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ABSTRACT

Development and Application of Stackelberg Game-Based Strategies for Energy Sharing

Management of Microgrids

Ozge EROL

Department of Electrical and Electronics Engineering
Programme in Electrical Installation Systems

Eskisehir Technical University, Institute of Graduate Programs, January 2023

Supervisor: Assoc. Prof. Dr. Ummiihan BASARAN FILIK

The main objective of this thesis is to develop energy sharing management strategies
for microgrids. In accordance with this purpose, the problem of energy sharing manage-
ment of a microgrid including photovoltaic - wind turbine prosumers with energy stor-
age systems, and plug-in electric vehicle charging stations is modeled as a single-leader
multi-follower Stackelberg game. The proposed game provides several significant con-
tributions to literature. Firstly, the roles of prosumers can dynamically change as buyers
or sellers according to the pricing policy of the leader in each time interval. Secondly,
prosumers can take an active role in the microgrid by shaping their energy consump-
tion strategies with their specified decision parameters. Thirdly, the energy demands of
plug-in electric vehicle charging stations are determined as variable demands based on
the operational characteristics of charging stations, considering an integer programming
problem. Fourthly, by the necessary modifications identified for the presented approach,
the microgrid can operate independently from the utility grid and satisfy the requirements
of islanded mode. Finally, a proper billing scheme is designed to eliminate the negative
effects caused by uncertainties, and thus, to increase the robustness of the game approach
on real-time applications. In addition to these contributions, the proposed Stackelberg
game approach is extended to solve the problem of energy sharing management between
microgrids. To demonstrate the effectiveness of the developed strategies, case studies are

performed on MATLAB software and results are presented.

Keywords: Stackelberg game, microgrid, energy management, islanded mode.
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OZET

Mikro Sebekelerin Enerji Paylagim Yonetimi i¢in Stackelberg Oyun Tabanli Stratejilerin

Gelistirilmesi ve Uygulanmasi

Ozge EROL

Elektrik-Elektronik Miihendisligi Anabilim Dali
Elektrik Tesisleri Bilim Dali

Eskisehir Teknik Universitesi, Lisansiistii Egitim Enstitiisii, Ocak 2023

Danisman: Dog. Dr. Ummiihan BASARAN FILIK

Bu tezin temel amaci, mikro sebekeler icin enerji paylasim yonetimi stratejileri
gelistirmektir. Bu amag¢ dogrultusunda, enerji depolama sistemlerine sahip fotovoltaik -
rlizgar tiirbini iireten tiiketicileri ve elektrikli arac sarj istasyonlarini iceren bir mikro se-
bekenin enerji paylasim yonetimi problemi, tek-liderli ¢ok-takipgili Stackelberg oyunu
olarak modellenmistir. Onerilen oyun, literatiire birka¢ nemli katki saglamaktadir. ilk
olarak, iireten tiiketicilerin rolleri, her bir zaman araliginda liderin fiyatlandirma poli-
tikasina gore alic1 veya satici seklinde dinamik olarak degisebilmektedir. ikincisi, iireten
tilkketiciler, enerji tiiketim stratejilerini belirledikleri karar parametreleri ile sekillendirerek
mikro sebekede aktif rol alabilmektedir. Uciinciisii, elektrikli ara¢ sarj istasyonlarinin
enerji talepleri, bir tamsay1 programlama problemi dikkate alinarak, sarj istasyonlarinin
caligma ozelliklerine dayali degisken talepler olarak belirlenmektedir. Dordiinciisii, sunu-
lan yaklasim icin tammmlanan gerekli degisikliklerle, mikro sebeke ag sebekesinden bagim-
s1z olarak calisabilmekte ve ada modu gereksinimlerini kargilayabilmektedir. Son olarak,
belirsizliklerin neden oldugu olumsuz etkileri ortadan kaldirmak ve bdylece oyun yak-
lasiminin ger¢ek zamanl uygulamalar iizerindeki giirbiizligiinii arttirmak i¢in uygun bir
faturalandirma semasi tasarlanmistir. Bu katkilara ek olarak, onerilen Stackelberg oyun
yaklagimi, mikro sebekeler arasindaki enerji paylasim yonetimi problemini ¢6zmek i¢in
genisletilmistir. Gelistirilen stratejilerin etkinligini gdstermek icin MATLAB yaziliminda

vaka calismalar1 yapilmis ve sonuglar sunulmustur.

Anahtar Sozciikler: Stackelberg oyunu, mikro sebeke, enerji yonetimi, ada modu.
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1. INTRODUCTION
In Section 1.1, the background and existing literature about the content of this thesis
are overviewed. In Section 1.2, the motivation and objectives of this thesis are presented.

In Section 1.3, the outline of the subsequent chapters is given.

1.1. Background and Literature Overview

Microgrids have emerged as an important platform for evolving the existing power
grid to a future smart grid in line with the growing demand for enhanced energy effi-
ciency, reduced greenhouse gas emissions, and improved power reliability and quality
[1,2]. With the ongoing developments and innovations in distributed generation, advanced
power electronics [3], energy storage (ES) [4], and modern communication technologies
[5], microgrids facilitate the effective management and operation of complex and critical
infrastructures. Microgrids are an ideal solution for ensuring secure energy distribution
in small communities and industrial areas. They can adequately meet local energy de-
mands by utilizing renewable energy generation, ES facilities, and upgraded energy poli-
cies in distribution networks [6, 7]. Thus, microgrids improve the efficiency of power sys-
tems, supply electricity that is highly reliable as well as cost-effective, and reduce trans-
mission/distribution losses with the physical proximity of distributed energy resources
(DERSs) and loads [8].

In a typical microgrid architecture, different types of renewable energy resources
(RERs) (such as photovoltaic (PV) panels and wind turbines (WTs)), loads, and ES sys-
tems are connected to the utility grid with proper monitoring, communication, protection,
and control systems [9]. A microgrid can operate in either grid-connected mode or is-
landed mode, and it can switch seamlessly between these two modes according to the
requirements and operational characteristics of the network [10, 11]. In normal condi-
tions, a microgrid is connected to the utility grid through a point of common coupling
[12] and acts as a subsystem of distribution systems. In this mode, local loads inside the
microgrid are supplied by distributed generation units located near the loads [13]. The
connection to the utility grid is aimed to transfer power between the microgrid and utility
grid if there is demand or excessive energy. Thus, during the grid-connected mode, a mi-
crogrid reaps the advantages of power trading with the utility grid. However, for the time

intervals in which an outage or a failure occurs in the utility grid, the microgrid discon-



nects from the utility grid and shifts its operation from grid-connected mode to islanded
mode to ensure the system’s stability and reliability [14]. In islanded mode, it is capable
of ensuring continuous supply to demands by efficient operational integration of DERs,
demand response, and load shedding. Not all microgrids have two modes of operation,
some microgrids fully operate as islanded microgrids because they do not have access to
the utility grid.

Microgrids may face some challenges in meeting local energy demands with the
energy provided by DERs. This is caused by the stochastic, uncertain, and intermittent
nature of RERs, which highly depend on environmental factors, and also uncertainties
in load demands and schedules [15]. Considering the increasing incorporation of RERs,
the effective coordination of energy sharing inside a microgrid plays a significant role in
satisfying system constraints in either grid-connected mode or islanded mode. In conven-
tional microgrids, a central entity ensures energy sharing within the microgrid, aiming
to minimize the total cost. The end-users generally exhibit passive behaviors while sup-
plying their energy needs from the microgrid [16]. However, in microgrids consisting of
multi-parties, each party may have a different aim for selling, buying, consuming, or even
storing energy depending on the adopted role. These parties can include prosumers, ac-
tive end users with flexible loads, etc., which are assumed as rational and autonomous.
Thus, the energy sharing in these microgrids can not be conducted considering only cost
minimization [17]. In this regard, as microgrids become more complex, the key factor for
the development and reliable operation of such microgrids is based on the definition of a
robust energy management framework [18-20].

Energy sharing management maintains the supply-demand balance of a smart mi-
crogrid by adjusting power from/to the utility grid, DERs, and loads. The DERs and loads
have the capability to communicate with the central unit and even directly with each other
in a dynamic manner, enabling centralized, decentralized, or distributed optimization of
microgrid operations [21]. Thus, the microgrid can operate as a self-controlled system
dynamically interacting with different entities to optimize energy utilization based on in-
dividual rationality [22]. However, it may be challenging to perform energy management
algorithms due to the unpredictable nature of renewable power generation and inconsis-
tencies in load demands as well as rational or autonomous behaviors of active end-users

[23, 24]. Considering these factors, researchers have directed their attention towards the



energy management of microgrids with the aim of ensuring consistent, sustainable, and
cost-effective operation of microgrids, while satisfying specified operational objectives
and system constraints [25].

In the existing literature, there are many decision-making strategies and their so-
lution methods applied for energy management of microgrids [26-28], including linear
[29-34], nonlinear [35-38], dynamic [39-44], stochastic [45-51], and robust [52-55]
programming techniques, metaheuristic approaches [56-60], fuzzy logic [61-63], neu-
ral network [64—67], and game theory [68—71]. Among these methods, game theory is an
analytical as well as a conceptual framework with a set of mathematical tools enabling
the study of complex interactions among independent rational agents [72]. This theory
attempts to mathematically capture the behavior of individuals in strategic situations, in
which an individual’s success in making choices depends on the choices of others. More
precisely, a game consists of a set of players, a set of moves (or strategies) available to
those players, and a specification of payoffs for each combination of moves [73]. It is
well-known that game theory is a powerful tool for representing interactions among self-
interested players/agents and predicting their choices of strategies [74]. In game theory,
there are several types of solutions, such as Nash, Stackelberg, and Bayesian [71].

Stackelberg games are a special kind of non-cooperative games, in which there ex-
ists a hierarchy among players. In a two-level game, players are classified as leaders and
followers [75]. In the original work of Heinrich von Stackelberg given in 1934, the Stack-
elberg model applies to monopolistic conditions where a number of small firms follow the
behavior of a large dominant firm, which is the case including a single leader and multi-
ple followers [76]. Note that, in the literature of game theory, the Stackelberg model has
been also extended to the case including multiple leaders and multiple followers [77]. In
general, each player in a Stackelberg game is rational and selfish, aiming to maximize its
utility. In addition, the leaders are in a position to enforce their strategies on the followers
[78]. Hence, the leader takes action first, and then the follower responds to the leader’s
decisions in a rational manner [79]. It is assumed that the leader is aware that the follower
will observe its decisions, and the leader possesses full knowledge of how the follower
will react to its decisions. Once the decisions have been made, the leader must commit
to them; that is, the leader cannot reverse its actions [80]. The leader is believed to have

certain advantages that enable it to act first, such as the structural advantage of being a



manufacturer over suppliers and customers. These advantages result in greater profits for
the leader as compared to the follower. However, the leader must provide a certain level of
incentives to the follower, or the follower may decline to participate in the supply chain.
This scenario could render the leader’s strategic plan infeasible or unprofitable [81].
When the previous works are considered, it is observed that Stackelberg games are
effectively utilized to develop energy management strategies, particularly for energy trad-
ing between service providers and users, through the use of a leader-follower framework
[82, 83]. Tushar et al. proposed a non-cooperative game and achieved a unique Stackel-
berg equilibrium to provide energy management of a smart grid consisting of a shared
facility controller and multiple residential units [84]. Liu et al. proposed a game approach
with a single leader and multiple followers to coordinate energy sharing in a microgrid in-
cluding PV prosumers [85]. Ma et al. introduced a leader-follower game model for the en-
ergy management of a grid-connected microgrid including PV prosumers, and combined
heat and power [86]. Bu and Yu proposed a game-theoretic scheme, in which real-time
pricing based demand-side management is used, to coordinate the interactions between
the electricity retailer and customers [87]. Maharjan et al. formulated a Stackelberg game
that involves end-users and utility companies, intending to maximize the benefits of both
parties, specifically the payoff of each user and the revenue of each utility company [88].
Meng and Zeng presented a Stackelberg game approach aiming for the maximization of
a utility company’s profit and minimization of its customers’ payment bills [89]. Chen
and Zhu provided a Stackelberg game-based framework to model the interactions be-
tween microgrids and generators by considering not only the physical constraints of the
grid but also the economic factors [90]. Tushar et al. developed a single-leader multi-
follower Stackelberg game approach to coordinate energy management between the cen-
tral power station and consumers [91]. The proposed optimal distributed solution aims to
minimize the total cost of the power station and maximize the benefits of end-users. Li
et al. proposed a cooperative Stackelberg game model that captures the interaction be-
tween a retailer and several prosumers, with the retailer acting as the leader to coordinate
peer-to-peer energy transactions among the prosumers through the pricing strategies [92].
Liu et al. introduced a leader-follower game model for the multiparty energy manage-
ment of combined heat and power-based microgrids with thermal and electricity demand

responses [93]. Yin et al. presented a two-stage Stackelberg game model for the energy
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management of aggregate prosumers in a virtual power plant considering the uncertainties
of renewable energy output and market price [94]. Anoh et al. developed a multi-leader
multi-follower game-based framework to optimize energy sharing in a virtual microgrid
consisting of consumers and producers [95]. Shen et al. established a single-leader multi-
follower game to formulate the interactions among a DER aggregator, day-ahead energy
and reserve markets, and distribution system, considering the security check [96]. Liu
et al. proposed a game model that enables energy sharing between PV prosumers in
two different modes as direct sharing, and buffered sharing which involves the ES sys-
tem [97]. Matamala and Feijoo proposed a two-stage stochastic Stackelberg game with a
chance constraint approach to model microgrid operations considering the uncertainty of
renewable power generation and electricity prices [98]. Erol and Bagaran Filik presented a
Stackelberg game approach to coordinate energy sharing in a microgrid that includes PV
and WT prosumers [99]. The authors also proposed a leader-follower game model aiming
to provide flexibility to end-users by addressing the problem given in [99] more compre-
hensively with the inclusion of ES systems and plug-in electric vehicle (PEV) charging
stations (CSs) in the microgrid [100]. Jiang et al. established a Stackelberg game-based
planning approach to formulate the interactions in an integrated community energy sys-
tem, aiming to maximize the profit of the energy server and minimize the energy bill
of the energy consumer [101]. Huang et al. designed a dynamic pricing model based on
the Stackelberg game, in which the energy service provider optimizes the planned output
strategy and load curve of users considering both its profit and the interests of users [102].
Zhang et al. constructed a non-cooperative Stackelberg game framework with the aim of
optimizing the power transaction between the integrated energy system operator and inte-
grated energy systems [103]. The framework utilizes dynamic pricing to achieve optimal
energy efficiency and economic benefits while taking into account costs. Cai et al. pro-
posed a day-ahead optimal scheduling model for a hybrid AC/DC multi-energy microgrid
considering uncertainties and Stackelberg game-based integrated demand response [104].
Li et al. proposed a Stackelberg game-based framework for the optimal scheduling of
integrated energy systems through coordinating renewable energy generations and inte-
grated demand response [105]. He et al. presented a leader-follower game to model the
interaction between the retailer and consumers by designing customized prices based on

consumption patterns and occupancy status of different consumers [106]. Luo et al. for-



mulated a multi-leader multi-follower Stackelberg game model for the energy scheduling
of a three-level integrated energy system including electricity and natural gas utility com-
panies, smart energy hubs, and users [107]. Li et al. constructed a leader-follower-based
stochastic scheduling for the energy management of multi-community integrated energy
systems in an uncertain environment [108]. Tang et al. established a Stackelberg game
model to coordinate energy management among multiple microgrids by determining op-
timal bus routes, where a plug-in electric bus (a special type of PEV) operator is the leader

and microgrid operators (MGOs) are the followers [109].

1.2. Motivation and Objectives

In light of the aforementioned works, the main objective of this thesis is to pro-
pose energy sharing management strategies for microgrids. Motivated by this objective,
the problem of energy sharing management of a microgrid including PV-WT prosumers
with ES systems, and PEV CSs is discussed. Following the formulation of the problem,
a single-leader multi-follower Stackelberg game approach is proposed considering the
flexibility as well as behavioral/operational characteristics of end-users, and requirements
of the network. The proposed approach designates the MGO as the leader responsible
for managing energy sharing within the microgrid by establishing a pricing scheme, with
PV-WT prosumers and PEV CSs acting as followers. Prior to the start of the game, a
decision-making strategy for day-ahead ES scheduling covering a 24-hour time period is
presented to determine the amount of charging or discharging energy required for each
prosumer’s ES system. Since the proposed game approach requires the exact implemen-
tation of the strategy determined by the leader, it is of great importance to deal with the
uncertainties of renewable energy generation, charging/discharging energy of the ES sys-
tems, and energy consumption. Thus, possible negative effects of these uncertainties on
the outcome are minimized by designing a billing scheme within the scope of this thesis.
After implementing the energy sharing management for a single microgrid, the problem
is extended to address the management of energy sharing between microgrids.

Briefly, the contributions of this study to the existing literature can be outlined as

* The problem of energy sharing management of a microgrid is addressed compre-
hensively, including two typical types of prosumers equipped with ES systems,

and PEV CSs. By the proposed single-leader multi-follower Stackelberg game ap-



proach, the energy management problem of the microgrid is discussed from the
perspective of the MGO, aiming to coordinate energy sharing to attain the highest
profit while considering the interests of all prosumers and PEV CSs.

In the existing studies, seller and buyer roles owned by prosumers are determined
based on their forecasted energy production and consumption values at the begin-
ning of each time interval, and these roles remain fixed even if a change in the
role could lead to greater benefits according to updated prices. In the proposed ap-
proach, after the game is performed for each time slot, the roles of prosumers can
change from seller to buyer or buyer to seller in response to the prices set by the
MGQO. Therefore, prosumers have the flexibility to switch their roles based on the
final prices, rather than being constrained to their initial roles. This enables greater
adaptability and potential for increased benefits.

In the previous studies, the chosen utility functions of prosumers do not incorpo-
rate prosumer-based parameters that can enhance the energy sharing problem of
the MGO in prosumers’ interests. However, in this study, the decision parameters
of prosumers, which can be specified in accordance with their preferences, are in-
cluded in the utility functions. Together with these decision parameters, the behav-
ioral characteristics of prosumers are integrated into the problem and considered in
the solution. As a result, the energy management strategies of prosumers can be ob-
tained based on their specified parameters reflecting the behavioral characteristics,
which allows for a more active role of prosumers in the problem.

Consumption limits of prosumers are defined in the problem as non-linear con-
straints. In addition, state of charge (SOC) limits of ES systems are integrated into
the ES planning of prosumers. By including these constraints in the non-linear pro-
gramming problem discussed, the distribution of prosumers to buyer, seller, and
self-sufficient sets can be made more accurately.

In similar studies, PEV CSs are considered as regular consumers like buyer pro-
sumers that supply their energy demands from the microgrid as total loads inde-
pendent from vehicle numbers and charging levels. In the hereby approach, while
designing the energy management algorithm of the microgrid, the problem of plan-
ning the energy demands of PEV CSs has been transformed from a non-linear pro-

gramming problem into an integer programming problem. Relevant changes have



been made so that the problem of determining loads of PEV CSs is handled as
determining the number of vehicles over the specified vehicle charge levels. This
vehicle-based planning provides the consideration of operational characteristics of
PEV CSs during problem-solving, which improves the real-time application of the
approach.

* Game-theoretic approaches are generally performed aiming for the maximization of
profit while reducing the energy exchange with the grid. However, because of some
situations such as planned outages or maintenance, it is crucial for a microgrid to
disconnect from the utility grid, and therefore, to eliminate the energy need over the
grid by moving away from the goal of profit maximization. In this regard, necessary
modifications to the underlying approach are presented in this study to enable the
transition from grid-connected mode to islanded mode in some situations where it
is beneficial or necessary for the microgrid to be in islanded mode.

* Game-theoretic approaches highly depend on forecasted energy values, and the ac-
curacy of the forecasting directly affects the output of end-game strategies on real-
time applications. Considering this point, the possible negative effects caused by
the forecasting errors or the mismatches between determined and actual energy val-
ues are eliminated by designing a billing scheme under twelve different cases for
the problem addressed in this thesis. Thus, with the billing procedure established
for such a comprehensive problem, it is aimed to contribute to the literature.

* The game approach proposed for energy sharing management of a single microgrid
has been extended to address the problem of energy sharing management between
multiple microgrids. With this extension, it becomes possible to create a compre-
hensive solution capable of efficiently managing the distribution of energy across a
broader network of microgrids while considering the preferences and constraints of

individual microgrid owners.

1.3. Outline

A brief outline of the thesis is given in this section. A detailed outline of subsequent
chapters is given at the beginning of each chapter. In Chapter 2, the problem of energy
sharing management of a microgrid is introduced along with the game-based method-

ology proposed to address this problem. In Chapter 3, the billing mechanism, which is



designed for eliminating the negative effects caused by uncertainties, is presented. In
Chapter 4, the problem of energy sharing management between microgrids is described,
together with the game approach proposed as a solution. In Chapter 5, real-like microgrid
simulations are presented to show the effectiveness of the developed energy sharing man-
agement strategies. Finally, in Chapter 6, the key findings of the thesis are highlighted,

and possible research objectives for the future are discussed.



2. ENERGY SHARING MANAGEMENT OF A MICROGRID

In Section 2.1, the formulation of energy sharing management problem is presented,
which includes utility models of prosumers and PEV CSs, and profit model of the MGO.
In Section 2.2, the definition of the proposed Stackelberg game model is given. In Sec-
tion 2.3, the procedure for solving the considered problem is explained based on the day-
ahead ES scheduling, the implementation steps for the Stackelberg game approach, and

defined modifications associated with islanded mode.

2.1. Problem Statement

The problem of energy sharing management of a microgrid including prosumers
and PEV CSs is addressed. Prosumers considered in this problem can be smart houses,
buildings, or factories that contain either PV systems or WT systems, capable of both
producing and consuming energy during specific periods [110]. In addition, prosumers
are equipped with ES systems that enable them to charge or discharge energy based on
a predetermined ES strategy. Thus, they can act as buyers or sellers in the microgrid de-
pending on their produced energy from PV panels or WTs, consumed energy, and charg-
ing/discharging energy. Unlike the prosumers, PEV CSs only behave as buyers in the
problem. As a centralized coordinator, MGO is responsible for conducting the optimiza-
tion of energy sharing inside the microgrid. While the MGO aims to maximize its profit,
both prosumers and PEV CSs prioritize their utilities. In this context, utility refers to the
level of satisfaction attained or discomfort avoided as a consequence of an economic act.

In order to coordinate the energy sharing, internal selling price (p,) and internal buy-
ing price (pp) are, simultaneously, set by the MGO. When the amount of energy produced
does not meet the energy need or there is surplus energy in the microgrid, the MGO can
trade energy with the utility grid. This energy trading ensures the balance between sup-
plied and demanded energy. According to the price tariff of Turkey in 2021, the prices of
exported and imported energy between the MGO and utility grid are

e Export price (\s): PV energy: 0.133 USD/kWh
WT energy: 0.073 USD/kWh on- and off-shore
e Import price (\y): 2.22 USD/kWh.
For each time slot ¢, internal prices p[t] and py[t] are determined by the MGO

under the constraint Ay < pg[t] < py[t] < A\p. As can be seen, the internal selling price
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is expected to be more than (or at least equal to) the export price (i.e., Ay < ps[t]) in
order to make the energy sales of seller prosumers to the MGO more (or at least equally)
profitable than the direct sales to the utility grid. Similarly, the internal buying price is
expected to be less than (or at least equal to) the import price (i.e., py[t] < Ap) in order to
make energy purchases of buyer prosumers and PEV CSs from the MGO more profitable
(or at least equally) than direct purchases from the utility grid. In short, with the defined
pricing relation, both prosumers and PEV CSs can get more benefits from trading energy
with the MGO instead of the utility grid directly. This encourages local consumption of
renewable energy, and therefore, reduces the grid dependency of the microgrid.

As stated by the price tariff, the export prices for PV energy and WT energy are
different, so these prices can be denoted as AV and A\"V7, respectively. Accordingly, the
internal selling price should also be expressed separately as p?’V[t] and p'"7'[t] depending
on the type of the prosumer.! Considering these definitions, the constraint on internal
prices can be extended to ATV < pPV[t] < py[t] < Ay and AVT < pVTH] < pyft] < N

The pricing scheme of the microgrid is shown in Figure 2.1.

)\b >

Import price

Internal selling price

Prosumers .
Internal buying
price

Internal buying
price

Stations

Figure 2.1. Pricing scheme of the microgrid.

IpPV[t] and pV T'[t] denote internal selling prices, respectively, for PV prosumers and WT prosumers.
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2.1.1. Utility models of prosumers with ES systems

Given the varying power profiles of prosumers, ES systems can serve as buffers
to facilitate energy sharing when prosumers experience either a shortage or excess of
energy. As ES technologies continue to advance, prosumers are increasingly adopting ES
systems to save the electrical energy that is generated but not immediately utilized and to
improve their energy management plans [111]. While it may be challenging to outfit every
prosumer with an ES system, many prosumers incorporate at least small-scale ES systems
to enhance the reliability of their overall power supply. Thus, the focus of this thesis is to
tackle the problem of energy sharing among prosumers that possess self-supervised ES
systems.

Let G denote the set of prosumers in the microgrid, and let GV and G"7 be, re-
spectively, the set of PV prosumers and the set of WT prosumers.” Let B and S denote,

respectively, the set of buyers and the set of sellers among the prosumers. Also, let S be

SPV SWT

partitioned into and such that they denote, respectively, the set of sellers among
PV prosumers and the set of sellers among WT prosumers. Let N = |G| indicate the num-
ber of prosumers such that N = Np + Ng where Ng = |B| is the number of buyers and
Ngs = |S| is the number of sellers among the prosumers. Also, let NV = |SV]| and
N¥T = |SWT] such that Ng = NIV + N¢'T.

For a time slot ¢, prosumers can behave as sellers or buyers, or they can be self-
sufficient with balanced net energy. Considering the cost associated with the buffering

process of the ES system, the utility perceived by n'" prosumer is modeled as a piecewise

function:
( )\;( 5 2 xi SX[¢]
manltl g (el = Bl A gty g
+pL[EAL[E] + CCEL[H] — ca,, | dp, [1]]
pb[t] -, 2 A_i( b T
UXES (2,[t]) = _a”[t]A_b<x”[t]_x”M) “*’p;‘b"m ol A <0 @D
+polt] Ant] + CYES[t] = ca,, | dp, [1]]
—an[t)(xn]t] = En[t])? + b5 [t]2nt] At =0
\ OB~ cay, | 4] |

Zg — gPV U gWT.
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where X indicates either PV or W1 depending on the type of n*" prosumer. For each
prosumer n in a given time slot ¢, a,, [t] is the elasticity coefficient of energy consumption;
beX[t], B8 [t], and b3°[t] are the coefficients of relative benefit from energy consumption
for the seller (depending on the prosumer’s type), buyer, and self-sufficient prosumer,
respectively; x,[t] is the energy consumption; Z,[t] is the forecasted energy consump-
tion; £Y(t] is the energy generation; d,, [t] is the charging/discharging energy of the ES;
A, [t] = E9[t] — x,[t] — dp, [t] is the amount of energy sharing; ¢4, is the life loss cost of
the ES; (¥ indicates the subsidy of PV or WT energy generation®. Considering the type of
the prosumer, p) [t]A,,[t] is the revenue of n'" prosumer from selling the excessive energy
to the MGO at an internal selling price of p)[t]. Meanwhile, p,[t] A, [t] is the negative rev-
enue of n*® prosumer from purchasing the required energy from the MGO at an internal
buying price of py[t].

To reflect the principles of n'" prosumer according to possible internal prices, the
coefficients of a,, and b, should be determined based on the prosumer’s characteris-
tics [113]. However, these parameters are weighted appropriately depending on the pro-
sumer’s type and role, as they are determined on possible internal prices and their effects
on the utility function should vary with changes in internal pricing. The parameter a,, that
weights the elasticity of the consumption according to the forecasted consumption varies
with respect to the ratio of the internal buying or selling prices to the corresponding utility
grid prices, depending on the prosumer’s role. This aims to increase elasticity at advanta-
geous pricing. In addition, the parameter b,, is weighted according to an internal pricing
that may be advantageous in the cross role. The objective here is to be able to direct role
changes by reflecting the effect of advantageous pricing in the cross role.

For a specified p}[t] and p,[t] in a given time slot ¢, if E9[t] — z,[t] is positive,
n'™ prosumer is producing more energy than it is consuming, resulting in excess energy.
Conversely, if E9[t] — x,[t] is negative, n'" prosumer is consuming more energy than it is
producing, resulting in an energy deficit. In either case, the ES system is responsible for
determining how to utilize surplus energy or address the energy deficit of the prosumer.
According to a predetermined schedule, the ES system can be charged to store the excess

energy or discharged to meet the prosumer’s demand. If d,,, [t] > 0, the ES system is

3In Turkey, local-content bonus on export price is 0.006-0.067 USD/kWh for PV energy and 0.006-0.037
USD/kWh for WT energy [112].
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charged from the surplus energy E?[t| —z,,[t] or additional energy bought from the MGO.
If d,, [t] < 0, the ES system is discharged generally to reduce the amount of energy
purchased from the MGO when the production of n'" prosumer is insufficient to meet its
consumption. Following the implementation of the ES strategy, if A, [t] > 0, n'! prosumer
sells energy to the MGO. Otherwise, if A, [t] < 0, n'" prosumer purchases energy from
the MGO.

The n'® prosumer needs to strike a balance between its revenue and convenience
to maximize its utility U™ (z,,[t]). Each prosumer n optimizes its consumption x,[¢]
based on dynamic prices set by the MGO, utilizing a predefined ES strategy and required
parameters. Therefore, it is important to note that x,,[t] represents the decision variable
for n'® prosumer and can be classified into two categories: baseload and flexible load.
The term "baseload" refers to the minimum amount of demand that must always be ful-
filled for prosumers, whereas the "flexible load" refers to the power demand that can be
adjusted within certain limits based on the load type and the characteristics of prosumers.
Accordingly, lower and upper bounds on the power consumption of n'" prosumer can be
specified as 2™ [t] < x,[t] < z™*[t]. Since the prosumer’s utility function is continu-

ously differentiable with respect to the consumption x,, [¢], the extremum of x,,[t] is

(

Ab
i | As bt = ol
Bt + p;gt] polt] ST . ALJt] >0
Tn[t] = Ay A [t] — polt] : (2.2)
8 Ap pylt] "
T [t] + i Tl . ALt <0
[t Ault] =0

\

The internal prices pI’V[t], p?T[t], and py[t] can be initially assigned as ATV, A\WV'7,
and )\, respectively, for each time slot ¢ (t € {1,...,24}). Prosumers can increase their
energy sales by reducing their consumption as the internal selling price rises. They can
also sell the energy stored in their ES systems to the MGO. On the other hand, prosumers
can increase their energy purchases by consuming more energy as the internal buying
price declines. They can even purchase energy to charge their ES systems. However, it
should be noted that the main priority of the ES system is to minimize the energy exchange

of the respective prosumer.
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2.1.2. Utility models of PEV CSs

Let V denote the set of PEV CSs in the microgrid, and let Ny = |V| indicate the
number of these PEV CSs. Also, let v; be the levels of charging power available in !
PEV CS given by P,= [P}, ..., P}*] for i€ V. For each time slot ¢, the state of i*" CS is
defined as a vector ®°[t] = [ ¢i[t] --- ¢ [t] |, where ¢! [t] is the number of PEVSs charging
with power Pzrj for j=1,...,%; and ¢ € V. Since each CS can accept a limited number of
vehicles, let the vehicle capacity of i CS be p; where ¢} + - - + ¢, < p;. In this way,

for a given time slot ¢, the load of i™" PEV CS can be calculated as [114]
Lift]= [P - PP ](@[)" . (2.3)

The utility function of i*" CS can be given, for each time slot ¢, as
UCS (Lilt]) = £l (1 + Lilt]) — poft] Lil1] (2.4)

where f;[t] In(1+ L;[t]) is the utility thati*" CS obtains through the vehicles, and py[t] L;[t]
is the negative revenue obtained by i CS with purchasing the required energy from the
MGO. For a given p,[t], the extremum of L;[t] for i®® CS (which achieves maximum utility

for US®) can be given as

—-1. (2.5)

The preference parameter f; reflects the behavioral characteristics of i PEV CS into its
utility function. If a PEV CS has a high f; value, it indicates that the considered CS is
tended to serve more vehicles or allow higher charging levels to obtain maximum utility
as compared to a PEV CS that has a low f; value. However, since the load of i*" CS is
determined by the P; and ®' vectors as given in (2.3), it is necessary to determine a state
vector ®¢[t] which results the nearest load P;(®*[t])? to the L;[t] in (2.5). This problem

can be reduced to an integer programming problem such as

fgf[it?[ ; (@]t

; ] . . t]
st. [Pho PY(@[])T <min(lma><t,max<lmmt,f’[ —1))
[.Z Pl < ol S (2.6)
éz[t] 2 Owixl
I+ + oy, [t] < pi
where ¢i[t],..., ¢}, [t] are integers, and the constraint of lower and upper bounds of

P,(®[t])T can be described as [MM[t] < L;[t] < [Max[¢].
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2.1.3. Profit model of the MGO

The MGO functions as a central unit that sets internal prices and manages the trans-
fer of power between prosumers and CSs. In a particular time slot denoted as ¢, the total
amount of energy traded between sellers and buyers can be expressed as

EPVI) = 3 (B~ el — dy (1), BV = S0 (B2l — walt] — dy, [1]) . 27)

neStV neSwT

Eyft] = (zalt] — Bt + dy, [1]) + > (Lift)) (2.8)

neB iev
where EI'V and EVT are, respectively, the total energy sold to the MGO by seller PV
prosumers in set STV and seller WT prosumers in set S"7. Also, Ej is the total en-
ergy that buyer prosumers in set B and PEV CSs in set V purchase from the MGO.
Let EXt] = EPV|[t] + EX¥T[t]. Thus, the profit function of the MGO is given for
EIUt] > Eylt] as

R(ps" 0" o) [t] = polt) Bu[t] — (o3 ¥ [V [t] + ol T[] BT [H])
+ XV (ESV[E] — [t Eolt) (2.9)
FASTENTE] — (1 =A[t]) Eolt])

and for ET°'[t] < E[t] as

R(p, ", 0" m) [t = poltl Bolt] — (o (1B (] + p " [ 7 (1)

s

(2.10)
= No(Buft] — EJ'(1])

where the variable ~[t] represents the priority parameter for selling PV and WT energy to
the utility grid during a specific time slot ¢, with its value ranging between 0 and 1 (i.e.,
0 < Aft] < 1. If EXt] > E[t], the MGO sells excess energy to the utility grid. In
this case, the MGO must ensure that the energy requirements of buyers are satisfied by
utilizing energy from PV prosumers and WT prosumers at the rates determined by ~[t]
and 1 — v[t], respectively. Considering the price tariff for PV and WT energy, it can be
clearly seen that priority should be given to the use of energy generated by WT prosumers
to meet the energy demands of buyers. In cases where the generated WT energy fails to
fulfill the total energy demand, the remaining energy required can be supplied to buyers
using the energy generated by PV prosumers. Thus, if EVT[t] > FE,[t], then y[t] = 0.
Otherwise, if EXV7[t] < Eyt], then v[t] = (E,[t] — EN7[t])/Est]. Consequently, v is
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not considered as a decision variable, but rather a conditional variable that is dependent
on the production of WT energy. If EI°![t] < F,[t], the MGO purchases energy from the
utility grid at the price )\, to satisfy the energy needs of buyers.

The MGO’s decision variables include the internal prices pZV[t], pV*[t], and py[t],
which affect its energy trading activities. Specifically, the MGO sells energy to buyers,
including buyer prosumers and CSs, at a price of p[t] and purchases energy from sellers
among PV and WT prosumers at prices of p?’V[t] and p??[t], respectively. The MGO’s
choices regarding these internal prices are crucial in determining its profitability and suc-

cess in the energy market.

2.2. Stackelberg Game Model

The energy sharing management problem of the microgrid is modeled as a Stack-
elberg game with a single leader and multiple followers. In this game, the MGO is the
leader and possesses decision-making authority over the pricing policy, while PV-WT
prosumers and PEV CSs act as followers. The prosumers can adjust their energy con-
sumptions within the bounds of their flexible loads, and they can switch between being
a seller or a buyer based on the pricing strategy established by the MGO. PEV CSs can
regulate the charging power levels of their PEVs and purchase their entire load demand

from the MGO. The game can be mathematically formulated as
L = {(GUVUMGO), {Xy}ueg, {Dy, bncg: {Likiev, (P}, {PF},
{PYTY LU (20) ), corvs LUV TE (20) ), g @2.11)
{UF3 (L)} RSV 0T 1) }

which consists of the following components:

* Prosumers in set G and PEV CSs in set ) are followers. The prosumers and PEV
CSs determine their optimum energy consumptions and loads, respectively, based
on the pricing policy provided by the MGO.

» X,, is the set of energy consumption strategies of n'"* prosumer (n € G) subject to
the constraint z™" < x,, < phax,

* D, is the set of ES strategies of n'" prosumer (n € G).

e L; is the set of load consumption strategies of i PEV CS (i € V) subject to the

constraint [ < [; < [,
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e Py, Pf V and PZVT are the sets of strategies, i.e., the vector forms of internal prices
py, PPV, and p¥'T, respectively, determined by the MGO. For each time slot ¢, in-
ternal prices are obtained under the constraints AV < pPV[t] < p,[t] < A, and
AT < p T < poft] < o

e UFPV:ES s the utility function of n'" PV prosumer with the assistance of an ES
system, as given in (2.1), that states the benefit of the prosumer from consuming
energy x,, sharing energy A,, with the MGO, producing PV energy £, and charg-
ing/discharging ES with d,, considering the life loss cost of ES.

o UWT.ES 5 the utility function of n'" WT prosumer with the assistance of an ES
system, as given in (2.1), that states the benefit of the prosumer from consuming
energy x,, sharing energy A,, with the MGO, producing WT energy E?, and charg-
ing/discharging ES with d,, considering the life loss cost of ES.

o UZC S is the utility function of i" PEV CS, as given in (2.4), that states the benefit of
the CS from incoming vehicles and buying energy L; from the MGO.

* R(pV,p"™ py) is the profit function of the MGO, as given in (2.9) and (2.10),
that states the total profit obtained by conducting energy coordination among the
prosumers and PEV CSs, and trading energy with the grid.

With the strategies determined, the main goals of PV-WT prosumers and PEV CSs are

to maximize their respective utility functions, as expressed in (2.1) and (2.4), while the

MGO?’s objective is to maximize its profits given in (2.9) and (2.10).

2.3. Methodology

The methodology of this study includes three subsections. First, a day-ahead ES
planning model for each prosumer is implemented to improve the net power profile of the
prosumers in the forthcoming time periods. To further improve energy sharing, a demand
response model based on a Stackelberg game approach is performed to determine the en-
ergy consumption for each time slott = 1,. .., 24, according to the internal prices set by
the MGO. The primary objective of the demand response model is to maximize the op-
erating profit while reducing energy trading with the utility grid. However, in some cases
(e.g., planned outages due to the grid not being able to meet the energy need during peak
hours or due to maintenance works), aiming to operate in islanded mode by eliminating

the energy need over the utility grid may precede the maximization of the operating profit.
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For this purpose, changes to the underlying approach are given in the last subsection, to
enable the transition from grid-connected mode to islanded mode in some situations where

it may be beneficial or necessary for the microgrid to be in islanded mode.

2.3.1. Decision-making process of ES systems

Since SOCs of the ES systems are time-coupled, prosumers often face challenges
when deciding how much energy to charge or discharge during energy sharing in real-
time. Therefore, it is more reasonable to determine the ES scheduling scheme via day-
ahead optimization, despite the risk of forecasting errors and uncertainties, as opposed
to real-time optimization [97]. Without the aid of such a day-ahead scheduling model
for ES systems, charging and discharging decisions are based only on information from
the current time interval, limiting the optimal utilization of stored energy [115]. Thus, in
the context of this study, each prosumer adopts a day-ahead ES strategy to determine the
exchanging energy of its ES system for the next 24-hour period. As a result, prosumers
can effectively decide how to use the surplus energy or how to meet their energy needs
with the assistance of such predetermined scheduling before the MGO can set internal
prices for the first time slot.

At the beginning of the implementation process, each prosumer n (where n =
1,...,N) forecasts its generated energy EY[t] and consumed energy #,[t], as well as
internal prices py[t], pLV[t], pPV1[t] for t = 1,...,24. Based on these forecasted values,
n'™ prosumer determines the forecasted exchanging energy of its ES system, d . [t], for
t=1,...,24, by using the following model

tmax ~

¢ . .
min 3 [P (a1 — 21+, 11,0)
dpne DPTO t=tmin b
ﬁX,min ~ _
— = min(z,|t| — E[t] +d,,|t],0
PG (@0 ¢] [t] + dy, [t],0)

. (2.12)
st |dy, [t]] < i

pTL
SOngj“ < S0C,,[t] < SOCE:”‘
SOC,,, [tmax] = SOC;:“
where pY (X denotes either PV or WT) is the forecasted internal selling price vector; pj

is the forecasted internal buying price vector; pX™" and pi*®* are, respectively, minimum
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internal selling price and maximum internal buying price for the considered time period*.
For the ES system of n'"" prosumer, SOC,), [t] is the state of charge at the end of time slot
t; SOC,™ and SOC,™* are, respectively, the lower and upper bounds of SOC; d* is the
upper bound of Jpn, and D,,, is the feasible region of chn. In addition, the relationship
between SOC,, [t] and d,, [t] at the end of time slot ¢ can be given as [116]:
dp, [t] X 0y, 5
SOC,, [t — 1] + % dy, [t] >0

dpn [t] 7
npn X Egvl’

S0C,, [f] = (2.13)

SOC,, [t — 1] +

where E®! and 7, are, respectively, the available capacity and charging/discharging ef-

ficiency of the ES of n'" prosumer. It should be noted that SOC,,, [tmin — 1] = SOC™™.

Pn

2.3.2. Procedure for Stackelberg game approach

Once the prosumers have established the day-ahead scheduling strategies for their
ES systems, the MGO sets internal prices at the start of each time slot to maximize its
profit and encourage prosumers and CSs to participate in energy sharing within the mi-

crogrid. The internal pricing procedure for each time slot ¢ € {1,...,24} is outlined as

e Fori = 1,..., Ny, each PEV CS : forecasts an initial state vector ®[¢] which
results an initial load L;[t] = P;(®{[t])” and obtains its preference parameter f;
based on (2.5) as f;i[t] = py[t](L;[t] + 1) where py[t] = A,. Then, each CS 7 submits
i[t], P, fi[t], iin[¢], *<[t], and p; to the MGO.

e Forn = 1,..., N, each prosumer n submits a,, [t], b5X[t], b2 [t], b2 [t], T [t], 2™ [¢],

202x[t], B9[t], and d,,, [t] to the MGO where X represents either PV or WT de-
pending on whether the energy produced by n'" prosumer comes from solar or
wind energy sources.

« Considering (2.2) for given instance p)[t] and py[t], if Au[t] > 0 (A, [t] = E9]t] —
,[t] — d,, [t] where ,,[t] is obtained from (2.2) for A, [t] = A, [t]), n™" prosumer is
considered in the set S¥. Otherwise (if A,, [t] < 0), n'" prosumer is considered in the
set B. Therefore, the sets S and B are determined dynamically based on prosumers
in response to the changes in internal prices. As a result, for a given instance of

pPVIt], pVT[t] and py[t], the total energy exchange between the prosumers and CSs

becomes

Htin and tmax are, respectively, 1 and 24 for a general day-ahead scheduling problem.
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- X >‘ )‘tbbsx ;(t ~
E (]USPV7 A pb [1] Z( 901] — Falt] p;)[f] polt] za[n]” pilt] _ dpn[t]),
By(p?, p¥T, )] Z( )\b px[t]bb%[L][ - plt] o] + czpn[t]) (2.14)
filt]
i ;(Pb[t] 1)

where X denotes either PV or WT'.
Substituting (2.14) in (2.9) and (2.10), the MGO can determine the optimal inter-
nal prices pPV*[t], p 7" [t], and p;[t] for the upcoming time slot ¢ by solving the

following nonlinear programming problem with linear and nonlinear constraints as

R PV t ’ wT t ’ t
(v, Hv‘l/%);}ep (ps [] Ds [] pb[])
.. AV <plVI < polt] < N
AT <pl T < polt] < N (2.15)
Rl Al
t =1,..., NV,
l;nax[t] +1 —p [] lmm[t] _'_17 ? ) s VY

(P, py) <007, n=1,...,N

where, forne{1,..., N}, 2™ [t] <7,[t] < x™[¢t] bounds are defined in (2.15) as
. Y.
2an AN 1] - 2le) — 200 (N2~ 1)
Polt]

10 (N = ) — 20, A~ 1)

2, [t] (x5 [t] — E[t]) —
A
pX[tlpelt]

and X represents either PV or W'I" based on the classification of prosumer n. P is

. ALt >0
en(Ps, P) = M+/\
Pl " Al <0
2an[ Kl’ma‘x[t] - jn[t])

the feasible region of p’V, p"7, and p,. Note that the initial internal prices p?" [t],

pVT[t], and py[t] of (2.15) are set, respectively, as ATV, AW7T and \,.

The optimal internal prices p!’V"[t], pV 7" [t], and p;[t] for the upcoming time slot
t are declared to PV-WT prosumers and PEV CSs, after which all followers in the
game modify their flexible loads for the upcoming time slot ¢ in accordance with
the announced internal prices. For n=1,..., N, n't prosumer decides its optimal
energy consumption based on (2.2) within its limits. Also, fori=1,..., Ny, i'" CS

determines its optimum state vector ®‘[¢] from (2.6) using an initial feasible point
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®;[t] for pi[t]. This results in the optimal load L;[t] = P;(®'[t])’. Consequently,

energy sharing management of the microgrid is completed for the time slot ¢.

For a given time period t, if ET'[t] > E[t], the MGO takes on the seller role.
In this case, the objective function of the nonlinear programming problem expressed in
(2.15) can be formulated using the internal prices, along with the relevant parameters and

data provided by the prosumers and CSs as follows

R(pEVH, T[], polt]) = (polt] — ATVA[t] — AVT(1 — [1])) Ey[t]
+ (A = VI EPVI] + (AT = p ) BV

= (polt] = AP =AY T(1 =~ [1)))

D[ —polt] y

Jilt] PV _ PV
+ ZGZV (pb[t] — 1)) + (A =piVIH) (2.16)

R PV AL /\bbsPV PVt B
. <Eg[t]_jn[t]_p;§‘[/ﬂ ool 2&£[]t] PV (1] —dpn[t])

+ (A=) < Y <Eﬁ[t] — Z,t]

neSWT
VT AR W] — Ty i
AT 2ay]t] e

Otherwise, if ET![t] < E}[t], the MGO takes on the buyer role. In this case, the objective
function can be expressed as
R(pEV 1), "], polt]) = (polt] — M) Eu[t] + (Ao — pEV [t]) EXV[E]
+ (h —pt " [1]) BT

Xupb ] — polt] .
= (pa[t] — No) X (Z (aén[t] + pj[‘;} A QCEJM il E9lt] +dpn[t]>

neB

- ZV (fz[’;] _ 1)) +(>\b —pr[t}) X Z (E;‘{[t] — Falt] 2.17)

neSPV

PPV APV L] — pPV i

APV 2a, 1] _dpn”> (Ao — 22" [t])

XZ<Ez[t]—azn[t AU hromicaied [t]—cipnm).

]._
perrit AT 2a,[t]
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Based on (2.16) and (2.17), the sets B and S are dynamically determined according to
the changes in internal prices that occur during the solution process of (2.15). Also, the
feasible regions of p?’V', pV'*', and p, can be divided into two parts: Ps and Pg. For a time
slot ¢, if ET[t] > Ey[t], then {pfV, p¥' 7, p,} € Ps, otherwise {p-, p'7, p,} € Pg,

where Ps N Pp = (). All the steps of the real-time pricing are shown in the flowchart in

TR
Forecasted internal prices
PV [t YT [t and pyft]

Figure 2.2.

Day-ahead ES planning to
determine d,,, [t] for
n:17...,N,t:1,...,24 Forn=1.....N
forecasted energy generation Eﬁ [t]
and energy consumption T, |t
EE gy p [t]

Forn=1,..., N,
anlt], 0 [t], O} [1], b3 [¢],
MGO determines the optimal internal i [t], and @[]

prices by solving the nonlinear I

programming problem (2.15) Fori=1,..., Ny, fi[t] by (2.5)

i for forecasted L;[t] based on
MGO declares pPV*[t], pV T*[t], polt] = Ao, Dot], P, 2],
and pj[t] to all prosumers and [**[t], and p;
PEV CSs
|
Each prosumer Each PEV CS
determines its optimal determines its optimal
consumption by (2.2) load by (2.6)

l |
!

Figure 2.2. Flowchart of the real-time pricing.

2.3.3. Islanded mode
For a planned transition from grid-connected mode to islanded mode at the begin-
ning of the time slot ¢, the MGO sets the optimal internal prices p!’V " [t], pV 7" [t], and p;[t]

for the upcoming time slot ¢ as a result of solving the following nonlinear programming
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problem with linear and nonlinear constraints as

min |Eyft] — ELH]
{pPV Wpr}EI
s.t. max (pFV T[t]) < pult]
A Ay 19
l;nax[] +1 _pb lmm[t] +17 yre e VY

(P pp) <007, n=1,...,N

where ¢, (pY, py) is given after (2.15) and Z is the feasible region of p’V', p!V*', and pj, for

the modified cost function and constraints. As it can be seen, since there will be no energy
trading between the utility grid and the microgrid, the upper and lower bounds limiting

internal prices between the grid prices have been removed for the islanded mode.
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3. DESIGN OF A BILLING SCHEME

Most of the proposed energy management strategies for microgrids depend on the
forecasted energy values, and therefore, the accuracy of the forecasting directly affects the
output of these strategies on real-time applications [85]. Since the game model proposed
in this study is performed at the beginning of each time slot based on the forecasted
generation, forecasted consumption, and charging/discharging energy obtained from ES
scheduling based on these forecasts, the utilities of the prosumers and CSs, and the actual
profit of the MGO may not be the same with their scheduling expectations in case of
forecasting errors. In addition, the prosumers and CSs may fail to implement the end-game
strategies while adjusting their consumptions and loads, respectively, based on the prices
determined by the MGO, which can significantly affect the success of the proposed game
approach. As a result, the forecasting errors or the mismatches between the determined
and actual consumptions/loads may have negative effects on the considered method. To
reduce these negative effects, a proper billing procedure guiding the followers is needed.
Therefore, in this study, a billing scheme is proposed for the problem addressed to enhance
the success of the overall energy management strategy.

At the beginning of the billing scheme design, the hourly deviations of net energy
of the prosumers and PEV CSs are modeled. The hourly deviation of net energy of n'!
prosumer is obtained considering the divergence of actual net energy from scheduled net

energy as
Onlt] = . (3.1)

where 22 [t] is the actual energy consumption of n'" prosumer in a time slot ¢. Similarly,
the hourly deviation of load of i*" PEV CS is obtained considering the divergence of

actual load from scheduled load as
6PV [t) = L[] — Lylt) (3.2)

where L¢[t] is the actual load of i PEV CS in a time slot ¢. Thus, the total energy

deviations of sellers and buyers are expressed as

O =0t U] =) Salt] + > orFV[H] (3.3)

nesx neB %
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where X denotes either PV or WT'. By considering the total energy deviations given in
(3.3), the actual profit of the MGO can be obtained in two cases as E1°U[t] + §°[t] >
Ey[t] + 6°[t] and ETU[t] + §%[t] < Ey[t] + 6°[t] where 6°[t] = 65TV [t] +65WT[t] in a time
slot ¢.

If ETUt] + §5[t] > Eu[t] + 6°[t], the MGO takes on the role of seller. The actual
profit of the MGO is given as

Re[t] =R7[t] + (polt] — A7V [t = AT (1 = °[t])) &°[1] 34)
+ A =) 0TV A+ (AT = ) 0[]

where R°[t] is considered as in (2.9) and 7*[t] (0 < ~°[t] < 1) indicates the actual
priority parameter for selling PV and WT energy by the MGO to the utility grid for a time
slot . In this case, if EV7T[t] + 0>WT[t] > Eyt] + 6°[t], then v%[t] = 0. Otherwise, if
EVTIH + 65WTt] < Ey[t] + 6°[t], then
(Eplt] + 6°[¢]) — (EVT[t] + 65WT]e))

Eylf] + o1 G:)

Ve =

It is assumed that 6, [t] and 57 FV [t] values are small deviations, and therefore, they will not
change the roles of prosumers and the MGO. Considering (3.4), the effects of prosumers
and PEV CSs on the profit of the MGO can be analyzed as shown below:

Case 1: If n'" prosumer adopts the role of the seller and §,[t] > 0, the prosumer
sells more energy than the scheduled energy. Since the MGO is in the seller position, the
excessive energy which is sold by the prosumer creates a negative effect on the profit of
the MGO. In this case, the extra energy is sold by the prosumer at the price A\ instead of

pX[t] as a penalty, where

AT VI 46V = 0. BT + 62T £ 0
M= ¢ APV JEVTIH 4+ 65W T =0, EPV]H] + 65FV[t) #£0 . (3.6)
max (AT NEV) EWT(] 4+ 65WT (] #£ 0, EPV[t] + 6%PV[E] £ 0

Therefore, the MGO can balance its revenue with A24,,[t]:
B, [t] = pX[t](E4[t] — zalt] — dp, [t]) + N5, [1] - (3.7)

Case 2: If n'® prosumer adopts the role of the seller and 6, [t] < 0, the prosumer sells
less energy than the scheduled energy. Since the MGO is in the seller position, selling less

energy by the prosumer does not negatively affect the profit of the MGO. Therefore, n'"
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prosumer still can sell the actual amount of energy at the price p) [¢] without any penalty:
By[t] = p [t (ES[t] — a[t] = dy, [1]) - (3.8)

Case 3: If n'" prosumer adopts the role of the buyer and J,[t] > 0, the prosumer
buys more energy than the scheduled energy. Since the MGO is in the seller position,
buying more energy by the prosumer does not create a negative effect on the profit of the
MGO. Therefore, n'" prosumer still can buy the actual amount of energy at the price pj[t]

without any penalty:
Bylt] = pult] (n[t] — ERJt] + dp, [t]) - (3.9)

Case 4: If n'" prosumer adopts the role of the buyer and §,[t] < 0, the prosumer
buys less energy than the scheduled energy. Since the MGO is in the seller position, the
energy that is not purchased by the prosumer creates a negative effect on the profit of the
MGQO. In this case, the MGO can balance its revenue by considering a penalty function as
u[t]0,[t] — A2, [t] where

VT CEPVIE + 65PVE = 0, EVT[t] + 65 T[t] # 0
A= 2PV JEWT[ 4+ 8WT[] = 0, EPV[t] + 65V [t £0 . (3.10)
min (AWT APV)  EWT[f] 4 55WT[t] £ 0, EPV[t] + 65TV [t] # 0

Therefore, n'" prosumer is penalized for the unpurchased energy:
By[t] = pult] (w3 [t] — E[t] + dy, [t]) — (pet] = A7) 0ult] - (3.11)

Case 5: If 57EV[t] > 0, i*® PEV CS buys more energy than the scheduled energy.
Since the MGO is in the seller position, buying more energy by the CS does not cause a
negative effect on the profit of the MGO. Thus, i*" CS still can buy the actual amount of

energy at the price pj[t] without penalty:
Bilt] = pu[t] (LF[t]) - (3.12)

Case 6: If 67FV[t] < 0, i PEV CS buys less energy than the scheduled energy.
Since the MGO is in the seller position, the energy that is not bought by the CS creates a
negative effect on the profit of the MGO. In this case, the MGO can balance its revenue

with a penalty function as py[t]67 "V [t] — A\26FEV[t] where A\ can be found as in (3.10).

27



Thus, i*" CS is penalized for the unpurchased energy:
Bilt] = po[t] (LE[t]) — (polt] — AY) 67V (1] - (3.13)

As aresult, for ET°t] 4 §°[t] > E[t] + 6°[t], the profit of the MGO is updated as

wdlt] =D Balt] + ) Bilt] =) Bult]

neB S% nesSx

+ A (BT A+ 0V = (] (Bult] + 0°[2))) (3.14)

F AT (BN + 0T — (1= [t]) (Bu[t] + 8°[1])) -
If BT[] + 6°[t] < E,[t] + 6°[t], the MGO takes on the role of buyer. The actual
profit of the MGO is given as
Re[t] =R°[t] + (po[t] — M) 8°[t] + (Mo — .V [¢]) 07V [t]

+ (Ao — g [H]) 04

(3.15)

where R°[t] is defined as in (2.10). As in the previous case, it is assumed that d,,[¢] and
SPEV[t] values are small deviations, and therefore, they will not change the roles of pro-
sumers and the MGO. Considering (3.15), the effects of prosumers and PEV CSs on the
profit of the MGO can be analyzed as shown below:

Case 7: If n'" prosumer adopts the role of the seller and §,[t] > 0, the prosumer
sells more energy than the scheduled energy. Since the MGO is in the buyer position,
selling more energy by the prosumer does not negatively affect the profit of the MGO.
Thus, n'" prosumer still can sell the actual amount of energy at the price pX[t] without any
penalty:

By[t] = pi[t] (EA[t] — 25 [t] — dy, [t]) - (3.16)

n

Case 8: If n'" prosumer adopts the role of the seller and §,[t] < 0, the prosumer
sells less energy than the scheduled energy. Since the MGO is in the buyer position, the
energy that is not sold by the prosumer creates a negative effect on the profit of the MGO.

At this point, the MGO can balance its revenue by considering a penalty function as

Ao [t] — P [E]0nt]:
By[t] = pi[t] (E5[t] — anlt] — dp, [t]) + (Ao — pi[H]) Oult] - (3.17)

Case 9: If n'" prosumer adopts the role of the buyer and §,[t] > 0, the prosumer

purchases more energy than the scheduled energy. Since the MGO is in the buyer position,
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the extra energy which is bought by the prosumer creates a negative effect on the profit
of the MGO. In this case, the extra energy is purchased by the prosumer at the price )\,

instead of py[t] as a penalty. Therefore, the MGO can balance its revenue with \,d,[t]:
Bu[t] = polt] (walt] = ES[t] + dy, [t]) + Nodnlt] - (3.18)

Case 10: If n'" prosumer adopts the role of the buyer and §,,[t] < 0, the prosumer
buys less energy than the scheduled energy. Since the MGO is in the buyer position,
buying less energy by the prosumer does not negatively affect the profit of the MGO.
Thus, n'® prosumer still can buy the actual amount of energy at the price p,[t] without any
penalty:

Bult] = pult] (wn[t] — ER[t] + dp, [¢]) - (3.19)

Case 11: If 675V [t] > 0, i*® PEV CS buys more energy than the scheduled energy.
Since the MGO is in the buyer position, the additional energy purchased by the CS neg-
atively affects the profit of the MGO. In this case, the extra energy is bought by the CS
at the price )\, instead of p,|[t] as a penalty. Therefore, the MGO can balance its revenue
with A\, 67 EV[t]:

Bylt] = py[t] (Lilt]) + o0 PV[2] (3.20)

Case 12: If 675V [t] < 0, i*" PEV CS buys less energy than the scheduled energy.
Since the MGO is in the buyer position, buying less energy by the CS does not cause a
negative effect on the profit of the MGO. Thus, i*! CS still can buy the actual amount of

energy at the price pj[t] without any penalty:
Bilt] = pu[t] (L7]t]) - (3.21)
As aresult, for ETUt] + §°[t] < E,[t] + §°[t], the actual profit of the MGO is updated as

lt] =0 Bull] + 30 Bl =3 Balt] = Ma(B] + 1] — (B

neB iV nesx (3.22)
+ 6PV [+ BV ] + 8T)).
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4. ENERGY SHARING MANAGEMENT BETWEEN MICROGRIDS
In this chapter, the problem of energy sharing management between microgrids is

presented, along with the game approach to address this problem.

4.1. Problem Statement

Let M ={1,..., Ny} be the set that contains all of the microgrids, where N,; =
|M| denotes the number of different microgrids. First, the network topology (usually
partially connected mesh topology) needs to be modeled by describing the interactions
between the microgrids with a weighted directed graph that has N, nodes. The edges be-
tween these nodes represent the energy trading between the microgrids. The directions of
the edges show us the direction of the energy transfer (for example, one node can receive
energy from another or one node can send energy to another). Mutual energy transfer be-
tween two nodes can be represented with two edges oriented to each other. Considering

[*® (where | € M) microgrid, the incoming edges are coming from the microgrids which

lth

can transfer energy to [*" microgrid, and the outgoing edges are connected to the micro-

lth lth

grids which can receive energy from [*" microgrid. An example for a directed graph of

microgrid can be given as in Figure 4.1.

Figure 4.1. The part of the directed graph around I'™ microgrid.

In a topology at a time, some of these edges are not present in the graph depending
on whether the microgrid is a buyer or a seller. Weights assigned to the edges are deter-
mined between 0 and 1 according to the characteristics of the energy transfer between the
nodes (microgrids) that the edge is connected to and express the relative efficiency of an

energy transfer on the assigned edge compared to the other edges. In the topology, each
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microgrid is considered to be connected to the utility grid, and the weight between them is
chosen as 1. Accordingly, the relevant weights are determined according to the efficiency
at the other edges compared to the energy transfer with the utility grid. To indicate the
weighted graph, an adjacency matrix can be defined such that the element in row ¢ and
column j represents the weight of the edge from " node to j** node. Let us denote the

weight of the edge (i, j) by 3; ; and define the adjacency matrix as

O 51,2 s ﬁl,N}M
B2 0 oo Bany
L 6NM,1 ﬂNM,Q ce 0 i

Then, if ™ and j™ microgrids mutually exchange energy, (3;; and /3;; can be chosen
accordingly or one of them can be chosen as zero according to the direction of the energy
exchange. Although the relevant weights may change over time or depending on operating
conditions, it is assumed that they do not change within the considered time interval.

Similar to the approach proposed for energy sharing management of a single mi-
crogrid, a central energy sharing provider (ESP) is considered to coordinate the energy
management between microgrids and the utility grid by determining internal selling (p1*)
and internal buying (p;') prices under constraint \7* < p7* < p;* < A'. In order to
simplify the previously proposed approach, the export price A" considered in this chap-
ter does not distinguish between PV or WT. Accordingly, considering the current tariffs
determined for Turkey, A" and \}" are taken as 0.017 USD/kWh and 0.182 USD/kWh,
respectively. In this context, the ESP aims to maximize its own profit, while microgrids
determine their energy consumptions through their assigned utilities where they can get
benefits from the energy sharing compared to trade with the utility grid directly.

Let M g be the set that contains the microgrids in buyer position, and let Mg be the
set that contains the microgrids in seller position. In a time slot ¢, each microgrid [ € M
can produce energy E]"[t] and consume energy x]"[t]. Thus, the microgrid [ can trade its
energy E[t] — x7"[t] with the ESP. If E™[t] — z"[t] > 0, [*™ microgrid is considered in
the set M5 by selling its surplus energy to the ESP. Otherwise, if E™[t] — z"[t] < 0, [*}

microgrid is considered in the set M g by purchasing its energy demand from the ESP.
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lth

Then, the utility function of [*" microgrid can be given as

i = | PO 18 & ol BT — o). E7T > o]
Fa[tln (L + 2" [t]) + op [Epy [t (B[] — 2" [6]), B[] < 2°[1]
where k; is the preference parameter which changes with behavioral characteristics of the
microgrid, and accordingly, &;[t]In (14" [¢]) is the utility that [*" microgrid achieves from
consuming z}"[t]. As can be seen from (4.1), a microgrid with higher preference parame-
ter would be more interested in consuming more energy to attain its maximum utility level
compared to a microgrid with lower preference parameter. In (4.1), o7 [t] and o?[t] are, re-
spectively, seller and buyer weighted average factors to be determined by weights of the
directed graph which are assigned according to the characteristics (e.g., length of trans-
mission line, capacity, availability rate, maintenance/life-loss rate) of energy exchange
between microgrids, such that
S et B (2718 = BY'14) S ens (11 = 711)
Yiemp (@71 — EP[t]) > jens B (B[] — 2 [H])

Therefore, for a time slot ¢, o [t]p?[t] (E]"[t] — x]"[t]) is the weighted revenue that the

and ol[t] =

oj[t] = . 4.2)

microgrid receives from selling its surplus energy to the ESP with o [t|p7*[t] selling price,
whereas of [t]py[t] (E["[t] — z}"[t]) is the weighted negative revenue when the microgrid
buys energy from the ESP with a?[t]p;*[t] buying price. From (4.1), with the condition

EM™[t] — x*[t] # 0, the extremum value of z}"[t] can be calculated with given prices p*

and p;" as
K [t] . .
aM[t] = o [t]pmt] b Bl >l (4.3)
: i lt] - o '
T L Bt <aplt]

As a coordinator, the ESP sets the internal prices and conducts energy sharing be-
tween microgrids. For each time slot ¢, the total energy trading among sellers and buyers
can be obtained as

EN =Y (Bt —a"[t) ., B =) (z]'[t) - E"[t]) (4.4)
leMs leMp
where E7" is the total energy that the ESP buys from seller microgrids in the set Mg, and

E}" is the total energy that the ESP sells to buyer microgrids in the set M p. Thus, the
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profit function of the ESP with pZ*[¢] and p}[t] decision variables can be formulated as

e [i]Eg“ R R —
RESP(??:F?)M = e ( ) [t] ' [t]) (4.5)
oy [tpy" [ 3" [t] — of [t]py" [t £ (1] BRI < B
\ A (B — E[t])

4.2. Definition and Implementation of Game Approach

The proposed single-leader multi-follower game approach given in Section 2.2 is
extended to solve the problem of energy sharing management between microgrids. In the
game, the ESP takes the leader role and determines the pricing policy to coordinate energy

sharing, where the microgrids are followers. The game is defined as

1 = {(MUESP), (X} hiew, (P} {PTYAT) b iepys Rese (0 00) ) 46)

which includes the followings:
* The microgrids given in set M are the followers and decide their optimal energy
consumptions according to the internal prices determined by the ESP.

lth

» XJ" is the set of consumption strategies of [*" microgrid subject to the constraint

xl”;in <" < x{:m.
* P;" and P are the sets of strategies of the ESP, which are the vector forms of
internal prices p;* and p7*, respectively. For each time slot ¢, these strategies are
determined by the ESP subject to the constraint A" < p7*[t] < p*[t] < A"
e U, is the utility function of I*® microgrid, as given in (4.1), that states the microgrid’s
benefit from consuming energy x;" and trading energy £;" — z;"* with the ESP.
* Rpsp(p™,py) is the profit function of the ESP, as given in (4.5), that states the
total profit obtained by conducting energy sharing between microgrids and trading
energy with the utility grid.
With the strategies determined, the objectives of each microgrid and the ESP are to max-
imize the utility in (4.1) and the profit in (4.5), respectively.

For each time slot ¢, I'™® microgrid forecasts its produced energy Elm [t] and con-
sumed energy Z]"[t]. Based on these forecasts, the microgrid [ adopts the seller or buyer

lth

role. Then, {"™ microgrid calculates its preference parameter k;[t] by using the following
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equation (which is obtained from (4.3) for z7*[t] = Z"[t], E/*[t] = E™[t])

(@[t + 1)o7 [t [, B[]

alt] = lS ~
(Z"[t] + V) ag[tlppt], Bl < zpt]

4.7)

where the reference internal prices p7*[t] and p}*[t] are set, respectively, as A" and \}".
Then, I** microgrid submits &;[t], £/*[t], and its role (seller or buyer) to the ESP. Thus,

for a time slot ¢, total energy trading between sellers and buyers can be obtained as

E™t] :l; (E{”[t] — als[]zf]l—g@m + 1) , (4.8)
E™t] ZZG;B (@[IZ—I% —1- Emt]) . (4.9)

By substituting (4.8) and (4.9) into (4.5), a piece-wise profit function is obtained with

respect to py* and p?*. Then, the objective function of the ESP is

max  Rpsp(py[t], py'[t])

st A< plt] < pptlt] < A

kat] . Fa[t] (4.10)
Oéls[t] (‘Tﬁax [t] 1 1) < p, [t] < Ozls[t] (xlrl::in [t] n 1), Vie Mg
o [t] < prlf] < ki [t] e,

A (e 1 +1) ~

e A CHMUE DY
where the constraint on the power consumption of /*" microgrid is denoted as it [t] <
ri"[t] < a7 [t]. By solving (4.10), the ESP can determine the optimal internal prices
py*[t] and p2**[t] for the upcoming time slot ¢. Considering the established internal prices
of the ESP and the preference parameter determined from (4.7), each microgrid / obtains
its optimal energy consumption by (4.3) for the time slot . The ESP cannot increase its
profit by adjusting internal prices from (p}**[t], p7**[t]), and no microgrid can improve its

utility by choosing strategies other than end-game consumption.
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5. SIMULATIONS AND RESULTS

In this chapter, case studies are presented to demonstrate the effectiveness of the
proposed strategies on real-like microgrids. The simulation results for energy sharing
management problems including a single microgrid and multiple microgrids are dis-

cussed, respectively, in Section 5.1 and Section 5.2.

5.1. Energy Sharing Management of a Single Microgrid
Energy sharing management of a microgrid including five prosumers (three of them

PV prosumers and two of them WT prosumers) and three PEV CSs for¢t = 7,...,19 is

considered as a case study. For the prosumers, a,, (Wwhere n = 1,..., N) are determined
as 0.001, 0.004, 0.002, 0.009, and 0.007, respectively. bf;x, b,l;, and 0)°, n=1,..., N, are
all determined as 1. For n = 1,..., N, 2™[t] = 0.7%,[t] and 22*[t] = 1.3Z,[t] for

t=17,...,19. ¢V and ("7 are determined as 0.067 USD /kWh and 0.037 USD /kWh,
respectively. It is assumed that each prosumer n (where n = 1,..., N) included in the
case study has an ES system with the specifications as SOCZS“ = 20%, SOC)™ = 90%,
E,T’l = 50kWHh, and dg;ax = 20kW. In addition, the life loss cost of the ES systems, ¢4, ,
is chosen as 0.0007. For PEV CSs, the charging levels of i*® (where i = 1,..., Ny) CS
are defined, respectively, as [P} --- PP = [3.3 3.6 66 7 7.2], [P} --- P§] =
[72 96 115 17 192 22],and [P --- PJ] = [19.2 22 43 50 100]. For
i=1,...,Ny, I™0[t] = 0.5 L;[t] and [¥[t] = 1.5 L;[t] fort = 7,...,19.

Forecasted values of energy generation and consumption of all prosumers are shown
in Figure 5.1. The initial net energy of n'" prosumer (where n € G) can be found based
on these forecasts as E9[t] — &,[t], which indicates the adopted role of the considered
prosumer prior to ES scheduling. Specifically, if the net energy value is positive, the pro-
sumer acts as a seller, while a negative net energy value shows that the prosumer acts as a
buyer at the beginning of the day-ahead ES planning. If the net energy value is zero, the

prosumer is self-sufficient for the corresponding time period.

5.1.1. Day-ahead ES scheduling

As the first step of the implementation process, all the prosumers obtain their ES
strategies based on the defined specifications, forecasted values of generated and con-
sumed energy, and forecasted internal prices shown in Figure 5.2. Thus, the exchanging

energy d J[t] (where n = 1,..., N) of the ES systems are determined from (2.12) and
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Figure 5.1. Forecasted values of energy generation (left) and energy consumption (right) of PV-
WT prosumers.

shown in Figure 5.3. Accordingly, SOC,, [t] (where n = 1,..., N) of the ES systems are
derived from (2.13) (see Figure 5.4). It can be seen in Figure 5.4 that the ES systems all
end with the SOC value of 20%, which is the same as their initial SOC values. It can also
be analyzed that the SOCs remain between the upper and lower bounds during schedul-
ing. After the ES scheduling is completed, the net energy of n'* prosumer (where n € G)
is updated considering d,, [t] as ES[t] — Z,[t] — d,, [t], which shows the initial role of the
prosumer at the start of the game procedure.

The ES strategy for buyer prosumers aims to discharge their batteries during times

of high internal buying prices to reduce their energy purchases. On the other hand, for
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Figure 5.2. Forecasted internal prices.
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Figure 5.4. SOC,, [t] (where n = 1,..., N) of the ES systems.

seller prosumers, the ES strategy aims to charge their batteries during times of low internal

selling prices, intending to utilize the stored energy when additional energy is required

beyond production capacity. It can be seen from Figure 5.2 that, in time slot 16, p, is at

its highest value. According to Figure 5.3, both WT prosumers, which behave as buyers

based on the forecasted generation and consumption values, discharge their batteries to

meet required energy demands due to the high internal buying price in the considered

time slot. On the other hand, Figure 5.3 shows that PV prosumer 1, acting as a seller,
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utilizes its surplus energy to charge its battery during time slots 8 and 9 in response to
the quite low pr’V value (see Figure 5.2). However, it is important to note that the ES
strategy is not limited to just storing excess energy for sellers and releasing energy for
buyers to fulfill their energy requirements. Seller prosumers can benefit from decreasing
penalties for discharges as the internal selling price increases, allowing them to sell stored
energy at profitable rates during these time intervals. Similarly, buyer prosumers can take
advantage of lower internal buying prices to purchase energy for charging their batteries.
For example, Figure 5.2 presents a quite high £’V in time slot 10, and Figure 5.3 shows
that despite having excess energy, PV prosumer 1 and PV prosumer 3 discharge their
batteries in this time slot.

Besides the aforementioned statements, it is not sufficient to evaluate the ES system
strategy based only on the forecasted prices of a specific time slot. To assess the unex-
pected outcomes of the ES strategy for any given time slot, one must also consider its
impact on other time slots. Hence, when monitoring the charging or discharging behavior
in a particular time slot, the pricing policy of the entire day should be taken into account
within the given ES scheduling algorithm. Consequently, various scenarios may arise for
the ES scheduling of prosumers, which would consider the forecasted pricing scheme in
combination with the algorithm’s defined constraints. For instance, even though p/¥'7 is
quite high in time slot 17 (as given in Figure 5.2), Figure 5.3 shows that WT prosumer 1,

acting as a seller, charges its battery with the excess energy. This decision is taken because

the internal buying price is observed to be at its peak value around these time intervals.

5.1.2. Real-time pricing and results of game approach

Considering the specified parameters, day-ahead ES planning, forecasted energy
generations and consumptions of the prosumers, and forecasted loads of CSs, the pro-
posed game model is carried out using MATLAB to optimize energy sharing in the mi-
crogrid for the considered time period. Thus, the end-game internal prices py[t], pLV[t],
and p!V7'[t] are obtained from the game procedure and shown in Figure 5.5. It is evident
that these prices bear a notable resemblance to the forecasted internal prices considered
during day-ahead ES scheduling (see Figure 5.2).

Each prosumer 7 obtains its optimal energy consumption based on the end-game

internal prices. Thus, the end-game net energy of n'" prosumer can be represented as
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Figure 5.5. End-game internal prices.

E9[t] — ,[t] — dp,[t]. Figure 5.6 shows the comparison of the net energies of the pro-
sumers, including the end-game net energy (bottom) and the initial net energies® with ES

systems (upper right) and without ES systems (upper left).
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Figure 5.6. Comparison of the net energies of the prosumers, including the end-game net energy
(bottom) and the initial net energies with ES systems (upper right) and without ES

systems (upper left).
As can be seen in Figure 5.6, the initial roles of prosumers at the beginning of the
game, determined based on the forecasted consumption values, change at specific time in-

tervals according to the end-game internal prices. For example, PV prosumer 3 switches

SInitial net energies of nth prosumer (where n € G) with and without ES systems can be represented,
respectively, as E9[t] — Z,,[t] — dp,, [t] and EJ[t] — &, t].
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from being a buyer to a seller in time slot 15 to reduce energy needs in the microgrid.
Likewise, in time slot 17, PV prosumer 1 decreases its consumption in response to the
rise in internal selling PV price and becomes a seller based on its end-game consump-
tion.® Furthermore, regarding the comparison of the initial net energies with and without
ES systems shown in Figure 5.6, a point worth noting is the behavior of prosumers in
response to the day-ahead ES scheduling. Since the primary goal of ES scheduling is
self-sufficiency on the prosumer basis, it can be observed that prosumers generally tend
towards self-sufficiency after the ES scheduling (particular attention to WT prosumer 2).

The differences between the end-game consumption and the forecasted consump-
tion (i.e., z,[t] — Z,[t]) of each prosumer are shown in Figure 5.7. Positive values indicate
an increase in consumption after the application of end-game internal prices, while nega-

tive values indicate a decrease in consumption.

I I I I
40 —7—PV Prosumer 1 —4-PV Prosumer 2 ||
PV Prosumer 3 —=—WT Prosumer 1

WT Prosumer 2

Tplt] — Znt]

7 8 9 10 11 12 13 14 15 16 17 18 19
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Figure 5.7. Differences between the end-game consumption and the forecasted consumption of
each prosumer.

Forecasted and end-game numbers of vehicles at each level of charging power avail-
able in the considered PEV CSs are shown in Figure 5.8, Figure 5.9, and Figure 5.10. Ac-
cordingly, the comparison of the forecasted loads (based on the utility grid prices) and the
end-game loads (based on the internal prices) of PEV CSs is shown in Figure 5.11. Since
PEV CSs only behave as buyers in the problem, they are not affected by changes in inter-
nal selling prices. If p,[t] is kept at \,, the end-game loads of CSs do not differ from the
forecasted loads, as forecasted loads are obtained based on the grid prices. Furthermore,
PEV CSs tend to increase their loads in line with the decrease in py|t].

Total buying, total selling, and net energies of the microgrid (i.e., PV-WT prosumers

and PEV CSs) based on the end-game internal prices are shown in Figure 5.12. Further-

®Note that the role changes observed in this study are not allowed in previously examined studies.
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Figure 5.8. Forecasted (left) and end-game (right) numbers of vehicles at each level of charging
power available in Level I PEV CS (i.e., forecasted and end-game states of Level 1
PEV CS).
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Figure 5.9. Forecasted (left) and end-game (right) numbers of vehicles at each level of charging
power available in Level 2 PEV CS (i.e., forecasted and end-game states of Level 2
PEV CS).
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Figure 5.10. Forecasted (left) and end-game (right) numbers of vehicles at each level of charging
power available in Level 3 PEV CS (i.e., forecasted and end-game states of Level 3
PEV CS).
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Figure 5.11. Comparison of the forecasted loads (based on the utility grid prices) and the end-

game loads (based on the internal prices) of PEV CSs.

more, Figure 5.13 shows the comparison of the net energies of the microgrid, including

the end-game net energy (based on the final consumptions and loads) and the initial net

energies with and without ES systems (based on the forecasted consumptions and loads).

As can be seen in Figure 5.13 that the game model implemented by the MGO leads to a

reduction in energy trading with the utility grid. Therefore, within the limitations of the

MGQO, the proposed energy management algorithm appears to decrease the microgrid’s

reliance on the grid while aiming to maximize the operational profit.

T T T T T
400 ﬂﬁéfTotal selling energy ——Total buying energy

I I
Net energy‘

= 2004
A
z
>
8 of 4
5}
=
=
-200 |- -
| | | | | | | | | | |
7 8 9 10 11 12 13 14 15 16 17 18 19
Hour
Figure 5.12. Total buying, total selling, and net energies of the microgrid (i.e., PV-WT prosumers

and PEV CSs) based on the end-game internal prices.
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Figure 5.13. Comparison of the net energies of the microgrid, including the end-game net energy
(based on the final consumptions and loads) and the initial net energies with and
without ES systems (based on the forecasted consumptions and loads).

The comparison between the MGO’s initial profit based on the utility grid prices
(without ES systems) and end-game profit based on the internal prices is shown in Fig-
ure 5.14. It is obvious that the end-game prices increase the profit of the MGO while

reducing the grid dependency.
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Figure 5.14. Comparison between the MGO'’’s initial profit based on the utility grid prices (without
ES systems) and end-game profit based on the internal prices.

5.1.3. Billing scheme

The effect of the proposed billing scheme on the overall energy management strat-
egy is analyzed in this subsection. To evaluate the performance of this scheme, various
case studies are presented at specific time slots, including 9, 12, and 11.

In time slot 9, the MGO takes on the role of buyer (see Figure 5.13), and PV Pro-
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sumer 1, PV Prosumer 3 and both WT prosumers behave as sellers (see Figure 5.6). To see
the effect of Case 8, let 01[9], 05[9], d4[9], 05[9] < 0, which means that the amount of sell-
ing energy is less than the scheduled selling energy. For this, it is assumed that the actual
exchanging energy of the ES systems of these prosumers, d,, [9], d,,[9], d,,[9], and d,,,[9],
are increased from, respectively, d,, [9], d,,[9], d,,[9], and d,,.[9] by 0% to 50% (measured
by mean absolute percentage error (MAPE)) of the corresponding forecasted dpn 9] (for
n =1,3,4,5) of the ES systems. The actual consumptions and productions of these pro-
sumers are chosen as their end-game consumptions and forecasted productions. Since the
MGO is in the buyer position in this time slot, Case 8 is validated. Figure 5.15 shows the
comparison of the profits of the MGO before and after regulation under different errors.
As can be seen, based on (3.15), the profit of the MGO decreases with increasing error
rates before regulation. However, based on (3.22), the profit of the MGO remains constant

for each error rate with the application of the billing procedure in the considered time slot.
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Figure 5.15. Comparison of the profits of the MGO before and after regulation under different
errors in time slot 9.

Figure 5.16 shows the comparison of the revenues of PV prosumer 1, PV prosumer
3, WT prosumer 1, and WT prosumer 2, which act as sellers in time slot 9, under different
errors. Before the application of the billing procedure, the revenues of these prosumers
decrease with the error rates from 0% to 50% because of selling less energy. Since the
required energy is purchased from the utility grid with \,, the MGO can balance its rev-
enue by penalizing these prosumers with (A, — pX[9])0,[9] for n = 1,3,4,5 after the
application of the billing procedure. Thus, the regulation decreases the revenues of the

considered prosumers compared to the pre-regulation case in this time slot.
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Figure 5.16. Comparison of the revenues before and after regulation under different errors in time
slot 9.

In time slot 12, the MGO takes on the role of seller (see Figure 5.13), and both
WT prosumers and all PEV CSs behave as buyers (see Figure 5.6). To see the effect of
Case 4 and Case 6, let 44[12],85[12], 67EV[12], 67EV[12], 67FV[12] < 0, which means
that the amount of buying energy is less than the scheduled buying energy. For this, it
is assumed that the actual consumptions of WT prosumers and actual loads of PEV CSs,
x$[12], x2[12], L$[12], L§[12], and L§[12], are decreased from, respectively, x4[12], x5[12],
L1[12], Ls[12], and L3[12] by 0% to 50% (measured by MAPE) of the corresponding
x,[12] (for n = 4, 5) of the considered prosumers and L;[12] (for : = 1, 2, 3) of PEV CSs.
The actual productions of these prosumers and exchanging energies of their ES systems
are chosen as their forecasted productions and exchanging energies. Since the MGO is in
the seller position in this time slot, Case 4 and Case 6 are validated. Figure 5.17 shows the
comparison of the profits of the MGO before and after regulation under different errors.
As can be seen, based on (3.4), the profit of the MGO decreases with increasing error rates
before regulation. However, based on (3.14), the profit of the MGO remains constant for
each error rate with the application of the billing procedure.

Figure 5.18 shows the comparison of the revenues of all WT prosumers and PEV

CSs, which act as buyers in time slot 12, under different errors. Before the application
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Figure 5.17. Comparison of the profits of the MGO before and after regulation under different
errors in time slot 12.

of the billing procedure, the revenues of these prosumers and CSs increase with the error
rates from 0% to 50% because of buying less energy. Since the unpurchased excess energy
is sold to the grid with A4, the MGO can balance its revenue by penalizing WT prosumers
and CSs with (py[12] — X9)§,,[12] for n = 4,5 and (py[12] — A)§FEV[12] fori = 1,2, 3,
respectively, after the application of the billing procedure. Thus, the regulation decreases
the revenues of the considered prosumers and CSs compared to the pre-regulation case in

this time slot.
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Figure 5.18. Comparison of the revenues before and after regulation under different errors in time
slot 12.
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In time slot 11, the MGO takes on the role of seller (see Figure 5.13), and all PV
prosumers behave as sellers (see Figure 5.6). To see the effect of Case 1, let 6;[11], J5[11],
d3[11] > 0, which means that the amount of selling energy is more than the scheduled
selling energy. For this, it is assumed that the actual productions of these prosumers,
EY[11], E4[11], and E[11], are increased from, respectively, E¢[11], EJ[11], and EJ[11]
by 0% to 50% (measured by MAPE) of the corresponding forecasted Eg[ll] (forn =
1,2, 3) of the considered prosumers. The actual consumptions of PV prosumers and ex-
changing energies of their ES systems are chosen as their end-game consumptions and
forecasted exchanging energies. Since the MGO is in the seller position in this time slot,
Case 1 1s validated. Figure 5.19 shows the comparison of the profits of the MGO before
and after regulation under different errors. As can be seen, based on (3.4), the profit of the
MGO decreases with increasing error rates before regulation. However, based on (3.14),
the profit of the MGO remains constant for each error rate with the application of the

billing procedure.
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Figure 5.19. Comparison of the profits of the MGO before and after regulation under different
errors in time slot 11.

Figure 5.20 shows the comparison of the revenues of PV prosumers, which act as
sellers in time slot 11, under different errors. Before the application of the billing pro-
cedure, the revenues of these prosumers increase with the error rates from 0% to 50%
because of selling more energy. Since the extra energy purchased from PV prosumers is
sold to the grid with A2, the MGO can balance its revenue by buying this excess energy

from the prosumers with \? instead of p?’

V[11] after the application of the billing pro-
cedure. Thus, the regulation decreases the revenues of PV prosumers compared to the

pre-regulation case in this time slot.
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Figure 5.20. Comparison of the revenues before and after regulation under different errors in time
slot 11.

5.1.4. Islanded mode

The previously obtained end-game results indicate that the microgrid is in the buyer
position during evening hours to meet its significant energy demand (see Figure 5.13).
Thus, in this case study, the islanded mode is aimed for ¢ = 17,...,19. To achieve this
objective, some decision parameters need to be optimized for the considered time slots.
Forn = 1,..., N, b>X[17] = 0.8, b2X[18] = b5X[19] = 0.5, b2[17] = 0.9, and all other
relative benefit coefficients are chosen as 1. For n = 1,..., N, 2™"[17] = 0.5%,[t],
TPX[17) = 1.5Z,[t], 2™ [18] = 2™n[19] = 0.3Z,[t], and 2™*[18] = zM*[19] =
1.7%,[t]. Fori = 1,..., Ny, I™®[t] = 0.5 L;[t] and "*¥[t] = 1.5 L;[t] fort = 17,.. ., 19.

Considering the specified parameters, the Stackelberg game is performed based on
the modified nonlinear programming problem given in (2.18) for ¢t = 17, ..., 19. It should
be noted that since the microgrid is independent of the utility grid in time slots 17-19 to
satisfy islanded mode, the utility grid price constraints in determining the internal prices
have been removed in the modified problem, and the end-game prices are determined
under the constraint max (pZV[t], p!" 7 [t]) < ps|t] for these time slots. The obtained end-

game prices in islanded mode are shown in Figure 5.21. As can be seen in Figure 5.21, the
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internal buying price py[t] is higher than A, where ¢t = 17, ..., 19, which is expected ac-
cording to the modified price constraints. Based on the end-game prices in islanded mode,

the net energy curves of PV-WT prosumers and loads of CSs are shown in Figure 5.22.
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Figure 5.21. End-game prices in islanded mode fort = 17, ..., 19.
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Figure 5.22. End-game net energy curves of PV-WT prosumers and end-game loads of PEV CSs
in islanded mode fort = 17,...,19.

According to the comparison of Figure 5.11 and Figure 5.22, for t = 17,...,19,
it is observed that the increase in py[t] in the modified approach (see p,[t] > A, from
Figure 5.21) motivates all CSs to decrease their load demands. Before the changes to the

underlying approach regarding islanded mode, as shown in Figure 5.11, the forecasted
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loads and end-game loads of CSs are the same in the considered time slots (see p,[t] = Ay
from Figure 5.5). However, as a result of performing the modified approach, it can be seen
in Figure 5.22 that the end-game loads of CSs become less than their forecasted loads.

Based on Figure 5.6 (bottom) and Figure 5.22, for t = 17,...,19, as can be seen
that seller prosumers sell more energy to the MGO when there is an increase in internal
selling prices in the modified approach compared to the prices given in Figure 5.5. For
example, in time slots 18 and 19, both WT prosumers increase their selling energy with the
rise in p?T[t]. Likewise, in time slot 17, all PV prosumers sell more energy to the MGO in
response to the increase in p’V'[t]. It should be noted that some prosumers are motivated
to switch their roles in the modified approach according to the internal price changes. For
example, as shown in Figure 5.6 (bottom), all PV prosumers behave as buyers in time
slots 18 and 19. However, it can be seen in Figure 5.22 that PV Prosumer 1 switches its
role from a buyer to a seller in these time slots. PV Prosumer 2 and PV Prosumer 3 also
give the same reaction to the price changes in time slot 18.

Considering the results of the modified approach, total buying, total selling, and net

energies of the microgrid are shown in Figure 5.23. As can be seen from Figure 5.23, the

microgrid can successfully operate in islanded mode for¢ = 17,...,19.
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Figure 5.23. Total buying, total selling, and net energies of the microgrid in islanded mode for
t=17,...,19.

5.2. Energy Sharing Management Between Multiple Microgrids
In this section, the management of energy sharing between three microgrids for
t = 7,...,19 is considered as a case study. The weights of the edges are defined as

Br2 = Por =1, B13 = P31 = 04, B3 = P32 = 0.4. Forecasted values of energy
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generation and consumption of all microgrids are shown in Figure 5.24 and Figure 5.25,
respectively. The difference between the forecasted energy generation and consumption
of I microgrid (i.e., Ert)—an [t]) determines whether the microgrid behaves as a seller
or a buyer in the relevant time slot. If E/[t] — Z7"[t] > 0, the microgrid adopts the seller
role due to its surplus energy. Otherwise, if £/[t] — #}*[t] < 0, the microgrid takes on the

role of buyer since it needs energy.
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Figure 5.24. Forecasted values of energy generation of all microgrids.
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Figure 5.25. Forecasted values of energy consumption of all microgrids.

Considering the specified parameters, and forecasted energy generations and con-
sumptions of the microgrids, the Stackelberg game model is carried out based on the
problem given in (4.10) to optimize energy sharing between the microgrids for the con-
sidered time period. The-end game internal selling price p?* and internal buying price p;*

are shown in Figure 5.26.
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Figure 5.26. End-game internal prices.
Each microgrid [ obtains its optimal energy consumption based on the determined
internal prices. The differences between the end-game consumption and the forecasted

consumption of each microgrid (]"[t] — Z"[t] for | = 1,2, 3) are shown in Figure 5.27.
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Figure 5.27. Differences between the end-game consumption and the forecasted consumption of
each microgrid.

The comparison of the initial net energy (Elm [t] — Z"[t]) and the end-game net
energy (E’lm [t] — x"[t]) of each microgrid [ is shown in Figure 5.28. The relationship
between the changes in consumption values of the microgrids and end-game prices can
be analyzed similarly to that in the previous section. Note that the increase in p!" motivates
sellers to sell more energy and the decrease in p;* motivates buyers to buy more energy.
To validate these statements, time slots 15 and 14 can be considered, respectively. As can
be seen in Figure 5.28, in time slot 15, the seller Microgrid 2 increases the amount of its

selling energy by decreasing its consumption with the rise in p*. Also, in time slot 14,
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the buyer microgrids (i.e., Microgrid 1 and Microgrid 3) increase their energy purchases

by consuming more energy with the fall in p;".
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Figure 5.28. Comparison of the initial (left) and end-game (right) net energies of the microgrids.

The differences between the utilities of each microgrid based on the utility grid
prices and end-game prices are shown in Figure 5.29. As can be seen, the utilities of seller
and buyer microgrids increase in line with the rise in internal selling price and the fall in
internal buying price, respectively. For instance, Microgrid 3 is a buyer in time slot 16,
and the utility of this microgrid significantly increases in response to the sharp fall in p;".
A similar situation can be observed for Microgrid 2 in time slot 11. As another example,

Microgrid 2 is a seller in time slot 14, and the utility of this microgrid increases with the

rise in p7".
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Figure 5.29. Differences between the utilities of each microgrid based on the utility grid prices
and end-game prices.
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The comparison of the ESP’s profit based on the utility grid prices and end-game
prices is shown in Figure 5.30. In time slots 7, 12, 13, and 17-19, since all microgrids
are either sellers or buyers, the ESP cannot trade energy between them. Consequently,
py* and p!" take the same values as \;" and A", respectively (see Figure 5.26). This leads
to zero profit for the ESP in these time slots. However, in the remaining time slots, the
ESP’s profit is positively affected by the end-game prices. Thus, it can be concluded
from Figure 5.29 and Figure 5.30 that the internal prices can increase the ESP’s profit,

meanwhile improving the utilities of the microgrids.
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Figure 5.30. Comparison of the ESP’s profit based on the utility grid prices and end-game prices.
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6. CONCLUSION AND FUTURE RESEARCH
In Section 6.1, the concluding remarks of this thesis are given. Then, in Section 6.2,
regarding the present contributions of this thesis, the possible research objectives for the

future are discussed.

6.1. Conclusion

In this dissertation, Stackelberg game-based strategies for energy sharing manage-
ment of microgrids are developed. In this regard, a single-leader multi-follower Stackel-
berg game approach is proposed to optimize energy sharing in a microgrid including PV-
WT prosumers equipped with ES systems and PEV CSs. The MGO serves as the leader
that conducts energy sharing by setting prices for internal buying and selling transactions.
In addition, all prosumers and PEV CSs are the followers that adjust their consumptions
and loads, respectively, based on the pricing policy of the MGO. The role of each pro-
sumer within the microgrid can be that of either a seller or a buyer, which is determined
by its production and consumption, as well as its charging or discharging behavior. Un-
like the prosumers, PEV CSs are limited to acting only as buyers in the given problem.
Through the proposed game approach, the MGO aims to maximize its profit while ensur-
ing that both prosumers and CSs act in their interests. After the energy sharing manage-
ment of a microgrid is established, the problem is extended to address the management of
energy sharing between microgrids. Similar to the game approach proposed for a single
microgrid, the ESP takes the leader role in the problem-solving and determines internal
selling and buying prices to coordinate the energy sharing between microgrids, which
act as followers. With the game-based strategies developed in this dissertation, several
significant contributions to the literature are presented.

In the existing studies, buyer and seller roles owned by prosumers are determined
according to their forecasted production and consumption values at the start of each time
interval, and even if altering their assigned roles based on updated prices could lead to
increased benefits, their designated roles remain fixed throughout the given time period.
In addition, the chosen utility functions of prosumers do not have prosumer-based param-
eters, which they can determine in line with their preferences. These points significantly
limit prosumers in terms of flexibility. Unlike the previous studies, in the proposed Stack-

elberg game approach, prosumers are not constrained to stay in their initial roles and they
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can switch roles from buyer to seller or seller to buyer based on the final prices. More-
over, prosumers can exhibit a more active behavior in the microgrid by designing their
energy consumption strategies based on their specified decision parameters reflecting the
behavioral characteristics.

During the design of the energy management algorithm for the microgrid, the prob-
lem of planning the energy demands of PEV CSs is handled differently from similar stud-
ies. Rather than considering them as regular consumers that supply their energy needs
from the microgrid as total loads, independent from vehicle numbers and charging levels,
the energy demands of each station are determined as variable demands according to its
operational characteristics. Thus, the energy planning of CSs is based on determining the
number of PEVs that each station can accept within a specified time interval, taking into
account the vehicle charging levels. To achieve this, the problem of planning the energy
demands of PEV CSs has been transformed into an integer programming problem, as
opposed to a non-linear programming problem.

The modifications made to the proposed approach enable the microgrid to operate
independently from the utility grid and satisfy the requirements of islanded mode during
time slots when energy is exchanged with the grid based on the end-game results. This
is important because there may be some situations where the microgrid needs to reduce
reliance on the grid by moving away from the goal of profit maximization, which is the
focus of typical game-theoretic approaches. The identified modifications provide greater
flexibility and adaptability in the operation of the microgrid, allowing it to disconnect
from the utility grid when required.

To address the uncertainties arising from renewable energy generation, energy con-
sumption, and energy exchange in ES systems, a billing procedure is proposed for the
comprehensive problem discussed in this thesis. Since the exact implementation of the
leader’s strategy is required, the accuracy of forecasting directly affects the overall suc-
cess of the end-game strategies on real-time applications. A well-designed billing scheme,
such as the one proposed here, can enhance the robustness of the game approach by min-
imizing the negative impacts of forecasting errors or possible mismatches between deter-
mined and actual energy values.

Lastly, as mentioned above, the game approach proposed for managing energy shar-

ing within a single microgrid has been extended to address the issue of energy sharing be-
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tween multiple microgrids. The resulting solution effectively balances the energy needs of
each microgrid based on the preferences and constraints of individual microgrid owners,

while optimizing energy distribution among microgrids.

6.2. Future Research

As future research objectives, the problems of managing energy sharing within a
microgrid and between microgrids, which have been discussed in this dissertation, can be
integrated into each other to form a two-stage problem. This problem should be designed
comprehensively to develop energy management strategies that bring the mentioned in-
dependent problems together at the optimum point.

To obtain energy management algorithms for the two-stage problem, it is essential
to consider the goals of active end users in the microgrid, all the parametric definitions
and constraints they determine, as well as the internal dynamics of these end users. Addi-
tionally, the operational characteristics of energy transmission lines between microgrids,
such as capacity, availability rate, and maintenance/life-loss rate, must be involved in the
problem. Thus, once the solution proposals are obtained, they can be adapted to the real-
time system structure in the best way possible. As a result, the development of a unique
holistic perspective by considering the energy sharing management problems of both mi-
crogrids and their active end users, who are the building blocks of these microgrids, would

undoubtedly make a significant contribution to the literature.
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