excess Gen” in Figure 4.1 represent the

total unmet demand and the total excess generation that was not utilized by any means.

The unmet demand shows a downward trend as the critical storage level increases.
Excess generation, on the other hand follows a more erratic pattern. While low levels
of critical storage, thus shorter uptime for the fuel cell, might cause amounts of wasted
electricity to decrease, it surely does not provide the means to cover the total demand
in the system. The storage level 0.22 seems to present the most improvement in the
unmet demand variable and the lowest wasted electricity in the high end of the critical
storage level interval. This value is used for further analyses.

Waste to Storage 4185.1 43495 43713 44839 45915 48036  4B246 @ 49727 5145 5303.5
UsedfromStorage  20371.6  20628.7 208439 20968.8 20978.5 21319 215355 215929 21772.6 21960.2

Unmet Demand 242.6 208.2 184.2 126.7 124.8 121.5 75.1 67 66.9 549
Total Stored 32078.9 ‘ﬂw 32074.6 318935 319827 320071 319146 319127 31808.1 317781
Sold via Auction 1768.7 116127 114123  11215.6 10960.6 107722 10610.3 10425 101328  9911.8

Sold Excess Gen 1284 1373.8 1381.2 1384.3 1441.2 14477 14965 1503.6 1543.1

Excess Gen n7 7.9 80.3 18.5 113.8 15.1 12.6 105.2 135

0.15 0.16 0.17 0.18 0.19 0.2 0.21 0.22 0.23 0.24 0.25

Critical Storage Level

Figure 4.1 Critical Storage Level Experiment Results

The indirect effects of the critical storage level are as follows. The total stored energy
decreases while the total amount of electricity supplied from storage increases.
Although this is a rather interesting result, it has a somewhat simple explanation. As
the share of the fuel cell in the total generation increases, the number of occasions that
feature market participants seeking to cover their electricity via P2P decreases, because
the market participants are either using their own stored electricity or the electricity
that is provided by the fuel cell directly. As a result, the users become free of their
liability to replace the missing storage that was sold via P2P trades. This could be
corroborated by the “Sold via Auction” row shown in Figure 4.1 displaying a steady

decline in the amount sold from the stores of the market participants.
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The increased fuel cell input in the system causes the manageable excess electricity
generated (stored or sent to be directly consumed by other consumers) to increase. This
helps the total storage amounts in the system to fare around higher values, making the

users more reliant on their own storage units.
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Figure 4.2 Electricity Bills with respect to the Change in the Critical Storage Level

Figure 2 shows the change in the electricity bill of each market participant with respect
to the change in the critical storage level. While it seems that critical storage level may
affect the amount of the electricity bill the market participants have to pay, it is more
of a mediating effect. The slight increase in the electricity bills can be explained by
the increasing amount of overall consumption. More uptime of the fuel cell means
larger amounts of electricity being fed into the system, decreasing the unmet demand
in the system. Moreover, the fuel cell usually provides more expensive energy to the
customers than they themselves produce or procure via P2P trading. It is therefore safe
to say that the critical storage level has no significant effect on the electricity bills, but

is quite a significant factor that contributes as to how the system operates.
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4.2 Double-Auction Allocation Coefficient (k)

The allocation coefficient is a value shown in equation 2.2 that helps determine the
transaction price for a matched buyer-seller couple. While the proposed market
structure with the error adjustments to the bid and ask prices is a much-needed help in
this regard, there is still the matter as to how the weights to buyers and sellers are given
during the price determination process. It is worth noting that there is no optimal value
that is being sought in this experiment. The market participants themselves are the
most likely candidates for determining this value, yet the experimentation with the
value is necessary to provide support for the decision-making process. 10 replications

for each increment in the k value was run, totalling to a 210 simulation runs.
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Figure 4.3 Market Clearing Price and k Value

Figure 4.3 displays the super-positioned average hourly market clearing prices with
respect to the k value. Note that the final averages are emphasized with an emboldened
line. Low k values give more weight to the seller prices while higher k values give
more weight to buyer prices. The results of the simulation with default parameters
show that the seller prices converge to low prices very fast but the buyer prices,

possibly due to the market penalties, have the tendency to sporadically be bid in higher
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prices. Accompanied by the occasional power outages, the mostly buyer’s market
becomes a seller’s market affecting the average market clearing prices. These prices
are the prices that are adjusted by the forecast errors, so they usually display similar
behaviour to that of solar irradiation. The price spike in the morning, however,
signifies the point at which the storage levels being driven to low levels by a long night

with low wind generation output.

In lieu with the structure of the double-auction market, in which the buyer price must
always exceed the seller price, greater weight given to the sellers results in reduced
market clearing prices. It must be noted, however, that the market clearing price
behaviour with lower k values better represent the overall supply-demand relation in
the market. The lower prices that correspond to the lower k values might not always
mean reduced electricity bills for each market participant and this can be observed in
Figure 4.4.
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Figure 4.4 Electricity Bills with respect to the k value
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Higher market clearing prices tend to favour the market participants with greater
electricity generation capabilities. The market participants with little or no such
capabilities tend to suffer from the increased prices in the form of higher incurred
electricity bills. The final decision as to which value of k should be used in the

simulation could be made after the two-parameter experiment takes place.

Figure 4.5 shows the results of experiments for each combination of critical storage
level and the k value. 5 replications for each combination totalling to 605 simulation

runs were made with the results below.
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Figure 4.5 Total Bill VValues with respect to the joint change in Critical Storage
Level and the k value

The total electricity bills paid by the households seem to increase as both critical
storage and k value increases. Given that the critical storage level of 0.22 was found
to be a suitable figure for the operation of the microgrid, the accompanying k value
could be chosen as 0.5 since it doesn’t seem to make a significant difference in the
total electricity bill value. The value of 0.5 could be regarded as choice that

approaches both the buyer’s and the seller’s sides equally.
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4.3 Learning

The Q learning algorithm employed in this study does not actually feature delayed
rewards. The rewards are pretty much instant and agents are not compelled to build

long term strategies.
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Figure 4.6 Household 3 — Q-Values for Asks at 10 PM
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Figure 4.7 Household 10 — Q-Values for Bids at 10 PM

Figure 4.6 and Figure 4.7 show the learning performance of selected households at

selected hours under changing values of the learning parameter a.
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The lower values of a implies a more “forgetful” learning process. If « is equal to 0,
that means the agent only considers the latest event while making its decision for the
next period. If « is 1, then the agent does not learn anything at all. The Q value doesn’t
change and all of the decisions become random. The agent that employs such strategy

is called a “zero-intelligence” agent.

Both while learning how to sell and buy, the agents seem to eliminate the high values
rather quickly, not regarding that as a viable strategy. Due to the nature of the
microgrid market, the agents settle on “low” to “average” options. For this type of
learning process, where the past experience is quite valuable, forgetful learning seems
to create a chaotic learning environment for the agent which makes it harder for the
agents to pinpoint the true value of electricity in a given period.

The default value 0.95 of the learning rate parameter seems to be a reasonable choice
for this study. The value provides a balance between learning and exploration under
the current settings defined by the opportunity cost-fuelled reward.

4.4  Grid Connection and Discriminatory Auctions

It is useful to assess the performance of the proposed market structure under the grid-
connected mode of operation of the microgrid. The four possible cases are investigated
with the aim to observe the electricity bills each household has to pay. Before moving
to the juxtaposition of the combinations of the cases, it is necessary to see if previously

tested parameters for the uniform auction is also valid for the discriminatory auction.

Figure 4.8 displays the results of the same experiment that is shown in Figure 4.5. The
results, other being more homogenous, display a similar result thus implying that same
sets of parameters are also viable for the discriminatory auction practice. Other than
the pricing mechanism, the operation of the market does not significantly change
compared to the uniform auction case. The only difference is the amount of electricity
bills each household has to pay. The electricity bills are given along with all the other
results of the experiments in Table 4.1. The average price per power under the
discriminatory auction setting with and without the forecast error adjustments are

given in Figure 4.9 and Figure 4.10 respectively.
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Figure 4.8 Critical Storage Level and k value for Discriminatory Auctions

Figure 4.9 shows the average price per energy traded via the discriminatory double
auction mechanism. It features super-positioned results of the all 100 runs of the
simulation. The prices, again roughly display the pattern of the forecast errors. For the
supply-demand relation, the reader could observe the Figure 4.10, which shows prices
peaking around when the demand is higher and the overall storage level is lower. The
difference between the accumulated electricity bills under uniform and discriminatory
auctions is along with the cases of the remaining experiments are presented in Table
4.1. From Table 4.1 it could be read that, discriminatory auction and uniform auction
result in similar electricity bills for the household, while slightly favouring the

producers.

The next is the investigation of the grid connection mode of the microgrid under both

the uniform and the discriminatory pricing methods.

The chord diagram showing all P2P trades with the amount of grid feed-ins and regular
consumption from the grid is given in Figure 4.11. The high prevalence of the grid as

a competitor in these result stems from several causes. First being, the feed-in price.
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The feed-in price is assumed to be 0.07 pounds/kWh in lieu with the industry standards
[85]. The grid price is the same 0.1442 pounds/kWh as used in the London project.
The amount traded is reduced to 10% of its value under the islanded mode of operation.
The reason for this drastic decrease is that, in the islanded mode, all the excess
generation must be stored in the batteries or else they will destabilize the microgrid
while in the grid-connected mode, the prosumers could just feed their excess
generation to the grid at the grid feed-in prices set by the managing authority.
Rationally, the market participant would not want to sell electricity at prices lower than
the grid feed-in price and they would not want to buy electricity at prices higher than
the grid electricity price.
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Figure 4.9 Average Price Per kwWh throughout the simulation runs

The storage too is not as effective as it is in the islanded-mode. Most of the storage is
not even utilized. Storage is mostly used for storing the excess generation. The user is
assumed to keep the energy in storage if the offers for the trade is not tempting to
complete the transaction. Which is rational, because the user would like to avoid
selling something at half the price at which they have possible bought it. The grid feed-
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in is approached as a last resort if both the storage is full and if the market does not
offer tempting prices.
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Figure 4.10 Average Market Clearing Price Throughout the Simulation Runs

Because this study is primarily focused on the islanded mode, the details grid-
connected operation of the microgrid is not available in depth. The grid-connected

mode is used as a benchmark for the islanded mode for comparison purposes.

For each case, simulation was run 100 times with the same random numbers and the
resulting average bills for each household are given in Table 4.1. The total bills shown
are, as expected, highest in the islanded operation mode with discriminatory auction,
on the other hand the lowest amount of the total bills was achieved by employing the
grid-connected mode with both alternatives equalling in the total amount paid. Each

household, however, displays a different behaviour that corresponds to its
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Figure 4.11 Chord Diagram for the Grid-Connected Setting

characteristics. Households that do not possess any means of electricity generation
show little reduction in their electricity bills while those that possess both wind and
solar generation units had their electricity bills reduced the most. The somewhat

subtler result belongs to those without any means of generation.

While the fuel cell is more expensive than the grid itself, the pricing mechanism makes
the P2P electricity cheaper in the islanded operation of the microgrid, because the

market is a totally competitive buyer’s market. The consumers can get their electricity
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actually cheaper in the islanded mode, because in the grid-connected mode the grid

itself interferes with the free state of the market, installing itself as a supplier with

practically infinite amount of supply and a consumer with an infinite amount of

demand.

Table 4.1 Bills in Comparison

Islanded Islanded Grid-Connected Grid-Connected ]
Regular Bills
Household Uniform  D’tory Uniform D’tory

Household1 23058  241.76 242.89 243.70 257.36
Household2 39347  380.02 284.21 282.81 646.40
Household 3 170514  1090.65 770.97 769.02 1992.88
Household4  gg220 85551 561.80 560.61 1670.57
Household5 26013  278.27 367.94 369.28 384.67
Household6 19859  210.93 262.30 263.22 271.31
Household 7 46761  461.71 421.50 421.29 801.98
Household8 562,69  556.60 384.11 382.89 1172.83
Household9 72421  724.01 528.88 529.28 957.43
Household 10 40047  416.4129 579.74 581.75 590.31
Household 11 48183  490.56 592.37 594.36 599.66
Household 12 48264  473.52 399.78 399.96 804.97
Household 13 63472  672.75 366.18 364.52 1473.79

Total 6623.76  6853.66 5762.72 5762.72 11624.21

The feed-in price at 0.07 pound/kWh makes it impossible to sell to other market

participants at rates below this mark. The grid connection mode, for the consumers is

still slightly cheaper because they can still get electricity from other prosumers at

prices between the feed-in price and the grid price.

Table 4.2 Variables of Interest in Comparison

Variable

Islanded Mode

Grid-Connected Mode

Total Stored
Used from Storage

Sold via Auction

Sold Excess Generation

Fuel Cell

Bought from the Grid

Sold to the Grid

31952.34

21593.32

10647.63

1465.91
34236.00(32.56% uptime)
0

0

14393.45
13646.15
1065.85
1130.13
0
40968.73
9606.20
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In Table 4.2, the storage and trade related variables are shown with respect to the mode
of operation.

4.5 Breaking Even

Although renewable generation and storage units are getting cheaper than ever, they
are still quite expensive. Without incentives and subsidies, a prosumer cannot hope to
make a profitable investment within the current state of affairs. As the need to
transform the grid into the clean and digital grid of the future, various policy makers
are opting in to financially support such enterprises. With sound policy support and a
clear vision widespread employment of microgrids can be a reality. This, however,

could be a bit difficult considering the costs of installing a microgrid system.

After investigating the industry averages, assuming 2500% for the 2 meter-blade-length
residential wind turbines, 2.99% per W capacity for solar panels and 6500%$ for the total
installation price of a single unit of Tesla Powerwall 2. The installation costs in Pounds
for each household are given below in Table 4.3. The required breakeven period in

years is also given in the table below.

It is obvious that, with solely savings made under the current circumstances, it is not
possible to overcome the high installation costs of the systems. In fact, it is quite
impossible to make profits with current prices as seen in Table 4.3. Considering that
the expected lifetime of these appliances are around 20 years, any breakeven period
longer than 20 years means it is not a profitable investment. Even with a state entity
covering the installation costs of the storage devices, the breakeven period for all
households do not go below 20 years. It is wise to think that, the islanded residential
microgrid is still quite a utopic idea without any assistance from politically motivated
groups with environmental concerns. Yet, the grid-connected microgrid, only going
into the island mode when it is absolutely necessary might prove to be the most suitable

transitionary approach to the electricity grid of the future.

Table 4.4 summarizes the case in which the grid-connected uniform auction operation
mode is considered for the breakeven analysis. Since energy storage in each household
IS not necessary, the setup costs could be considered to only consist of the costs of the
generation units. Under these assumptions, breakeven periods recede to acceptable

levels even without outside financial help.
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Table 4.3 Break-Even Analysis, Islanded Mode

Only Savings  Breakeven Breakeven
Total Cost ~ Generation Made Period Period
Household

(Pounds) Units (Pounds) (Total (Only

(Pounds) coverage) Gen.)
Household 1 5070 0 26.78 190 0
Household 2 7020 2500 252.93 28 10
Household 3 44791.5 24925 887.74 51 29
Household 4 33891 17450 808.37 42 22
Household 5 5070 0 124.54 41 0
Household 6 5070 0 72.72 70 0
Household 7 7020 2500 334.37 21 8
Household 8 22990.5 9975 610.14 38 17
Household 9 12090 2500 233.22 52 11
Household 10 5070 0 189.84 27 0
Household 11 5070 0 117.83 44 0
Household 12 7020 2500 322.33 22 8
Household 13 28821 17450 789.07 37 23

Table 4.4 Break-Even Analysis, Grid-Connected Mode

Only Savings  Breakeven
Total Cost  Generation Made Period
Household

(Pounds) Units (Pounds) (Only

(Pounds) Gen.)
Household 1 5070 0 14.48 0
Household 2 7020 2500 362.2 7
Household 3 44791.5 24925 1221.91 21
Household 4 33891 17450 1108.78 16
Household 5 5070 0 16.74 0
Household 6 5070 0 9.01 0
Household 7 7020 2500 380.49 7
Household 8 22990.5 9975 788.72 13
Household 9 12090 2500 428.55 6
Household 10 5070 0 10.57 0
Household 11 5070 0 7.29 0
Household 12 7020 2500 405.19 7
Household 13 28821 17450 1107.62 16
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5. DISCUSSION AND FUTURE RESEARCH

This study aims to design a feasible microgrid market for future applications of
microgrids. One of the greatest obstacles before the higher levels of integration of
renewable energy generation is the unpredictability of such energy resources. With
that in mind, the market structure is built to envelop forecasts and their unavoidable
errors. Because pricing is one of the most important aspects of any market structure,
and the auctions are the widely accepted pricing mechanisms in electricity markets.
The double-auction mechanism was used to construct the market. The forecast errors
were incorporated to the system following the coherent arbitrariness idea that is rooted

deep in the economics literature.

There are several aspects in the proposed market structure that is quite open to
improvements. First, is the forecasting method. The ARIMA method that is employed
in this study is merely used as a placeholder. More modern and more accurate methods
could be used for the same purpose. Forecasting errors have proven to be quite high in
this study, strongly signalling the necessity for a more powerful and robust forecasting
method. The second is the learning method. The Q-Learning algorithm that is used to
determine the bidding and asking prices of the agents is fairly primitive and simple,
while it rather produces acceptable results it is by no means a cutting-edge method to

emulate learning in agents.

The results, on the other hand, owing to the fact that the data is real-world data, are
quite reliable assuming that the model itself is consistent with the real-world. Low
levels of stochasticity in the model helps generate more reliable results. The market
structure and bidding processes could be improved as well, coherent arbitrariness is a
fine idea that could be implemented in number of areas. This study attempts to
incorporate coherent arbitrariness in the agents and emulate the uncertainty encircling

the prices during the operation of the microgrid with 100% clean electricity.
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The results, however, indicate a mixed outlook for the microgrids. While microgrids
can provide cheap, reliable and clean energy, the very high setup costs might prove to
be an obstacle for its widespread application. Before the world moves on the islanded,
isolated microgrids, it seems, the microgrids will have to pass the grid-connected
phase, keeping the islanding ability as a countermeasure for avoiding cascading grid-
wide failures, problems or malfunctions. While the financial feasibility of the islanded
microgrid could not be found, the grid-connected microgrid seems to be ready to be

regarded as a viable alternative.

There are, however, legal obstacles. The electricity grid has not changed much ever
since its inception, the legal approach to how electricity is generated, transmitted and
distributed is well established. It is a whole different adventure in the world of
bureaucracy to accept and adapt to a very radical and challenging idea. The mammoth
proportions of the grid and the way it covers every corner of the grid makes the

transition to new paradigms a formidable challenge.

The research of the microgrid markets is a very young field. Looking at the findings
of this study, it is safe to say that, the most pressing matter in the grid is to find
transitionary systems to move towards the grid of the future. Instead of having perfect
dreams, what more valuable is, perhaps, the ability to dream imperfectly, to be able to
envisage the steps in between. The changes do not happen overnight, the step-by-step
approach is more likely to work under these circumstances. Preparing the grid for the

next level, piece by piece, seems to be the better choice.

The microgrid is an exciting utopia of the liberalized electricity market. Currently, it
is technologically possible to achieve such systems, however, it might be still early to
consider the widespread installation of the microgrids due to financial concerns. The
microgrid can provide clean and cheap electricity, as can the electrical vehicles work
without rampantly polluting the environment. Both technological marvels will
seemingly be keeping the world waiting for a while until they become financially

feasible to be considered as viable alternatives.

88



REFERENCES

[1] European Council, “European Council agrees climate and energy goals for
2030,” Energy - European Commission, 13-Nov-2014. [Online].
Available: https://ec.europa.eu/energy/en/news/european-council-
agrees-climate-and-energy-goals-2030. [Accessed: 14-Mar-2019].

[2] US Government, “United States Mid-Century Strategy for Deep
Decarbonization,” p. 111, 2016.

[3] C. L. Quéré et al., “Global Carbon Budget 2018,” p. 54, 2018.

[4] C. Mitchell, “Momentum is increasing towards a flexible electricity system
based on renewables,” Nat. Energy, vol. 1, no. 2, p. 15030, Feb. 2016.

[5] EU Commission Task Force for Smart Grids, “Expert Group 1: Functionalities
of smart grids and smart meters.” 2010.

[6] T. Ackermann, “Distributed generation: a definition,” Electr. Power Syst. Res.,
p. 10, 2001.

[7] O. Schmidt, S. Melchior, A. Hawkes, and I. Staffell, “Projecting the Future
Levelized Cost of Electricity Storage Technologies,” Joule, vol. 3, no.
1, pp. 81-100, Jan. 2019.

[8] A. Hirsch, Y. Parag, and J. Guerrero, “Microgrids: A review of technologies,
key drivers, and outstanding issues,” Renew. Sustain. Energy Rev.,
vol. 90, pp. 402411, Jul. 2018.

[9] E. Mengelkamp, J. Girttner, K. Rock, S. Kessler, L. Orsini, and C. Weinhardt,
“Designing microgrid energy markets,” Appl. Energy, vol. 210, pp.
870-880, Jan. 2018.

[10] T. Sousa, T. Soares, P. Pinson, F. Moret, T. Baroche, and E. Sorin, “Peer-to-
peer and community-based markets: A comprehensive review,”
Renew. Sustain. Energy Rev., vol. 104, pp. 367-378, Apr. 2019.

[11] O. Edenhofer et al., “On the economics of renewable energy sources,” Energy
Econ., vol. 40, pp. S12-S23, Dec. 2013.

[12] G. Papaefthymiou and K. Dragoon, “Towards 100% renewable energy
systems: Uncapping power system flexibility,” Energy Policy, vol. 92,
pp. 69-82, May 2016.

[13] “Demand Response,” Energy.gov. [Online]. Available:
https://www.energy.gov/oe/activities/technology-development/grid-
modernization-and-smart-grid/demand-response. [Accessed: 20-Mar-
2019].

89



[14] S. Nolan and M. O’Malley, “Challenges and barriers to demand response
deployment and evaluation,” Appl. Energy, vol. 152, pp. 1-10, Aug.
2015.

[15] P. Asmus, “Microgrids, Virtual Power Plants and Our Distributed Energy
Future,” Electr. J., vol. 23, no. 10, pp. 72-82, Dec. 2010.

[16] F. Sensfuf, M. Ragwitz, and M. Genoese, “The merit-order effect: A detailed
analysis of the price effect of renewable electricity generation on spot
market prices in Germany,” Energy Policy, vol. 36, no. 8, pp. 3086—
3094, Aug. 2008.

[17] N. C. Figueiredo and P. P. da Silva, “The ‘Merit-order effect’ of wind and
solar power: Volatility and determinants,” Renew. Sustain. Energy
Rev., vol. 102, pp. 54-62, Mar. 2019.

[18] L. Byrnes, C. Brown, J. Foster, and L. D. Wagner, “Australian renewable

energy policy: Barriers and challenges,” Renew. Energy, vol. 60, pp.
711-721, Dec. 2013.

[19] C. Zhang, J. Wu, Y. Zhou, M. Cheng, and C. Long, “Peer-to-Peer energy
trading in a Microgrid,” Appl. Energy, vol. 220, pp. 1-12, Jun. 2018.

[20] Y. Parag and B. K. Sovacool, “Electricity market design for the prosumer era,”
Nat. Energy, vol. 1, no. 4, p. 16032, Apr. 2016.

[21] N. Kittner, F. Lill, and D. M. Kammen, “Energy storage deployment and
innovation for the clean energy transition,” Nat. Energy, vol. 2, no. 9,
Sep. 2017.

[22] L. Mariam, M. Basu, and M. F. Conlon, “Microgrid: Architecture, policy and
future trends,” Renew. Sustain. Energy Rev., vol. 64, pp. 477-489,
Oct. 2016.

[23] K. K. Zame, C. A. Brehm, A. T. Nitica, C. L. Richard, and G. D. Schweitzer
I, “Smart grid and energy storage: Policy recommendations,” Renew.
Sustain. Energy Rev., vol. 82, pp. 1646-1654, Feb. 2018.

[24] L. Orsini, S. Kessler, J. Wei, and H. Field, “How the Brooklyn Microgrid and
TransActive Grid are paving the way to next-gen energy markets,” in
The Energy Internet, Elsevier, 2019, pp. 223-2309.

[25] A. Liith, J. M. Zepter, P. Crespo del Granado, and R. Egging, “Local
electricity market designs for peer-to-peer trading: The role of battery
flexibility,” Appl. Energy, vol. 229, pp. 1233-1243, Nov. 2018.

[26] J. M. Zepter, A. Lueth, P. C. del Granado, and R. Egging, ‘“Prosumer
integration in wholesale electricity markets: synergies of peer-to-peer
trade residential storage,” Energy Build., vol. 184, pp. 163-176, Feb.
20109.

[27] T. Morstyn, A. Teytelboym, and M. D. Mcculloch, “Bilateral Contract
Networks for Peer-to-Peer Energy Trading,” IEEE Trans. Smart Grid,
vol. 10, no. 2, pp. 2026-2035, Mar. 2019.

[28] A. Paudel and G. H. Beng, “A Hierarchical Peer-to-Peer Energy Trading in
Community Microgrid Distribution Systems,” in 2018 IEEE Power &

90



Energy Society General Meeting (PESGM), Portland, OR, 2018, pp.
1-5.

[29] Y. Zhou, J. Wu, and C. Long, “Evaluation of peer-to-peer energy sharing
mechanisms based on a multiagent simulation framework,” Appl.
Energy, vol. 222, pp. 993-1022, Jul. 2018.

[30] W. EI-Baz, P. Tzscheutschler, and U. Wagner, “Integration of energy markets
in microgrids: A double-sided auction with device-oriented bidding
strategies,” Appl. Energy, vol. 241, pp. 625-639, May 2019.

[31] F. Moret, T. Baroche, E. Sorin, and P. Pinson, “Negotiation Algorithms for
Peer-to-Peer Electricity Markets: Computational Properties,” in 2018
Power Systems Computation Conference (PSCC), 2018, pp. 1-7.

[32] C. Zhang, J. Wu, C. Long, and M. Cheng, “Review of Existing Peer-to-Peer
Energy Trading Projects,” Energy Procedia, vol. 105, pp. 2563-2568,
May 2017.

[33] X. Ma, Y. Wang, and J. Qin, “Generic model of a community-based microgrid

integrating wind turbines, photovoltaics and CHP generations,” Appl.
Energy, vol. 112, pp. 1475-1482, Dec. 2013.

[34] C. Long, J. Wu, C. Zhang, L. Thomas, M. Cheng, and N. Jenkins, “Peer-to-
peer energy trading in a community microgrid,” in 2017 IEEE Power
Energy Society General Meeting, 2017, pp. 1-5.

[35] S. Bird, C. Hotaling, A. Enayati, and T. Ortmeyer, “Resilient community
microgrids,” in The Energy Internet, Elsevier, 2019, pp. 65-95.

[36] C. Long, J. Wu, Y. Zhou, and N. Jenkins, “Peer-to-peer energy sharing
through a two-stage aggregated battery control in a community
Microgrid,” Appl. Energy, vol. 226, pp. 261-276, Sep. 2018.

[37] P. Ringler, D. Keles, and W. Fichtner, “Agent-based modelling and
simulation of smart electricity grids and markets — A literature
review,” Renew. Sustain. Energy Rev., vol. 57, pp. 205-215, May
2016.

[38] F. Sensfufl, M. Ragwitz, M. Genoese, and D. Most, “Agent-based simulation
of electricity markets: a literature review,” Working Paper
Sustainability and Innovation, Working Paper S5/2007, 2007.

[39] E. Guerci, M. A. Rastegar, and S. Cincotti, “Agent-based Modeling and
Simulation of Competitive Wholesale Electricity Markets,” Handb.
Power Syst. 11, pp. 241-286, 2010.

[40] Z. Zhou, F. Zhao, and J. Wang, “Agent-Based Electricity Market Simulation
With Demand Response From Commercial Buildings,” IEEE Trans.
Smart Grid, vol. 2, no. 4, pp. 580-588, Dec. 2011.

[41] S. Kahrobaee, R. A. Rajabzadeh, L.-K. Soh, and S. Asgarpoor, “Multiagent
study of smart grid customers with neighborhood electricity trading,”
Electr. Power Syst. Res., vol. 111, pp. 123-132, Jun. 2014.

91



[42] J. Vasiljevska, J. Douw, A. Mengolini, and I. Nikolic, “An Agent-Based
Model of Electricity Consumer: Smart Metering Policy Implications
in Europe,” J. Artif. Soc. Soc. Simul., vol. 20, no. 1, p. 12, 2017.

[43] D. E. Aliabadi, M. Kaya, and G. Sahin, “An agent-based simulation of power
generation company behavior in electricity markets under different
market-clearing mechanisms,” Energy Policy, vol. 100, pp. 191-205,
Jan. 2017.

[44] D. Esmaeili Aliabadi, M. Kaya, and G. Sahin, “Competition, risk and learning
in electricity markets: An agent-based simulation study,” Appl.
Energy, vol. 195, pp. 1000-1011, Jun. 2017.

[45] P. Hansen, X. Liu, and G. M. Morrison, “Agent-based modelling and socio-

technical energy transitions: A systematic literature review,” Energy
Res. Soc. Sci., vol. 49, pp. 41-52, Mar. 2019.

[46] E. J. L. Chappin, L. J. de Vries, J. C. Richstein, P. Bhagwat, K. lychettira,
and S. Khan, “Simulating climate and energy policy with agent-based
modelling: The Energy Modelling Laboratory (EMLab),” Environ.
Model. Softw., vol. 96, pp. 421431, Oct. 2017.

[47] E. Kremers, J. Gonzalez de Durana, and O. Barambones, “Multi-agent
modeling for the simulation of a simple smart microgrid,” Energy
Convers. Manag., vol. 75, pp. 643-650, Nov. 2013.

[48] A. Alzahrani, M. Ferdowsi, P. Shamsi, and C. H. Dagli, “Modeling and
Simulation of Microgrid,” Procedia Comput. Sci., vol. 114, pp. 392—
400, 2017.

[49] E. Mengelkamp, J. Garttner, and C. Weinhardt, “The role of energy storage
in local energy markets,” in 2017 14th International Conference on
the European Energy Market (EEM), 2017, pp. 1-6.

[50] F.-D. Li, M. Wu, Y. He, and X. Chen, “Optimal control in microgrid using
multi-agent reinforcement learning,” ISA Trans., vol. 51, no. 6, pp.
743-751, Nov. 2012.

[51] E. R. Sanseverino, M. L. D. Silvestre, L. Mineo, S. Favuzza, N. Q. Nguyen,
and Q. T. T. Tran, “A multi-agent system reinforcement learning
based optimal power flow for islanded microgrids,” in 2016 IEEE
16th International Conference on Environment and Electrical
Engineering (EEEIC), 2016, pp. 1-6.

[52] Y. He and R. Sharma, “Microgrid generation expansion planning using agent-
based simulation,” in 2013 IEEE PES Innovative Smart Grid
Technologies Conference (ISGT), 2013, pp. 1-6.

[53] G. Prinsloo, R. Dobson, and A. Mammoli, “Synthesis of an intelligent rural
village microgrid control strategy based on smartgrid multi-agent

modelling and transactive energy management principles,” Energy,
vol. 147, pp. 263-278, Mar. 2018.

[54] D. Ariely, G. Loewenstein, and D. Prelec, ““Coherent Arbitrariness’: Stable
Demand Curves Without Stable Preferences*,” Q. J. Econ., vol. 118,
no. 1, pp. 73-106, Feb. 2003.

92



[55] N. Hanley, B. Kristrom, and J. F. Shogren, “Coherent Arbitrariness: On
Value Uncertainty for Environmental Goods,” Land Econ., vol. 85,
no. 1, pp. 41-50, Feb. 2009.

[56] D. Friedman, The Double Auction Market. New York: Routledge, 1993.

[57] M. N. Faqiry and S. Das, “Double-Sided Energy Auction in Microgrid:
Equilibrium Under Price Anticipation,” IEEE Access, vol. 4, pp.
3794-3805, 2016.

[58] B. P. Majumder, M. N. Faqgiry, S. Das, and A. Pahwa, “An efficient iterative
double auction for energy trading in microgrids,” in 2014 IEEE
Symposium on Computational Intelligence Applications in Smart Grid
(CIASG), Orlando, FL, USA, 2014, pp. 1-7.

[59] E. Guerci, S. lvaldi, and S. Cincotti, “Learning Agents in an Artificial Power
Exchange: Tacit Collusion, Market Power and Efficiency of Two
Double-auction Mechanisms,” Comput. Econ., vol. 32, no. 1-2, pp.
73-98, Sep. 2008.

[60] C. Rosen and R. Madlener, “An auction design for local reserve energy
markets,” Decis. Support Syst., vol. 56, pp. 168-179, Dec. 2013.

[62] P. Banerjee and J. F. Shogren, “Bidding behavior given point and interval
values in a second-price auction,” J. Econ. Behav. Organ., vol. 97, pp.
126-137, Jan. 2014.

[63] P.-A. Mahieu, F.-C. Wolff, J. Shogren, and P. Gastineau, “Interval bidding in
a distribution elicitation format,” Appl. Econ., vol. 49, no. 51, pp.
5200-5211, Nov. 2017.

[64] S. Parsons, “Everything you wanted to know about double auctions, but were
afraid to (bid or) ask,” p. 49.

[65] J. R. C. Schofield, “Low Carbon London Project: Data from the Dynamic
Time-of-Use Electricity Pricing Trial, 2013.” Colchester, Essex: UK
Data Archive, 2016.

[66] “SmartMeter Energy Consumption Data in London Households - London
Datastore.” .

[67] NCAS British Atmospheric Data Centre, “MIDAS: UK Mean Wind Data,”
https://catalogue.ceda.ac.uk/uuid/alf65a362c26c9fa667d98c431alad
38, 2006. [Online]. Available:
https://catalogue.ceda.ac.uk/uuid/alf65a362c26c9fa667d98c431alad3
8. [Accessed: 09-Oct-2019].

[68] Y. C. Chen, D. S. Bundy, and S. J. Hoff, “Modeling the Variation of Wind
Speed with Height for Agricultural Source Pollution Control,”
ASHRAE Trans., p. 9.

[69] T. Huld, R. Miiller, and A. Gambardella, “A new solar radiation database for
estimating PV performance in Europe and Africa,” Sol. Energy, vol.
86, no. 6, pp. 1803-1815, Jun. 2012.

93



[70] J. V. Seguro and T. W. Lambert, “Modern estimation of the parameters of the

Weibull wind speed distribution for wind energy analysis,” J. Wind
Eng. Ind. Aerodyn., vol. 85, no. 1, pp. 75-84, Mar. 2000.

[71] M. H. Satman, “RCaller: A Software Library for Calling R from Java,” Br. J.
Math. Comput. Sci., vol. 4, no. 15, pp. 2188-2196, Jun. 2014.

[72] C. J. C. H. Watkins and P. Dayan, “Q-learning,” Mach. Learn., vol. 8, no. 3,
pp. 279-292, May 1992.

[73] I. Erev and A. E. Roth, “Predicting How People Play Games: Reinforcement
Learning in Experimental Games with Unique, Mixed Strategy
Equilibria,” Am. Econ. Rev., vol. 88, no. 4, pp. 848-881, 1998.

[74] R. S. Sutton and A. G. Barto, “Reinforcement learning: An introduction,”
2011.

[75] J. Sun and L. Tesfatsion, “Dynamic Testing of Wholesale Power Market
Designs: An Open-Source Agent-Based Framework,” Comput. Econ.,
vol. 30, no. 3, pp. 291-327, Oct. 2007.

[76] 14:00-17:00, “ISO 2533:1975,” ISO. [Online]. Available:
http://www.iso.org/cms/render/live/en/sites/isoorg/contents/data/stand
ard/00/74/7472.html. [Accessed: 11-Oct-2019].

[77] J. Dai, D. Liu, L. Wen, and X. Long, “Research on power coefficient of wind
turbines based on SCADA data,” Renew. Energy, vol. 86, pp. 206—
215, Feb. 2016.

[78] A. Buckley and J. Taylor, “UK PV Fleet Performance.” 2016.

[79] “How long will Powerwall last in an outage? | Tesla.” [Online]. Available:
https://www.tesla.com/support/powerwall/how-long-will-powerwall-
last-in-an-outage. [Accessed: 11-Oct-2019].

[80] A. R. Khan, A. Mahmood, A. Safdar, Z. A. Khan, and N. A. Khan, “Load
forecasting, dynamic pricing and DSM in smart grid: A review,”
Renew. Sustain. Energy Rev., vol. 54, pp. 1311-1322, Feb. 2016.

[81] X. Wang, P. Guo, and X. Huang, “A Review of Wind Power Forecasting
Models,” Energy Procedia, vol. 12, pp. 770-778, Jan. 2011.

[82] U. K. Das et al., “Forecasting of photovoltaic power generation and model
optimization: A review,” Renew. Sustain. Energy Rev., vol. 81, pp.
912-928, Jan. 2018.

[83]“Nobody in the fuel cell industry has ever made a profit—this CEO could be the
first — Quartz.” [Online]. Available: https://qz.com/135032/fuelcell-
energy-fuel-cell-profit/. [Accessed: 11-Nov-2019].

[84] Gu Z, “circlize implements and enhances circular visualization in R.,”
Bioinformatics, pp. 2811-2812., 2014.

[85] “Feed-In Tariff (FIT) rates,” Ofgem, 28-Jul-2016. [Online]. Available:
https://www.ofgem.gov.uk/environmental-programmes/fit/fit-tariff-
rates. [Accessed: 10-Nov-2019].

%94



CURRICULUM VITAE

Name-Surname : Efe Baslar
Time-Place of Birth : 20.04.1991 / istanbul
E-mail . baslare@itu.edu.tr
EDUCATION:

« B.Sc Degree: 2015, Industrial Engineering, Istanbul Technical University (100%
English)
EXPERIENCE:

e Worked in the private sector after graduation.

e 2018-2019 Fall: Worked as a Teaching Assistant in the Industrial Engineering
Department at Bilgi University.

e Since April 2019, he is a Research and Teaching Assistant in the Industrial
Engineering Department at Istanbul Technical University.

95



