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Abstract

The increasing number of Distributed Energy Resources (DERs) in the emerg-
ing Smart Grid, has created an imminent need for intelligent multiagent
frameworks able to utilize these assets efficiently. Additionally, the constant
depletion of fossil fuels and carbon dioxide emissions have rendered the tran-
sition to Smart Grid a definite necessity. Electric vehicles, Battery Energy
Storage Systems (BESS), interruptible load users, and renewable energy gen-
erators, such as solar panels and wind turbines, are only a few of the most
common examples of DERs that will help in the transition to Smart Grid. In
particular, DERs are essential for the smooth operation of the future Smart
Grid since DERs enable flexible loads to be utilized, hence improving the
stability of the Grid and enabling consumer-side demand management.

To address the significant aforementioned problems, in this MSc thesis we
propose a novel DER aggregation framework, encompassing a multiagent
architecture and various types of mechanisms for the effective management
and efficient integration of DERs in the Grid. One critical component of our
architecture is the Local Flexibility Estimators (LFEs) agents, which are key
for offloading the Aggregator from serious or resource-intensive responsibili-
ties—such as addressing privacy concerns and predicting the accuracy of
DER statements regarding their offered demand response services.

The proposed aggregation framework allows the formation of efficient and
effective LFE cooperatives. To this end, we developed and deployed a vari-
ety of cooperative member selection mechanisms, including (a) scoring rules,
and (b) (deep) reinforcement learning. We use data from the well-known
PowerTAC simulator to systematically evaluate our framework in various
scenarios based on Smart Grid settings, so the efficiency of the framework
can be properly assessed. Our experiments verify its effectiveness for incor-
porating heterogeneous DERs into the Grid in an efficient manner—showing
that the use of appropriate mechanisms results in higher payments for com-
petent LFEs managed by the Aggregator.
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IHepiinyn

O avéavouevog aplBudg soaymyng oAoéva kol meplocodtepmv Kataveunuévov
Evepysiokav ITopwv (KEIT) oto peAdoviikd ‘E€umvo Aiktvo Hiektpoddtnong (EAH)
EYeL OMUIOLPYNOEL TNV OVAYKN Yoo TNV ONUOLPYID ELELAOV TOAVTPAKTOPIKMV
CLOTNUATOV 1KOVA VO, 0ElOTOCOVV OTOTEAECUATIKE OVTOVS TOVG EVEPYELOKOVGS
nopove. EmmAéov, 1 emkeipevn e£AvVIANOT T@V OPLKTAOV KAVGIH®V Kot Ol 0EAVOUEVES
ekmopunég dro&etdiov Tov dvBpaka £xovv Katactnoel ™ petdfocn oto ‘E&umvo Aiktvo
L0 TPAOTIGTOG EPEVVNTIKY], OAAG Kot TPOKTIKT, dtadikacio vyiong onuociog. Mepikd
napoadeiypata KEIT wov Oa Bondncovv oty petdfaocn oto EAH eivar: ta niektpucd
OYNMOTO, TO OCULOTHUOTO OTOONKELONG EVEPYEWNG UTATOPUDY, Ol KOTOVOAMTES
OLOKOTTOUEVOL (POPTIOL KO Ol YEVVITPLEG OVOVEDCIU®V TNYDV EVEPYELNG, OTMOG TO
QoTofoltaikd mavel Kot ot avepoyevvntpies. Edwotepa, ta KEIT eivar amapaimta
v TV opoAr] Agttovpyia Tov perrovtikov EAH, kafac ta KEIT emttpémovv ) ypnon
eVEMKTOV QopTinv, Betidvovtag £tot T otabepotnto Tov HAektpikod AktHov Kot
emrpémovtag T dwyeipion e {Nong amd v TAEVPA TOV KATOVOADTAOV.

Mo v avipetdmion tov tpoavaeepBEvimv TpoPANUAT®VY, GE QVTN T LETOTTUYLOKT
dwrpifr] mpoteivovpe €évo véo mAaiclo cvvdBpolong evepyslokng  eveléiog
npoepyouevn and KEII, mov meptlopfdavel pio mOADTPAKTOPIKY OPYLTEKTOVIKT Kot
APOPOVG TOTTOVG UNYOVIGUMY Yo TNV OTOTEAEGUOTIKY OL0EIPION KoL TNV OUOAN
evoopdtoon tov KEII oto vadpyov Aiktvo HAektpoddtnong. Eva onpoavrikd
OLOTOTIKO TNG APYLTEKTOVIKNG Hag givarl ot wpdxtopeg Extiunong Tomwkng Eveliéiog
(ETE), ot omoiot BonBovv oty peiwon t@v eubuvdv kol TV AETOVPYIDOV TOV
Yvvabpoioth eveléiog (Aggregator), 6rmg N AvVTIUETOTION TPOPANUATOV 0TopPTTOV
OYETIKA LE TOL TPOCOTIKA oToLEln KaTavaiwong Kot cuvoriaydv tov KEI, kabdg
KOl 1] VTOAOY1GTIKG KOoTOPBOpa ekTipmon g eveMéiag Tov kabe ETE.

To mpotevopuevo mhaicto cuvaBpoiong emrpénet ) onuovpyia cvvacticpu®v ETE pe
OTOXO TNV OMOTEAEGUOTIKY XPNON TOVG Yo T1G avdykeg tov EAH, aAld xot yio v
avénon tov xpNUaTKOV amolofdv tovc. e to okomd awtd, avamTOEape Kot
EPOPUOCONE MO TOWKIMO  pUNYOVICUOV — €TAOYNG  UEAMV  GLVACTIGHOV,
ocvpumeptiappavopévev petald aAAOV kavovay fabuoloynons kol alloAoynons uécw
pobics evioyvuikng pélnons. Ta va emMTOYOVUE U0 GUGTNUOTIKY Kot EVOEAEM
TEWPAUATIKY]  dadtkacio a&loAdynong Tov TPOTEWVOUEVOL KOLVOTOUOL TAOLIGIOV
ovvdéBpoiong sveMéiog KEII, oyedidoape ko a&loloynoape Ty vAomoinon pog o€
dapopa cevapila ov Pacilovion o mepiPdrirovia EAH, €161 dote va mpokdmTEL o
CQOLPIKT] EIKOVO GYETIKA LLE TNV OMOTEAECUOTIKOTNTO TOV TAOLGioV pog. H meipapatikn
pog owdikacio a&lomolel dedopéva amd tov Yvmotd mpocopoiwtn yw to EAH,
PowerTAC.

Ev téhet, To mepdpotd pog erainfedovy Ty OmOTEAEGUOTIKOTNTO TOV KOLVOTOLOV
mloiciov cuvdBpoiong gveMéiog TOV TPOTEIVOLUE YOl TNV EVOOUATMOOT| ETEPOYEVDV
KEIT oto Aixtvo HAextpoddtnomg, oeikvoovtag OtL 1 ¥pon 1OV KOTAAANA®V
UNYOVICUOV €YEl ¢ amoTéleopa vymAdtepeg TANpouég yio ta appode. ETE mov
dwyepiletan o mpotevdeEVOg ZuvabpoloTng evepyelakng eveMELNG.
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Chapter 1

Introduction

The depletion of fossil fuels has created an imminent need to deploy even
more renewable energy power generators [1]. However, the state of the cur-
rent energy grid makes it hard to efficiently optimize the performance of in-
termittent assets [2], such as solar panels and wind turbines; thus, the need
for a “smarter” electricity grid has been created [3], [4]. The Smart Grid [5],
[6], with its bidirectional electricity and information flow, is envisaged to de-
liver electrical power in very resourceful ways, and successfully exploit all
the Distributed Energy Resources (DERs) that are continuously emerging.
DERs are the various electricity supply or demand assets that are spread
across the Grid; and which, however small, when combined, can enhance
the Grid’s ability to seamlessly provide power, even if it largely originates
from intermittent renewable energy sources.

Furthermore, recent developments regarding environmental policies and the
emergence of a multitude of (distributed) energy markets have turned the at-
tention of the electricity stakeholders to the research on DERs’ flexibility [7].
In the literature, flexibility is defined as the elasticity property of the DERs that
can provide ancillary services to support the stability of the Grid [8]. Essen-
tially, flexibility corresponds to the DERs’ ability to either offer produced/-
stored energy or consumption reduction services to the Grid. Thus, many
works are studying various ways to estimate the flexibility of DER assets [9],
[10]; while the use of aggregators [11]-[13] is one of the most important mech-
anisms that utilize the flexibility of the DERs in the Smart Grid.

An aggregator is a mediator between DERs and the energy markets [11], with
the mission to trade the flexibility obtained from the DERs by participating
in the markets on behalf of the DERs” owners [13]. Generally, aggregators
offer stability guarantees to the Grid by delivering flexible loads. Currently,
the existing legal frameworks of many countries, especially in the European
Union (EU) and Unites States of America (USA), have been updated to allow
the existence of such aggregator mechanisms [14], [15].

Nonetheless, there are still many open research topics regarding the func-
tionality and mechanisms of the aggregator. For example, there are privacy
concerns about the metering information constantly transmitted between the
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DERs and the aggregator [16], [17]. Also, there is an interest in designing effi-
cient Demand-Response (DR) aggregator mechanisms to improve the Smart
Grid’s technical, economic, and market aspects [18], [19].

1.1 Thesis Contributions

In this thesis, we employ mechanism design and cooperative game theory
ideas to propose a novel aggregator framework for the efficient integration
of DERs in the Grid. Our framework provides an aggregation architecture
along with mechanisms for its effective and efficient operation and aims to
(and, as our experiments show, succeeds in) increase the flexibility offered by
the aggregator to the Grid and the profits of the participating agents.

In our multiagent architecture, we introduce the so-called Local Flexibility
Estimators (LFEs) that allow us to address some severe aggregator issues,
such as privacy concerns and evaluation of the DERs’ flexibility accuracy.
LFEs essentially serve as DER coalition managers, coordinating their mem-
bers” market activities. Given this, our work’s focus is the creation of effi-
cient LFE cooperatives intending to increase the profits of every stakeholder.
To achieve this, we have populated our framework with various selection
mechanisms—some of which are scoring rules [20], and some are (deep) rein-
forcement learning (RL) [21] techniques. To the best of our knowledge, using
RL for this purpose is entirely novel. An Aggregator agent can then use these
selection mechanisms to decide which LFEs to include in its (flexibility) of-
fers to the day-ahead markets. We provide a systematic experimental evalu-
ation using data from the PowerTAC [22] simulator in various experimental
scenarios that we formulated to test the different aspects of our aggregator
framework. Last but not least, our work in this paper extends the Power-
TAC simulator with aggregator-enabling functionality, which we designed
and coded.

Arguably, our aggregator framework contributes to the smooth DERs’ inte-
gration into the Grid since (a) it allows smaller DERs to participate in the
Smart Grid markets; (b) it selects which LFEs to participate in the energy
transactions, increasing the expected accuracy of the promised offers, thus
indirectly aiding the Grid’s stability; and (c) as verified via our experiments,
the use of certain designed selection and pricing mechanisms leads to higher
payments for (at least the competent in terms of prediction accuracy, but also
sometimes the not-so-accurate) LFEs that the aggregator manages. Specific
findings of our systematic experimentation are:

(1) The use of the truthfulness-incentivizing CRPS [20], [23] mechanism re-
wards effectively LFEs that have reliable flexibility estimates and results to
the highest aggregator-to-LFEs payments for those LFEs, compared to those
achieved with other selection mechanisms; or compared to assets” earnings in
“baseline settings” when they either participate in a “traditional” aggregator
that manages all available DERs or when they trade only with the Grid.
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(2) A Simple Selection mechanism we put forward ranks as a close second
to CRPS. However, this mechanism is easier for non-specialists to under-
stand. This result implies a trade-off between using a highly efficient yet
complex scoring rule vs. a slightly less efficient yet easy-to-understand selec-
tion mechanism since using the latter can motivate the participation of small
DERs (e.g., corresponding to small & medium-sized enterprises or private
homes).

(3) The RL selection mechanisms were better than the aforementioned base-
line settings only for certain settings in which DER accuracy does not fluctu-
ate dynamically over time.

(4) Low-accuracy LFEs prefer to participate in larger LFE cooperatives so
their errors can be balanced out by the team.

(5) The proposed DER aggregation framework rewards better the most accu-
rate LFEs, and, most of the time, the other less-accurate LFEs both in “CRPS-
based” Grid-to-Aggregator and in “Simple” Grid-to-Aggregator payments
(defined in Section 3.5.3). However, when using “Simple” payments, the sec-
ond best-rewarding method, after the CRPS selection method, is when every
LFE is alone.

(6) CRPS is extremely cost-efficient in every scenario with “Simple” Grid-to-
Aggregator payments. Furthermore, the CRPS selection method, along with
the CRPS-based payments it deploys, achieves the best results in environ-
ments with highly fluctuating settings too.

1.2 Thesis Outline

The rest of this thesis is structured as follows. In Chapter 2, we present
all the necessary background for the methods and mechanisms presented
in this thesis. In detail, we provide the required theoretical background on
Smart Grid components directly affecting the aggregator mechanisms. At
the end of Chapter 2, we also present a review of the existing works that
study various aspects of the aggregators and their mechanisms. In Chapter
3, we present the technical details about the proposed LFE agents, and also
discuss the configuration of the various aspects of our proposed aggregator
framework. Additionally, we provide a detailed explanation regarding the
selection mechanisms, the pricing mechanisms we used, and how we calcu-
lated the total flexibility. In Chapter 4, we provide a detailed description of
the experimental setup we used, along with the specifications of the Power-
TAC simulator and of the experimental scenarios we designed. In Chapter 5,
we present the experimental results for various experimental scenarios using
many different methods. Finally, in Chapter 6, we discuss our contributions
and outline future work that can extend some aspects of our proposed DER
aggregation framework.



Chapter 2

Background & Related Work

In this Chapter, we provide the required theoretical background on Smart
Grid and its components that directly affect the aggregator mechanisms we
have developed and deployed. Moreover, we explain the role of flexibility
traders in the Smart Grid and provide a thorough background on the Pow-
erTAC simulator. Finally, we also present an extensive review of the existing
works that study various aspects of the aggregators.

2.1 The Smart Grid

The Smart Grid is a modern and actively-researched electricity network al-
lowing a two-way flow of electricity and data, with digital communications
technology enabling it to detect, react, and pro-act to customer load changes
to maintain the Grid’s stability. The Smart Grid has, in principle, a self-
healing capability and gives the opportunity to electricity customers to be-
come active participants that provide ancillary services to the Grid while also
making a profit [24].

2.1.1 Differences with the traditional Grid

There are many differences between the traditional Grid and the Smart Grid
both on the operational and implementation levels, as seen in Figure 2.1. The
most apparent modification is the replacement of the large power plants with
many more distributed, smaller renewable power producers, hence every
participant can contribute to the power generation problem, even with small-
size solar panels located on rooftops of residential buildings. Furthermore,
centralized energy markets, usually in the scope of a nation or a coalition
of nations, will be superseded by decentralized markets that ignore bound-
aries. Therefore, electricity transmission systems based on large power lines
and pipelines will be rendered obsolete since the Smart Grid will contain
many small-scale transmission systems that locally satisfy the energy sup-
ply [25]. The previous entails that electricity and smart metering data will
flow both from the producers to the consumers, similar to how the current
Grid operates, and from consumers back to the Grid in the form of flexibility,
hence contributing to the application of smaller independent Smart Grids.
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Finally, the once ordinary consumers would be able to actively participate in
the energy system by providing flexibility to the Grid [26].

STAYING BIG OR GETTING SMALLER
Expected structural changes in the energy system made possible by the increased use of digital tools

esterda m
' ﬂ ﬂ M l\ ”' ‘ ‘
/%7 -
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FIGURE 2.1: The main differences between the classical Grid
and the Smart Grid can be distinguished in five main levels [27]

2.1.2 Benefits of the Smart Grid

Replacing the traditional Grid with a Smart Grid entails many benefits for
the Grid itself and its participants. One of the most important benefits of
the Smart Grid is the improved efficiency and reliability of the electricity
supply since there will be many distributed electricity providers at a closer
range that can provide ancillary services to the Grid quickly. On the one
hand, Smart Grid’s metering infrastructure will allow for new solutions for
customers to be developed, so their electricity consumption will be opti-
mized [28]. On the other hand, decentralized energy generation practically
indicates that more and more energy gets generated (and stored) in various
forms that are closer to the consumer that needs the power. Hence, if energy
consumers generate their own energy more often, less money will be spent
on larger transmission and distribution installations [29].
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Smart Grid and its technologies will significantly reduce carbon emissions
and help save energy. In particular, Smart Grid will help efficiently integrate
more renewable energy systems into the existing network, thus playing an
essential role in the deprecation of traditional, wasteful, and hazardous fos-
sil fuel power plants. Additionally, carbon emissions, directly affecting the
greenhouse effect and the rise in global temperature, will be reduced by the
large-scale support of electric vehicles by the Smart Grid. Therefore, it could
be argued that the development of the Smart Grid should be considered a
priority because of its evident affiliation with the environment [30].

2.1.3 Distributed Energy Resources (DERs)

In general, DERs, are electricity supply or demand resources that are located
across the Smart Grid. One of the most common DERs that can be found in
the Smart Grid is the Battery Energy Storage System (BESS), these can be ei-
ther in the form of dedicated batteries or embedded batteries within electric
vehicles [31]. BESS are very important because they can store energy with the
intention to shift the demand at other hours of need [32]. Furthermore, there
are many interruptible load users; usually, these are households that have
the ability to willingly limit their electricity usage at some specified points
in the day in order to contribute to the demand-shifting process [33]. Also,
there are many small-scale renewable energy generators, the most common
are wind turbines and solar panels that can be located on the rooftops of both
apartments and electric vehicles [34]. Last but not least, in the future Smart
Grid, there will be many electric vehicles (EVs) that will have huge energy
charging demands, but as mentioned earlier, they would be able to help in
the demand-shifting process, making them very helpful for aggregator mech-
anisms.

2.2 Flexibility

In the past, flexibility has been defined as the ability of a power system to
adapt its operation in response to variability or uncertainty by modifying
electricity demand on the consumer side or power generation of the renew-
able energy systems [35]. Traditionally, flexibility can be obtained using the
following four means: dispatchable power plants, demand response, energy
storage, and interconnection between different parts of the Grid, probably
located in different countries [36].

In particular, flexibility obtained from dispatchable power plants is admitted
by traditional generation sources, such as diesel electricity generators, where
production can be ramped up and down easily and in minimum time. How-
ever, usually dispatchable power plants are not environmentally friendly.

Flexibility acquired by Demand Response actions is one of the most studied
methods in the literature of the past decade since it requires a significant ef-
fort with respect to optimization and planning. It is defined as the shifts in
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electric usage by end-use customers from their typical consumption habits
in response to changes in the price of electricity over time or incentive pay-
ments designed to induce lower electricity use at times of high wholesale
market prices or when system reliability is endangered [37].In detail, Smart
Grid will support consumer tariffs or similar functionalities that allow utility
operators to curtail the electricity usage of the agreeing customers to address
extraordinary demand peaks.

Energy Storing methods refer to the process of converting energy from one
form (mainly electrical energy) to a storable form and reserving it in var-
ious mediums; then, the stored energy can be converted back into electri-
cal energy when needed [38]. This allows storing electricity to use it when
Grid needs it to maintain its stability. In this way, electricity consumption
and/or generation can be shifted in time to provide flexibility. Currently,
there are four major groups of energy storing methods, these are: mechani-
cal (pumped hydroelectric storage, compressed air energy storage, and fly-
wheels), electrical (capacitors, supercapacitors), thermal (low temperature,
high temperature), chemical (batteries, flow batteries, fuel cells) [13]. These
technologies possess diverse characteristics in terms of energy density, power
density, efficiency, energy capacity, volume, etc., making some more suitable
depending on the application.

Finally, flexibility can be “imported” to a local Grid by sing cross-border in-
terconnections and networks. Usually, countries with significant energy sur-
pluses can sell their electricity to other distant places in case it is cost-efficient
for the recipient; however, proper facilities to transport huge amounts of en-
ergy loads are required. So, electricity can be transported from where it is
produced at the lowest cost to where it is needed.

2.3 Flexibility Traders in the Grid

The newly established energy laws have made it easier for Flexibility traders
to participate in the energy markets and make a profit by helping in the sta-
bility of the Grid. In general, flexibility traders are considered the Grid en-
tities that buy or/and supply electric loads, usually in the form of flexibility
Aggregators.

2.3.1 The Role of the Aggregator

In general, the main functionality of an aggregator is to perform demand-
response and load-balancing to maximize the customers’ total profit while
supporting the Grid’s stability. This is possible since an aggregator can be
considered to be a reliable participant in the energy markets because of the
huge flexibility of loads it can control [13].

The current regulations and the state of the energy markets allow existing ac-
tors, such as energy suppliers [39] and balance responsible parties (BRPs) [40],
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to take the role of the aggregator and trade flexibility. An energy supplier has
the ability to purchase and sell electricity for consumers by trading in elec-
tricity markets, while a BRP is responsible for submitting energy programs
that indicate the net energy that is scheduled to be taken from/fed into the
Grid for the next day [41]. Any variation between the energy designed to
be taken from/fed into the Grid, and actual energy taken from/fed into the
grid, is called the individual imbalance of the BRP, where the BRP needs to
pay imbalance costs for their individual imbalances.

In addition to suppliers and BRPs, an independent actor, usually being orga-
nizations, that are not associated with a supplier or BRP and can also become
an Aggregator. In the future, Distribution System Operators (DSOs) will be
eligible, too, to form and support aggregator operations. However, at the mo-
ment, DSOs are heavily regulated, and they are not able to trade flexibility in
the energy markets [42].

Summing up, suppliers, BRPs, and independent actors can take up the flex-
ibility trader function to become an Aggregator. This is possible because,
in practice, the aggregator’s portfolio consists of DER assets usually owned
by other stakeholders and utilized by the aggregator to implement its busi-
ness model. However, there are also independent aggregators [43] which are
not affiliated with any other entity like suppliers or balancing utilities. The
framework we propose can support all three types of existing aggregators.

2.3.2 Challenges faced by the Aggregators

There are many open research challenges relating to the business model and
the smooth operation of Aggregators. Initially, Aggregators are constrained
by the number of contracts they can offer. For instance, as the number of
contracts between the aggregator and the other actors increases, information
exchange between them also becomes a serious issue. Actors may need in-
formation from the aggregator in order to enable accurate forecasting or cal-
culating consumers’ electricity bills. However, some of this information may
contain commercial interests. Therefore, it is essential that the actors agree
on what information will be disclosed [13]. The DER aggregation framework
we propose in the next Chapter considers privacy a priority, hence it takes
measures to address these privacy concerns.

The assessment of an Aggregator’s business model can also be a serious
challenge. Indeed, an Aggregator’s main function is to make a profit when
implementing a business model, so they need to ensure that the business
model that will be incorporated is economically feasible. In order to evalu-
ate whether a business model is profitable, it is important to consider all the
financial relations the Aggregator has with the other actors. These financial
relations may impact the economic feasibility of the business model. Not in-
cluding these financial relations makes the assessment of economic feasibility
incomplete, thus leading to wrong conclusions.
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2.3.3 Existing Flexibility Market Models in Europe

The market for flexibility services was estimated, in 2019, to be worth more
than £2.2 billion every year, with traditional procurement models typically
used to contract large-scale, centrally-managed assets to dispatch their ser-
vices on-demand to help balance the grid [44].

The market for local flexibility services is currently growing every day, but
it is already recognized that assets that can adjust their energy generation
and/or patterns of consumption in response to external signals will become
part of the drive for a more decentralized energy system. In Europe, the digi-
talization of networks and smart metering implementations allow consumers
and Distribution System Operators (DSOs) to know, almost in real-time, the
load and generation patterns. In response to this situation, new digital plat-
forms that implement new market models are arising. Under these market
models, and by using these platforms, consumers and aggregators exploiting
flexible distributed resources can provide services to DSOs and Transmis-
sion System Operators (TSOs) or trade energy between them [14]. In general,
these platforms may differ widely between them in terms of the services they
provide, the functions they perform, the required coordination between sys-
tem operators (TSOs and DSOs), their ownership, or the interrelations with
existing market factors.

An extensive review [14] conducted in early 2021 identified eighteen Euro-
pean initiatives that allow flexible resources connected to distribution net-
works to act as flexibility traders/providers. Furthermore, in early 2021,
there were four more initiatives classified as aggregator platforms. In partic-
ular, two of them were represented as aggregator platforms specially devoted
to clustering small flexible resources that were connected to the Aggregator
so that this flexibility can be offered to TSO markets of ancillary services.
Moreover, the other two developed platforms aimed to create new supplier
business opportunities in the retail market by promoting peer-to-peer (P2P)
transactions and taking advantage of solar panels installations located at pro-
sumer ! premises.

2.4 Scoring Rules

One of the goals of statistical analysis is to make forecasts for the future and
provide suitable measures of the uncertainty associated with them. There-
fore, forecasts should be probabilistic in nature, taking the form of probabil-
ity distributions over future quantities or events [45]. Scoring rules provide
summary measures for evaluating probabilistic forecasts by assigning a nu-
merical score based on the predictive distribution and the event or value that
materializes. In terms of elicitation, the role of scoring rules is to encourage
the assessor to make careful assessments and to be honest [46]. In terms of

LA prosumer is an individual who both consumes and produces electrical energy.
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evaluation, scoring rules measure the quality of the probabilistic forecasts, re-
ward probability assessors for forecasting jobs, and rank competing forecast
procedures [20].

24.1 Continuous Ranked Probability Score (CRPS)

Probabilistic forecasts assign a probability to every possible future. Yet, all
probabilistic forecasts are not equally accurate, and metrics are needed to
assess the respective accuracy of specific probabilistic forecasts. Simple accu-
racy metrics such as Mean Absolute Error (MAE) are not directly applicable
to probabilistic forecasts [20]. On the other hand, the Continuous Ranked
Probability Score (CRPS) generalizes the MAE to the case of probabilistic
forecasts. Along with the cross entropy, the CPRS is one of the most widely
used accuracy metrics where probabilistic forecasts are involved [47]. We
provide more details on the functioning and our use of CRPS in Sections 2.7.5,
3.4.2, and 3.5.2 of this thesis.

2.5 Reinforcement Learning in the Smart Grid

Reinforcement learning (RL) refers to a sub-field of machine learning that
enables Al-based systems to take actions in a dynamic environment through
trial and error to maximize the collective rewards based on the feedback
generated for individual activities. In the RL context, feedback refers to a
positive or negative notion reflected through rewards or punishments. In
the most interesting and challenging cases, actions may affect not only the
immediate reward but also the following states and, indirectly, all subse-
quent rewards. These two characteristics—trial-and-error search and delayed
reward-are the two most important distinguishing features of reinforcement
learning [21].

Interestingly, Reinforcement learning is not defined by characterizing learn-
ing methods but by characterizing a learning problem [21]. Any method
well suited to solving that problem is considered a reinforcement learning
method. Usually, RL problems are formulated using Markov decision pro-
cesses where a learning agent interacts with its environment, trying to ac-
complish an objective. Indeed, such an agent must be able to sense the state
of the environment to some extent and must be able to take actions that affect
the state. The agent also must have a goal-and reward function-relating to
the state of the environment. Therefore, an RL problem can be solved as a
Markov Decision Process (MDP), as depicted in Figure 2.2.

One of the main challenges that arise in reinforcement learning and not in
other kinds of learning is the trade-off between exploration and exploita-
tion [21]. To obtain larger rewards, a reinforcement learning agent must
select actions that it has tried in the past and found to be effective in pro-
ducing rewards. But to discover such actions, it has to try actions that it has
not selected before. The agent has to exploit what it already knows to obtain
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FIGURE 2.2: A classic Reinforcement Learning environ-
ment [48]

the reward, but it also has to explore to make better action selections in the
future. Therefore, the dilemma is that neither exploration nor exploitation
can be pursued exclusively without failing at the task [49]. The agent must
try a variety of actions and progressively favor those that appear to be best.
On a stochastic task, each action must be tried many times to gain a reliable
estimate of its expected reward.

251 Q-learning

Q-learning is a model-free RL method, which can learn based on experience
in an unknown environment and explore the optimal strategy [50]. So, it can
be applied to discrete MDP to find the optimal action strategy. The main
parameters of the Q-learning model include the action 4y, state s; and reward
r¢, and an agent that participates in the Q-learning process. Q-learning is
an off-policy algorithm that learns from random actions (greedy policy). Q
in Q-learning refers to the quality of activities that maximize the rewards
generated through the algorithmic process.

The Q-learning algorithm uses the Q-table to store the earned rewards. These
values are updated using methods such as policy iteration and value itera-
tion. Policy iteration refers to policy improvement or refinement through
actions that amplify the value function. In detail, in a value iteration, the
values of the value function are updated as shown in Equation 2.1:

Q"% (st,ar) = Q(st,ar) +a- (re + v - max(Q(sey1,at)) — Qse,ar))  (2.1)

where « is the learning rate, and v is the discount factor. The training phase
finishes after many iterations when the most action-state pairs (s, a) are ex-
plored, and the Q values have converged.
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2.5.2 Deep Reinforcement Learning (Deep-RL)

Deep Learning is one of the best tools to handle unstructured environments
with either continuous or highly dimensional action and/or state spaces. For
instance, the state space can consist of continuous variables or even whole
images, and the action space can be a continuous variable, such as the force
required for an autonomous vehicle to steer. Traditional RL methods would
not be able to assist in solving the aforementioned problems hence methods
combining deep neural networks and classic RL algorithms have enabled the
application of these methods in complex problems [51], [52].

Reward r

Take action a Envwonment

parameter 8

Observe state s

FIGURE 2.3: Deep Reinforcement Learning [53]

In particular, in many practical decision-making problems, the states s of
the MDP are high-dimensional (e.g., images from a camera or the raw sen-
sor stream from a robot), so they cannot be solved by traditional RL algo-
rithms. Deep reinforcement learning algorithms incorporate deep learning
to solve these complex problems, often representing the agent policy 7 or
other learned functions as a neural network and developing specialized al-
gorithms that perform well in this setting [54]. Figure 2.3 illustrates a typical
Deep-RL environment where the agent’s policy 71y, is a feed-forward neural
network usually taking as input the state s; and the action a4;.

2.5.3 Deep Q-Network (DQN)

Deep Q-network (DQN) uses a neural network and does not have to depend
on a Q-table [52]. Q-learning algorithms are inefficient in predicting and up-
dating the state values they are unaware of, in generally unknown states.
Hence, in DQN, the Q-table is replaced by neural networks for the efficient
calculation of state values and values representing state transitions, thereby
speeding up the learning aspect of RL.

The pseudocode of DQN is displayed in the Algorithm 1 below. This algo-
rithm can store up to N transitions ((¢j, a;, 7, ¢j+1)), which are used to train
the feed-forward Q neural network better. Except for the experience replay
buffer, the essence of the DQN algorithm is similar to that of Q-Learning.
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Initially, the training process is split into M episodes, each with T steps. Sec-
ondly, the action space is explored in a greedy way using the probability e,
which can change with the course of the simulation. Then, after the action
a; is selected, the environment simulates the action so the next state s; 1 and
the reward r; are generated. Finally, in every step, with sufficient transitions
stored in the buffer D, a gradient descent step is performed to train the Q
network.

Algorithm 1: Deep Q-Network (DQN) with Experience Replay Buffer [52]

Initialize replay memory D to capacity N

Initialize action-value function Q with random weights

for episode =1 to M do

Initialize sequences s; = {1} and preprocessed sequenced ¢; = ¢(s)
fort=1toT do

With probability € select a random action a;

otherwise select a; = max,Q*(¢(s¢),a;0)

Execute action a4, and observe reward r; and state s;

Set s;,1 and preprocess ¢r1 = P(s¢+ 1)

Store transition (s¢, at, 1¢,5¢4.1) in D

Sample random minibatch of transitions (¢}, a;, 7, ¢j+1) from D

Set y; = { 1 / for terminal ij+1
J vty maxa/Q(¢j+1,a ;0)  for non terminal Piv1

Perform a gradient descent step on (y; — Q(¢j, a;6))?

2.5.4 RL applications for the Smart Grid

Smart Grid has many components that require complex decision-making
processes to efficiently solve, such as energy trading, dynamic pricing, tariff
design, EV charging, etc. Therefore, the application of Deep-RL algorithms
in these complex environments was inevitable.

Zhang et al. [55] proposed a deep reinforcement learning-based energy dou-
ble auction trading strategy. By utilizing the deep reinforcement learning
algorithm, buyers and sellers can gradually learn the environment by treat-
ing the three elements: total supply, total demand, and their own supply
and demand as states, in addition, regarding both bidding price and quan-
tity as bidding strategy. Furthermore, Zhang et al. [56] also applied reinforce-
ment learning (RL) to model the supply-demand relationship between power
providers and consumers in a Smart Grid. The dynamic pricing problem of
the Smart Grid was modeled as a discrete Markov decision process (MDP),
and the decision process was solved by Q-learning.

In another recent work, Lu et al. [57] proposed a reinforcement learning-
based decision system for assisting in the selection of electricity pricing plans,
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which can minimize the electricity payment and consumption dissatisfaction
for the individual Smart Grid end user. Furthermore, Qian et al. [58] pro-
posed a deep reinforcement learning (DRL)-based EV charging navigation,
aiming at minimizing the total travel time and the charging cost at EVCS. At
tirst, they utilized the deterministic shortest charging route model (DSCRM)
to extract feature states out of collected stochastic data, and then they formu-
lated EV charging navigation as a Markov Decision Process (MDP) with an
unknown transition probability.

However, other works also focus on the Smart Grid'’s retail part. Nastaran et
al. [59] developed and designed an autonomous retailer in which a Sequence-
to-Sequence (Seq2Seq) algorithm was employed to predict the customers’ net
demand. Furthermore, using Reinforcement Learning (RL), the proposed re-
tailer designs tariff mechanisms based on other retailers” behavior and cus-
tomers’ load profiles. Finally, the proposed design of the retailer was eval-
uated on a retail market simulation platform called Power TAC, in which
autonomous retailers compete in retail, wholesale, and balancing markets to
maximize their profits.

2.6 PowerTAC: The Smart Grid simulator

The Power Trading Agent Competition (PowerTAC) [22] is an international
trading agents competition conducted on a rich competitive economic simu-
lation platform of future energy markets featuring several Smart Grid com-
ponents (e.g., DERs, retail and wholesale energy markets, etc.). With the
help of this simulator, researchers can better understand the behavior of fu-
ture customer models as well as experiment with retail and wholesale mar-
ket decision-making by creating competitive agents and benchmarking their
strategies against each other. In this way, a host of useful information is ex-
tracted, which can be used by policymakers and industries in order to pre-
pare for the upcoming market changes.

2.6.1 PowerTAC Overview

PowerTAC was developed in 2011, and since then, the developers have been
updating various elements of the simulator, such as the customer models, to
increase the accuracy of the simulation as well as to catch up with the latest
scientific research. The PowerTAC vision consists of competitive agents that
will harness the energy supply and demand of the simulation environment
to make a profit [60]. Specifically, the "broker"-agents buy and sell energy
through consumption tariffs with individual retail customers, such as house-
holds, retail stores, or even bigger enterprises, as well as electric vehicles.
At the same time, the agents interact and trade within the wholesale market,
which is a real-world replica of the European and North American wholesale
energy markets [61].
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Moreover, this simulation is designed to model the energy trading environ-
ment mainly from an economic and not a technical viewpoint. Through the
years, the main elements of PowerTAC have not changed and can be seen
in Figure 2.4 below. More details about these components will be further
discussed in the rest of this section.
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FIGURE 2.4: Main PowerTAC components [62]

2.6.2 Simulation Time

The simulation steps need to be discrete for the simulation to work, thus
some discrete time blocks are created. These are called “timeslots”, and each
one represents an hour of simulated time while each takes almost 5 seconds
of real-time. Each game consists of at least 1440 timeslots (two months of
simulated time and at least 2 hours of real-time per game). This means that
in each PowerTAC game at any time, there is an active timeslot and a set
of future timeslots for which the brokers can reserve and trade energy. The
main objective of the brokers is to try to balance the demand and supply in
each of the future timeslots to avoid getting monetary penalties.

2.6.3 Brokers

Broker agents are the real-life analogy to energy retailers and can take similar
actions. In each timeslot, every agent can decide and perform any of the
actions seen in Figure 2.5 below.

Specifically, these actions are:
¢ Publish new tariffs in the retail market.

* Modify existing tariff terms by revoking the old tariff and publishing a
new one in its place.

* Adjust tariff prices, if tariff terms allow it.
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FIGURE 2.5: Available actions of a broker during a timeslot [62]

* Trade in the Wholesale Market by placing bids or asks to sell or procure
energy for future timeslots.

¢ Curtail demand by issuing economic control orders which apply to cus-
tomers with incorruptible consumption tariffs.

* Submit balancing orders in the balancing market, which consists of of-
fering controllable capacities for actual time balancing.

However, there is also a lot of information available to the brokers in order
to help them make the correct decisions. In a few words, agents know about:

* Most of the game parameters, such as multipliers, are cost-specific pa-
rameters that are stable through the course of a game and are essential
to calculate some values in advance.

* Broker identities, only the names of the competitor agents.
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* Bootstrap data, consists of the net demand and the electricity usage
of each customer as well as the bid and ask prices that are cleared in
the Double Auction of the Wholesale Market through the duration of
the bootstrap period. The bootstrap period is a time in which only the
default broker is active and is used to initialize a game. The Bootstrap
data is usually used by the agents to generate accurate electricity usage
and customer models.

¢ Weather reports/forecasts.

¢ Active Tariffs of each broker.

* Wholesale market clearing data.

¢ Wholesale market order-books.

¢ Total aggregate energy consumption/production.

¢ Every Transaction is private data for each agent, such as cash posi-
tions, market positions, portfolio supply-demand, balancing, and dis-
tribution transactions.

2.6.4 Customer Models

One of the most important features of the PowerTAC simulator is that of the
customer models. Customer models interact with the retail market to find
the best tariffs and generate the values for the energy consumption or gen-
eration during a timeslot taking into account many different variables, such
as weather, market state, etc. Each customer model is defined by its name,
population, power type, controllable capacity, and multi-contracting ability.
The customers” models themselves are of high complexity, so these could be
the sole focus of other scientific research, therefore no more technical details
will be presented in this work. More insights can be acquired by studying
the corresponding chapter of PowerTAC definition [62].

2.6.5 Weather Reports

Another significant feature of PowerTAC is the weather reports. Customer
models depend on weather reports to produce realistic production and con-
sumption data. In each timeslot, a weather report for the current timeslot is
sent to the brokers along with a weather forecast about the next 24 timeslots.
This information can be used by the agents to predict the consumption and
production curves of each DER asset since the customer models are directly
affected by the weather. More specifically, weather data are drawn from real
weather reports of the past, which means that during the competition, agents
are not aware of the game location for obvious reasons.
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2.6.6 Day-Ahead Wholesale Market

The wholesale market is where brokers primarily buy and sell energy for ev-
ery available future timeslot (usually 24 future timeslots are enabled). Specif-
ically, the PowerTAC wholesale market is a “day ahead” periodic double auc-
tion, which clears in each timeslot and tries to imitate the current core whole-
sale trading foundations like FERC, EEX, and NordPool (wholesale trading
utilities in Europe and North America).

In real life, energy wholesale markets serve larger regions consisting of many
energy providers and millions of customers. On the other hand, the Power-
TAC can currently simulate only one city from such an area. Therefore, in
order to make the wholesale market more realistic, three more entities were
created to trade in that market along with the brokers.

The first entity is called “Grid Genco” and represents the wide population of
generating facilities that can supply the simulated city. This entity is very im-
portant because it provides the market with a realistic supply curve deriving
from statistics observed in North America’s MISO and PJM LMP markets.
The second entity is the “Grid Buyer” which simulates the regional demand
also based on real-life metrics drawn from a time series trained on two years
of MISO North actual demand. So, this entity’s responsibilities are to buy
enough energy so it can satisfy its energy demands. The third and last entity
is created to provide the market with liquidity, using a stochastic behavior
that mimics a population of buyers and speculators who are only engaging
in the Wholesale Market of PowerTAC and not in the Retail Market.

2.6.7 Balancing Market and Balancing Fees

The balancing market is the real-life equivalent of an Independent System
Operator (ISO) in the U.S. and a Transmission Systems Operator (TSO) in Eu-
rope. Its main responsibilities are to monitor the electricity grid and maintain
balance by keeping voltage and frequency within some bounds. However, in
PowerTAC, technical aspects like voltage and power factor are not taken into
consideration, so the balancing market’s only responsibility is to balance the
supply and demand in each timeslot by exercising capacity controls on behalf
of the agents. In this way, when a broker fails to procure the required energy
in time, balancing utility comes and finally charges the broker for the missed
energy at a much higher price, acting as a penalty. That fee is called Balanc-
ing Fee and can vary from smaller charges to very high destructive penalties
depending on the wholesale market prices.

2.6.8 Distribution utility and Transmission Capacity Fees

The Distribution Utility (DU) is primarily responsible for three different op-
erations. The first one, as its name suggests, is to distribute energy to each
customer while it charges each broker for using the Grid by implying distri-
bution fees that are relevant to the energy transmitted through it. Second,
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DU is responsible for issuing the Transmission Capacity Fees (TSF). These
fees represent the amount of money a broker should pay for its customers’
contribution to demand peaks. This means that when there is a demand
peak, each broker will have to pay for a portion of the exceeding energy. TSF
charges the three highest demand peaks at the end of a 168 timeslot period (1
week of simulated time).

In the current PowerTAC competition, these fees are the main challenge an
agent faces when it tries to dominate the retail market [63]. The last function
of the Distribution utility is to publish some default tariffs for the times when
there are no published tariffs by any other broker.

2.7 Related Work

Here, we provide useful information about existing studies on various as-
pects of aggregators. Initially, general aggregator architectures and business
models will be discussed. Right after, influential Demand-Response aggrega-
tor schemes will be mentioned, followed by works on privacy preservation
for Aggregators. Next, EV Aggregators techniques will be thoroughly pre-
sented for the significant smooth integration of EVs in the Smart Grid since
the number of EVs is constantly rising. Finally, a few works that combine the
multiagent systems theory with Aggregators will be discussed.

2.7.1 Aggregator Business models

Aggregators and their mechanisms have become a very active research topic
because of the increase of flexible loads in the Grid. Several studies about the
business models of aggregators and the way they should operate exist.

In [12], the authors review the existing aggregator models’ operational and
economic aspects. In particular, in their analysis, they review the existing
aggregator business models and split their economic analysis into two parts.
The first is about the financial aspects and studies how much profit the aggre-
gator makes while also considering how much money the consumers (DERs)
save. The second is about the operational aspects of the business model and
corresponds to how efficient the management of the consumers’ assets by
the aggregator is, thus resulting in higher financial gains. Finally, based on
that analysis, they propose various strategies to be adopted by the existing
aggregators.

Another work [7] proposes a hierarchical control framework that enables the
provision of flexible services in power systems through aggregation entities.
That work focuses on both the wholesale energy markets, such as day-ahead
markets, and ancillary services, such as demand-response. More specifically,
they put forward a versatile and scalable control framework that can support
all kinds of operations, from the lower level, i.e., the user, to the distribution
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and transmission levels. It is also notable that they establish some proce-
dures to be taken in case of competing objectives when procuring ancillary
services. They use historical data from residential buildings in the Nether-
lands, where they are usually equipped with solar panels and battery energy
storage systems.

In order for a residential aggregator demand-response scheme to be efficient,
optimized day-ahead customer incentive pricing (CIP) and load-shifting pro-
tocols should be established. Zheng etal. [64] have developed an aggregator-
based resource allocation system using an artificial neural network and other
optimization techniques. In detail, the day-ahead CIP is generated by the
artificial neural network, which is trained on historical data, and the load-
scheduling is addressed as a day-ahead optimization problem solved using
a blocked sliding window technique and parallel computing.

In the Ph.D. dissertation of Carducci [65], tools and methods to support the
research community, as well as industrial entities and policymakers, are in-
troduced while also elaborating on the role that flexibility assets and aggre-
gators will play in the future Smart Grid. Interestingly, [65] proposes, among
other things, a flexibility aggregation architecture that uses so-called “mini-
mum flexibility units” that operate at a local level and represent single flexi-
bility assets, industrial microgrids, or multiple end users. These units, how-
ever, always correspond to a single meter and do not manage heterogeneous
DERs nor evaluate their accuracy.

2.7.2 Demand-Response Aggregators

One of the main responsibilities of an aggregator is to provide flexibility in
demand-response operations by aggregating the flexible loads of the indi-
vidual DERs it controls. So, there are also many works about the demand
response operations of Aggregators.

Demand Response Programs (DRP) are modern strategies for improving the
control of the generation, distribution, and consumption of electrical energy
and affecting the demand on the consumer side. Currently, multiple DRP
strategies are proposed in the literature, with each trying to address a sub-
set of the challenges; however, it is significant to perform a holistic review
showing the implications of the objectives on each other. Ibrahim et al. [18]
propose a consolidated model with assigned weights where intensive “what-
if” scenarios will be applied to reach the optimal model settings. The au-
thors decided to focus on the technical, economic, and marketing aspects
with the consideration of architectures and business intelligence. Therefore,
their mechanism assists in planning adequately and supporting the decision-
making process of DR Aggregators.

Another work studying DR Aggregators is that of Gkatzikis et al. [11], fo-
cusing on efficient DR mechanisms for the residential sector, which can be
an extremely hard task since each home user has negligible impact on the
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market. They introduce a hierarchical market model that can be used in the
Smart Grid, where a set of competing Aggregators are trading flexibility be-
tween the home users and the Grid. In that study, the designed Aggregators
compete to sell cost-efficient DR services to the Grid while also trying to com-
pensate the home users in a way that would incentivize them to alter their
consumption patterns. In the end, they manage to capture the diverse objec-
tives of the involved entities and, compared to flat pricing, guarantee notable
profits for each. An interesting observation was that users who are willing to
modify their consumption patterns do not derive maximum profits.

SEMIAH [66] is an aggregator framework designed to support European de-
mand response programs. It uses a component-based architecture and fo-
cuses on the functionality of the virtual power plant. In particular, they focus
on the impact of deploying an automated residential DR program on the
quality and stability of a low-voltage grid. A similar study ([19]) proposes a
two-stage interactive, responsive load scheduling model developed between
a demand response aggregator and the distribution system operator. There,
the distribution system operator has two objectives: to minimize the network
losses and maximize the revenue while ensuring that the Aggregator gets
payments relevant to the profits of the first stage. More specifically, they for-
mulated the first stage as a linear programming optimization problem, while
the second is considered to be a second-order cone programming problem.

Additionally, there are distributed algorithms developed for large-scale de-
mand response aggregation. Initially, [67] propose a fully distributed optimal
aggregation algorithm to provide peak-hours DR to the Grid through peer-
to-peer cooperation of a large fleet of Distributed Energy Storage Devices.
The main features of this algorithm include the ability to support a large
number of assets, the prolongation of the battery life of the assets, private
transactions between the assets and the Aggregator entity without disclos-
ing each device’s local private information, and elimination of single-point-
of-failure in aggregation systems because of the distributed aspect of the al-
gorithm. Another study focuses on the design of a fast-distributed algorithm
for aggregating a large number of residential buildings with a mixture of
discrete and continuous energy levels. One of the novelties is that the non-
convex DR problem is decomposed in terms of households as opposed to de-
vices, which allows incorporating more intricate couplings between energy
storage devices, appliances, and distributed energy resources. Therefore, the
method they proposed is a fast-distributed algorithm that can be applied to
the double-smoothed dual function of the adopted DR model.

2.7.3 Privacy concerns of Aggregators

The smart meters deployed on the assets of the Smart Grid collect the users’
power usage data regularly and upload it to the control centers so the data
can be processed by the responsible entities. The control center can evalu-
ate the supply and demand of the power grid through aggregated data from
users and then dynamically adjust the power supply and price, etc. However,
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since the Grid data collected from users may disclose the user’s electricity us-
age habits and daily activities, privacy concerns have become a critical issue
in Smart Grid data aggregation [68], [69].

To address the aforementioned issues, Gai et al. [17] propose an aggregation
scheme with local differential privacy that can efficiently and practically es-
timate power supply and demand statistics while preserving any individual
participant’s privacy. In their analysis, they found that their scheme is com-
putationally efficient and has minimum communication overhead.

Usually, privacy-preserving protocols and techniques either have a high com-
putational overhead or are dependent on a single dedicated aggregator, mak-
ing them prone to single points of failure. Wagh et al. [16] address the prob-
lem of cybersecurity by developing a distributed privacy reserving frame-
work that aggregators can adapt. That framework is designed to prevent
dedicated Aggregators and the electrical utility from linking the aggregated
reading to a specific smart meter.

2.74 Electric Vehicle Aggregators

The gradual replacement of traditional vehicles with electric ones has cre-
ated many new opportunities for Smart Grid research; however, there are
also plenty of challenges concerning the efficient charging schedules of EVs.
Therefore, EV aggregation schemes have been proposed to help smooth EVs’
integration in the Smart Grid.

For example, a key element in achieving sustainable energy systems is the ef-
ficient utilization of EVs in parking lots with respect to the energy and reserve
markets. [70] developed a model to derive optimal strategies of parking lots,
as responsive demands, in both price-based and incentive-based demand re-
sponse programs (DRP). The proposed model reflects the impacts of different
DRPs on the operational behavior of parking lots and optimizes the partici-
pation level of parking lots in each DRP. There the uncertainties of EVs and
the electricity market are also considered by using a stochastic programming
approach. In their experiments, they found out that EV parking lots can ben-
efit from selective participation in DRPs.

The problem of scheduling the charging of EVs in coordination with the dy-
namic electricity tariffs and load changes throughout the day is important.
Goyal et al. [71] in order to satisfy the economy of both the EV owners and
the aggregator, they mathematically formulated this scheduling problem and
solved it by different optimization techniques to arrive at the optimal cost
and revenue for the customer and the aggregator, respectively. In detail, they
used heuristic techniques based on evolutionary optimization algorithms to
solve the optimal charge scheduling problem. Another study ([72]) proposed
a framework for real-time (RT) charging management of an electric vehicle
aggregator that participates in electric energy and regulation markets. The
developed models, which assign charging set points to the electric vehicles
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(EVs) based on evolving EV charging priorities, are formulated as linear pro-
grams that can be solved very fast.

Another crucial aspect of EV Aggregators’ research is about payment mech-
anisms that are employed. Perez-Diaz et al. [73] study the participation of
large fleets of EVs in electricity day-ahead markets. Specifically, they con-
sider a scenario where several independent and self-interested EV aggrega-
tors participate in the day-ahead market to purchase energy to satisfy their
clients’ driving needs. To address this issue, they employed techniques from
mechanism design to develop a coordination mechanism that incentivizes
self-interested EV aggregators to report their energy requirements truthfully
to a third-party coordinator. This coordinator is then able to employ a day-
ahead bidding algorithm to optimize the global bids on their behalf, extend-
ing the benefits of smart bidding to groups of competing EV aggregators. To
ensure scalability and computational tractability, a novel price-maker day-
ahead bidding algorithm is proposed, which is formulated in terms of simple
energy requirement constraints.

Furthermore, the previous work is extended in [74], where they study the
possibility of inter-aggregator cooperation trying to reduce electricity costs
and lower the impact on electricity markets. In detail, they modeled the sys-
tem as a coalitional game and proved that the resulting game is superadditive
and balanced, hence having a non-empty core. However, the Shapley value
is not guaranteed to lie in the cooperative game theoretic stability concept of
the core [75] because the game is not convex. As an alternative, they proposed
employing the payment mechanism provided by the least core.

2.7.5 Aggregators viewed in the context of Multiagent Sys-
tems and Cooperative Game Theory

Last but not least, several works in the multiagent systems literature [75], [76]
approach the aggregation problem as a coalition formation one, proposing
game theoretic and mechanism design solutions to form DER cooperatives
so that these are able to participate in demand-response tasks.

To begin, Chalkiadakis et al. [77] proposed a game-theoretic solution to achieve
cost-efficient integration of the many distributed energy resources (DERs)
that are starting to emerge in Smart Grid. They designed cooperatives of ra-
tional, autonomous DER agents representing small-to-medium-size renew-
able electricity producers, which coalesce to sell their energy to the electricity
grid profitably. By so doing, we help to counter the fact that individual DERs
are often excluded from the wholesale energy market due to their perceived
inefficiency and unreliability. Also, they proposed a pricing mechanism with
certain desirable properties. Specifically, their mechanism guarantees that
Cooperative Virtual Power Plants (CVPPs) have the incentive to truthfully
report to the grid accurate estimates of their electricity production and that
larger rather than smaller CVPPs form, thus improving CVPP efficiency and
reliability. Most importantly, they provided a scheme to allocate payments
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within the cooperative and show that, given this scheme and the pricing
mechanism, the allocation is in the core, and, as such, no subset of members
has a financial incentive to break away from the CVPP.

Extending the previous work, Robu et al. [23] combine the findings of [77]
with the Continuous Ranked Probability Score (CRPS), which is a strictly
proper rule, to incentivize the provision of accurate predictions from the
CVPPs—and in turn, the member DERs—which aids in the planning of the
supply schedule at the Grid. They showed that the proposed mechanism in-
centivizes real DERs to form CVPPs, while also outperforming the, at that
time, state-of-the-art payment mechanism developed for this problem.

Moreover, multiagent systems theory has contributed to the solution of the
coordinated consumption shifting for electricity prosumers. In particular,
Akasiadis and Chalkiadakis [78] have shown that individual optimization
concerning electricity prices does not always lead to minimized costs, thus
necessitating a cooperative approach. The authors proposed a prosumer co-
operative that employs an internal cryptocurrency mechanism to coordinate
members’ decisions and distribute the collectively generated profits. The
mechanism generates crypto coins in a distributed fashion and awards them
to participants according to the contribution impact and accuracy between
stated and final shifting actions. In particular, it was shown that when a
scoring rules-based distribution method is employed, participants are incen-
tivized to be accurate.
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Chapter 3

A Novel DER Aggregator
Framework

Privacy concerns, impartial and fair scoring of the LFEs, and efficient man-
agement of all stakeholders” assets are the main problems our novel DER
aggregation approach addresses. In particular, our framework provides an
aggregation architecture along with mechanisms for its effective and efficient op-
eration, increasing the actual flexibility offered by the aggregator to the Grid
and the profits of the participating agents. Additionally, the proposed archi-
tecture can be distinguished into three levels, as depicted in Figure 3.1. The
tirst is the Distributed Energy Resources level consisting of many Smart Grid
assets. Specifically, our framework supports smaller and bigger scale DERs
utilized by the Smart Grid. The second level of this architecture is termed
as the Aggregator Level, and it consists of Local Flexibility Estimators (LFEs)
organizing the DERs into coalitions, and a central Aggregator agent which
selects which LFEs to include in a cooperative to participate in flexibility
trading in the Smart Grid. The third level of this architecture represents the
Smart Grid itself—specifically, the energy markets to which the Aggregator-
coordinated LFEs cooperative participates. We now proceed to describe the
key parts of our overall framework in detail.

3.1 Local Flexibility Estimators (LFEs)

An LFE agent acts as a coordinator of a coalition consisting of a varying num-
ber of heterogeneous DERs, effectively offering them visibility to the Grid.
This means that all DER assets, regardless of size, can now participate indi-
rectly in a flexibility aggregation process: though originally potentially too
small to bid in the energy markets directly [79], DERs can now form LFE-
coordinated coalitions; which in turn can be selected by the Aggregator to
participate in LFE cooperatives to trade the accumulated flexibility.

The rationale and particular method an LFE uses to select its participating
DERs are not absolute, as it depends on a multitude of constraints, priori-
ties, or other factors. One factor could be locality limitations. For instance,
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FIGURE 3.1: The component diagram of the proposed aggrega-
tor architecture consists of three levels; the Distributed Energy
Resources, the Aggregator Level, and the Energy Markets

it might be easier to pick all DER assets lying close to each other in a phys-
ical neighborhood because of how the smart meters are placed [80]. Alter-
natively, an LFE might be formed for the convenience of or to serve the pri-
vacy requirements of a single stakeholder or a group of stakeholders with the
same goals, like Local Energy Communities [81] or small companies. LFEs
can then employ any cooperative formation method of their choosing that
respects such requirements; for instance, they can use the very same member
selection mechanisms that an Aggregator may employ, which we describe in
detail in Section 3.4.

One of the primary responsibilities of an LFE is to monitor the consumption
and production of the DERs it controls. Importantly, it can then use the his-
torical consumption/production data to generate accurate estimations of the
total flexibility for all participating DERs. In addition to the flexibility pre-
dictions, an LFE also provides the aggregator with other necessary metrics,
such as confidence in the predictions (see Section 3.4.2). As a result, each LFE
handles a portion of the total aggregator flexibility estimation problem; LFEs
provide the aggregator with all information necessary for it to participate in
the market, thus reducing the computational complexity of the aggregator
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optimization process [82].

Most importantly, all the DER-related information is constrained and pro-
tected under the LFEs, so only the corresponding LFE can access the private
data of each DER. Additionally, the proposed distributed aggregator scheme
enables the usage of Smart Grid blockchain technologies [83], [84], which
have been used for Smart Grid applications to secure the transactions made,
while also protecting the private information required for the transactions.

3.2 The Aggregator agent

The aggregator in our framework possesses all the properties of a usual Smart
Grid aggregator [11]; however, it has some additional novel properties, too,
such as the ability to form LFE cooperatives. The framework we propose
is comprised of a single aggregator that directly controls the assigned LFEs
and indirectly manages all the DERs that the LFEs closely monitor. Addition-
ally, the aggregator is responsible for gathering all the smart-metering data,
e.g., flexibility estimations already pre-processed by the LFEs, to efficiently
manage the assets and trade their excess flexibility. To address the problem
of increasing the profits of each stakeholder, our Aggregator deploys a vari-
ety of scoring rules so it can fairly rank the LFEs according to their historic
flexibility estimations” accuracy.

Ranking and selecting LFEs are key since LFEs with unreliable (low-accuracy
predictions regarding their) flexibility estimations should not participate in
the Aggregator’s flexibility offers since they can damage both the Aggrega-
tor’s profits and overall reputation, while other LFEs might be more accurate
individually. This does not mean that low-accuracy LFEs will be excluded
from the markets. Instead, they can trade with the Grid directly.

The Aggregator is thus able to calculate the total energy flexibility it can offer
by selecting which LFEs will participate in the upcoming flexibility trades,
using scoring and ranking mechanisms such as the ones we propose below.
Moreover, the Aggregator is responsible for splitting the profits back to the
LFEs, based on their contribution and appropriate scoring mechanisms that
may also take into account the accuracy of LFE flexibility predictions.

3.3 Flexibility Estimation

In a Smart Grid context, total aggregator flexibility is its capability of shifting
electrical loads either from itself to the Grid or in the opposite direction [7],
[9]. At a given timeslot ¢, the flexibility provided by each DER in our work is
calculated as follows.
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To begin, BESS’s available flexibility is proportional to its current energy level
and specific charge/ discharge speed in KWh (Equation 3.1).

flexpgss(t) = Charge(or Discharge) Speed(t) (3.1)

The same principle applies to EVs (Equation 3.2); with the difference that to
calculate EVs'’ flexibility flexgy (t), one has to account for a minimum battery
level they should maintain in order to continue traveling.

flexpy (t) = Charge(or Discharge) Speed(t) (3.2)

The flexibility that interruptible load users can provide was set, following the
bibliography [9], to 10% of the load, they are currently using. Hence, upon
request of the aggregator through the LFEs, interruptible load users can alter
their energy consumption by 10%:

flexlnterruptibleLoadUsers(t) = 10% Load(t) (3.3)

Most renewable energy-producing DERs do not have the ability to halt their
production, so the flexibility of such DER assets is represented by the amount
of energy they produce (Equation 3.4):

flexEpergyGenerators (t) = Energy Generated(t) (3.4)

Then, the total flexibility of an LFE is the aggregate flexibility of all DER
assets it controls. Hence, the flexibility of LFE; that controls a set K of DERs
at timeslot t is defined as follows (Equation 3.5):

flexprei(t) = ), flexper,(t) (3.5)

VkeK
where flexpgg, (t) is calculated given the DER's type.

Finally, the total flexibility of the Aggregator is calculated as in Equation 3.6
below, where S is the set of LFEs selected by the Aggregator to contribute at

timeslot ¢.
flexAgg(t) = 2 fleprEs(t) (36)
VseS

3.4 Selection mechanisms

A key problem our framework addresses is the formation of efficient LFEs
cooperatives to participate in the flexibility trading. To facilitate this in an
impartial manner, the Aggregator first ranks the LFEs using certain scoring
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functions. All our proposed scoring methods calculate the Score; pg; for each
LFE; of the Aggregator, regardless of their prior participation in the latest
flexibility tradings of the Aggregator. The Aggregator needs to score the LFEs
regularly to have accurate information regarding the performance of every
LFE it controls. Additionally, it is possible that during some specific periods
of the year, the accuracy of the flexibility predictions can fluctuate [85], so
this can also be an essential factor in the aggregator’s decision process.

In our experiments, the Aggregator selects the LFEs with the LFE; scores that
exceed an Aggregator-specified threshold, in order to calculate its flex g, (t)
flexibility at time t. We now present our scoring mechanisms in detail.

3.4.1 Simple Selection mechanism

The first selection mechanism we developed uses the Mean Absolute Error
(MAE) of the flexibility prediction ffl\e/xLFEl- . Specifically, for an LFE; that
estimates its flexibility for the next k hours, we calculate the MAE as in Equa-
tion 3.7, Similarly, we define the average flexibility of an LFE as in Equa-

tion 3.8. R—
| flex; rr:(7) — flexprei(j
MAE; pi(t) = Y1 | flexp pg; (;{) flexprei(j)] (3.7)
k I flexppgi(j
AvgFlexyppi(t) = Lot f ¢ Lrei)) (3.8)

Then, we calculate the Score pg;(t) for each LFE; of the Aggregator by using
Equation 3.9. The first step is to divide the MAE| pr;(t) by the average ac-
tual flexibility, then we subtract that value from 1 to have a straightforward
confidence percentage. Finally, to avoid negative scores, we bound the score
value, Scoreppg;i(t) € [0,1].

(3.9)

MAE; rg;(t
Scorer pi(t) = max <1 — LrEi(t) O)

AngleprEi(t) ’

As we can see, the score is at maximum when the predictor is perfect (LFE;
has an MAE of 0). By contrast, the score is 0 when the predictions” mean
absolute error is worse than that of having a “dummy” predictor that al-
ways outputs 0 values, i.e., when the prediction MAE is greater than the
average flexibility. The central concept of this metric is to get a simple and
easy-to-compute confidence percentage so that we can use it as a “naive”
selection method to compare with other, more sophisticated solutions.

3.4.2 Continuous Ranked Probability Score (CRPS)

The second selection mechanism we deployed uses the Continuous Ranked
Probability Score (CRPS) [20], which assesses the accuracy of a probabilistic
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prediction over the actual occurrence. CRPS has been previously used for vir-
tual power plant formation [23], and we use it in our aggregator framework
to score the LFEs predictions aiming to optimize aggregator profits. CRPS is
a strictly proper scoring rule, meaning that the expected score is maximized
only if predictors accurately report their expectation over the prediction error
they can potentially make [20]. CRPS has been shown to incentivize energy
suppliers to be truthful and accurate [23], and we use it here to incentivize
truthful and accurate LFE flexibility predictions.

With the Simple Selection mechanism, the LFEs only had to send their flex-
ibility predictions to the aggregator. When using the CRPS selection mech-
anism, LFEs also need to provide the uncertainty over the prediction error,
and are rewarded accordingly: estimates that are both accurate and highly
confident will be the ones achieving higher CRPS scores. The CRPSypg;(t) is
defined as follows:

CRPS;(t) = o(t) {% —2¢ (jgg) - %(2@ (%) . 1)] (3.10)

where ¢ and ® denote the probability density and the cumulative distribu-
tion function of a standard Normal variable. In our case, e; is the relative pre-
diction error, as shown in Equation 3.11.

_ flexLFEi(i) - ﬁ\e;CLFEi(f)
flex pp;(t)

(which we ensure to take values in [-1,1]). Note that in Equation 3.11 flexy rr;

ei(t) (3.11)

is the random variable to be predicted (unknown in advance), while flex; r;
is the prediction for this variable. Additionally, along with every prediction,
the LFEs also send a Normal distribution NV (0, o(¢)?) to describe their uncer-
tainty over their error, where o(t) changes over time according to the LFEs
uncertainty on the predictions. (We assume, as in [23], that random errors,
over a long enough period, will be normally distributed around a mean of 0.)

3.4.3 Reinforcement Learning: DOQN

The final selection mechanism we developed deploys the celebrated Q-Networks
(DQN) [52] RL algorithm. We formulate the aggregator’s decision-making
problem as a decision process, aiming to find the action with the highest Q-
value—corresponding to the long-term utility of taking a (selection) action,
i.e., selecting a set of LFEs at this time step. We assume a continuous state-

space defined via providing as inputs the CRPSyrg;(t) and the ffl\echFEi(t)
for every LFE of the aggregator; and define a discrete action-space contain-
ing all the different possible selections of LFEs, using one-hot encoding. For
example, for n LFEs, there will be n bits of information, with 1 meaning the
LFE was selected, and 0 the opposite, so when the aggregator selects among
n LFEs, the action-space will have 2" possible actions.
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FIGURE 3.2: The architecture of the Reinforcement Learning
model used for the selection of the best LFE cooperative.

DOQN is a value-based method that does not store any explicit policy but only
a value function in the form of a deep neural network, hence the policy is im-
plicit and can be derived directly from the neural network as the action with
the highest value. In Figure3.2, we can see our neural network architecture.
We used five fully-connected layers with increasing nodes, so we could better
handle this complex optimization problem. Also, we put three "Drop-Out"
layers followed by rectified linear activation units (ReLU) to address the ran-
domness of the samples during training.

Two reward functions were developed for the training of the DQN model.
The goal of the first reward function is to maximize the profits of the aggrega-
tor during the evaluation time (Equation 3.12). Z is a normalization constant
that keeps the reward values closer to 0, but without an upper bound. The
term Vi, Agg(t) refers to the Grid payments towards the Aggregator for the
flexibility trading it has completed in timeslot t.

Verid Ace(t
Reward; (t) = %gg() (3.12)

The second reward function we tested tries to balance the profits of both the
Aggregator and the LFEs (Equation 3.13). This function takes values in the
[0,1] interval. Here too, ] is the set of LFEs selected to participate in the ag-
gregator’s latest flexibility trades, and S is a set comprised of every LFE in the
aggregator. We define Vg, 1FEi(t) to refer to Aggregator payments to each
LFE,; for participating in its flexibility trading. Also, we define Vi,;s rEi(t) to
refer to the payments received by LFE; at t while trading flexibility directly
with the Grid (when not selected by the Aggregator in timeslot ¢).

B Veria,agg(t)
Varia,agg(t) + Lvie(s—n Voria g (t)

Reward;(t) (3.13)
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3.5 Pricing Mechanisms

Another problem our framework addresses is the distribution of the aggrega-
tors’” profits to each individual LFE. We have deployed two different pricing
mechanisms inspired by previous studies. At first, using these mechanisms,
we calculate the payment from the energy markets to the aggregator for trad-
ing its flexibility and then payments by the aggregator to its LFEs. The (per
KWh) price of the traded energy in the markets at timeslot t is denoted as

p(t).

3.5.1 Prediction Accuracy mechanism

Our first pricing mechanism calculates the payments based only on “point
estimates” of the accuracy of the flexibility predictions (i.e., no uncertainty-
related distribution is reported), as in [77]. The more accurate the flexibility
estimators, the higher the payments it awards them.

To begin, Equation 3.14 shows how the Aggregator is rewarded for trading
its flexibility in the energy markets.

_ log|flexagg(t)] - flexagg(t)

VGrzd,Agg(t) - 1+a- eAgg(t)‘B P(t) (3.14)
The logarithmic term increases with the provided flexibility. This incen-
tivizes the Aggregator to include a large number of LFEs in its offers. At
the same time, the Aggregator has to proceed in its LFEs selection with cau-
tion, as its flexibility prediction error, denoted by esqe and calculated as in
Equation 3.11, plays a role in its final reward: notice that the parameters of
the denominator resemble a bell-shaped function, so the value is maximized
when the prediction error is zero. Parameters a and B determine the exact
shape of the curve [77]; in our experiments, we set &« = 1.6 and p = 4. In
particular, Figure 3.3 illustrates a bell-shaped graph depicting the accuracy

factor ﬁ of this payment method. We can observe that for errors in
Faeage(t)

[-0.25, 0.25], there is not any significant penalty resulting from this accuracy
factor, however, as the absolute error increases, the accuracy factor decreases
too in a linear fashion until it reaches values close to zero. Overall, this pay-
ment mechanism can be considered forgiving for predictions with smaller er-
rors, but it is also fair because it implies penalties for predictions with greater
errors.

The LFEs not selected by the Aggregator trade directly with the Grid, and
are also rewarded according to Equation 3.14 by swapping the terms e (t)
with e pgi(f) and flexAgg(t) with flexppgi(t).

After the Aggregator is paid, it distributes the profits to the contributing
LFEs. Equation 3.15 displays the pricing function used to distribute Vi,ij 444
to the LFEs based on their prediction error e;.
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FIGURE 3.3: The “Simple Scoring” accuracy factor graph for
errors ranging in [-1,1]

_ Z - flex;(t)
C T4a-e(t)P flexpge(t

The term flex;(t)/ flexagq(t) represents the flexibility contribution percent-
age of the LFE; to the Aggregator. Also, Z is a normalization parameter cal-
culated to split the payment to every LFE completely. One can adjust Z to
allow for some portion of the total payment to be withheld by the Aggrega-
tor.

Vage LFE () T Verid,Age(t) (3.15)

3.5.2 CRPS based mechanism

The second pricing mechanism [23] uses the CRPS score. This mechanism
encourages the formation of larger LFE cooperatives while giving incentives
for accurate and truthful flexibility predictions. A key difference with the
Prediction Accuracy-only pricing mechanism is that the CRPS-based mecha-
nism can be more forgiving to low-accuracy predictors. This is because LFEs
also provide their flexibility predictions” uncertainty distributions, accounted
for in their CRPS scores (see Sec. 3.4.2).

In particular, Figure 3.4 depicts the CRPS accuracy factor for various uncer-
tainty values 0;. We can clearly see that the uncertainty parameter of CRPS
(0;) creates various curves with different characteristics each. For instance,
when the provided uncertainty is close to zero, hence the predictor is stating
that it is very confident in the accuracy of its predictions, then the maximum
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possible accuracy factor value is close to the maximum only when the ac-
tually observed error is tiny too. Meanwhile, it suffers from a significant
decrease in case the error is actually more remarkable, for example, when the
stated uncertainty is 0; = 0.1, and the actual error is maximum, it results in
accuracy values close to zero. On the contrary, for predictors that state that
their uncertainty is very high, the CRPS is more forgiving, leading to higher
overall values. For instance, when a predictor reports that its uncertainty is
at maximum, hence ¢; = 1, the maximum accuracy value this predictor can
get might be the lowest at around only 0.7 out of 1. In contrast, if the error is
at maximum, this predictor will get the highest CRPS score in that case, with
the actual accuracy value being over 0.4 out of 1.
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FIGURE 3.4: The CRPS accuracy factor graph for errors ranging
in [-1,1]

The "Grid-to-Aggregator" payment shown in Equation 3.16 is calculated sim-
ilarly to the previous mechanism. However, the accuracy factor is the aggre-
gator’s CRPS value (normalized to [0,1] similarly to what is done in [23],
[86]) instead of a bell-shaped function.

VGrid,Agg(t) = CRPSAgg(t) -log|flexAgg(t)| -flexAgg(t) -p(t) (3.16)

Here too, the LFEs that were not selected by the aggregator use Equation 3.16
but with the relevant LFEi terms to calculate their "Grid-to-LFE" payment.
After the aggregator is paid, it distributes the profits to each selected LFE
member (set | of LFEs) using Equation 3.17.

Va (t) = CRPS agq(t) - flexrrei(t) - Varia,agg(t)
,LFE; -
88 ZWE] (CRPSLFE]'(t) -fleprE]-(t))

(3.17)
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This pricing mechanism ensures that each participant is awarded a weighted
portion of the total payment based on their contribution and their individual
CRPS score. Additionally, the CRPS is helpful because it shows how benefi-
cial the LFE estimates were for the total flexibility trading of the aggregator.

3.5.3 Simple Grid-to-Aggregator Payment

As mentioned, CRPS has been proposed for Smart Grid applications and was
proven to reward more generously the truthful and accurate predictors, re-
gardless if they were small DERs or large aggregators [23], [86]. However,
nowadays, this complex but strictly proper payment mechanism is not used
for the calculation of payments in energy trading. Instead, energy markets
use simple mechanisms that are mainly based on the flexibility contribution
and not on the accuracy of the predictions. For example, a large flexibility
platform in the United Kingdom named “Flexible Power” [87] uses “simple
payments” [88] to reward the participating DERs. Specifically, this “simple
payment” mechanism has two steps. The first step is for each energy markets
participant, either a single DER or a DER aggregator, to promise to deliver a
specific amount of flexibility ﬁe/xi at a future timeslot t at a predetermined
price p(t). The second step occurs after the timeslot t has passed and the
actual flexibility flex;(t) has been successfully traded.

flexgiss(t) = flex;(t) — flex;(t) (3.18)

Initially, we calculate the difference flex;;sf(t) between the promised flexibil-
ity and the actually delivered flexibility as seen in Equation 3.18. Then, if the
flexgiff(t) is lower than 0, meaning that the flexibility delivered is less than
the promised one, the Grid simply pays each KWh delivered using the pre-
determined price p(t). By contrast, when the flex,;¢f(t) is positive, the Grid
pays only the pre-agreed amount of flexibility ﬁe/xi(t) using the price p(t).
The rest of the flexibility delivered is paid using the current electricity prices
Pstandard (t), which is usually much lower than the predetermined energy. Re-
member that, in our case, we have made the assumption that DERs and the
aggregator always sell their generated energy to the Grid so that no energy
can be wasted. The final payment V,;; ; is calculated using Equation 3.19

VG idi = ]il\e}l(t) . p(t) flexdiff(t) <0
T\ flex (1) - p(t) + Flexaigr(t) - Potandara(t)  flexaips(t) > 0
(3.19)
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Chapter 4

Experimental Setup

Here, we describe in detail the experimental setup of this study. The main
goal was to evaluate the performance of the LFEs and the aggregator in a
variety of experimental scenarios that we especially formulated to test the
different aspects of our aggregator framework while maintaining the real-
istic aspects of the current electricity Grid. Initially, we will showcase each
experimental scenario in great detail, so it will be much easier to distinguish
the differences between them. Furthermore, there is a discussion about the
technical characteristics of the simulation and the assets comprising them. In
the end, we will also present the additional use cases we have formulated to
evaluate the proposed framework under realistic conditions, for instance in
case a natural disaster occurs or when weather is unpredictable.

4.1 Experimental Scenarios

It is very important to provide realistic simulations, so we can accurately
assess the performance of the proposed Aggregator framework before im-
plementing it in the actual Smart Grid. For this reason, we have created five
unique experimental scenarios in order to observe how each stakeholder re-
acts, while also evaluating the performance of the mechanisms we used.

We provide a detailed activity diagram (Figure 4.1) depicting the actions
taken by the various stakeholders in a period of time t. As we can see, the
main activity flow remains the same for all experimental scenarios, but there
are some important variations that will be discussed explicitly later.

As we can see, at all times, the LFEs monitor the electricity production and
consumption of all their DER members with the intention to process the
available data and train their flexibility estimators. At the start of every trad-
ing cycle, the LFEs deliver their flexibility predictions for the next 24 hours to
the Aggregator with the intention to trade in a day-ahead wholesale market
before the markets close.

Then the Aggregator using a scenario-specific selection method, chooses which
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FIGURE 4.1: An activity diagram presenting the five different
experimental scenarios developed for the evaluation of the pro-
posed Aggregator framework

LFEs to participate in the upcoming flexibility trades. Right after, the Aggre-
gator calculates its total flexibility estimation and participates in the flexibil-
ity tradings. At the same time, PowerTAC simulates the demand and supply
prices so that the energy market participants can buy or sell energy. After
that, the day-ahead market closes and continues to monitor the actual flex-
ibility delivered until the market opens again. After 24 hours pass and the
market opens again it calculates the payment of the Aggregator based on the
actually delivered flexibility and the prediction error, as seen in the previous
section about the pricing mechanisms.

Now that the Aggregator has gathered its payment, it distributes the profits
to the LFEs using scenario-specific pricing mechanisms. In the meanwhile,
the LFEs that were not selected by the Aggregator have also traded their
flexibility directly with the energy markets. The final step for the Aggregator
is to assess the prediction accuracy of every LFE, both the ones that were
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selected and those that were not, by re-calculating the Simple Scoring and
the CRPS metrics. It is important to re-evaluate after every trading cycle
because some LFEs might have better or worse prediction performance so
the Aggregator will know which LFEs to select for the next tradings. For
the third experimental scenario, the Aggregator also has to calculate the RL
reward and train the RL selection model using the latest information from
the current trading cycle.

As mentioned earlier, we have formulated five different experimental scenar-
ios with the intention of evaluating different aspects of the proposed frame-
work. In practice. we are testing five different LFE selection methods as seen
below.

4.1.1 Simple Selection

The first experimental scenario, “Simple Selection”, aims to assess the per-
formance of the proposed DER aggregation framework when it combines a
straightforward selection method with a “smart” Aggregator. Additionally,
the pricing mechanism used for this scenario is based only on the flexibility
contribution and the historic prediction accuracy, hence is easier to under-
stand for the nonspecialists.

f . MAE;pgi(l
AvgMAEFg;i(t) = Lizt-u - Lrei() (4.1)

The first experimental scenario uses the Simple Selection method to decide
which LFEs to participate in the Aggregator. In detail, the Aggregator calcu-
lates the average Simple Score of LFE; over a time period w for several trad-
ing cycles of the past, as seen in Equation 4.1. Then the Aggregator checks if
the average score is over the desired threshold 7. We have set T = 0.7 in our
experiments. As we can see in Figure 4.2, if Scorerpg; > T then the LFE; is not
selected to participate in the upcoming flexibility tradings of the Aggregator,
however the rejected LFEs trade directly with the Grid.

The other significant variation of this scenario is the pricing mechanism de-
ployed. Specifically, we use the prediction-accuracy-only pricing mechanism
described in the previous Chapter. In detail, the Aggregator uses this pricing
mechanism to split the profits after the Aggregator is paid by the Grid for its
flexibility trades, using only the LFEs’ flexibility accuracy. For all the other
experimental scenarios, we employed the CRPS pricing mechanism since it
was proven to give incentives for truthful and reliable LFE predictions, which
makes it a perfect fit for our Aggregator framework.

4.1.2 Using CRPS only

The second experimental scenario uses the more sophisticated CRPS selec-
tion method and the CRPS-based pricing mechanism. Here too, we calculate
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FIGURE 4.2: The activity diagram of Experimental Scenario:
“Simple Selection method”

the average CRPS score of a time period w and check if the final CRPS score
is less than a specific threshold as we can observe in Figure 4.3.

In particular, we have set the threshold T = 0.77 to mimic the selection rates
of the previous Simple selection method, so we could better compare them
together. We considered it very important to set the thresholds 7 of the first
two experimental scenarios in a way that the results would be comparable;
thus, we experimented and came up with the aforementioned values. Addi-
tionally, having similar LFEs selection behaviors can help us to concentrate
on the comparison of the profits and not the selection methods themselves,
as we will see later.

4.1.3 DON

For the third experimental scenario, we deployed the DQN RL model intend-
ing to see if there are any more dynamic selection patterns resulting from the
training of distinguished A.L techniques that could probably give us better
overall results. We have dedicated two experimental scenarios for this varia-
tion because we also wanted to compare the two proposed reward methods.
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FIGURE 4.3: The activity diagram of Experimental Scenario:
“Using CRPS only”

As seen in Figure 4.4 there are only a few variations on this experiment’s
flowchart when compared to the two previous flowcharts of Experiments 1
and 2. Initially, the selection method is completely replaced by a Reinforce-
ment Learning model. DQN is a value-based method, hence the model does
not give us directly the best policy. Instead, it calculates the Q-value of each
action. Specifically, this model, given the state information of a timeslot ¢ is
able to evaluate the set of all possible actions and provide us with the action
with the highest Q-value. Additionally, this experimental scenario also uses
the CRPS pricing mechanism because of its proven record of suitability for
Smart Grid applications.

The other main difference of this experimental scenario is it has two phases.
The first is the training phase, where the DQN algorithm is used. For most
RL algorithms is very important to be able to explore the entirety of the prob-
lem’s state space frequently enough, so the model can learn how to evaluate
every possible state it might end up into. For this reason, the training phase is
conducted initially so that the model can be efficiently resourceful before the
actual evaluation. In our case, the training phase consisted of 80 epochs of
2000 step simulations, each with a declining exploration rate for every game,
thus resulting in a few thousand samples for the DQN algorithm to train.
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FIGURE 4.4: The activity diagram of Experimental Scenario:
“Using DOQN”

The second phase is the evaluation of the DER aggregation framework in the
same game seeds as all the other experimental scenarios so that we can have
a stable and trustworthy comparison.

4.1.4 Singleton LFEs

The two following experimental scenarios were designed to showcase the
two opposite edge cases of the DER aggregation problem; hence the results
of these two can act as proper baselines with which we can compare our
results.

In the fourth scenario, as we can see in Figure 4.5, the Aggregator does not ex-
ist; hence every LFE interacts directly with the energy markets using the des-
ignated pricing mechanisms. This use-case acts as the first baseline method
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FIGURE 4.5: The activity diagram of Experimental Scenario:
“Singleton LFEs”

depicting how the LFEs would have performed if they had never partici-
pated in our Aggregator framework. Therefore, we expect our Aggregator
framework to always give better results than this scenario, at least in the fu-
ture Smart Grid settings.

4.1.5 AIllLFEs

The last experimental scenario acts as the second baseline with the intention
to compare the revenue of the LFEs and the Aggregator when every LFE is
participating in the Aggregator without any selection criteria.

After all, this scenario is very straightforward because it does not deploy
any selection methods, as we can observe by looking at Figure 4.6. With this
scenario, we intend to directly compare our novel Aggregator architecture
and the traditional aggregators proposed in the relevant literature.

4.2 Technical properties of the LFEs

In this section, we are going to discuss the technical properties of the Power-
TAC simulation by focusing on the LFEs we studied.
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FIGURE 4.6: The activity diagram of Experimental Scenario:
“All LFEs”

4.2.1 PowerTAC Simulator

The PowerTAC [22] platform, where the PowerTAC competition is conducted,
is a rich competitive economic simulation of future energy markets, featur-
ing several Smart Grid components (e.g., DERs, retail and wholesale energy
markets, etc.). With the help of this simulator, researchers can better under-
stand the behavior of future customer models and experiment with retail and
wholesale market business models or strategies so helpful information can be
extracted.

In our case, we have modified the PowerTAC platform so it could support
the addition of our Aggregator-specific mechanisms but without altering the
behavior of the realistic DER and market models. Another reason we selected
this simulation platform is that it employs a realistic day-ahead wholesale
market simulating the supply and the demand of future energy markets in a
pretty accurate way.

Another important feature of PowerTAC is that it uses real weather data to
determine the behavior of the Smart Grid models; hence this increases the ac-
curacy of the simulations. Figure 4.7 depicts an example of the four weather
variables of PowerTAC along the hour of the day. The first weather variable
is the temperature (in Celsius). As we can see, it can fluctuate a lot dur-
ing a simulation depending on the geographical location where the weather
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data were gathered from. Additionally, there are two variables regarding the
wind. The first is the wind speed, and the second is the wind direction that
has a significant impact on wind generation. Finally, another very important
variable is cloud cover which has a direct impact on solar energy production.
However, the PowerTAC models are not only affected by these four weather
variables, they also take into account the hour of the day, the day of the week,
and the month.
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FIGURE 4.7: The weather simulation data of the PowerTAC de-
composed to four parameters temperature, wind speed, wind
direction, and cloud cover

4.2.2 LFEs Specifications

In general, PowerTAC has a plethora of heterogeneous DER assets modeled
differently, trying to resemble the various aspects of the future Smart Grid.
Overall, the entirety of the PowerTAC assets are designed to model the pro-
duction and consumption of a small city; hence this means that there are
many non-DER assets, such as households and small enterprises, that might
not have either any available solar panels, for example, if they live in apart-
ments or any flexible loads such as heat pumps. However, aggregators, by
default, require flexible loads to operate, so we preferred to exclude “tradi-
tional Grid” assets from participating in any LFE and indirectly in an Aggre-
gator.
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Storage Controllable Maximum Maximum
Capacity (kWh) load (kWh) Prod. (kWh) Cons. (kWh)

BESS EVs  BESS EVs Generators Interruptible

LFE1 270 437 120 30 1000 - 1000
LFE2 270 535 120 35 5000 -1000
LFE3 180 369 80 23 1000 -10000
LFE4 180 361 80 20 1000 -250
LFE5 180 485 80 29 1250 -250
LFE6 180 429 80 26 500 -200
LFE7 180 404 80 23 500 -200
LFE8 180 418 80 28 500 -200
LFE9 270 449 120 26 1000 -250
LFE10 270 449 120 26 500 -200
LFE11 270 362 120 22 500 -200
LFE12 270 450 120 129 500 -15000

TABLE 4.1: The technical characteristics of the 12 LFEs formu-
lated for the experiments

To be precise, it was very important for us to include every DER in the Aggre-
gator regardless of its scale. In particular, our proposed Aggregator frame-
work supports both small and big-scale DER assets. For our current exper-
iments, we have randomly divided all the DER assets of PowerTAC into 12
LFE teams with varying characteristics each. However, we could have used
the cooperative formation mechanisms we proposed for our Aggregator to
determine the DER each LFE can select. In particular, Table 4.1 illustrates the
technical specifications of every LFE team that remained the same for every
experimental scenario.

We can compare the main characteristics of each LFE by dividing them into
four categories. The first column describes the storage capacity of the BESS
and the EVs of every LFE. The controllable load depicts the rate that the bat-
teries of BESS and EVs can charge or discharge electrical energy per hour
(kWh). The next characteristic, “Maximum Production”, shows the maxi-
mum amount of energy that renewable energy DERs can generate per hour,
indirectly showing the size and the generation potential of every LFE. Finally,
the last column shows the maximum energy consumption per hour for every
LFE.

We can notice that there are LFEs with higher storage capacities like LFE;
with a total capacity of 805 KW (270 KW from BESS and 535 KW from EVs)
and others that have much lower like LFE4 with 541 KW storage capacity
in total. However, LFEs also differ in the number of controllable loads they
can charge or discharge. For example, if we assume that every battery has
enough energy to discharge for an hour continuously, then LFE;, would be
able to deliver 249 kWh. At the same time, LFE; would only be able to de-
liver 100 kWh. Furthermore, there are LFEs with potential renewable energy
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generation from 500 kWh up to 5000 kWh, such as LFE,. Additionally, LFEs
also consume load in a different manner. For instance, most LFEs consume
around 100 to 250 kWh while LFE3, which hosts a few electricity-intensive
facilities, can consume up to 10000 kWh in peak hours. This heterogeneity
among the LFEs is a significant factor in making the experiments more real-
istic.

These technical specifications also impact the amount of flexibility the LFEs
can offer. Figure 4.8 provides us with a detailed example of how the total LFE
flexibility is calculated. We can distinguish the four DER categories, Electric
vehicles, Battery Energy Storages(BESS), Interruptible load users, and renew-
able energy generators, along with the two variations of flexible loads.

FIGURE 4.8: The flexibility of an LFE decomposed to EV, bat-
tery charge, interruptible loads, and production

It is visible that in this example, the majority of the flexibility derives from
renewable energy generators, while a smaller portion originates from inter-
ruptible load users, batteries, and EVs. However, it is noteworthy that the
flexibility provided by the generators is not stable and has major changes
depending on the weather and time of day. For example, Wind generators
can only produce energy when the wind speed is over a specific threshold;
similarly, solar panels provide negligible energy when the sun is covered or
when the sun is covered. Consequently, the rest of the DERs may contribute
to the total flexibility with a much smaller flexibility portion (around 1/5 of
the total), however, there is always some amount of energy ready to help in
the balancing of the Grid. To sum up, every DER is important in its own way
because even the smallest amount of flexibility offered can help.

Furthermore, after reviewing the individual flexibility of a good LFE, we can
now look at Figure 4.9 that illustrates the total flexibility offered by the 12
LFEs over some period of time. We can see that various flexibility patterns
greatly depend on the scale of the DER assets in every LFE. For example,



4.3. Static and Dynamic LFE accuracy 47

most LFEs, such as LFE; display many flexibility spikes in their waveforms.
These spikes are usually the outcome of solar panels that can only produce
renewable energy only when the sun is in the sky. On the other hand, other
LFEs such as LFE; and LFEy, have flexibility curves that illustrate spikes but
are generally smoother. In these cases, we could infer that the wind turbines
are responsible for these curves since they could produce energy for days if
there is a sufficient wind stream blowing.
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FIGURE 4.9: An example of the total flexibility of all 12 LFEs of
the Aggregator

4.3 Static and Dynamic LFE accuracy

As their name suggests, local Flexibility Estimators (LFEs) are responsible for
estimating the available flexibility of the DER assets they control and then
providing the Aggregator with accurate flexibility predictions for the next
hours. Additionally, when CRPS is used, LFEs also have to provide the Ag-
gregator with their uncertainty distributions so the strictly proper CRPS can
be computed by the Aggregator.

The flexibility predictions of the LFEs are the outcome of a Gaussian random
process, G(p, 0 - u), with u being the actual flexibility of the LFEs and the



48 Chapter 4. Experimental Setup

LFE prediction Probability Density Functions(PDF)

— 0.i=0.18
o_i=0.27

— 0.i=0.36

— 0_i= 0.45

—— 0.i=0.55

— o0_i= 0.64

o_i=0.73

A — 0_i=0.82

o
©
L

o
o
L

o_i=0.91
—— o_i= 1.0

Probability Density
o
i

o
[N

0.0 A

-4 -3 -2 -1 0 1 2 3 4
Flexibility Estimation Error

FIGURE 4.10: The error Probability Density Function (PDF) of
the prediction probability of every LFE

variance ¢ being an LFE-specific variance with ¢ € [0,1]. Additionally, we
have modeled the LFEs to have fluctuating prediction accuracy through the
course of the simulations so they can be more realistic. Figure 4.10 shows the
probability density function of the prediction error of every LFE.

In particular, this figure shows the probability an LFE makes an inaccurate
prediction. We can see that LFEs with higher variances have more chances to
make inaccurate predictions, while LFEs with lower ¢ usually have smaller
prediction errors. In addition to these heterogeneous LFEs of our simulation,
we also wanted to evaluate the performance of the proposed DER aggre-
gation framework in situations where the variance of the LFEs can change
dynamically due to unforeseen reasons, trying to resemble the occurrence
of natural phenomena. Specifically, we tested two different LFE prediction
accuracy use cases.

4.3.1 Static LFE accuracy

The first use-case we are testing with is the “Static LFE accuracy”, there,
the LFEs have a static standard deviation in their flexible load predictions.
More specifically, LFE; resembles the best flexibility predictor with ¢ ~ 0
and LFE;; the worse with ¢ ~ 1. All the rest LFEs after LFE; have grad-
ually worse accuracy, for example with ¢ = 1/11 we have o, = 1-¢,
OLFE; = 2-¢,0Lrg, = 3+ ¢ and so on, as depicted at Figure 4.11.

Basically, we have formulated the random Gaussian distributions

Greei(Flexppgi, 0 - Flexppg;) of the LFE in this specific way so that we could
associate o with the prediction error percentage e;. Specifically, when o =1,
it means that the average prediction error is equal to 1 after infinite predic-
tions. On the other hand, when the standard deviation of an LFE is ¢ = 0 its
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FIGURE 4.11: Standard Deviation of the LFEs’ flexibility esti-
mations in the "Static LFE accuracy" use case

average error will be 0 after many simulations, resembling a highly-accurate
flexibility predictor.

4.3.2 Dynamic LFE accuracy

The second use case we evaluate is the exact opposite of the first. In particu-
lar, here, the prediction accuracy of the LFEs gradually changes throughout
the simulations, hence the name “Dynamic LFE accuracy”. In this use case,
we tried to design experiments where the best LFE predictors would even-
tually get worse. The LFE predictors that were initially inaccurate could be-
come very accurate after some time. Figure 4.12 gives us an example of how
the standard deviation of the LFEs can fluctuate during the games. We have
put some boundaries so the value of the standard deviation will not be over
one or negative.

Specifically, we wanted to test how our novel Aggregator framework copes
with a dynamic environment where everything can change without notice.
This use case also provides another real-life scenario where the flexibility
predictions” accuracy may vary instantly, trying to resemble the occurrence
of natural phenomena and equipment faults. Figure 4.13 provides us with
an example of how the fluctuating LFE prediction deviation can impact the
CRPS value of the LFEs during the games. For this example, we have set
the CRPS selection threshold T = 0.68, which means that LFEs with an av-
erage CRPS score over the line will not participate in flexibility trades of the
Aggregator; instead, these LFEs will trade directly with the Grid. At first,
we can notice that a low-accuracy LFE, such as LFE;, initially started with
CRPS values around 1, however, as the game progressed, it managed to im-
prove its CRPS score. As a result, at the end of the simulation, it was selected
to participate with the Aggregator. Another example is that of LFEj, which
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FIGURE 4.12: The fluctuating Standard Deviation of the LFEs’
flexibility estimations in the "Dynamic LFE accuracy" use case

over time the CRPS was getting higher.

CRPS during the simulation

CRPS of predictions during the simulation

1250
Timeslot

FIGURE 4.13: An example of how the fluctuating standard de-
viation impacts the CRPS of the LFEs throughout the simula-
tion

Chapter 5 below presents our interesting results regarding the efficiency of
the selection mechanisms we developed in this real-life experimental sce-

nario.
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Chapter 5

Experimental Evaluation

In this chapter, we present the experimental evaluation of the proposed Ag-
gregator framework. The results are averages of 30 simulations with different
properties and 2000 timeslots each, so that we can get statistically significant
results. We divided PowerTAC’s customer assets into 12 heterogeneous LFEs
comprising various DER assets, such as solar panels, batteries, electric vehi-
cles, households, and interruptible consumption users. This makes the simu-
lations much more realistic, since every LFE has different attributes. Some of
these attributes refer to the electricity consumption/production profiles and
the total storage capacity.

We use PowerTAC’s day-ahead wholesale market to trade flexibility in our
experiments. Specifically, the simulation is divided into timeslots, with each
day having 24 timeslots resembling the hours of the day. Like in many real
energy markets, in our experimental scenarios too, all offers should be sub-
mitted before 12:00 pm, so there is a need for each LFE to provide the Ag-
gregator with at least 24-hour-ahead flexibility predictions. Furthermore, we
make the very important assumption that when an LFE generates renewable
energy, it will always sell it to the Grid, with the price depending on the
experimental scenario, so no electricity is wasted.

There are various types of electricity markets currently operating; however,
in this work we focus on the most common type, which is the day-ahead mar-
ket. The day-ahead market is based on the predicted load or consumption
of the DER assets. There, the base wholesale market prices typically reflect
the electricity price when it can flow freely without transmission constraints
across the Grid operators’ territory. When that is impossible, Grid operators
recalculate the costs to account for congestion on transmission lines by al-
lowing prices to differ by location. As a result, areas with high demand and
limited electric resources usually have higher prices than those with suffi-
cient generation relative to the load. The PowerTAC simulator can simulate
this behavior and provide realistic supply and demand models.

For this reason, we chose to evaluate our DER aggregation framework in two
payment scenarios. First, we employ the CRPS pricing mechanism to com-
pute the reward from the Grid to the Aggregator and the singleton LFEs,
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because CRPS has been proven to be very resourceful in Smart Grid applica-
tions [23], [86]. For the second scenario, we are adopting a simple linear pay-
ment mechanism currently used by some European Aggregator platforms,
such as United Kingdoms” “Flexible Power” [87]. The second payment func-
tion is based only on the pre-arranged KWh prices of the day-ahead market
and the actual flexibility delivered to the Grid. Therefore, in order to have
a better perspective, we evaluate the performance of our proposed DER ag-
gregation framework both in future Smart Grid settings, using CRPS-based
payments, and in the current Grid’s settings too.

5.1 Results: CRPS-based Grid Payments

In the literature, we have already seen strictly proper scoring rules, such as
“CRPS”, to be successfully used in Smart Grid applications. Specifically, [23]
have shown that when the Grid pays a DER asset using the CRPS metric,
it incentivizes it to give honest load flexibility forecasts, thus improving the
stability of the Grid in general. So, in this first batch of experimental scenar-
ios, we will be using the following CRPS-based payments because we expect
CRPS to be of value both to the Smart Grid in terms of stability and to the
Aggregator in terms of monetary gains.

VGrid,Agg(t) = CRPSAgg(t) ) log|flexAgg(t)| 'flexAgg(t) -p(t) (5.1)

The CRPS “Grid-to-Aggregator” payment function is shown in Equation 5.1,
and the CRPS “Grid-to-LFE” is described in Equation 5.2. The payment for
the Aggregator and the LFEs that trade directly with the Grid is calculated
using the Aggregator’s or LFE’s CRPS value, along with a specific KWh price
p(t) and the actual flexibility contribution flex(t).

VGrid,LFEj(t) = CRPSLFEi(t) . log|fleprEl.(t)| . fleprEl.(t) . P(t) (5.2)

In the rest of this Section, we will present the experimental results when us-
ing the CRPS payment mechanisms to reward the Aggregator and the in-
dividual single LFEs that trade their flexibility directly with the Grid. Ad-
ditionally, we have formulated two different use cases with respect to the
accuracy of the LFEs’ flexibility predictions. In the first use case, the Gaus-
sian distribution that simulates the theoretical LFE predictions remains the
same for the duration of the simulations. In the second use case, we try to
take a more realistic approach where LFEs will not be either “high-accuracy”
or “low-accuracy” predictors but a mix of both. This means that in the "Dy-
namic LFE-Accuracy” use case, the probability distribution of every LFE will
gradually change during the simulations.
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5.1.1 Static LFE accuracy

The first use case we experiment with is the “Static LFE accuracy”, where the
LFEs have a constant standard deviation in their flexible load predictions.
More specifically, LFE; resembles the best flexibility predictor with o ~ 0
and LFE;, the worse with o ~ 1.

Static LFE accuracy
Total Profits(€) of LFEs via the: | Aggregator | Grid
Simple Selection “OK | 152K
Iféllj\?rﬁ?;g:j :1 563 K 19K
ng\?ﬁ:ﬁj :2 525 K 57 K
Singleton LFEs 0 |s9K
AIIEEI?E?; 1$i$isl;ate 604K |0

TABLE 5.1: The total profits of LFEs via the Aggregator and
the Grid at the end of the simulations for every experimental
scenario

As mentioned previously in Section 4.1.1, in the “Simple Selection” scenario,
we evaluate the use of the Prediction Accuracy pricing mechanism 3.5.1 when
the Aggregator pays the LFEs. In every other experimental scenario, the Ag-
gregator utilizes the CRPS-based payment mechanism 3.5.2 to distribute its
profits to the LFEs.

First, we start by comparing the total profits of the Aggregator in every ex-
perimental scenario. Table 5.1 shows the total profits of the LFEs that sold
their energy via the Aggregator and the total profits for the energy sold di-
rectly via the Grid at the end of the simulations. We can see that the profits of
the Aggregator are similar in the “Simple Selection” and “Using CRPS only”
scenarios. This similarity in profits has to do with the selection mechanisms
and the thresholds we used, as we will see in other figures later.

Additionally, when comparing the “Singleton LFEs” and the “All LFEs” we
can see that the total profits of the LFEs via the Aggregator (604K) are higher
than when they traded exclusively with the Grid (519 K), showing that our
DER Aggregator guarantees greater payments in the static LFE-Accuracy use
case. As expected, the Aggregator has the highest profits when every LFE
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FIGURE 5.1: “Static LFE accuracy”: Total profits (€) of the LFEs
in every experimental scenario

participates and trades its flexible loads through it; however, it is very im-
portant to note that this does not mean that because the Aggregator in total
had the highest profits, every LFE was more profitable too. Specifically, Fig-
ure 5.1 shows the total amount of money each LFE accumulated in every
experimental scenario. We can see that the best LFEs with the highest accu-
racy (LFEsy_4) had higher profits in the first two experimental scenarios. By
contrast, the remaining LFEs had the highest total profits either when every
LFE was participating in the Aggregator, or for some LFEs, when we used
the DQN selection method. Also, the total profits of the LFEs, especially for
“good” predictors, were higher than their profits when being singleton LFEs,
showcasing, once again, one of the benefits of participating in the Aggrega-
tor.

Figure 5.2 shows the average flexibility selling price for all the LFEs in differ-
ent experimental scenarios where LFEs’ selection rules are different. At first,
we can notice that the first 4 LFEs, which are better predictors than the rest,
are selling at a higher average price than the other LFEs, this is a result of
both the prediction accuracy and the amount of flexibility they traded. Ad-
ditionally, the better performing scenarios for the “best predictors” are when
using either the Simple Selection or the CRPS scoring rules, while the most
profitable scenarios for the “worse predictors” are when every LFE partici-
pates in the Aggregator so their prediction error can be balanced out by the
whole LFE team when the total flexibility of the Aggregator is computed.

Furthermore, Figure 5.3 depicts the selling channel and the total profits of
each individual LFE. We can see that in this Static LFE-accuracy use case,
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FIGURE 5.2: “Static LFE accuracy”: Comparison of the average
payment (€) per MWh sold of every LFE in all the experimental
scenarios

all LFEs traded their energy only through one channel, excluding LFEs in
the first two experimental scenarios. In the next section, where we examine
the dynamic LFE-accuracy case, we will have the chance to make a better
comparison of the total profits of each LFE and their trading channels.

Another comparison that can be helpful can be derived from observing how
the total LFE Energy was sold (Figure 5.4). In the first two scenarios, our
Aggregator framework prefers to select only the best-predictor LFEs, hence
guaranteeing a higher flexibility price, as seen in previous figures. Addition-
ally, with the DQN selection method, the LFEs traded most of their energy
via the Aggregator, leaving out only a small portion to be directly traded
with the Grid. The latter explains the overall lower selling prices of the DQN
selection method. Also, we can see that the LFEs produced the same energy
in every case, which was intended because we wanted a fair comparison of
every selection method.

However, for this analysis, we also need Figure 5.5 to understand better how
often the LFEs were selected to participate in the Aggregator by the way they
traded their flexibility. We can see in the Simple Selection, and the CRPS-only
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FIGURE 5.3: “Static LFE accuracy”: Comparison of the amount
of money (€) LFEs got via the Aggregator and the Grid

selection methods choose the best-performing LFE predictors to participate
and trade flexibility with the Aggregator. At the same time, the rest are not
selected because of their low accuracy. In scenarios 3 and 5, most LFEs are
participating in the Aggregator, which is the main reason their average price
is higher, as seen in the previous Figure 5.2.

Figure 5.6 compares the flexibility selling channel of every LFE, and it is di-
rectly related to the selection percentage depicted in Figure 5.5. Here again,
we can observe that our aggregation framework only selects LFEs that it



5.1. Results: CRPS-based Grid Payments 57

1 mmm Total: Via Aggregator

I Total: Directly to Grid l I I

FIGURE 5.4: “Static LFE accuracy”: Comparison of the Total
LFE Energy sold(GWh) for every experimental scenario

IS

Energy Sold (GWh)
o - N

w

Expl: Simple Selection Exp2: CRPS only Exp3.1: DQN Reward 1

100 100 100

75 75 75

50 50 50

Usage %
Usage %
Usage %

25 25 25

0 0 0
1234567 89101112 1234567 89101112

1234567 89101112
Local Flexibility Estimator Local Flexibility Estimator

Local Flexibility Estimator

Exp3.2: DQN Reward 2 Exp5: All LFEs
100 100

75 75

50 50

Usage %
Usage %

25 25

0
12345678 9101112 12345678 9101112
I ocal Flexihilitv Fstimator I ocal Flexihilitv Fstimataor
FIGURE 5.5: Static LFE accuracy: Comparing the LFE partic-

ipation percentages (in the Aggregator cooperative) for every
experimental scenario

“trusts”, based on the scoring functions it used to trade flexibility together.

On the contrary, it prompts “low-accuracy” LFEs to trade their flexibility di-
rectly with the Grid.

In summary, we observed that it is more profitable for the best-performing
LFEs to use the Simple Selection and CRPS scoring rules because these sce-
narios value more truthful and reliable LFEs. On the contrary, the worse-
performing LFEs prefer to participate in a cooperative so they can cover their
inability to predict accurately. Probably the more efficient solution for this
“Static LFE accuracy” use case would be to divide the LFEs into two teams
based on their CRPS and create two different Aggregators, one for each team
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FIGURE 5.6: “Static LFE accuracy”: Comparing the flexibility
selling channel (directly to Grid or via the Aggregator) and the
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using the most suitable payment mechanism for each. For instance, the most
accurate predictor LFEs could be paid using the CRPS payments, shown in
Section 3.5.2, and the less accurate using another.

5.1.2 Dynamic LFE accuracy

The second use case we are testing is the “Dynamic LFE accuracy”, where
the LFE predictors with the lowest prediction accuracy gradually improve
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while the best-performing ones slowly degrade. This use case provides an-
other real-life scenario where the flexibility predictions” accuracy may change
without any notice, trying to resemble the occurrence of natural phenomena
and equipment faults. In this use case, we expect to observe different results
when using different selection methods than when we used the “static LFE
accuracy” scheme.

Dynamic LFE accuracy
Total Profits(€) of LFEs via the: | Aggregator Grid
Simple Selection 318K | 304K
I])ESI:)\(I{III{?&E:; :1 482 K 73 K
5511?3?523 :z 516 K 52 K
Singleton LFEs 0 |smK
Al LFEs participate 78K |0

TABLE 5.2: The total profits of LFEs via the Aggregator and
the Grid at the end of the simulations for every experimental
scenario

The total profits of the Aggregator and the LFEs are important indicators
showing us the essence of every experimental scenario. Table 5.2 depicts the
total profits of all the LFEs of the Aggregator and the way they sold their
flexibility. We can see that in this use case, too, the selection methods and the
thresholds we have set have created similar profit margins for both Scenario
1 and Scenario 2. Specifically, the LFE teams have made around half of their
profits (318K and 302K) through the Aggregator flexibility trades, while the
other half (304K and 335K) was traded directly with the Grid. Furthermore,
the two different DQN selection methods preferred to trade their overall flex-
ibility via the Aggregator, thus resulting in 482K and 516K profits against the
73K and 52K profits via the direct Grid trading. In contrast with the "static
LFE accuracy” use case, here, both the “Singleton LFEs” and “All LFEs par-
ticipate” use cases have similar profits but, of course, from opposite sources:
directly from the Grid the first, just from the Aggregator the second.

This similarity of the payments of the two exactly opposite baseline scenarios
might seem counter-intuitive; however, it is a characteristic of the CRPS pric-
ing mechanism, which is used for the calculation of the payments from the
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FIGURE 5.7: "Dynamic LFE accuracy”: Comparison of the
amount of money (€) LFEs got via the Aggregator and the Grid

Grid to the singleton LFEs and the Aggregator. In detail, CRPS rewards better
LFEs that are truthful and accurate, which means that even if an LFE has low-
accuracy predictions, it informs the Grid /Aggregator about it with the pro-
vided uncertainty distribution. Therefore, that LFE can receive higher pay-
ments than a higher-accuracy LFE predictor that has miscalculated its uncer-
tainty distribution. This CRPS attribute was demonstrated earlier when we
discussed the CRPS pricing mechanism. In experimental Section 5.2, where
we use simple usage fees to calculate the Grid payments, we expect to see
many different results regarding the total profits of the LFEs.
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Table 5.2 can only demonstrate one aspect of the results; however, with Fig-
ure 5.7, we can see the total profits of each LFE and the way they traded
their flexibility. In contrast to the “static LFE accuracy” use case, here we
can see that the Aggregator had a more dynamic selection strategy to adjust
to the fluctuating LFE accuracy during the simulations. Here again, the first
two Experimental scenarios have very similar distributions because of the
threshold parameters T we had designated.

The DON selection method was less dynamic than we would have expected.
Like the previous “static accuracy” use case, we can see that the DON se-
lection methods selected only specific LFEs to participate in the Aggregator.
However, the selected LFEs are different in every case, showing the dynamic
selection capability of the decision-making of the reinforcement learning al-
gorithms. Additionally, this DQN selection method might have performed
even better if we had experimented with a more detailed state definition. For
example, adding other more suitable environmental variables into the state
space of this DON RL model might have helped to detect more efficiently the
dynamic changes of the LFEs” accuracy, resulting in optimal selection mech-
anisms that maximize the profits of the LFEs and the Aggregator.

130000
Y _ Expl: Simple Selection
9@ _ Exp2: CRPS only
®_ Exp3.1: DQN Reward 1
ﬂ ®  Exp3.2: DQN Reward 2
97500 1 Y wﬁ _®_ Exp4: Singleton LFEs
i i B Exp5: All LFEs
I i
(:3 1 Hnin ‘I
1 Hnin 1]
5 ﬁ"..F- HH S
& 65000 i 1 T
= i
© Hin 1 Hnin i Hin
) W e wme e YI” +
2 W I e e TRIT I
W I e e 1 I
LTI R R LTI TLLLT ngan Y 1
32500 4 HHHHH—— HH— H—— - H 1P |q W W
TR R R LR LLLLT mn v 11l
Hin 1 Hnin i Hin Hin 1 1] Hnin
W I e e W e g
R LR T TTTRR TTTTTRRNTTTTTIN . ? w1 u®n
i i nnn e i gt i Wi TR LR T TR TTHT
mn o e unn unn offe e e B WeeE e il
I I O Wi i ne nee W e e e i
0_ L LiLill LiLiil il Ll LiLill LiLiil il Ll LiLill LiLiil Ll

1 2 3 4 5 6 7 8 9 10 11 12
Local Flexibility Estimator

FIGURE 5.8: “Dynamic LFE accuracy”: Total profits (€) of the
LFEs in every experimental scenario

We continue breaking down the profit-inspection problem even further by
observing the total profits of each LFE in every experimental scenario, clearly
depicted in Figure 5.8. In this “dynamic-accuracy” use case, it is evident that
the “CRPS only” selection method provides the higher total incomes for most
LFEs, excluding LFE¢ 789 where the difference is minimal and LFE;; where
the “DQN reward-1"” method resulted in almost double the profits. Also, the
profits of the “Simple Selection” selection method were similar to the CRPS
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method but not as good. This similarity in the profits shows that the “CRPS
only ” selection method is the most suitable for environments with highly
unstable LFE-predictors. Additionally, both DON methods achieved higher
profits than the baseline scenarios for only specific LFEs, showing that the
DON method needs to be further developed, in order to be applied in this
dynamic environment.
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FIGURE 5.9: “Dynamic LFE accuracy”: Comparison of the av-
erage payment(€) per MWh sold of every LFE

As mentioned earlier, in this dynamic use case, the CRPS and Simple Selec-
tion Rules offer the best total flexibility profits for almost every LFE; however,
these methods also provide the highest average payment per MWh for most
LFEs. As we can see in Figure 5.9, only the LFEsq7g had another method
nearly better than the first two scoring rules. Also, in this use case, the DQN
selection methods work slightly better for some LFEs. Still, they result in low
profits for some individual LFEs, which also indicates that this DQN method
does not perform as well as expected when the LFEs” prediction accuracy
fluctuates as much. Additionally, we can see that neither baseline scenario
(scenarios 4 and 5) can reward all the LFEs with a higher payment per MWh.

In the rest of this experimental results section, we will view the performance
of our DER aggregation framework using each selection method from a Flexi-
bility-sold point of view. Figure 5.10 displays the channel through which the
LFEs traded their flexibility. We can observe that for the first two selection
methods, which were the highest rewarding ones for most LFEs, only around
2 GWh out of the 5 GWh total, were sold via the Aggregator. This fact verifies
that CRPS and the Simple Selection method thrive in dynamic environments
by carefully selecting which LFEs to participate in the Aggregator cooper-
ative, as shown in Figure 5.11. On the contrary, the DQN methods traded
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FIGURE 5.11: “Dynamic LFE accuracy”: Comparing the LFE
participation percentages (in the Aggregator cooperative) for
every experimental scenario

around 4 GWh of energy via the Aggregator and only 1 GWh directly with
the Grid. This shows that trading with the Aggregator only sometimes guar-
antees the highest profits. Additionally, the results from the two baseline sce-
narios indicate that neither is the ultimate solution, which also verifies that
DERs need “smarter” Aggregators schemes, such as the DER framework we

propose, and not simplistic everyone-in or everyone-out DER aggregation
strategies.

Moreover, Figure 5.12 depicts the Aggregator participation percentages for
every LFE. We can see that the Simple Selection and the CRPS-only method
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have quite a unique selection scheme. LFEs 1,7,8,9 and 12 were participating
in the Aggregator tradings under 25% of the time. LFE3 had around 30%
participation percentage, and the rest were participating in the Aggregator
flexibility trading around 50-75 % of the time. It is impressive that no LFE
was selected at all available times. The other Selection methods had more
static results; for example, in the “Experimental scenario 3.1: Reward 17,
LFEs 6,7,9 and 11 had a close to 0 % participation percentage, and all the rest
LFEs had an overall 100% participation percentage.
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FIGURE 5.12: “Dynamic LFE accuracy”: Comparing the flex-
ibility selling channel (directly to Grid or via the Aggregator)
and the total flexibility (GWh) sold
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Figure 5.12 depicts how the LFEs traded their flexibility. We can observe that
the reason the first two Selection methods performed better was due to the
way they selected which LFEs to participate in. On the contrary, the DON
scoring rule did not adapt to this dynamic environment and, most of the
time, selected the same LFEs to participate, resulting in lower selling prices
we previously discussed.

Overall, in both use cases, we can see that it is inefficient for all the LFEs to
trade directly with the Grid, judging by the results of the "Singleton LFEs"
scenario. Additionally, we found out that the CRPS Scoring Rule performs
the best when the accuracy of the LFE team is higher because it gives incen-
tives for truthful predictions. Also, the Simple Selection method proved to be
very useful since it can perform equally well or usually slightly worse than
the CRPS. Finally, the "All LFEs" scenario, where every LFE participates in
the Aggregator, is more profitable for LFEs with lower prediction accuracy
because the weight of the prediction errors of some individuals is split be-
tween all the members of the cooperative. Thus, in that case, the average
reward for better predictors gets lower, while the average reward for worse
predictors gets higher.

5.2 Results: Simple Grid-to-Aggregator Payment

In the previous experimental-results section, we have seen how a strictly
proper rule, such as CRPS, can contribute to the pricing mechanisms of the
Smart Grid. In the past, CRPS has been used for applications in the Smart
Grid and was proven efficient for truthful and accurate predictors, regard-
less of whether they were small DERs or large Aggregators. However, nowa-
days, this complex but strictly proper payment mechanism is not used for
calculating payments in energy trading. Instead, energy markets use simple
mechanisms based mainly on the flexibility contribution and not so much on
the accuracy of the predictions. As we have seen in Section3.5.3, the simple
payment is calculated as shown in Equations 5.3 and 3.14.

flexgips(t) = flex;(t) — flex,(t) (5.3)

Initially, the difference flexyis¢(t) between the estimated flexibility and the
actually delivered flexibility is calculated. The Grid pays each KWh deliv-
ered using the predetermined price p(t) but only for the number of KWh
that was agreed to deliver. If the delivered flexibility is greater than the one
estimated, then the rest flexibility is paid using the standard price pssandara(t)-
The final payment V(,;; ; is calculated using Equation 3.19, re-stated here as
Equation 5.4 for convenience.

Veyiai = {ﬂf}i(t) -p(t) flexgiss(t) <0
e flex;(t) - p(t) + flexaigr(t) - Pstandara(t)  flexaiss(t) >0
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(5.4)

In the rest of this section, we will demonstrate the experimental results of
our Aggregator framework when the Grid uses “Simple Payments” to pay
the delivered flexibility upon the agreed KWh price.

5.2.1 Static LFE accuracy

The first use case we are going to examine is when LFEs have static pre-
diction accuracy through the course of the simulations. Unlike the previ-
ous section, where CRPS was used to calculate the Grid-to-Aggregator/DER
payments, here, LFEs don’t get penalized for being inaccurate; hence the op-
timal bidding strategy from the side of the LFEs would be to bid for much
larger amounts of flexibility than the ones they can deliver, so their con-
tribution, even if less than the one promised, is awarded through the pre-
agreed price p(t) which is usually higher than the current electricity price
Pstandard (t). However, in our simulations, we have made the assumption that
the Aggregator and the LFEs that directly trade with the Grid will never ex-
ploit this feature since we haven’t developed any penalty mechanism for this
edge case.

Static LFE accuracy
Total Profits(€) of LFEs via the: | Aggregator | Grid
Simple Selection 61K | 4K
Using CRPS only S
sty | mx7x
popeiments, |k x
Singleton LFEs 0 |K

All Logs III)I;!EZiSI;ate s1k- 10

TABLE 5.3: The total profits of LFEs via the Aggregator and
the Grid at the end of the simulations for every experimental
scenario

It should be noted that the total profits accumulated by LFEs in the previous
section using the “CRPS based Grid-to-Aggregator” payment cannot be com-
pared with the profits gained when using the “Simple” Grid-to-Aggregator
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payment because of fundamental differences in the way they are stated. For
example, the CRPS Grid-to-Aggregator payment has an additional logarith-
mic term multiplying the final payment intending to incentivize the forma-
tion of larger cooperatives. By contrast, the “Simple” does not have such a
multiplier. Instead, we can compare the relative profits of each LFE when
using different pricing mechanisms.

First, we can take a look at Table 5.3 showing the total profits of the LFEs
for this static LFE accuracy use case and the way they earned their money in
every experimental scenario. We can observe that the first two experimen-
tal scenarios reward the LFEs similarly, in detail, they have accumulated 61
thousand euros by tradings through the Aggregator and around 41 thousand
euros by trading directly with the Grid. Similarly, the rewards are distributed
for the two DQN scenarios, with around 75K euros gained from the Aggre-
gator trades while only around 10K euros via the Grid. However, the most
striking feature of this table is the difference in the profits when all LFEs trade
alone (Experiment four) and when all LFEs participate in the Aggregator (Ex-
periment 5). In particular, the total profits of the singleton LFEs stood at 92K
euros, which is 11K euros higher than the total payments when every LFE
trades through the Aggregator. The latter clearly shows that traditional Ag-
gregator schemes, where every DER asset participates in the Aggregator, are
not cost-efficient when using simple usage payments that do not individually
penalize LFEs for their inaccurate estimations. On the contrary, our aggre-
gation framework manages to accumulate higher amounts of profit for the
simple selection and the CRPS-only methods, summing to a total of 102K€
(61K via the Aggregator and 41K via the Grid) and 104K (61K + 43K) euros,
respectively.
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FIGURE 5.13: “Static LFE accuracy”: Total profits (€) of the
LFEs in every experimental scenario
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Figure 5.13 illustrates the total profits of every LFE after the end of the sim-
ulations. In this use case, we can infer that the usage of the simple selection
and CRPS methods guarantees the highest total payments when compared to
every other selection method. In particular, the CRPS-only selection method
manages to differentiate from the simple selection method by a few thou-
sand euros in most cases, such as for LFE{; while in the worse cases, it leads
to equal total payments for LFEs. Furthermore, we can observe that when
using simple usage payments, the singleton LFEs scenario achieves greater
overall performance when compared to DON methods and the second base-
line method.

Figure 5.14 presents the average payment per KWh for every LFE in the six
tested scenarios. This figure verifies the previous findings, clearly depicting
the superiority of the CRPS-only method that is deployed by this framework.
The simple selection method is the runner-up accumulating an average pay-
ment of a few more cents for LFE3 and LFE,, while in every other case, it
scores a few euros less than the CRPS. The “singleton LFEs” baseline sce-
nario is the third most efficient option having a difference in its average pay-
ments fluctuating from 1 euro up to 3 euros less, which is significant since
each LFE sells many MWh. In the final place come the remaining selection
methods having a much worse performance varying up to 5 euros less than
the CRPS-only method.
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FIGURE 5.14: “Static LFE accuracy”: Comparison of the aver-
age payment (€) per MWh sold of every LFE in all the experi-
mental scenarios

We continue this extensive evaluation of the proposed DER aggregation frame-
work by taking a deeper look at the way LFEs accumulated their profits (Fig-
ure 5.15). The bar charts illustrated here have certain similarities with the
respective charts of the previous sections. We can observe that the first two



5.2. Results: Simple Grid-to-Aggregator Payment 69

selection methods select only the best-predictor LFEs to participate in the
Aggregator trades, while the DQN methods select most of the LFEs.
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FIGURE 5.15: “Static LFE accuracy”: Comparison of the
amount of money (€) LFEs got via the Aggregator and the Grid

Observing Figure 5.16, we can see that all LFEs traded approximately five
GWh in total per simulation. The first two scenarios managed to split it al-
most equally, with around three GWh sold via the Aggregator and over two
GWh directly to the Grid. Also, DQN methods delivered most of their en-
ergy via the Aggregator and traded only half a GWh directly to the Grid.
However, it is interesting that in this “Simple Payment” results section, the
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Singleton LFEs delivered less energy overall when compared to when every
LFE participates in the Aggregator (Experiment 5).

1 = Total: Via Aggregator
W Total: Directly to Grid

Energy Sold (GWh)
o - N w S

FIGURE 5.16: “Static LFE accuracy”: Comparison of the Total
LFE Energy sold(GWh) for every experimental scenario
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FIGURE 5.17: Static LFE accuracy: Comparing the LFE partic-
ipation percentages (in the Aggregator cooperative) for every
experimental scenario

Furthermore, we can take a closer look a the participation percentages for ev-
ery LFE during the simulations by observing Figure 5.17. Here, we can verify
our initial expectations and previous observations that Simple Selection and
CRPS-only methods select only the best LFE predictors; while DQN meth-

ods usually select most of the LFEs with other criteria, probably deriving
from the way their RL models were trained.
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Finally, Figure 5.18 compares the flexibility selling channel of the LFEs. Here,
we can also see that every LFE sells a different amount of energy; more specif-
ically, the first five LFEs, LFEg, and LFE; sell over 0.5 GWh while the rest
LFEs sell under 0.5 GWh. This heterogeneity allows us to have more realistic
simulations trying to imitate the performance of real-life DERs in the Smart

Grid.
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5.2.2 Dynamic LFE accuracy

The last use case we study is the “Dynamic LFE-accuracy”. In this use case,
the accuracy of the predictions of the LFEs fluctuates during the games, lead-
ing to unstable performances from the side of the predictors. We do not ex-
pect to see significant differences because, as mentioned earlier, the lack of
a penalizing mechanism, such as CRPS, can result in unfair payments. This
means that if an LFE; trades a specific amount of flexibility flexypg;(f) thatis
much less (low-accuracy predictor) than the agreed upon the flexibility to de-
liver ( ﬁe/x Lrgi(t)) to the Grid, then an Aggregator that trades exactly (perfect
predictor) the pre-agreed amount of flexibility f/l\e/x Agg (t) will be paid the ex-
act same amount of money per KWh as the very inaccurate LFE. This under-
scores a significant problem of existing energy markets that greatly impacts
the Grid’s stability. However, we can take a closer look at the experimental
results of this use case when we use our novel DER aggregation framework
and then compare it with other use cases, such as the CRPS payment used to
calculate the reward for the Grid-to-Aggregator/LFEs transactions.

Dynamic LFE accuracy
Total Profits(€) of LFEs via the: | Aggregator Grid
cDpementl vk e
Using CRPS only 6K | 78K
popeiments | mk
popeiments | mk ik
Singleton LFEs 0 |k
AllLEES I;iEZiSI;ate S0k |0

TABLE 5.4: The total profits of LFEs via the Aggregator and
the Grid at the end of the simulations for every experimental
scenario

Initially, we can observe Table 5.4, which compares the total amount of money
LFEs have gathered by trading via the Aggregator and by trading directly
with the Grid. First, Simple Selection and CRPS-only methods have accumu-
lated similar amounts of money, the only difference being that the second had
10K euros more directly with the Grid than the first. Additionally, it seems
like the first reward method performs better in this use case since it accumu-
lated 6K euros more than the “DQN reward 2” method. Interestingly, we can
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observe that the Singleton LFEs have gathered 122K euros which is equal to
the total profits of the CRPS-only scenario, showing that Singleton LFEs are
efficient when there are a lot of fluctuations in the prediction accuracy of the
LFEs, and the Grid uses simple payments. However, we need to observe the
other figures, too, to have a spherical view of the results so we can character-
ize how efficient our Aggregator framework is.
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FIGURE 5.19: “Dynamic LFE accuracy”: Comparison of the
amount of money (€) LFEs got via the Aggregator and the Grid

With the help of Figure 5.19, we can get more insights into the performance
of each selection method and of our framework in general. Figure 5.19 de-
picts the amount of money the LFEs accumulated by trading via the Grid and
directly with the Grid. As it is natural, the first two selection methods have
similar outcomes, however, the CRPS-only method results in slightly higher
payments overall, we will extract more detailed information about the exact
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amount of money from Figure 5.20. The DQN selection methods resulted in
less total profits for every LFE when compared to the LFEs of Simple Selec-
tion, CRPS-only, and Singleton LFEs method. Furthermore, another notable
observation is that when every LFE participates in the Aggregator, the total
accumulated money is much less.
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FIGURE 5.20: “Dynamic LFE accuracy”: Total profits (€) of the
LFEs in every experimental scenario

In detail, by observing the total profits of each LFE in every scenario (Fig-
ure 5.20), we can see that the CRPS-only selection method is the most prof-
itable in total for every LFE without any exception, showing the efficiency
of our novel aggregation framework when combined with strictly proper
rules, such as CRPS. To our surprise, the Singleton LFEs method follows quite
closely with only a few hundred euros less than the first method. The third
place belongs to the Simple selection method, which achieved solid perfor-
mance of only a few hundred euros less than the Singleton LFEs. The two
DQN methods follow with a much larger difference of a few thousand euros
in total, showing that the dynamic reinforcement learning models failed to
learn the optimal policy that maximizes the total profits of each LFE. Finally,
it seems that it is quite wasteful-because potential profit is lost-to participate
in traditional Aggregators (that have no selection methods and every DER
joins) when the Grid pays the Aggregator using simple payments.

Now that we have seen the total profits, we can also observe another impor-
tant metric showing the average payment of euros per energy sold (MWh), as
depicted in Figure 5.21. We can notice that the CRPS-only selection method
resulted in the highest average payment per MWh for every LFE. In partic-
ular, it follows a similar trend to that of the total profits of each LFE (Fig-
ure 5.20), meaning that the Singleton LFEs method is the runner-up with a
slight difference varying from 0 euro (for LFE;) up to 2 euros for LFE;. The
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FIGURE 5.22: “Dynamic LFE accuracy”: Comparison of the To-
tal LFE Flexibility sold(GWh) for every experimental scenario
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The lack of a penalizing mechanism in the “Simple payments” when calcu-
lating the payment from the Grid to the Aggregator has created an exciting
result. More specifically, Figure 5.22 demonstrates the total flexibility traded
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by all LFEs in every experimental scenario. Combining this figure with Fig-
ure 5.22 about the average payments, we can notice that even when the Sim-
ple Selection method and the CRPS-only method delivered the same amount
of flexibility, as shown in Figure 5.22, their average payments had a notable
difference of 1 euro per MWh less for the Simple Selection. By contrast, the
Singleton LFEs scenario, where LFEs traded flexibility directly with the Grid,
resulted in similar average payments per MWh with the CRPS-only scenario,
which was the most profitable, as verified in Figure 5.21. Based on the pre-
vious observation about the difference in average prices in different exper-
imental scenarios, we could intuitively state that there are potentially other
selection patterns based on our Aggregator framework that could possibly
increase even more the average payments of every LFE. Indeed, there is still
a lot of space for additional experimentation when using other LFE selection
methods or payment mechanisms.

Figure 5.23 depicts the participation percentages of the LFEs in the Aggre-
gator’s flexibility trades. The selection patterns of the first two methods are
quite familiar to us since they are similar to the corresponding ones from
the CRPS Grid-to-Aggregator payments. We can see that the threshold T we
have set for these methods has managed to create dynamic selection methods
that are also cost-efficient. On the other hand, the DQN methods selected at

all times only the best LFEs according to their evaluations, 7 LFEs for DQN
reward; and 8 LFEs for DQN reward,.
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FIGURE 5.23: “Dynamic LFE accuracy”: Comparing the LFE
participation percentages (in the Aggregator cooperative) for
every experimental scenario

Finally, Figure 5.24 depicts the total energy sold by each LFE and their selling
channel at the end of the simulations. The results depicted here are similar
to the previous CRPS-based Grid-to-Aggregator payments.
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5.3 Summarizing the Results

Concluding, we can notice that in every case, the LFEs sold the same amount
of energy regardless of the experimental scenario, the static or dynamic LFE
accuracy, and the payment method used by the Grid. Generating a similar
amount of energy in every simulation was an important condition that we
made sure to ensure. Therefore, we could get statistically significant results
on how our aggregation framework impacts the profits the LFEs make, es-
pecially when compared to a traditional Aggregator without any selection
methods(Experiment 5) and when no Aggregator is gathering the DERs (Ex-
periment 4).

The aforementioned results clearly showcase the rise in the monetary gains
of all stakeholders attributed to the use of our proposed DER aggregation
framework. Interestingly, not only a single method but at least two, e.g., the
Simple Selection method, CRPS-only selection method, and DQN selection
in specific use cases, are performing better than the traditional Aggregator
scheme where every DER is selected to participate in the collective Aggrega-
tor flexibility trades. Also, our DER aggregation framework outperforms, in
terms of final profits, the other baseline scenario, that of “Singleton-LFEs”,
when using both CRPS payments from Grid-to-Aggregator and simple pay-
ments from Grid-to-Aggregator, even though in the second environment, the
difference is not as significant as in the first.
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Chapter 6

Conclusions and Future Work

In this work, we put forward a novel flexibility aggregation framework for
effectively integrating DERs in the Smart Grid. Our framework consists of a
novel multiagent architecture along with various selection and pricing mech-
anisms found in the literature or introduced for the first time in this pa-
per. Additionally, we presented a systematic experimental evaluation of our
framework using data from the highly realistic PowerTAC simulator, which
we extended to allow for the incorporation of flexibility aggregators and re-
lated entities and mechanisms.

We formulated various experimental scenarios to test our flexibility aggrega-
tion framework’s performance in realistic situations. In particular, we have
designed and tested two separate Grid-to-Aggregator payment scenarios.
Therefore, we evaluated the performance of our proposed DER aggregation
framework both in Smart Grid settings, using CRPS-based payments, and in
the current Grid’s settings, using “Simple” Payment.

Our results show that our framework can successfully contribute to the ef-
fective integration of DERs in the Grid, increasing their profits while also
supporting the Grid’s stability. The results show that LFEs that are accu-
rately stating their flexibility predictions are always rewarded better when
participating in our proposed DER aggregation framework than in baseline
methods. Additionally, less-accurate LFEs managed by our framework are
awarded better in most cases, even though their stated flexibility estimations
can potentially have more significant errors.

The CRPS Selection mechanism delivered the highest average payments in
most evaluation settings and for most LFEs, with only a few exceptions for
less accurate LFE predictors. The second best method was the Simple Selec-
tion mechanism, being a close second to CRPS Selection when using CRPS
Grid-to-Aggregator payment. By contrast, the singleton LFEs scenario was
the second best method when using the “Simple” Grid-to-Aggregator pay-
ment. Finally, the DQN selection mechanisms were an interesting novel ad-
dition to our framework; however, their performance was not as consistently
excellent as when the Aggregator utilized the CRPS Selection mechanism,
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thus creating a need for further experimentation with this novel Reinforce-
ment Learning approach for LFE cooperative formation.

6.1 Future Work

In terms of future work, there is still much space for experimentation with re-
spect to cost-efficient DER Aggregation methods. In particular, we intend to
experiment with alternative selection and pricing mechanisms by using other
scoring rules that might apply better in some scenarios. For instance, we
could experiment with another scenario that will use the “Simple Selection
mechanism” (introduced in this thesis) to select which LFEs to participate
in the aggregator flexibility trading when combined with the CRPS pricing
mechanism to split the profits to the participating LFEs. Furthermore, there
have been various scoring rules used in the literature for forecast evaluation
in the past, such as Binary Scoring Rules [89], Surrogate Scoring Rules [90],
Energy Score [20], etc., that could possibly have a remarkable impact on the
way the new Selection mechanisms would perform. Additionally, many pric-
ing mechanisms are used, either in Smart Grid settings [91], [92] or not [93],
[94], that could be applied and tested on our framework to incentivize differ-
ent DER behaviors.

Furthermore, we also plan to study methods (readily supported by our frame-
work) that allow LFEs to replace inefficient DER assets after evaluating them.
Specifically, we have not examined in this study how the LFE formation
process—the process of selecting which DER to participate in the LFE-impacts
the final prediction accuracy and the final profits of the other DERs in the
LFE. Therefore, it could be reasonable to consider that some specific DERs
could get better payments if they join another LFE with different charac-
teristics. The results of this kind of experimentation would be most likely
noteworthy.

Another research direction deriving from this work would be the study of
the dynamic formation of multiple cooperatives with different properties in
the same DER aggregation framework. This intuitive idea was generated
naturally by observing the behavior of the LFEs in the experimental results
of Chapter 5. In detail, it would be interesting to incorporate Aggregators
that create more than one LFE cooperative, potentially using different mech-
anisms for each depending on its attributes, resulting in even higher profits
for the LFEs.

Finally, it would be quite insightful to study the performance of our novel
flexibility aggregation framework when placed in a larger Smart Grid en-
vironment with multiple competing aggregators. Therefore, enhancing our
framework with the ability to include multiple aggregators competing for the
representation of efficient LFEs, is also interesting future work that resembles
with greater accuracy how the real DER markets will evolve.
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