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Abstract

In a smart city, it is vital to provide a clean and green environment by curbing air pollution
and greenhouse gas emissions (GHGs) from transportation. As a recent action from many
governments aiming to minimize transportation’s pollution upon the climate, new plans
have been announced to ban cars with gas engines throughout the world. Therefore, it is
anticipated that the presence of electric vehicles (EVs) will grow very fast globally. Con-
sequently, the necessity to establish electric vehicle supply equipment (EVSE) in the smart
city through public charging stations is growing incrementally year by year. However, the
EV charging process via EVSE which is primarily connected to the power grid will put high
pressure upon the centralized power grid, especially during peak demand periods. Increas-
ing the power production of power grid will increase the environmental impact. Therefore,
it is fundamental for the smart city to be equipped with a modern power grid to cope with
the traditional power grid’s drawbacks.

In this thesis, we conduct an in-depth analysis of the problem of EVs’ interaction with
the modern power grid in a smart city to manage and control EV charging and discharg-
ing processes. We also present various approaches and mechanisms toward identifying
and investigating these challenges and requirements to manage the power demand. We
propose novel solutions, namely Decentralized-EVSE (D-EVSE), for EVs’ charging and
discharging processes based on Renewable Energy Sources (RESs) and an energy storage
system. We present two algorithms to manage the interaction between EVs and D-EVSE
while maximizing EV drivers’ satisfaction in terms of reducing the waiting time for charg-
ing or discharging services and minimizing the stress placed on D-EVSE. We propose an
optimization model based on Game Theory (GT) to manage the interaction between EV's
and D-EVSE. We name this the decentralized-GT (D-GT) model. This model aims to find
the optimal solution for EVs and D-EVSE based on the concept of win-win. We design
a decentralized profit maximization algorithm to help D-EVSE take profit from the elec-
tricity price variation during the day when selling or buying electricity respectively to EVs
or from the grid or EVs as discharging processes. We implement different scenarios to
these models and show through analytical and simulation results that our proposed models
help to minimize the D-EVSE stress level, increase the D-EVSE sustainability, maximize
the D-EVSE profit, as well as maximize EV drivers’ satisfaction and reduce EVs’ waiting

time.
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Chapter 1

Introduction

1.1 Background

The smart city is a comprehensive concept that has different definitions among practitioners
and academia. The smart city is defined in [1]] as “...a place where traditional networks
and services are made more flexible, efficient, and sustainable with the use of information,
digital, and telecommunication technologies to improve the city’s operations for the benefit
of its inhabitants. Smart cities are greener, safer, faster, and friendlier.” Consequently, smart

cities are an abundant abstraction that is used as an encompassing label for cities.

The authors of [[1] present the following nine components of a smart city: smart infras-
tructure, smart buildings, smart transportation, smart grid, smart health care, smart tech-
nology, smart governance, smart education, and smart citizens. However, not all smart
cities are the same, as they each have specific requirements based on their citizens’ needs
and abilities. In general, the most common components of a smart city lie in smart infras-
tructure, smart buildings, smart transportation, and smart grid. Specifically, the smart grid
is one of the most important goals of the smart city. The smart grid will provide better
living conditions by increasing the power consumers’ trust and satisfaction and decreasing

greenhouse gas emissions (GHGs) to the environment [2].

The smart grid that is based on centralized power generation architecture has many
strengths and weaknesses. Centralized power generation is based on an enormous central

power plant that uses a non-renewable power generator [3|]. In highly populated urban



areas, therefore, the electricity demand on the existing power grid increases year by year.
In response, the power grid will increase its ability to meet the power demand by allowing
the power plant station to generate more power. By increasing the power generated by
the power plant, however, air pollution and GHGs will increase accordingly, and that is
not a good solution for the smart city. A better solution is distributed power generation
architecture [4,/5] that is based on renewable energy sources (RESs) [4,|6] and built in
close proximity to the power consumers. The strengths of the distributed power generation
architecture based on RESs include increasing the reliability [7] and resilience [8]] of the

power grid and also lowering the GHGs with high power efficiency.

In smart cities, the communication networks become more and more complex With
population growth; thus, the smart city needs an intelligent framework. The most promis-
ing emerging technology and framework for smart cities is the Internet of Things (IoT).
As vast networks become more and more intelligent, the IoT has become the fundamental
backbone of smart city innovations. The IoT has enabled the integration of different het-
erogeneous systems. Thus, smart cities will become achievable [9]. The IoT in a smart
grid will assist smart cities by managing all smart grid entities such as non-renewable and
renewable energy generators, grid operators, stakeholders, system reliability, system trans-
parency, resilience, stability, and end-user. The IoT also allows the smart city to better
utilize existing power generators and ease the integration of RESs. Power consumers can
monitor and control their usage according to their needs and Time-of-Use (TOU) pricing
in real-time. Notably, managing and controlling the power production and demand are the
most crucial steps to minimize the impact of GHGs on the environment. Consequently, as
a modern power grid structure, the smart grid must be reliable, efficient, resilient, secure,

safe, clean, and green [10].

The electrification of transportation brings many advantages such as minimizing the
effect of transportation’s pollution upon the climate. As an action from many governments
to achieve the electrification of transportation, recently new plans have been announced to
ban cars with gas engines throughout the world. For example, the UK, Sweden, France,
Germany, and Australia plan to ban such vehicles by 2035 [11-13]]. As these plans unfold,
EVs’ presence will grow very fast globally, especially in countries such as Canada, where
citizens are encouraged by several types of financial incentives to buy EVs [14]. These steps
allow smart cities to curb carbon emissions as well as GHGs. However, the electrification

of transportation is also leading to crucial challenging issues that need to be solved.



With the growth in the electric vehicle (EV) market due to its zero air pollution and
reduction of GHG emissions, the power demand in smart cities will increase accordingly.
By 2030, the number of EVs will be more than 100 million globally [[15]. Consequently,
the necessity of initiating electric vehicle supply equipment (EVSE) in the smart city in
the form of public charging stations is growing incrementally year by year. The EVSE will
offer and fulfill the EVs’ charging demand. EVSEs are essential to support EV charging and
discharging processes. The most significant challenges include uncontrolled EV charging
as well as EV charging during peak times. Consequently, having a system to manage
and balance the EVs’ charging demand is an essential tool that will protect the smart grid
from being overloaded or jeopardized. Therefore, the EVs’ charging process must be well-
planned and conducted wisely and intelligently to meet the smart grid operational standards
[16-18].

1.2 Motivation

The Government of Canada is planning to increase the sales of EVs to be more than 30% by
2025 and 100% by 2040 under the Zero Emission Vehicle Infrastructure Program (ZEVIP).
The ZEVIP has invested more than C$600 million to minimize GHGs. Twenty-five per cent
of GHGs are from the transportation sector [[19]]. Also, the City of Ottawa has set a target
of 100% to eliminate GHG emissions [20]. However, integrating a massive number of EV's
in the City of Ottawa will stress the existing power grid, and it may cause, in some cases,

an overloading of regional transformers or frequency and voltage fluctuations.

Therefore, with the anticipated use of EVs, the EV charging demands will add an extra
load to the existing power grid. Consequently, there is a necessity to use RES as green
and clean power generators. Thus, the smart grid plays an essential role in urban areas
toward energy efficiency and sustainability [21-23]]. This solution of RES will help the
smart city eliminate GHG emissions. As well, public charging stations will be provided
to fulfill the EV drivers’ power demand needs. Furthermore, Canada’s incentive program,
named ZEVIP, is financially supporting approximately 50% of the total project by creating
EVSE:s as public charging stations [[19] in public places; at workplaces; for light, medium,
and heavy-duty vehicle fleets; and on-street parking.

On the other hand, EVs have the potential to provide a good opportunity for power
storage by supporting the power grid as vehicle-to-grid (V2G) service [24,25]. EVs also



provide many advantages to EV owners such as minimizing their travel expenses and pro-
viding revenue by selling their surplus power. Therefore, EVSEs as a public charging
station based on RES and equipped by energy storage systems (ESSs) is a promising solu-
tion [22,23]]. The RESs are classified as a discontinuous and unpredictable means of power
production. Subsequently, an ESS is an essential technology that stores the most beneficial
generated power by RESs. Thus, we promote the option to switch from EVSE based on
power grid to decentralized-EVSE (D-EVSE) based on RESs and ESSs with the RESs used

as a primary power source.

Based on these circumstances, communication and coordination among the D-EVSEs
are necessary while controlling the EVs’ charging demand. We found that the studies in the
literature have not addressed these issues or investigated the potential of integrating these

equipment types.

Based on these circumstances, communication and coordination among the D-EVSEs
types of equipment while controlling the EVs’ charging demand have become a necessity.
We found that the literature studies did not address these issues or investigated the effec-

tiveness of this integration on these equipment types on the other, which seems promising.

1.3 Objectives

The objective of this thesis can be summarized as follows:

1. To carry out a critical investigation and review of the power consumption manage-

ment schemes and mechanisms that have been used in the smart grid for EVSEs.

2. To propose a novel solution for EVSE that allows the EVSE to avoid being over-

loaded or jeopardized.

3. To develop different schemes to coordinate and manage the EV charging and dis-

charging processes.

4. To formulate and test different approaches to maximize the EV driver’s satisfaction,
minimize the EVSE stress level, and minimize the waiting time for the EV charging

and discharging process in smart cities.

5. To propose a novel scheme that helps the EVSE find the optimal solution for both
EV and EVSE while considering how to optimize the EV charging and discharging

4



processes, maximize the EV driver’s satisfaction, and increase the EVSE’s sustain-

ability.

6. To develop and propose a novel framework to help the EVSE maximize its profits

and preserve its sustainability.

1.4 Thesis Contributions

In this thesis, we investigate the interactions of EVs with a modern power grid in smart
cities. The primary considerations are managing and controlling the EV charging and dis-
charging processes while considering the proposed D-EVSEs, which means each D-EVSE
has its own renewable power generation sources. D-EVSEs as public charging stations are
also connected to the existing power grid in case of bad weather. The main contributions

of this thesis are as follows:

1. We proposed D-EVSEs architecture with RESs aiming to maximize the EV driver’s
satisfaction and minimize the D-EVSE’s stress level in a smart city. The proposed
algorithm is tested through simulations of random scenarios. We presented a com-

pression result between the proposed and random algorithms.

2. We propose two algorithms for the D-EVSE model to select the best D-EVSE while
considering the waiting time for the charging and discharging processes. We also take
into account the EV driver’s satisfaction, and the D-EVSE’s stress level. We consider
a realistic scenario to validate and compare the proposed schemes with three other

algorithms.

3. We proposed a decentralized GT (D-GT) model aiming to optimize the EVs’ interac-
tion with the D-EVSE by taking into account EVs’ driver satisfaction and D-EVSEs’
stability. The D-GT model is used to find the optimal solution for EV charging or
discharging processes that fulfill the predefined constraints. We consider random and

realistic scenarios to validate the proposed schemes.

4. We proposed a Decentralized Profit Maximization Algorithm (DPMA) as an opti-
mization model. DPMA is designed to maximize D-EVSEs’ profit. D-EVSEs profit



from the electricity price variation during the day when selling or buying electric-
ity respectively to EVs or from the grid or EVs as discharging processes. We also
acknowledge a power connection to the central power grid when necessary. Five
EV arrival rate scenarios are considered to investigate the efficiency of our proposed

model.

1.5 Thesis Outline

The remainder of the thesis is organized as follows:

Chapter 2 presents state-of-the-art knowledge in the field of EV and EVSE in smart
cities. This chapter also provides an overview of the architecture applications and the ap-
proaches used with these technologies. The most relevant issues and challenges in the
micro-grid system are highlighted as a new smart grid structure. In Chapter 3, we propose
a decentralized energy storage system model based on renewable energy sources. In Chap-
ter 4, we describe a decentralized management system for the charging and discharging
model. Chapter 5 presents the optimization model based on a decentralized game-theoretic
scheme for D-EVSE. In Chapter 6, we propose a profit maximization model for the D-

EVSE. Finally, conclusions and future directions are presented in Chapter 7.
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Chapter 2

State of the Art

2.1 Introduction

In the smart city, transport electrification is the primary technology with significant poten-
tial to reduce GHG emissions and air pollution from fossil fuel vehicles. With advance-
ments, transport electrification will achieve the environmental objectives and deploy the
RESs as primary power sources [26]]. In this chapter, an analysis is conducted of the state-
of-the-art interaction between EV and EVSE as a public charging station. We present exist
techniques to control the interactions and avoid stressing and overloading the power grid.
The related work presented in this chapter is a general overview of the work done in this
area. In Section 2.2, we present the electric vehicle characteristics. In Section 2.3, we
review the state-of-the-art technology used in electric vehicle supply equipment infrastruc-
tures, power management schemes, and power sources for EVs. The electric vehicle supply
equipment consideration-based techniques are presented in Section 2.3. Finally, in Section

2.4, we summarize the chapter.

2.2 Characteristics of Electric Vehicles

At present, EVs are characterized into the following types: hybrid electric vehicles (HEVs),
plug-in electric vehicles (PEVs), plug-in hybrid electric vehicles (PHEVs), fuel cell electric
vehicles (FCEVs), and battery electric vehicles (BEVs) [27].



The HEV has a gasoline engine (combustion engine), an electric motor, and a small
battery for electric storage. The gasoline engine and regenerative braking produce the
power and charge the battery. HEVs use the electric motor until the battery has reached its
threshold. Once the HEV has switched to the gasoline engine, then the regenerative braking
begins to charge the battery. However, there is no plug-in (grid connection) to charge from

the power grid.

The PHEV has a gasoline engine (combustion engine) and an electric motor. PHEVs
have larger battery storage with a plug-in (grid connection) to charge from the power grid.
PHEVs can drive a significant distance using their large battery [28]]. Like HEVs, PHEVss
use the electric motor until the battery has reached its threshold and then switch to the
gasoline engine. PHEVs then use the electric motor once the battery has recharged from
the grid.

The FCEV or fuel cell electric vehicle uses a fuel cell generator. FCEVs are powered
by combining oxygen and hydrogen to start the electric motor. At present, FCEVs are still
in the development phase, and their fuelling stations are very limited [28]].

BEVs, PEVs, and EVs all use an electric motor system. EVs have significant battery
storage with a plug-in (grid connection). The batteries charge from the power grid using

the plug-in connecter [29,[30]].

Table shows the driving range and battery size for PHEVs and EVs. The PHEV
battery size ranges between 4 and 22 kWh, whereas the PHEVs’ driving range varies from
8 to 80 km. The EV battery size ranges between 24 to 100 kWh, whereas the EVs’ driving

range varies from 160 to 595 km.

2.2.1 Impact of Electric Vehicles

There are five emerging concepts of grid-connected EV technologies, namely vehicle-to-
home (V2H), vehicle-to-building (V2B), vehicle-to-vehicle (V2V), vehicle-to-grid (V2G)
[38]], and grid-to-vehicle (G2V) [39]. V2H indicates a power exchange between the EV
and the home power system where the EV battery could be used as backup energy storage
for the home’s electric appliances as well as home RESs [40]. V2V indicates a power
exchange between EVs. V2G usually indicates demand management between EVs and

the smart grid [41,42]. V2B, similar to the concept of V2H, indicates a power exchange



Table 2.1: Example of EVs [31-437]

Driving | Battery . .
Company | Model Tlif:)]e Range Size Cl;i;iln g Cl,l;‘i:ling
(Km) (kWh)
Toyota Prius PHEV 8 4
Buick PHEV 16 8
Chevrolet Volt EREV 64 16 1 &2 10 hr& 2.5 hr
Fisker Karma | PHEV 80 22
Toyota Mirai | FCEV 500
. 1 &2 22 hr & 4 hr
BMW i3 EV 160 24 &3 &30 m
Honda | Clarity | EV 129 25.5 1§ohfn8283og$&
Hyundai Kona EV 415 64
Ford Focus EV 123 23 1&2 20 hr & 3-4 hr
Chevy Bolt EV 384 60 1&2
Toyota RAV4 EV 190 27
. 1&2 22 hr & 4-8 hr
Nissan LEAF EV 364 62 &3 &30m
Cooper Mini E EV 251 25
Audi e-tron EV 95 2&3
Tesla Roadster | EV 354 53 1&2& 9 hr with
Tesla Model X | EV 475 100 Fast charging & 10kW
Tesla Model S | EV | 550 to 595 100 Supercharger | 30 min(80%)

between an EV and a building’s power system. V2B could be used as energy backup

to support the building as required or as energy storage for RESs. G2V refers to power

charging from the power grid to the EVs.

V2G schemes have facilitated EVs’ processes with the power grid [43,44]]. V2G tech-

nology has increased the flexibility of power grid operations. However, the energy trading

policy between EVs and the power provider must be clear and guarantee that the EV owner
will benefit [45-49]. The authors of [50,/51] reported that V2G could maximize profits for
EV owners and power providers. As well, V2G has the ability to minimize GHGs when the

optimization technique is used. The authors of [17] proposed a scheme to manage G2V and

V2G and maximize their profit. The EV owner has the ability to use a mobile web applica-

tion to add his information and manage EV’s charging request. The proposed scheme uses

State of Charge (SoC), departure and arrival times, and charging and discharging processes.
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The authors reported that the proposed scheme achieved 7EVs’ charging demand requires

at minimum a simple controller to manage the EV charging process [52]. The authors
of [53] proposed a scheduled EV charging scheme based on V2G services. The proposed
scheme uses a binary particle swarm optimization algorithm to optimize the EVs’ charging
at public parking lots. Two case studies were considered. The first study investigated how
to find the best charging price for each EV by using the sell and buy price curve, and the

second study allowed all EVs to conduct unlimited transactions to gain more profit. The

authors in [54,55] presented an admission control system for PHEV charging demands.
The presented system used two-way communication between the substation as a local dis-
tribution system and the EVs. The admission control was installed in the substation as
a management system to accept or reject the charging request based on the substation’s
thresholds. In addition, [55]] used a wireless mesh network to deliver the decisions to the

EV owner. However, there was no consideration for discharging in either system. Many

papers such as [[17,28,55]] have studied the use of EV’s battery as an energy buffer or energy
backup for the smart grid. The authors of [24}25,|56] studied the impact of EVs charging
on the power grid. They concluded that EVs’ charging demand would drastically increase
the demand for power from the power providers [57]. The authors of [58|] and [59] inves-
tigated the influence of PHEVs and reported that if the EV owner has consumed 3.3 kW,

then the household’s energy consumption will increase between 17-25The study in [60]

investigated the impact of different EVs’ charging schemes in Denmark’s power system.
The proposed model was based on wind energy generation and future power consumption.
They concluded that smart charging for EVs significantly reduced the surplus power from

wind energy generation.

2.2.2 Summary

As a conclusion for this section, the EV challenge lies on how to mitigate the impact of
the new power consumers. Also, how to facilitated the requirements for the EV owners to

replace the existing fossil fuel vehicles that will provide a clean environment.
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2.3 Electric Vehicle Supply Equipment

Integrating a massive number of EVs in smart cities will require considerable EVSE as
public charging stations. Creating EVSE will facilitate the integration of EVs in the smart
city. It is necessary to create and deploy EVSE in the smart city to meet the EVs’ power
demand. The deployment of the EV charging station infrastructure is investigated in [61-
64]. EV owners will be most satisfied by charging and/or discharging processes being

offered in public places.

2.3.1 Electric Vehicle Supply Equipment Infrastructures

EV wired charging is the fundamental infrastructure and most common technology for
the EVs’ charging applications. In other words, the EV charging infrastructure can be
categorized based on charging location and time, as shown in Table [2.2]. These charging
infrastructure categories are divided into four groups [65,60]. These groups have been
standardized to determine which voltage rates are compatible with EV or PHEV as well as
the EV or PHEV charging time preference. Table [2] shows the EVSE charging levels. The
slow charger is AC Level 1, and this can be used at home. AC Level 2 can be used both at
home and also in public or private parking lots. The DC or fast-charger (DC Levels 1 - 3)
can be used in public, private, and commercial areas such as EVSE. The charging time in
the case of using a fast-charging level is between 15 min to 1 h [67,68]. The new ultra-fast
charger, researched by academia and industry, aims to reach charging speeds comparable
to traditional gas refuelling. BMW and Porsche announced that the new EV charger has
the ability to charge for 100 km in three minutes. In addition, it can put the batteries’ SoC
above 80% in 15 minutes [69].

PHEVs’ and EVs’ charging process takes place at home and usually uses AC Level 1
or Level 2 chargers. The AC Level 1 charger unit is used with a 120 V AC outlet. The EV
charging time is between 6 to 8 h. The AC Level 2 charger unit is used with a 240 V AC
outlet. The charging time is usually between 3 to 4 h. Most PHEVs and EVs can connect
with these units. All EV owners could install EVSE in their houses and use a home energy
management system with the onboard battery chargers [73]. However, fast charging takes
place at public charging stations with the DC high power terminal. The rated voltage used
in the DC charging level ranges from 200 to 600 V. The ultra-fast charging station that has
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Table 2.2: EVs’ charging levels [31,3370-72]

. Maximum
Cliil;ig;ln g ;}) ?ttaege Charging Power Type
(kW)
AC Level 1 | 120V one phase 10-13 h 2 Home/Commercial
AC Level 2 | 220V one phase 14h 20 Home/Commercial
AC Level 3 | 220V three phase ~1h 43.5 Home/Commercial
DC Level 1 200450 V 0.5-1.44 h 36 Commercial
DC Level 2 200450 V 0.2-0.58 h 96 Commercial
DC Level 3 200-600 V ~ 10 min 200 Commercial

been announced by Porsche will be used at public charging stations with a DC high power
terminal. The rated voltage used in the ultra-fast charger ranges from 400 to 800 V in [74]
model and from 400 to 920 V in [[75]] model.

Another EV charging technology is wireless charging. The wireless charging technol-
ogy allows the energy to be transferred from power transmitters to EVs while the EVs are
on the road. Wireless charging for EV efficiency exceeds 90%. WiTricity, Efacec, and
other companies are developing a wireless charging technology that allows the power to
be transferred wirelessly [[76-78]]. The authors of [79-82] examined EVs’ wireless charg-
ing using a dynamic charging strategy that charged the EV while in motion. However,
the authors presented some security issues. The authors of [83] proposed another wireless
charging model that allows EVs to be charged while in motion. The goal of this study was
to minimize the expenses for EV owners. The proposed model minimized the EV owner’s
expenses and reduced the power generation cost. An electric bus (E-bus) charging model is
studied in [84}85]. [85] proposed a model based on a closed loop between two bus termi-
nuses. The wireless power transmitters were installed in both bus stations and terminuses,

and the charging process took place while the E-bus was on the road.

2.3.1.1 Vehicles-to-Grid services and advantages

As we have explained, the V2G technology provides and facilitates the power exchange
between EVs and the power grid in the form of power charging or discharging processes.
Moreover, there are many advantages of enabling V2G technologies such as using the EVs’

batteries as recovery for the power grid during blackouts [86,87]. These technologies are
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advantageous to EV owners by supporting the home power system. Similarly, homeowners
could use the EV’s battery as backup energy storage when they install RES in their homes
[88,89]. The V2G has added more reliability and sustainability to the power system by
controlling the energy of the EVs’ batteries [89-91].

The authors of [47,92] illustrated the advantages of a remote-control system that has
been used for the PHEV charging process and the resilience of the distribution system to
utilize the power grid system. The author of [93]] presented V2G services to operate charg-
ing and discharging services by interacting with the power grid. The proposed system uses
an optimization method to consider battery degradation and find the optimum operation

services.

The authors of [94] proposed a model aiming to manage and control charging and
discharging processes at EVSE. Two algorithms were proposed in this model: peak load
management and guidance algorithm. Peak load management algorithm was used to sched-
ule EVs’ charging or discharging process according to the power demand while taking into
account the charging time and the EV’s location for each EV request. Guidance algorithm
was used to guide every EV to the appropriate EVSE to reduce its waiting time before plug-
in. The proposed model considered the mobility of vehicles in an urban scenario, and ToU
pricing was used. The authors concluded that the peak load management has the ability to
use unused EV battery storage as energy storage to support the power grid at all times and
especially during peak time. Also, the guidance algorithm minimized the waiting time for
each EV before the plug-in phase. Likewise, the authors of [55] used the EVs’ batteries to
support the power grid and implement the spinning reserve processes. The spinning reserve
is comprised of the idle sources that dispatch the power requested to the power grid within

10 minutes of request time.

Figure shows the power flow characteristics for EV chargers or dischargers. The
power flow characteristics are dependent on the EV and PHEV batteries. Some EV and
PHEV batteries are only allowed to conduct G2V operations, and others are allowed to
conduct both G2V and V2G operations. Also, the DC/DC in Figure [2.3] illustrates
the advantages and disadvantages of EVs interacting with the power provider in both cases
(Unidirectional battery connecter and Bidirectional battery connecter) [89-91]. V2G will
help the power grid to minimize the power peak load and also mitigate the load on the power
grid [86,95,96]]. Table illustrates the advantages and disadvantages of EVs interacting
with the power provider in both cases (Unidirectional battery connecter and Bidirectional
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Figure 2.1: Power flow diagram for V2G and G2V

battery connecter) [89-91]. V2G will help the power grid to minimize the power peak load

and also mitigate the load on the power grid [861/9596].

Table 2.3: Comparison between G2V-only operation and V2G and G2V operations

G2V only V2G and G2V
Hardware Unidirectional battery Bidirectional battery
infrastructures connecter connecter
Power Level Levels 1,2, and 3 levels 1 and 2
Cost Inexpensive Expensive
Needs power Supports interaction poyer
Increases the power stability
. regulator .
Services e Needs a frequency regulation
Ability for
.. Used as a
spinning reserve
power storage
Ability to avoid Decrease the
losses in the power grid
the power .
. . Helps the power grid
Advantages grid overloading .
.. , to avoid the
Maximizes EVs’ profit .
Low operation cost overloading
p Minimizes GHGs
Decreases battery lifetime
Disadvantages Restricted service Complex infrastructure
High operation cost
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2.3.2 Electric Vehicle Supply Equipment Power Management Schemes

The authors of [98]] present a comparison study between the four charging strategies. These
strategies are unmanaged charging, scheduled charging, off-peak charging, and continuous
charging. An unmanaged charging scheme refers to PHEV owners using their plugged-in
outlet to charge their PHEV batteries at home. The charging stops when the PHEV batteries
are fully charged. In the scheduled charging scheme, all PHEVs can schedule charging at a
specific time. The off-peak charging scheme takes place overnight. The difference between
the scheduled charging scheme and the off-peak charging scheme is that PHEV owners set
the scheduled charging time while the power provider sets the off-peak charging time. In
the continuous charging scheme, all PHEVs are allowed to charge at any time. The authors
of the presented study concluded that the continuous and unmanaged charging schemes
overloaded the power grid during peak time, while the charging process using the scheduled
and off-peak schemes presented much better results in terms of Increase the power demand

at the peak time.

The authors of [99] indicate that the high charging demand of EVs would lead to over-
loading the transformer and increasing the line losses. The authors suggest that EV charg-
ing demand needs to be managed, and efficient approaches need to be developed to safely
integrate the charging demand of EVs into the smart grid. On the other hand, the authors
of [100H102] noticed that the power demand increased when they used simple charging
schemes. In contrast, smart charging schemes can control and manage most of the power

demand and balance the overall demand.

The EV smart charging approaches have the ability to achieve many different goals
such as managing power demand, minimizing system cost, and minimizing system charg-
ing costs in the smart grid [1035105]. The authors of [[106] present a comparison study
between PHEVs’ smart and simple charging. The presented study proved that if the Illi-
nois power grid system was combined with a high wind energy system used for PHEV's
smart charging in their system, this would result in savings of almost $200,000/week com-
pared to the PHEVs’ simple charging [107]. The authors of [[108] proposed a scheme to find
the smartest ways to help avoid increased impact on the power grid system. The authors
of [[109] proposed a prediction system that allows PHEVs to either charge immediately or
else delay the charging process until the price drops below the present price threshold. This

process reduced the PHEV drivers’ expenses when the EV driver avoided charging during
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a high-price threshold.

The authors of [110] presented a smart charging model to manage the charging process
for EVs. The model is based on RES and is also connected to the power grid. The proposed
model uses data mining schemes for PHEV consumption based on historical statistics and
a global positioning system (GPS) in a mobile device. These technologies were used to
identify the EVs’ driving characteristics as well as the EVs’ battery SoC. The EV’s driver
used mobile applications to request the charging power. The power provider could access
the same mobile applications to set the energy production date. The mobile applications
facilitated their interaction; however, the study reported that the driver’s responses delayed
the communication procedure. The authors of [[111] suggest that smart charging should

consider the battery’s performance and lifetime to increase the lifetime of the EV battery.

2.3.2.1 Smart Grid

The smart grid is an intelligent system that will advance the traditional power grid system
and fulfill the new demand with fast response and cooperation [[112]]. With the smart grid
being integral to smart cities, governments of smart cities are motivated to increase the
efficiency of energy consumption. Grants or financial incentives are often offered to the
researcher to investigate the concept of using energy more efficiently [54]. Figure
shows the general structure of the smart grid structure with an energy management system
(EMS).

Moreover, the smart grid will facilitate better utilization of current power generators and
help to integrate RESs. The smart grid will also provide more efficient optimization for the
distribution and transmission infrastructure [|114]. The smart grid must be reliable, efficient,
resilient, secure, safe, and clean. Furthermore, the smart grid must have a sustainable power
system. Therefore, smart power generation, power transmission, power distribution, and

power consumption are fundamental [10].

A fast-charging model, proposed in [27]], allows G2V and V2G operation. Also, this
model uses a high-frequency transformer to prevent high voltages in the EV charging pro-
cedure. The conclusion is that the proposed model allowed the EV fast-charging system to
increase the EV’s SoC from 20% to 80% within 30 minutes. A business model is presented
in [[115] based on a dynamic pricing problem for the EVs using a fast-charging level. The

experimental results illustrate the advantage of dynamic pricing over fixed pricing.
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Figure 2.2: Smart grid structure with different RES productions ||

The authors of proposed deadline scheduling with an admission control model.

The proposed model is an online scheduling algorithm aiming to maximize the PHEVs
unscheduled arrival for charging processes. The proposed model observed a significant
improvement in comparison to the earliest deadline first and the first come, first served
algorithms. The author of present a communication-based PHEV load management
scheme. The proposed scheme is used to manage the PHEVs’ charging demand. Power
generation units, transmission, utility header-quarter, and distribution are all connected
using WiMAX. The distribution system consists of a smart charging station, residential
hoses, and a local substation control centre communicating via 802.11s. In this scheme,
the charging process does not start until the PHEVs have received confirmation from the

substation. The substation control centre will schedule the charging request based on the
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utility load to avoid any overloading of the substations.

2.3.2.2 Micro-Grid

The micro-grid structure has many advantages, such as the ability to adopt distributed
power sources, increase the reliability of power sources, increase the sustainability of power
quality, and increase the safety of a large power grid’s operation. The micro-grid energy
structure allows the RES to support the power grid directly or indirectly by using the ESS.
This structure can be used as a power backup for the power grid whenever a failure or
blackout in the power grid occurs. The micro-grid energy structure is composed of re-
newable energy systems as power source supplements and an ESS as shown in Figure
This energy structure can be used as backup power for the power grid whenever there is
a grid failure or blackout. The micro-grid technology allows the integration of distributed
generation and renewable energy power generation technology to be operated as one sys-
tem [117].
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Figure 2.3: Micro-grid structure [118]

Decentralized energy sources have shown better results in emerging systems such as

micro-grids. The advantages of decentralized energy systems are that they are well-recognized
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system, and they enhance reliability. The authors of [119] studied the integration of dis-
tributed generation and ESS in decentralized energy sources with CESs. They found that
the diversification of using decentralized and centralized energy resources maintained en-
ergy and offered energy on a short-term, medium-term, and long-term basis. The authors
of [[120] proposed a business model that integrates both decentralized energy sources and
CESs to guarantee power delivery and increase energy efficiency. Also, the proposed sys-
tem considered how to increase utility profits with lower risks. The proposed system uses
centralized production and distribution of transmission. Moreover, the system is based on
two-way communication. The CESs are used due to their high and continuous production

capacity.

The authors in [[121] proposed a decentralized micro-grid management system frame-
work which showed more functionality than the centralized micro-grid management system
in terms of controlling and management. Therefore, the decentralized micro-grid manage-

ment system presents greater flexibility, reliability, and scalability.

2.3.3 Electric Vehicle Supply Equipment based on Power Sources

In general, a power plant is based on electric power production such as coal-fired power
stations, hydroelectric power stations, thermal power stations, nuclear power stations, and
solar power stations. Most power plants use a large coal-fired power station, or another
means of nonrenewable power production to produce steam which turns and drives turbine
generators to produce electricity. However, these station infrastructures need to be managed
as well as protected from any vulnerable attacks. The advantages of these plants are as
follows: low power cost per unit, economies of scale, low power operation cost, and a
well-known structure of production costs. However, the disadvantages of these plants are
the environmental impact (high pollution), high cost of maintenance, high transmission
failure, high losses, low efficiency, and high expense for unused energy. Fossil energy leads
to increased air pollution. In addition, fossil fuel is considered a limited world resource.
As a solution, renewable-based energy production will overcome these issues and minimize

air-pollution [[122]]. In general, the reduction of GHG emissions and energy consumption

is an important and challenging issue for smart cities. The existing structures of energy
systems are no longer able to adapt to dynamic conditions. New communication systems

for energy infrastructure networks should be dynamic because static conditions will soon
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be no longer applicable. Therefore, new infrastructure and communication must be flexible
in the smart city to enable the achievement of efficiency and sustainability. The carbon
footprint has impacted the global environment with emissions reaching more than 2% of
all other emissions in 2007. Furthermore, the global CO2 footprint will be more than 4%
in 2020 [[123]].

2.3.3.1 Power Grid

As a new power consumer to the smart grid, it is clear that uncoordinated charging of EVs
will seriously affect the power grid. In [[124,|/125]], the authors studied the impact of PHEV
charging based on the distribution of an electric system with the use of utility transformers.
The presented system was used to handle the overloading of the power grid within a short

period.

The authors of [[122] presented a model that combines small power generators and large
power stations. The model is based on a decentralized system that uses solar energy and
wind power generation. The proposed model uses the vehicle’s battery as storage to support
the power grid. The distributed renewable power generation works as a group of connected
networks to increase the reliability of the power grid and reduce the need for a centralized

system.

The authors of [126] demonstrated that the current electricity grid in Ontario, Canada
will have the ability to adapt to and control almost 500,000 PHEVs by 2025. Moreover,
all PHEVs will be charged from the grid without requiring any new transmission or the in-
vestment of power generation to the current infrastructure. The charging demand of these
PHEVs will not affect the reliability of the current system. However, this study only con-
sidered PHEVs. In the case of using pure EVs, the results would differ.

Coal plants or stations have not been used since 2014. According to the Ontario Power
Authority, the integrated power system plan that will be achieved by 2025 is primarily based
upon green electricity generation. Furthermore, the Ontario’s integrated power system plan
has announced that the target value of total generated renewable energy is 15,700 MW by
2025, which 1s almost 40% of their total load capacity [127].
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2.3.3.2 Renewable Energy Source and Energy Storage System

Today, the most common forms of renewable energy production are wind power and solar
energy. However, these energy sources are classified as discontinuous and unpredictable.
In contrast, other renewable energy sources such as hydro, biomass, tidal, biofuel, waste,
wave, landfill, and geothermal are considered a continuous and stable means of energy pro-
duction. For example, a hydroelectric power station is considered a green power generator.
Also, the biomass energy is a “plant material that can be turned into fuel (also known as
biofuel when it is made from biological material) to supply heat and electricity” [[128].

Biomass generates energy that can be stored for high energy demand [28]].

EU plans to use almost 30% of its load from renewable energy by the year 2030 [129].
In addition, the WindEurope energy association has challenged the power companies in
Europe to increase wind generation to become 23% of total energy generation by 2030
[122]. In Canada, the government has announced that by 2025, 100% of the electricity used
will be from RESs. The federal government of Canada aims to reduce GHG emissions by
40% by 2025 [130]]. Germany plans to obtain 50% of its electricity capacity from wind and
solar energy by 2030 [28]. The government of Sweden has planned for 100% renewable
electricity production by 2040 [131].

The authors of [[132,/133]] proposed an optimization model system with two goals: min-
imizing the PHEV charging cost and the GHG emissions of PHEVs. The authors reported
that the costs and GHG emissions will be minimized if the PHEVs are charged from RES.

The authors of [134]] presented a photovoltaics (PV) system built in a parking lot and
offering a charging process for EVs. The presented system successfully provided potential
energy production for each parking space. Although this would meet most of the charging
demands of EVs during the summer season, in the winter season, the charging demands
of EVs would not be met. This is one of the disadvantages of using PV during the winter
season. The authors of [135] proposed the deployment of a solar model built in car parking
lots in the city of Frauenfeld, Switzerland. They concluded that solar energy generation in
parking lots could offer between 15% and 40% of the EVs’ charging demand. The authors
of [[106] and [136] presented a model to support the interaction between PHEVs and wind
power production using Demand-Response (DR) system. [106] analyzed the economical
aspect while [136] investigated the GHG emissions. In [[137]], a control scheme is consid-
ered to show the benefits of V2G technology in the context of RES.

22



The authors of 28] presented an indirect charging strategy based on a consumer price
response. After considering the influence of different charging strategies, the study found
that EVs consumed almost 50% of the annual excess renewable energy generation. Overall,

EVs have contributed to helping balance the power grid by using RES.

In [[138]], the authors proposed a model using solar energy production. The model was
used to calculate the size of a solar panel that would provide enough power for the PHEV
power demands. The authors concluded that on the sunniest days, 20 m? of the solar panel
could provide enough power to charge an EV for 64 km. However, in the winter season, 78
m? of the PV panel was needed to provide the same amount of energy. In the summertime,
the surplus solar energy could be sold to the power grid. Table shows the monthly

average of generated solar energy based on data gathered from Alberta, Canada.

Table 2.4: Average of generated solar energy in each month

Month January | February March April
PV-generated | 5 5¢ 8.31 11.54 13.85

energy

Month May June July August
PV-generated | 5, 17.31 17.40 15.53

energy

Month September | October | November | December
PV-generated |, | 8.95 5.86 4.37

energy

Many studies such as [139,/140] have investigated and observed the feasibility of using
solar generation as a charging resource for EVs. The authors of [134] presented a renewable
energy system based on PV power generation in the state of New Jersey, United States. The
solar panels were built on the rooftop of a workplace. The authors studied the impact of
providing a charging process for EVs during the day. The study concluded that in the
summer season, renewable energy generation was able to generate up to 12.6 kWh. In the
winter season, the generation was only able to generate up to 3.78 kWh; however, this was

enough for PHEVs’ charging processes.
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2.3.3.3 Smart Grid

Since there is a necessity to use alternative power sources of energy, solar, wind, tidal,
and biomass are being deployed to support the power grid [141]. However, managing
and controlling RES is necessary and will require a suitable ESS. It is expected that the
attainment of these goals will be very challenging because most of the ESSs are based on
the architecture of centralized ESS (C-ESS). Moreover, this architecture is not scalable,
not reliable, and a one-point failure. C-ESSs are characterized by high maintenance cost,
delayed response to outage issues, and high degradation cost. The greatest challenge of

alternative solutions lies in RES.

The power grid occasionally suffers from the discontinuous and unpredictable supply
of electricity from RESs [142]. Moreover, RESs may generate more or less energy than
the demand based on wind speed and solar radiation [143]. Thus, the ESS solution is to
provide a means to store the energy and dispatch it to the power grid. The ESS is used to
support the power grid, especially when the demand is very high, and efficiently use the
energy that is generated from these RESs [144]].

China has set a goal for wind power as well as PV energy. The goal is to achieve
between 150 and 180 GW of wind power and more than 20 GW of solar power by 2020.
The ESSs will store the energy that comes from RES generation [17,,142]. Also, according
to the authors of [145], by 2030 Germany will use ESS to avoid the intermittency of the
RES. The ESS can support power grids when the power demand is too high, and it will
therefore prevent the power grid from becoming overloaded [[17,142].

Currently, hydro companies use C-ESS architecture to resolve problems related to peak
power demand [[146]]. Currently, the power grid lies in the centralized power grid systems.
However, the greatest challenge in the power grid will become the question of how cen-
tralized and decentralized systems deal with power as a provider as well as data regarding

customer usage.

ESS for RES provides intelligent power storage and efficient handling of resources. In
addition, by improving the sustainability of resources, the carbon footprint is decreased.
Uncoordinated EV charging will seriously affect the power grid. Thus, it is essential to
meet these new demands by using the ESS. EVs can help the power grid by using their
battery as storage. ESS must be able to support the power grid when the power grid is in

need and, more specifically, when the EVs’ charging demand increases.
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There are many advantages and disadvantages of using centralized and decentralized
ESS. The decentralized energy storage system (D-ESS) tackles these problems and gives
more scalability, good battery energy quality (less line loss), and fast reaction to the de-
mand. As a multi-point failure, D-ESS is easy to maintain with a low risk of power outage

and a more secure grid [[147]].

Table summarizes the strengths and weaknesses of centralized and decentralized

systems.

Table 2.5: Strengths and weaknesses of centralized and decentralized systems [35]]

Strengths Weaknesses
-Complexity of the
communication infrastructure
-Requires a powerful central controller
and database storage
-Requires full information about EVs
-Decisions about the EVs’ charging
are made by the provider
-Ability to handle a large demand
-Service delayed due to
system overload or cyber attacks
-Requires efficient decentralized control
solutions for charging of EVs
-Requires accurate methods to
estimate the EVs’ demands
-The EV users must protect
their information from cyber attacks

-Maximize profit for providers
Centralized energy storage system and EV drivers
- Able to control energy efficiently

-Able to meet the large demands of EVs
-Less communication and infrastructure required
Decentralized energy storage system | -Fast and convenient services since decisions are

made by EV drivers
- Flexible fault tolerance

2.4 Electric Vehicle Supply Equipment Design Con-
siderations

Many studies have considered various aspects of EVSE and EVs such as maximizing the
EV arrival rate at the stations and minimizing the EV searching time for charging stations.
The authors of [79] proposed deadline scheduling with an admission control model. The
deadline scheduling with an admission control model is an online scheduling algorithm
aiming to maximize the unscheduled arrival of PHEVs’ charging process. The proposed
model observed a significant improvement in comparison to the earliest deadline first and
the first come, first served algorithms. The authors in [148] presented a system-guidance
model to minimize the waiting time for the EV charging process. In this model, the al-

gorithm called SMART-EV-Guidance minimized the directing and searching time for each
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EV looking for a charging station.

The authors of [[149]] presented a two-sided hospital/residents scheme aiming to reduce
the complexity of the charging process. However, the proposed architecture does not con-
sider the EV discharging process and EV owner preferences. The authors of [[150] proposed
a centralized charging controller based on EV owner satisfaction and the power stability
requirement in parking lots. The planning for an EV charging station model is studied
in [151]]. This study presented two optimization models aiming to maximize the number
of accepted EVs for charging and minimize the power losses in the distribution network.
In [152], a secure framework for exchanging information between EV and smart grid is
introduced. The study assumed that each EV has an initial EV SoC and a final destination.
The EVs know the charging spots and availability of all EVSE routes.

Paper [[153] introduced threshold admission with a greedy scheduling algorithm. The
threshold admission with greedy scheduling is an online charging algorithm that allows an
unscheduled PHEV’s arrival to charge. The PHEV’s acceptance or rejection decision is
based on the comparison of the potential profit. The presented algorithm was tested under
underloaded and overloaded demands and showed significant improvements in comparison
to the earliest deadline first and first come, first served algorithms. The authors of [154]
proposed a controllable charging model. The proposed model can stop PHEVs and EVs
from charging or decrease the charging current for any issue, including battery life or any

risk related to the power grid.

The admission control and scheduling algorithm is presented in [[155] for EVSE at the
workplace. The presented model considered ToU pricing. The objective was to coordinate
EV’s charging request before departure time. The presented algorithm takes into account
how to maximize the charging station’s profit by using the ToU pricing. In addition, those

who had urgent tasks were given higher priority.

The authors of [[156]] proposed an EV charging model to minimize energy peak de-
mands. The proposed model considered how to maximize the neighbourhood’s charging
ability and offer different prices for EVs’ charging process. The scheduling process set
different constraints such as coordinating realistic EV charging scenarios, EV driver’s sat-
isfaction level, and stabilization of the power grid. An admission control system for PHEV
charging was presented in [81]]. The proposed system installs the admission control at EMS
to accept or reject the charging request while taking into account the substation’s energy
threshold. All of the EVs and PHEVs send a charging request to the EVSE to start charging;
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however, no charging begins until the confirmation has been received from the admission
control at EMS to ensure that there is no overloading at the substations. All of the systems

were monitored at all times to avoid reaching the transformer capacity at the substations.

The authors of [[157] proposed a quality-of-service-aware admission control scheme for
PHEVs and EVs. The proposed scheme has a blocking probability. The EVs” and PHEVs’
charging requests were sent to the EMS of the smart grid, and the blocking probability
calculated the maximum charging amount for each of them. The EMS requires information
such as arrival rate, service time, battery ratio, and demand intensity for each EV and PHEV
to allow the admission control to make a decision. However, these models are based on

centralized management.

The authors of [85] proposed a day-ahead reserved wholesale electricity determina-
tion algorithm for wireless e-bus charging. The proposed algorithm integrated wirelessly
charged electric buses into public transportation and allowed the charging process while the
e-bus was on the road. The authors concluded that the proposed algorithm has the ability

to reduce operating costs.

The authors of [[158] introduced two algorithms: an admission control algorithm and a
charging scheduling algorithm. These two algorithms were implemented to investigate the
requirements for EVs’ charging process, the EV charging station’s utility, and the effect of
solar energy prediction errors. This investigation aimed to minimize the service delay time
and increase the charging station’s profits. The presented model performed much better

than the first-in, first-out algorithm.

The authors of [[159] proposed a model that allows consumers to interact with the central
power station for energy trading. The proposed model implements a single leader with
multiple followers. The Stackelberg game theory was installed in the central power station
to minimize the cost of buying energy and maximize the profits of the EVs as well as
the central power station. An optimal distributed load scheduling algorithm is presented
in [160]]. The presented algorithm is based on a collaborative and non-collaborative game
theory system. The presented system allows for the trading of energy between EVs and
aggregators. The proposed algorithm aims to maximize the aggregators’ profit by using the
collaborative game theory. The non-collaborative game theory was used to maximize the

customers’ profit.
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2.5 Summary

This chapter reviews the interaction of electric vehicles (EVs) and electric vehicle supply
equipment (EVSE) in the context of the smart city. Power generation and management
techniques for EV charging and discharging processes used in the smart grid are also dis-
cussed. Much research has been conducted about motivating and accessing the benefits of
centralized and decentralized power systems as well as the many services and applications
that can be deployed. More specifically, the existing methods of using renewable energy
sources (RESs) and energy storage systems (ESS) are discussed. Overall, it is noted that
the most proposed schemes in the literature are either centralized power systems or systems

which only consider the EV charging process.
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Chapter 3

Decentralized Management System

Generic-Model

3.1 Introduction

The electrification of transportation as part of the smart city will be a challenging criti-
cal issue for DR strategies in the smart grid. Specifically, EVs as a new division in the
automobile industry with their zero-emission and low noise [[151,/1614163]] can stress the
power grid by their charging operations. They may cause, in some cases, overloading of
regional transformers or frequency and voltage fluctuations. In [154] a study concluded
that the number of vehicles in Beijing, China will be more than ten million and the number
of PHEVss will be more than three million by 2030. These PHEVs will need to charge every
day from the power grid. If each PHEV demands approximately 8 kWh to charge, then the
total power demand for all PHEVs will be approximately 24 million kWh every day. This
amount of power means that the charging demand for PHEVs will impact the power grid.
This estimation was based on PHEV’s battery; however, in the case of EV’s battery, the
power demand will be enormous. In the United States, the number of EVs increased by ap-
proximately 22% from 2015 to 2016 [31]. Moreover, the number of EVs on the road in the

United States as of the end of December, 2019 was 1.5 million. This number is expected
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to be more than 18 million by 2030 [164,/165].

Currently, hydro companies use C-ESS architecture to resolve problems related to peak
power demand [56,/146]]. This architecture is not scalable, not reliable, and one-point fail-
ure. Moreover, C-ESS is characterized by high maintenance costs, delayed response to
outage issues, and higher cost of degradation. The D-ESS tackles these problems and gives
more scalability, better battery energy quality (less line loss), and fast reaction to the de-
mand. Moreover, as a multi-point failure, the D-ESS is easy to maintain with low risk of

power outage in the power grid and micro-grid as well as a more secure power grid.

In this work, we assume that D-EVSE is installed as public charging stations and is
based on RESs such as PV or wind power. We tackle the problem of EV charging or
discharging scheduling when EVs need to identify the best available D-EVSE before the
plug-in phase.

Our contributions are as follows: 1) We consider the decentralization of power gen-
eration and management in smart cities. 2) We propose a system model to minimize the
D-EVSE’s stress level. 3) We design a scheduling algorithm which helps the EVs to choose
the best D-EVSE and thereby maximize the drivers’ satisfaction. 4) Finally, we consider

EV driver’s preference for charging or discharging participation.

The remainder of this chapter is organized as follows. Section 3.2 presents some re-
lated works. Section 3.3 introduces our system model and problem formulation for the EV
charge scheduling process. In Section 3.4, performance evaluations are presented. The

conclusions are provided in Section 3.5.

3.2 Related Work

Operations of micro-grid and EV charging and discharging in supply stations based on
ESSs have resulted in extensive research studies. Authors in [121]] proposed a decentral-
ized micro-grid management system framework which showed more control functionality
than the centralized micro-grid management system. Therefore, the decentralized micro-
grid management system presents greater flexibility, reliability, and scalability. Also, the
decentralized micro-grid management system is well-recognized system and enhances the
reliability of the system. The authors of [149] presented a two-sided hospital/residents

scheme aiming to reduce the complexity of the charging process. However, the proposed

30



architecture did not consider the EV discharging process and EV preferences. The authors
of [[166] proposed a model to coordinate EV batteries’ switching stations. The station was
equipped with wind energy production. The proposed model switched the EV batteries by
replacing uncharged EV batteries with charged EV batteries to allow the EVs to extend
their range. This method provided an excellent opportunity to integrate wind energy into

the smart grid as well as EV charging processes.

The authors of [150] proposed a centralized charging controller based on EV satis-
faction and the power stability requirement in parking lots. One study [[151] presented two
optimization objectives: maximizing the number of charged EVs and minimizing the losses
in the distribution network. In [50] and [167], several schemes are proposed to aggregate
the power and manage the EV charging loads. In [[137], a control scheme is considered to
show the benefits of V2G technology in the context of RES. The authors of [[163]] proposed
a new metric to describe the EV driver’s satisfaction fairness and cost using a centralized
charging algorithm. However, these latter two works did not investigate the power grid

stress level.

The dynamic pricing scheme proposed in [168]] aimed to increase the profit of an EV
parking deck. However, in this model, the author did not consider EV driver satisfaction nor
the smart grid overload situation. In [[161], most issues regarding the cost of EV charging
and energy management are considered. However, market-level customer satisfaction is
the only parameter in this study. The authors in [169] discussed a travel-aware scheduling
scheme while considering the benefits of EVSEs and increasing EV satisfaction. Yet none

these works considered the discharging process.

The authors of [56]], [24], and [25]] studied the impact of the EV charging process on the
power grid and concluded that EV charging demand changes the power demand by drasti-
cally increasing the demand for power from the power generation providers. The authors
of [170] presented a fast-charging station placement with the flexibility to determine the
optimal location and capacity of the charging stations. However, there is no mention of the

power source nor of how many vehicles were considered in this work.

The author of [171] proposed a profit model aiming to maximize the revenue of EV
owners and power suppliers (aggregators). The author considered the two scenarios of real-
time and TOU pricing. These two scenarios were used to investigate the satisfaction level
of EV drivers based on the influence of the price changing. The investigation concluded

that the real-time price showed better performance than the TOU pricing, especially at
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peak time. The authors of [[172]] proposed an optimal pricing mechanism. The proposed
mechanism aimed to utilize the charging station by increasing the EVs’ rate of arrival and
maximizing the EV drivers’ satisfaction level by providing charging service to the EVs.
The optimal pricing mechanism considered two charging services: fast and regular. The
power grid supplied the power, and the optimal pricing mechanism chose the optimal price
for both services. The authors of [[173]] established admission and scheduling models based
on the power grid and renewable energy sources. The authors studied how EV processes
influenced the EV charging station’s effectiveness. Yet in all of these works, the power

provider is the power grid and the RESs are not considered.

3.3 System Model and Problem Formulation

In this section, we suppose that all D-EVSE operates a set of charging and discharging
plug-in sockets within a large city (100*100 km). We also consider that all D-EVSE is
equipped by EVSEs and connected to the ESS. The power is stored in a huge battery or
ultra-capacitor (see Figure [3.1). Also, the city has two very long bidirectional streets, as
shown in Figure[3.2] and the ESSs are powered by RESs (PV and wind turbines). Moreover,
we suppose that each EV considered by our model has at least 20% of its maximum battery
capacity. The charging and discharging load balancing between D-EVSE in our proposed
model is considered by using the D-EVSE’s charging or discharging priority.

For each EV, we define the required power to reach the expected destination by Eq.
SoCt, = Trip' x D. ., + S0Cpin (3.1

req rate

Also, the difference between EV initial SoC and EV required SoC is given by Eq.

8SoC' = SoC!. . — SoC!

ini req

(3.2)

We also suppose that all EVs are randomly distributed on the city streets as shown
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(1)Battery

& Power line

Figure 3.1: D-EVSE System Model

Table 3.1: Distance between EVs and D-EVSEs

D-EVSE1 D-EVSE2 D-EVSE3 D-EVSE4

EV, d(l’l) d(l,Z) d(l,S) d(1,4)
EV, 4 d(2,2) d(2,3) d(2’4)
EV; 431 d3:2) dG3) 4G4
EV(I) d(i’l) d(i,Z) d(i’3) d(i,4)

in Figure As well, all EVs are equipped with a GPS and are randomly assigned (
C/D,SoC;p; and speed ). The C/D is used to manage the EV driver’s preference for charging
or discharging participation. We assume that all EVs and D-EVSE are able to communicate

to facilitate the requesting and reservation processes while the EVs are on the city streets.
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The EV arrival time is given by Eq.
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As shown in simulation parameters’ Table we consider three types of cars: Tesla,
Nissan Leaf, and BMW 13. We choose the maximum charging level to be 80% from the
EV battery’s capacity to avoid the non-linear charging behaviour that starts after 80% of
the EV battery’s charging capacity. However, all EVs can participate in the discharging
process if they have more than 20% in their batteries. Each car has its battery capacity as

well as its required minimum EV SoC and maximum EV SoC.

34



In the following, Eq. gives the distance between EVs and D-EVSEs.

Dyyj=1. . . d; (3.4)

J)

In our model, EVs can choose to participate or not participate in the charging or dis-
charging service. Each EV can calculate its ability to reach the destination by using Egs.
and If the §SoC' is positive, then the EV can participate in the discharging service.
If not, then the EV cannot use the discharging service. Thus, when the EV requires power,
it can request the charging process. Subsequently, any EVs which want to charge or dis-
charge can send a message to D-EVSE containing the requested SoC (Eq[3.2) the time slot
availability, the charging or discharging type, and the D-EVSE priority (to accept charging
or discharging). The D-EVSE will reply to the EV with the requested information. The

charging time for each EV needing electricity power is given by Eq.

(i,e) ]5SOCi|
T = 3.5)
ch

R®
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Figure 3.3: EV processes scheduling flowchart
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The discharging time for each EV which has agreed to sell its surplus electricity power
to reduce the power demand on D-EVSE is given by Eq. The discharging process can
contribute to a new energy market. However, the EV charging and discharging efficiency
depend on the type of the batteries and battery cell design, temperature, and age. Since
these are out of our scope, we neglect the EV charging and discharging efficiency, and we

assumed that there is no impact on the charging and discharging efficiency.

tdis - — (36)

Algorithm 1 Scheduling Algorithm
Input 1 EV [N.C/D, SoCi ., Trip', Spi,t%) 41 .

Input 2 D-EVSE [Availalgility].

1: for each EV(1..N) do

2 Calculate SoCieq (Eq.

3 Calculate §SoC' (Eq. [3.2)

4: if SoC' > 0 and EV(C/D) =2 then

5: select D-EVSEs [C/D Priority, Availability] =[1,2]
6:

7

8

9

Choose the nearest and available D-EVSE
Schedule: Discharging process

endif’;
. if 8SoC' =0 then
10: No charging or discharging for EV
11: endif;
12:  if 8SoC' <0and EV(C/D) =1 then
13: select D-EVSEs [C/D Priority, Availability] =[1,1]
14: Choose the nearest and available D-EVSE
15: Schedule: charging process
16: endif’;
17: endfor.

Additionally, each EV has its decision made based on the information received from D-
EVSE. In Algorithm |1} once the EV receives the information from the D-EVSE about time
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slot availability, charging or discharging type, and priority, then the EV will calculate its
arrival time using Eq. [3.3|based on its location as shown in [3.4]and Table Also, the EV
will calculate the charging or discharging time based on the availability of D-EVSE (see
Egs. [3.5]and[3.6). Afterward, the EV will choose the D-EVSE that best fits its requirements.
Finally, a confirmation message will be sent from the D-EVSE to the EV as shown in Figure
We use Algorithm I]to test our proposed model.

3.4 Performance Evaluations

In this work, we assume that D-EVSE is installed in public charging stations and is based
on PV and wind power production. We investigate the problem of the EV charging and
discharging schedule when EVs need to know the best available power supply station before

the plug-in phase while taking into account our constraints.

The random algorithm selects the nearest D-EVSE for the EV without taking into ac-
count the D-EVSE availability for charging or discharging.

Table 3.2: Simulation Parameters

Tesla (36 - 75 kWh) [[174]]
EV Type Nissan Leaf (30 kWh)
BMW i3 (27 kWh)
Number of EVs N 1000
Initial EV SoC (SoC;jy,;) % 20 - 90%
EV Trip (Trip) Random from 35 - 100 km
EV Speed (Sp) 16 - 65 km/h
Field Size 100*100 km
Number of D-EVSEs J 4
ESS Capacity 10000 kW
Duration of a time slot 10 min
Minimum EV SoC requirement (SoCjn) 20%
Level 2 Charging (€) 7 kW Power
Fast charging rate (€) 60 kW DC [94]
Discharging rate (Ry;s) 60 kW DC [94]
Number of sockets Random from 4 - 10
Tesla 1%/km (0.434 kWh/km) [[174]
Nissan Leaf (D;ge) 1%/km (0.483 kWh/km)
BMW i3 1%/km (0.434 kWh/km)
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We compare our scheduling algorithm with the random scheduling algorithm. In Schedul-
ing algorithm, the satisfaction level is measured based on the EVs which sent a charging or
discharging request and received a charging or discharging confirmation from the D-EVSE.
Also, the dissatisfaction level is measured for the EV's which sent a charging or discharging
request and received a charging or discharging rejection from the D-EVSE. The EVs which
received either a charging or a discharging rejection from the D-EVSE can go to the near-
est D-EVSE and try to sell the power to D-EVSE or buy the power from D-EVSE without

further investigation if there is any cancellation.
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Figure 3.4: EV driver’s satisfaction level comparison between random and scheduling algorithms

The EV driver’s satisfaction level indicates how satisfied the driver is with the processes
that he has requested. In other words, the satisfaction level for each EV driver is kept high.
Also, the D-EVSE stress level measures the level of stress placed on the D-EVSE. In other
words, the stress level for each D-EVSE is kept low. Figure 3.4/shows only the average sat-

isfaction level for EV drivers in both scheduling algorithm and the random algorithm. As
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Table 3.3: EV driver’s satisfaction level using random algorithm

Number of EVs 50 100 250 500 750 1000

D-EVSE 1 100% 90% 78% 69% 43% 32%
D-EVSE 2 100% 89% 69% 54% 37% 20%
D-EVSE 3 100% 84% 50% 41% 22% 10%
D-EVSE 4 100% 81% 60% 41% 28 % 16%

shown in Figure[3.4|we compare scheduling algorithm and the random algorithm. Schedul-

ing algorithm is robust and has the ability to maximize the EV driver’s satisfaction.

90 T T T T
== Random algorithm
80 - -*- Our algorithm -

D-EVSEs' stress level %

100 250 500 750 1000
Number of EVs

Figure 3.5: D-EVSE’s stress level comparison between random and scheduling algorithms

By observing the EV driver’s satisfaction in Table|3.3} it is evident that many EV drivers
sent a reservation confirmation message to D-EVSE 3. In response, D-EVSE 3 sent a
rejection message to the EVs for their reservation request because it was not available.
D-EVSE 1 was not as stressed as D-EVSE 3, and D-EVSE 1 received 30% fewer EVs
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reservation requests than D-EVSE 3. Consequently, scheduling algorithm has the ability
to manage most of the charging and discharging requests and maximize the EV driver’s

satisfaction in all scenarios, as shown in Table (3.4

Table 3.4: EV drivers’ satisfaction using scheduling algorithm

Number of EVs 50 100 250 500 750 1000

D-EVSE 1 100% 89% 80% 66% 48% 30%
D-EVSE 2 100% 89% 18% 671% 47% 28%
D-EVSE 3 100% 88% T2% 67% 45% 27%
D-EVSE 4 100% 90% 71% 64% 43% 29%

Table 3.5: D-EVSESs’ stress level using random algorithm

Number of EVs 50 100 250 500 750 1000

D-EVSE 1 1% 14% 27% 43% 67% 70 %
D-EVSE 2 0% 12% 30% 44% T2% 78 %
D-EVSE 3 2% 13% 42% 56% 74 % 91 %
D-EVSE 4 0% 9% 32% 51% 7T2% 83%

Scheduling algorithm minimized the stress level between D-EVSE, as shown in Figure
Figure [3.5]shows the average stress levels for all D-EVSE. According to Table[3.5] for
the random algorithm, the D-EVSE 3 stress level is the worst-case scenario because there
is no consideration for D-EVSE priority, the distance between EVs and D-EVSE, and EVs’
charging or discharging request preference when the decision is about to be made. Table
3.6 presents the stress levels among the D-EVSE using scheduling algorithm. As shown
in Table it is clear that our proposed algorithm minimized the D-EVSE stress level
with a savings rate of more than 22% when the number of EVs is between (600 — 1000
EVs) and 21% when the number of EVs is between (251 — 600 EVs). However, when the
number of EVs is between (0 — 250 EVs), then the savings rate is 10%. This result proves
the robustness of our scheduling algorithm by minimizing the D-EVSE stress level.

To summarize these results, our proposed algorithm is able to manage the D-EVSE

stress level while maximizing EV drivers’ satisfaction.
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Table 3.6: D-EVSE’s stress level using scheduling algorithm

Number of EVs 50 100 250 500 750 1000

D-EVSE 1 0% 13% 24% 39% 56% 62%
D-EVSE 2 1% 8% 34% 44% 62% 66 %
D-EVSE 3 1% 6% 32% 42% 59% 69 %
D-EVSE 4 1% 7% 28% 40% 60% 72 %

Table 3.7: Stress level performance between scheduling and random algorithms

Number of EVs Sched}lling Ranc.lom Savings
algorithm | algorithm rate

50 - 250 29.5 33 10.6 %
251 - 600 16.5 21 21 %

600 - 1000 21 27 22.2 %

3.5 Summary

In this chapter, we proposed a new interaction scheme between EV and D-EVSE located
at a public charging station. We present a scheduling algorithm to manage the DEVSEs’
stress level and EV preference for the charging or discharging process. Also, we consider
the D-EVSE availability and reservation priority as well as the proximity of each EV to the
selected D-EVSE. Our scheduling algorithm is tested through simulations while consider-
ing EV and D-EVSE constraints. Simulations show that the proposed scheme manages the

EVs’ charging and discharging process efficiently.
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Chapter 4

Decentralized Management for Charg-

ing and Discharging Model

4.1 Introduction

Reducing GHG emissions and energy consumption are fundamental and challenging issues
for smart cities. However, the existing structures of energy consumption are no longer able
to adapt to dynamic conditions. New communication systems which are expected to be
used in the smart grid for energy infrastructure devices should be dynamically adaptable
because static conditions will soon no longer be applicable. Therefore, new infrastructure
and communication must be flexible in the smart city to enable the achievement of effi-
ciency and sustainability. The carbon footprint has impacted the global environment with

CO2 emissions reaching more than 9% of all emissions between 2008 and 2017.

Furthermore, the global CO2 footprint is estimated to grow more than 11% by 2020
[175.,(176]. For example, the Canadian government has announced that 100% of electricity
use will be from RESs by 2025. The Canadian federal government aims to reduce GHG
emissions by 40% by 2025 [[130].

EV, as part of the electrification of transportation in a smart city, is an important and

challenging issue due to its power demand. Although EVs come with zero emissions and
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low noise [151},161+5163|], EVs’ charging demand as a new power consumer will add more
stress to the power grid and may cause in some cases power outages due to the overloading

of regional transformers.

As we have mentioned before, the D-ESS architecture copes with the challenging is-
sues in C-ESS architecture such as one-point failure, high maintenance cost, high cost of
degradation, and high delayed response to power outage [56.|146]. The D-ESS provides ar-
chitecture with advantages such as more scalability, better battery energy quality, and swift
reaction to demand with a multi-point failure, easy maintenance, low risk of power outage

in the macro-grid, as well as a more secure grid.

In this work, we consider that the D-EVSEs are public charging stations. The D-EVSEs
are based on RESs (PV and wind power). We resolve the problem of EV charging or
discharging scheduled processes when EVs need to know the best available charing station
before the plug-in phase, as well as the EV charging or discharging unscheduled processes

when EVs decide to participate in unscheduled processes.

Our contributions are as follows: 1) We design a system model to minimize the D-
EVSEs’ stress level. 2) We propose a D-EVSE Immediate Scheduling Algorithm (ISA)
which helps the EVs to determine and select the best charging station to maximize the
drivers’ satisfaction. 3) Also, we propose a D-EVSE unscheduling Algorithm to minimize
the waiting time for EV charging and discharging processes. 4) Finally, we compare the
proposed algorithms with three other algorithms: random algorithm, Dijkstra’s shortest

path algorithm, and EV smart-guidance algorithm.

The rest of the chapter is organized as follows: Section 4.2 presents some related works.
Section 4.3 introduces the D-EVSE system model and problem formulation for the EV
charge scheduling process. In Section 4.4, performance evaluations are presented. The

conclusions are provided in Section 4.5.

4.2 Related work

The interaction of micro-grid and EVSEs for EV charging and discharging processes has
attracted extensive research. A dynamic pricing model proposed in [[168]] aimed to increase
the power supply stations’ profit. This model assumed that the power supply stations are

connected to the micro-grid directly. Also, the proposed model used EV batteries as an
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energy storage device. However, in this model, the authors did not consider the EV driver’s
satisfaction nor smart grid overloading. Likewise, the dynamic pricing protocol proposed
in [177] and [56] aimed to minimize the peak EV power demand for the power providers;
however, home charging was proposed. Additionally, the ToU pricing was considered in
their work to increase the EV satisfaction for charging demand. However, [177] only con-
sidered the charging process while [56|] considered both the charging and discharging pro-
cesses. The authors of [178] proposed a simulated annealing algorithm for EV charging in
a smart grid based on mathematical optimization to choose the best charging stations. The
goal of this work was to minimize the EV driver’s cost and reduce the peak demand in these
stations. The authors in [169] discussed a travel-aware scheduling scheme while consider-
ing the benefits of EVSEs and increasing EV satisfaction. In all previous works described

above, a centralized approach has been considered for the power and management system.

The authors of [24]] presented two models for EV charging at charging stations. The first
model considered the charging waiting times while the second model considered the cut-
off priority protocol and a ToU pricing strategy. However, the proposed models assumed
that the power came from the power grids. The authors of [94]] proposed a model aiming to
manage and control charging and discharging processes at EVSEs. Two algorithms were
proposed in this model: peak load management and guidance algorithm. peak load man-
agement algorithm was used to schedule the EV charging or discharging process according
to power demand while taking into account the time and location for each EV’s requested
process. guidance algorithm was used to guide every EV to the appropriate EVSE to reduce
its waiting time before plug-in. The proposed model considered the mobility of vehicles in
an urban scenario and ToU pricing. The authors concluded that the peak load management
efficiently used unused EV batteries’ storage to store energy and thereby support the power
grid at all times, especially during peak time. Also, guidance algorithm minimized the
waiting times for each EV before the plug-in phase. Yet none of these works considered

realistic scenarios.

The authors of [[179]] presented an EV charging and discharging queuing model at charg-
ing stations aiming to manage EV charging and discharging requests in a real-time manner
as well as to reduce the EV charging and discharging waiting times. All of the EVs send
their charging and discharging requests to the provider through a cloud computing network.
A mathematical model was proposed to compute the waiting times for EVs’ requests. Two

classifications identified each EV as high or low priority and as high or low class. However,
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this model is used for centralized management, which is not recommended if the system
has been shut down or attacked. The authors in [148]] presented a system-guidance model
to minimize the waiting time for the EV charging process. Also, this model noticed that the
algorithm called SMART-EV-Guidance had minimized the directing and searching time
for each EV looking for a charging station. Nevertheless, in all of these works, realistic

scenarios were not considered.

The authors of [155] proposed an EV charging process model located at a workplace
station based on ToU pricing. Two parts are presented in this work: an admission control
approach to increase the charging quality process, and a joint searching scheme to maxi-
mize the charging station’s revenue based on ToU pricing. Likewise, an EV charging pro-
cess model located at an intelligent parking garage based on real ToU pricing is proposed
in [180]. The proposed model used the [[155]] model and added an adaptive utility-oriented

scheduling scheme aiming to optimize the total utility for the charging operator.

The authors of [181] proposed a dynamic charging scheduling scheme in a workplace
parking lot aiming to manage and control EV charging processes in a real-time manner. The
proposed scheme used the PV power system with the power grid as the primary resources
to guarantee the EV charging process at all times. Furthermore, all of the EVs’ charging
requests are collected in a central controller to obtain the optimal decision for each EV
request. However, this work did not consider the discharging processes or identify how to

gain the most benefits from the ESS to save the generated energy from the solar panel.

4.3 System model and problem formulation

To develop our detailed problem formulation, we develop our system model on a case
study of the city of Ottawa’s highways (Hwy) in Ontario, Canada. Also, we selected 12
gas stations in the city of Ottawa in which we propose the D-EVSE model (see Figure [3.1).
We consider that all D-EVSEs are equipped by EVSEs, and that all EVSEs operate a set
of charging and discharging sockets [24]. The D-EVSEs are powered by PV and wind
turbines. The power is stored in a massive battery or ultra-capacitor (ESS) (see Figure[3.1).
The city of Ottawa has three highways (Hwy 417, Hwy 416, and Hwy174, as shown in
Figures and [4.4), We selected Hunt Club Road to connect Hwy 417 and Hwy 416
in both directions as shown in Figure Moreover, we assumed that each EV considered

by the D-EVSE model has at least 20% of its maximum battery capacity.
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Each EV on the Hwy requests the D-EVES’ availability that are on its route as well
as each D-EVSE’s waiting time status. If the EV battery SoC is not enough for its travel
commute, then the EV will stop at the D-EVSE once or more than once at different D-
EVSEs. For each EV, the required EV battery SoC (SoCﬁeq) to finish its commute is given

by Eq.

Each EV creates a table that shows the distance between its location and the different
D-EVSEs’ locations, as shown in Table Then, the EV calculates its ability to reach the
D-EVSEs by using Eq.

B’ = [d} x D},y;,] — [SoCi,; + S0Cpin] 4.1

] rate
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Table 4.1: Distance between EVs and D-EVSEs for the realistic scenario

D-EVSE () D-EVSE ?® D-EVSE ® D-EVSE®# D-EVSE ()

EV; dD d(12) d(13) d(14) Fim)
EV, d21) d22) d23) 424 42
EV; dB:D d32) d33) B4 FIEN)
EV, d* d*2) d43) 444 d40)
EVj; 41 di:2) di3) dli4) dliJg)

We suppose that all EVs are randomly distributed on the city of Ottawa’s streets, as
shown in Figure Also, we assume that each EV is equipped with GPS. Each EV
uses the GPS to measure the distance between its location and the D-EVSE’s location.
We suppose that all EVs and D-EVSEs can communicate for requesting and reservation
processes while the EVs are on the road. Furthermore, we assume that all of the D-EVSEs

are communicating with each other.

Table 4.2: EV and its ability to reach the D-EVSEs

EV! EV? EV3 EV* EV!

D-EVSE; B By By By B

D-EVSE; B, B, B; B, B,

Eq. calculates the difference between required SoC and initial SoC (8SoC"). At all
times, all EV batteries’ SoC must meet the following Eq.

S0Coin < SoC' (4.2)

The D-EVSE requests to be informed of an EV’s arrival time and the amount of power
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needed. Consequently, the EV arrival time (Ar’) at each D-EVSE is given by Eq. and

the required power that needs to be charged is given by Eq.

SoCly = 8SoC' + [d}; x D}y, ] (4.3)

Then, the EV charging time can be calculated by using Eq.

i
tih _ SoCy,
c €
Rch

4.4)

All EVs may choose to participate or not participate in a discharging process as well
as the charging process. However, for any EV willing to participate in the discharging
process, the result of Eq. should be positive. Eventually, the discharging process can
lead to a new upcoming energy market.

SoCly;, = SoCj,, — SoCy,, (4.5)

If the Sonh.S is not positive, then the EV cannot participate in the discharging process.
Subsequently, any EV which wants to participate in the charging or discharging process
will send a request message containing the SoCéh or SoCé'h.S to D-EVSEs directly asking for
the time slot availability and the charging or discharging process. The D-EVSEs will reply
to the EV and attach the information requested as well as the current waiting time status.

The discharging time for each EV that is able and has agreed to sell its surplus electricity
power to help the D-EVSE stabilization is given by Eq. 4.6}

th = ' (4.6)

Additionally, each EV has its decision made based on the information received from
D-EVSEs. In ISA Algorithm [2, once the EV receives the information from the D-EVSEs
which contain the time slot availability, charging, or discharging type, then the EV calcu-
lates its arrival time using Eq. [3.3|based on its location and D-EVSEs’ location as shown in
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Table Also, the EV calculates the charging or discharging time based on the availabil-
ity of D-EVSE:s (see Eqgs. and[4.6). Afterward, the EV selects the optimal D-EVSE that
best fits its requirements. Finally, a confirmation message will be sent from the D-EVSE
to the EV if the EV has been selected to participate in the immediate process. In this algo-

rithm, the EV’s preference is met regarding the EV charging and discharging processes.

Algorithm 2 D-EVSE Immediate Scheduling Algorithm (ISA)
Output 1 EV [N,C/D, SoC',, SoC',.., Sp', location, Trip'].
Output 1 D-EVSE [Availability: C (charging) & D (discharging)].
for each EV; (1..N) do

2:  Caleulate SoC},, (Eq. 3.1)
Calculate SoCéh (Eq. 4.3)
4: Calculate SoC};;; (Eq. |4.5)
if SoC!, > 0and EV(C/D) =1 then

6: Calculate A’ (Eq. [3.3)
Calculate téh (Eq. 4.4)
8: select [{nearest, available}] D-EVSE
Schedule: charging process
10: endif’;
if SoC!,,. > 0 and EV(C/D) =2 then
12: Calculate A7’ (Eq. [3.3)
Calculate téh. s (Eq. mi
14: select [{nearest, available}| D-EVSE
Schedule: Discharging process
16: endif;
if no D-EVSE immediate available then
18: go to algorithm
endif;
20: endfor.
endif’;

Each D-EVSE computes its process waiting times using Eq. based on the num-
ber of EV arrivals rate and processes rate. All of the D-EVSEs are equipped with fast and
ultra-fast charging processes charging process as well as discharging process. However, for
unscheduling algorithm, only two services are based on level 2 charging and discharging
processes. Each EV that chooses to not participate in scheduled charging and discharging

processes can participate in the unscheduling process at the selected D-EVSEs by consid-
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ering the charging and discharging waiting time. Consequently, each EV has access to
information about all D-EVSEs’ waiting time, as shown in Table

. A4
W ime __ ]

Table 4.3: Waiting time table for EV processes at each D-EVSE

D-EVSE() D-EVSE® D-EVSE® D-EVSE®# D-EVSE ()
EV, w (LD w(1.2) w(L3) w(1.4) w (L))
EV w1 w(i:2) w(i:3) W i4) w ()

We use the D-EVSE ISA Algorithm 2] and D-EVSE Unscheduling Algorithm [3]to test
the D-EVSE system model. The (C/D, SoCéh and speed) in Algorithm [2| are randomly
assigned. The EV C/D in D-EVSE Immediate Scheduling Algorithm is used to manage the

EV driver’s preference for charging or discharging participation.

Algorithm 3 D-EVSE Unscheduling Algorithm
Output 2 EV [N, SoC!,, SoC., , SoC},,. location, Trip'].
Output 2 D-EVSEs [Availability: C (charging) & D (discharging), W; ime]
for each EV; (1..N) do
2: Each D-EVSE Calculate W;ime (Eq. /7% but NO immediate D-EVSEs available
select {[nearest, least {WJ?””" 11} D-EVSEs
4: if Sonh.S > 0 then
EV reserves plug-in socket for discharging process
6:  elseif SoC), >0 then
EV reserves plug-in socket for charging process

8: endif;
endfor.

Figure summarizes EV interaction with D-EVSE. There are two states for the EV:
— First: EV is on the road.
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Figure 4.6: Illustrative example of EV interacting with D-EVSE

(1) EV sends a request to D-EVSE scheme.
(2)&(3) D-EVSE scheme uses ISA to reply to EV.

— Second: if the response from the D-EVSE is negative, then EV goes to {nearest
D-EVSE, least waiting time}.

(1') & (2')D-EVSE uses the unscheduling algorithm to manage EV requests.

4.4 Performance Evaluation

In this section, we discuss the performance of the proposed D-EVSE schemes described by
D-EVSE ISA and unscheduling algorithms. We used MATLAB to simulate the D-EVSE
proposed models. We considered twelve D-EVSEs in known locations, as shown in Figure
and we distributed 1000 EVs randomly on the roads, as shown in Figure The
simulation parameters for the D-EVSE ISA and Unscheduling algorithms are shown in
Table All EVs have travelling trip (30 - 200 km) and speed (60 - 120 km/h) as well as
SoCt,, (20 - 90%).

it
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Table 4.4: Simulation Parameters for D-EVSE ISA and Unscheduling algorithms

Tesla (75 - 100 kWh) [|182]

EV Type Nissan Leaf (45 kWh) [183]]
BMW i3 (46 kWh) [184]
Number of EVs (N) 1000
Initial EV SoC (SoCjy;) % 20 - 90%
EV stop 0 - 2 times

EV stop durations
EV trip (Trip')

0, 15, or 30 mins
Random 30 - 200 km

EV speed on Hwy 60 - 120 km/h
Number of D-EVSEs J 12
ESS capacity 10000 kW
Duration of a time slot 10 min
Maximum duration of a time slot 2 hours
(unscheduled arrival)
EV SoC requirement (SoCpyin) 20%

Fast charging rate (€)
Discharging rate
Max fast charging time

60 kW DC [94]]

Max discharging time 20 min [94]
Ultra-fast charging (&) 150 kW DC
Max ultra-fast charging time 15 min [|69]]
Maximum charging level SoCax 80%
Level 2 charging (€) wunschedutea) 7 kW Power
Number of plug-in sockets (iedutea) 16 / D-EVSE
Number of plug-in sockets (uschedutea) 4/ D-EVSE
A 7 Random {3/1 and 2/1}
Wy 2/10
Tesla 1%/km ( 0.204 kWh/km) [182]
Nissan Leaf 1%/km( 0.187 kWh/km) [|183]]
BMW i3 1%/km ( 0.187 kWh/km) [[184]]

As shown in we consider three types of vehicles (Tesla, Nissan Leaf, and BMW 13).
We choose the maximum charging level (SoCnax) to be 80% of the EV battery’s capacity
because we are trying to avoid the non-linear charging behaviour which starts after 80%
of the EV battery’s charging capacity. However, all EVs can participate in the discharging
process if they have more than 20% in their batteries SoCyi,. Each vehicle type has its
capacity as well as its required SoCpi, and SoCpax
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Moreover, we assume that each D-EVSE has a capacity of approximately 10MW. The
D-EVSEs are powered by renewable energy sources such as photovoltaic and wind power.
Additionally, each D-EVSE is composed of fast and ultra-fast charging processes as well
as the discharging process. Each D-EVSE offers two processes for each EV that needs
a process: immediate scheduled process and unscheduled arrival process. Also, each D-
EVSE is equipped with 16 plug-in sockets for scheduled processes and 4 plug-in sockets
for unscheduled processes. That means that the total number of plug-in sockets is 240
sockets. 192 sockets are for scheduled processes, and the rest of the sockets are for the

unscheduled processes in all D-EVSEs.

Another consideration in the unscheduling algorithm is the charging and discharging
waiting times. The waiting time is considered only for the second algorithm to encour-
age EV drivers to participate in scheduled processes. For the same reason, we used level
2 charging sockets for the unscheduled process. Each EV will receive a confirmation in-
cluding reservation time and the plug-in socket number if the request is for an immediate
scheduled process. However, if the request is for an unscheduled process, then the EV will

receive the plug-in socket number only at the D-EVSE location.

We assume that the remaining SoC of EV can reach any D-EVSE. We also suppose that
the A, for all D-EVSEs is flowing by the random distribution between 3/1min and 2/1min.
That means that some D-EVSEs’ arrival rate is three EVs every minute, while other D-
EVSEs’ arrival rate is two EV's every minute. We considered that the p,, is the same in all
of the D-EVSEs. The u,, equals 2/10, which means that two EVs depart every 10 minutes.

We have considered three cases. We present case one, in which we compare the D-
EVSE algorithms with the random algorithm, followed by case two, in which we compare
the Dijkstra’s shortest path algorithm [[185]] with the D-EVSE algorithms. Finally, we com-
pare the D-EVSE with an EV smart guidance algorithm [148]].

In contrast, The random algorithm selects the nearest D-EVES for EV charging and
discharging processes and the Dijkstra’s shortest path algorithm selects the D-EVES for EV
charging and discharging processes based on the shortest path between its current location
to the target destination. The EV smart-guidance algorithm selects the nearest D-EVSE
for EV charging and discharging processes to minimize the EV charging and discharging

waiting time. Also, those algorithms are based on centralized power generation systems.
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Figure 4.7: Comparison of D-EVSEs’ stress level between random, Dijkstra shortest path, EV smart
guidance and D-EVSE ISA algorithms

In the D-EVSE scheduling algorithm, the satisfaction level is measured based on the
number of EVs that received a charging or discharging confirmation from the D-EVSEs
divided by the number of EVs that sent a charging or discharging request. Also, the dis-
satisfaction level is measured based on the EVs that received a charging or discharging
rejection from the D-EVSEs divided by the number of EVs that sent a charging or dis-
charging request. However, the EVs which have received either a charging or discharging
rejection from the D-EVSE can go to the nearest D-EVSE to participate in unscheduled
processes to either sell the power to D-EVSE or buy the power from D-EVSE. However,
the distribution of D-EVSEs within the city would also impact the EV driver’s satisfaction

level.

The driver’s satisfaction level indicates how satisfied the driver is with the processes
that he has requested. In other words, the satisfaction level for each EV driver is kept high.
Also, the D-EVSE stress level measures how stressed the D-EVSE is. In other words,
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the stress level for each D-EVSE is kept low. Figure shows a comparison of the D-
EVSEs’ stress level with the D-EVSE algorithm and the other three algorithms. As shown
in Figure the D-EVSE algorithm minimizes the stress level between D-EVSEs and
shows better performance in terms of managing the EV charging and discharging processes.
In summary, Figure shows the average of all D-EVSEs’ stress levels.

Table 4.5: Stress level performance between D-EVSE ISA and Random algorithm

Number Random D-EVSE Savings

of EVs  Algorithm ISA rate
0-250 15% 12.3% 17.8%
251- 500 46% 40% 13%
501 -750 70% 57% 18%
751-1000 100% 70% 30%

According to Table[4.5] a comparison between the random and D-EVSE ISA algorithms
shows that the D-EVSEs’ stress levels in the random algorithm, in some cases, are fully
stressed. The random algorithm is the worst case in terms of the stress level because there
is no consideration for the distance between EVs and D-EVSEs and the EV’s charging
or discharging request preference when the decision is about to be made. Table also
presents the stress level using the D-EVSE ISA algorithms and shows that the D-EVSE ISA
algorithms have increased the system performance and reliability whenever the number of
EVs is increased. For example, when the number of EVs is 250, the savings rate is 17.8%.
When the number of EVs is 1000, then the savings rate is 30%. That is a significant

improvement.

Table 4.6: Stress level performance between D-EVSE ISA and Dijkstra’s algorithm

Number Dijkstra’s shortest D-EVSE Savings

of EVs path Algorithm ISA rate
0-250 14% 12,3% 11.9%
251- 500 45% 40% 11.1%
501 - 750 65% 57% 12.3%
751-1000 83% 70% 15.7%

Table compares the D-EVSEs’ stress level with the Dijkstra’s shortest path algo-
rithm as well as the D-EVSE ISA algorithms. The Dijkstra’s shortest path algorithm shows
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better performance than the random algorithm in terms of minimizing the stress level be-
tween D-EVSEs. However, the D-EVSE ISA algorithms show a savings rate of approxi-
mately 15.7% when compared to the Dijkstra’s shortest path algorithm performance when
the number of EVs is 1000.

Table 4.7: Stress level performance between D-EVSE ISA and EV Smart-guidance algo-
rithm

Number EV Smart-guidance D-EVSE Savings

of EVs Algorithm ISA rate
0-250 13% 12.3% 5.1%
251- 500 43% 40% 6.9%
501 - 750 61% 57% 6.6%
751-1000 75% 70% 6.7%

The D-EVSEs’ stress level using EV smart-guidance and D-EVSE ISA algorithms is
shown in Table[4.7]. The EV smart-guidance algorithm shows much better performance in
terms of minimizing the stress level between D-EVSEs compared to the Dijkstra’s shortest
path algorithm and random algorithms. The D-EVSE ISA algorithm shows better perfor-
mance than the EV smart-guidance algorithm and has achieved a savings rate of approxi-

mately 6% in most cases.

Table 4.8: Comparison of the average performance for D-EVSEs’ stress level

Average D-EVSEs’ | Savings rate %
stress level %
Random Algorithm \ 57.8 294
D-EVSE ISA 44.8 '
Dijkstra’s sbortest 5175
path Algorithm \ 13.4
D-EVSE ISA 44.8
EV smart-guidance 43
Algorithm \ 6.6
D-EVSE ISA 44.8

Table presents a comparison of the average stress levels between all of the algo-
rithms. The D-EVSE ISA has minimized the D-EVSE average stress level with a savings
rate of more than 22.4% compared to the D-EVSE stress level based on the random algo-
rithm, as shown in Table Also, the savings rate was 13.4% when the D-EVSE average
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stress level used Dijkstra’s shortest path algorithm. However, when the EV smart-guidance
algorithm managed the D-EVSE average stress level, the D-EVSE ISA algorithm mini-
mized the D-EVSE average stress level in comparison to the D-EVSE ISA algorithm with
a savings rate of 6.6%. This result proves the robustness of D-EVSE ISA in terms of mini-
mizing the D-EVSE stress level.
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Figure 4.8: Comparison of EV drivers’ satisfaction between random, Dijkstra shortest path, EV
smart guidance and D-EVSE ISA algorithms

The average level of EV drivers’ satisfaction with the D-EVSE ISA in comparison to
the other three algorithms is shown in Figure Table shows the savings rate of
the D-EVSE ISA compared to the savings rate of the other three algorithms. The average
savings rate in terms of the EV drivers’ satisfaction using the random algorithms compared
to the D-EVSE ISA is more than 23%, while the average savings rate using the Dijkstra’s
shortest path algorithm when compared to D-EVSE ISA is more than 14%. Moreover,
the EV smart-guidance algorithm is superior to the latter two algorithms. However, when

compared to the D-EVSE ISA, the D-EVSE ISA’s average savings rate is approximately
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5.8%. According to Figure and Table 4.9} in a comparison between D-EVSE ISA and
the other three algorithms, the D-EVSE ISA is robust and can maximize the EV driver’s
satisfaction.

Table 4.9: Comparison of average performance for EV drivers’ satisfaction level

Average EV drivers’ | Savings rate %
satisfaction level %
Random Algorithm \ 52.8 733
D-EVSE ISA 40.5 '
Dijkstra’s shortest
path Algorithm \ 47.25 14.3
D-EVSE ISA 40.5
EV Smart-guidance 43
Algorithm \ 5.8
D-EVSE ISA 40.5
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Figure 4.9: Waiting times comparison for EVs by using D-EVSE Unscheduling algorithm
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Figure shows the waiting time for EV charging and discharging processes by com-
paring the D-EVSE unscheduling algorithm and the other three algorithms. As shown in
Figure the D-EVSE unscheduling algorithm minimized the waiting time for EV charg-
ing and discharging processes and showed much better performance in terms of managing
the EVs’ unscheduled arrival processes.

Moreover, Figure 4.9| shows the average waiting time for the EV process in all cases.
By observing the EV waiting times in Table the D-EVSE ISA savings rate is more
than 23.8% compared to the EV smart-guidance algorithm, which is the best savings rate
among those three algorithms. In contrast, the worst savings rate is more than 55% with
the random algorithm. Consequently, D-EVSE algorithms can manage most of the wait-
ing times accordingly for charging and discharging process requests while minimizing the

waiting time for processes in all scenarios, as shown in Table .10

Table 4.10: Comparison of average waiting time for EV charging and discharging processes

Average Waiting | Savings rate %
Time (minutes)
Random Algorithm \ 18 556
D-EVSE Unscheduling Algorithm 8 )
Dijkstra’s shortest 115
path Algorithm \ ' 30.4
D-EVSE Unscheduling Algorithm 8
EV smart-guidance 10.5
Algorithm \ ’ 23.8
D-EVSE Unscheduling Algorithm 8

In summary of these results, D-EVSE scheduled and unscheduling schemes can manage
D-EVSE stress levels while maximizing EV drivers’ satisfaction as well as minimizing the
EV charging and discharging waiting time. Consequently, the D-EVSE algorithms are

robust and can manage immediate scheduling and unscheduling algorithms.
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4.5 Summary

In this paper, we have proposed a model to manage the interaction between EV and D-
EVES. We present two algorithms: ISA and unscheduling algorithm. The ISA is used to
minimize the D-EVSE’ stress level, maximize the EV drivers’ satisfaction, and take into
account the EV’s preference for the charging or discharging process. Also, we considered
the D-EVSE availability to be reserved as well as the distance for each EV to reach the
selected charging station. The unscheduling algorithm is used to manage the unscheduled
EV arrivals aimed to minimize the EV waiting time for the processes. D-EVSE algo-
rithms are tested through simulations considering realistic scenarios with EV and D-EVSE
constraints. We obtained results from different scenarios to investigate the EV drivers’
satisfaction as well as the D-EVSE’s stress level. We have also proved that the D-EVSE
system model far outperforms the random, Dijkstra’s shortest path, and EV smart-guidance
approaches. Simulations showed that the proposed protocol manages the EVs’ charge and

discharge processes more effectively.
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Chapter 5

Decentralized Game-Theoretic Scheme

for D-EVSE

5.1 Introduction

With the growth in the EV market due to its releasing of zero air pollution and reduction
of GHG emissions in smart cities, the power demand will increase accordingly. By 2030,
the number of EVs will be more than 100 million globally [15]. While this will create
a massive power charging demand which must be managed, EVs have the potential to
provide power storage by supporting the power grid through the V2G process [24,25]. As
well, EVs provide many advantages for EV owners, such as minimizing travel expenses

and garnering revenue by selling their surplus power.

In our model, the optimization of EV charging and discharging is modelled based on a
Decentralized Game-Theoretic (D-GT). The D-GT approach is proposed to select and de-
termine the optimal solution for both EV processes and the D-EVSE. The optimal solution
would increase D-EVSE stability while also maximizing the EVs’ satisfaction level. The
D-GT is the most crucial aspect of our model, as it allows each EV to manage its charg-
ing and discharging process demands based on the concept of win-win while taking into

account the defined constraints.
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Nowadays, the necessity of adopting RES with the ESS is growing year by year. The
RES and ESS will decrease GHG emissions and create a clean, sustainable, and green
environment. However, due to discontinuous and unpredictable RES power predictions,

the ESS is the essential equipment that will allow the storing of generated power.

In this chapter, we consider that D-EVSE is powered by PV energy production. We
propose a solution to resolve the problem of the EV charging or discharging process when
EVs need to know the best available plug-in time for both EV and D-EVSE before the
plug-in phase.

Our contributions are as follows:

1. We introduce a D-GT model to optimize the EV charging and discharging process

demand.
2. We propose a D-GT algorithm to guide EVs for the charging and discharging process.

3. We consider a realistic scenario in the city of Ottawa, Ontario, Canada to test our
D-GT algorithm.

4. Finally, our D-GT model takes into account the EVs’ satisfaction level as well as the
D-EVSEs’ stability.

Cooperative game theory is used to help participants (D-EVSEs and EVs - also called
players) making collective actions to obtain expected benefits. Cooperatively, EV chooses
the optimal solution for both EV and D-EVSE; however, D-EVSE makes the final decision
to admit the EV or not. Since each EV aims to maximize its charging or discharging
processes, the EV will first select the best offer received from D-EVSEs that meets EV’s
requirements and defined constraints. When EV receives a confirmation message, EV will
schedule the charging or discharging processes; otherwise, the EV will select the second-
best offer received from D-EVSEs and so on until EV receives the confirmation message
from D-EVSE. However, each D-EVSE aims to maximize the charging and discharging
processes by admitting EVs as much as D-EVSE can. Therefore, there is no cooperation
between D-EVSEs which means the non-cooperative (competitive) game theory is applied
[186,/187].

The structure of this chapter is organized as follows. Section 5.2 peruses some related

works. Section 5.3 addresses the proposed system model and problem formulation. In Sec-
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tion 5.4, performance evaluations are presented. The conclusions are provided in Section
5.5.

5.2 Related work

GT operations for EV charging and discharging processes in a charging station have at-
tracted the attention of researchers. In general, GT is classified into three groups, namely
cooperative game theory, noncooperative game theory (competitive), and evolutionary game
theory.

Many researchers have studied EVs’ charging and discharging processes [[173}188-
191] based on cooperative GT [192] and [193]]. The authors of [[194] and [[195] addressed
different mechanisms based on cooperative game theory for EVs’ charging and discharging
processes. In addition, the authors of [[194]] proposed a day-ahead and real-time cooperative
EMS. The proposed system considered the power provider to be both a power provider and
a power buyer. EVs were also considered in their system. The goal of this system was
to maximize the revenue for participants. Likewise, the authors of [195] studied EVs’
charging behaviour with the smart grid from an economic perspective. The study aimed
to increase the revenue for both EV owners as well as the power provider. The authors
of [161]] presented two models for EV charging processes based on the GT approach. These
two models are a Stochastic Dynamic Programming (SDP) model and a greedy algorithm
model. The power providers used renewable energy production with an ESS. For all these

works, power management was a centralized approach.

Other recent studies have explored and examined EVs’ charging and discharging pro-
cesses based on noncooperative game theory [196-201]]. After investigating the problem
of energy management in the decentralized control, the author of [202] proposed a game
theory based on the decentralized control strategy for coordinating multiple hybrid energy
systems aiming to maximize the preference of each player. However, RESs were not intro-
duced in the study. Furthermore, the proposed system implemented a Nash equilibrium in
each controller stage with a learning algorithm. Also, the paper [203] presented a decentral-
ized charging scheme model based on non-cooperative game theory. The presented model
coordinated the competitiveness of EVs with aggregators via a population coordinator to

manage the interaction.

The authors of [204]] introduced a mean filed (MF) game theory scheduling model to
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manage and schedule for the PHEVs (Gas/Electric) charging process. The goal of this
model was to minimize trip time as well as trip distance. The authors of [205] proposed an
EV charging model based on two stages of noncooperative game theories. The proposed
model considered the ideal and non-ideal actions of many aggregators in the same area.
The authors of [206]] introduced a decentralized hierarchical EV charging mechanism based
on the GT model. The GT model is formulated to combine MF-GT and Stackelberg-GT.
The MF-GT was used to minimize the computational cost and communication overhead
between power sellers. The Stackelberg-GT was used to define the optimal linear price
for the consumer. The model considered the aggregator as a power buyer with the power
grid and as a power seller to the EVs. Also, the aggregator was considered to control EV

charging processes as well as the charging power prices.

The authors of [207]] and [208]] studied the implementation of both competitive and
cooperative game theories in the same model of EV charging mechanism in a centralized
way. The authors of [209] proposed a bi-level optimization model based on AC/DC hybrid
multi micro-grids. The structure of hybrid multi micro-grids used distributed power and
management mechanisms with two model systems. A bi-level optimization model was
considered to coordinate between the utility and supply level with the aim to minimize
the operation cost for each level. The difference between the bi-level optimization model
and the proposed D-GT optimization model is that the bi-level optimization is based on
the distributed power source and management system. In contrast, the D-GT optimization
model is based on a decentralized power production and management system. Moreover,
the bi-level optimization model used a diesel engine generator as the primary power source.
Still, our proposed model used the PV as RES as the primary power source and the power

grid source as a backup source.

Other studies have investigated the EVs’ charging and discharging processes based on
evolutionary game theory. The authors of [210] presented the EMS based on an escort
evolutionary game theory. The system’s goal was to study the EVs’ charging behaviour
with aggregators as a power provider. The multi-population approach was considered, and
a battery storage system based on RES was used to reduce the EVs’ charging during peak
demand. The investigation concluded that the peak of EV charging demand and generated
power from RESs were changed simultaneously. The paper [211] presented a competitive
and evolutionary game theory system for EV charging mechanisms at the EV charging

station. The first model was based on the competitive game theory to manage the charging

67



price contest between charging stations. The second system, based on the evolutionary
game theory, was implemented to improve the charging decision-maker for all EVs. The
goal was to decrease the charging demand at peak time and also to increase the EV charging
stations’ revenue.

5.3 System model and problem formulation

Power G’rid

e Power line

®e®e® Communication link

Figure 5.1: Overview of D-GT System model

In this section, we suppose that all D-EVSEs are powered by renewable energy (PV)
as the primary power source. Also, we consider the connection to the grid when the solar
renewable energy system fails to respond to the demand. The generated power from PV
is stored in a massive battery (ESS), as shown in Figure Moreover, we assume that
all EVs’ batteries have at least 20% of their maximum battery capacity at all times as

mentioned before.

We present two investigation systems: random and realistic. In both models, we con-

sider that each D-EVSE; is broadcasting its updated availability schedule as well as the
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battery storage capacity ESS (¢); every five minutes. Each EV that is willing to partic-
ipate in the charging or discharging process will calculate and choose the best available
D-EVSE; and send a reservation request. In return, the D-EVSE will send a confirmation
response to the EV. The D-EVSE will use a reservation system based on first come, first
served. In the realistic scenario, we have chosen six gas stations located close to the high-

ways in the city of Ottawa, Ontario and replaced them with our proposed D-EVSEs based

on the D-GT model, as shown in Figures and
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Figure 5.2: D-EVSE locations in D-GT model

We propose the following four models, each with two scenarios: (1) charging model,
(2) discharging model, (3) ESS capacity variation model, and (4) optimization model based
on D-GT. The scenarios are mono D-EVSE and multi D-EVSEs.
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5.3.1 Charging model

The only EV processes considered in this model are the charging processes. The purpose
of this model is to find a charging process for EVs. We also aim to investigate the interac-
tion behaviour between EVs’ charging requests and D-EVSEs as a power provider. In the
proposed model, the SoC of i/ EV is given by Eq. |5_1|

S0Cyin < SoC:

int

< 50Cmax (5.1

The required EV SoC to reach the final destination (SoCieq) for the i/ EV is given by
Eq. |3_1| and the required SoC to reach the D-EVSE; [148]] for the i EV is given by Eq.
5.2

SoC'; = d'; x Dy, (5.2)

The amount of charging energy for the i’ EV is given by Eq. Iﬂ

SoCl;, = [S0Cmax — SoCj, ] + SoC’, (5.3)
The charging time (téh) for the i* EV is given by Eq. The arrival time (A7?) for the
i EV is given by Eq. m The arrival and departure time for the /* EV is given by Eq.

5.4
b= AF 1, (5.4)

Ar <t <t (5.5)

70



The total amount of energy that is requested by N c]h EVs is given by Eq. :

N¢h
J )
SoCS" =Y SoC,, (5.6)
i=1

5.3.1.1 For mono D-EVSE

The dynamic variation of the j*# ESS battery SoC which depends on its previous status is

given by Eq.

ESS;(t) =ESS;(t—1)— P{"(t)+ PV (1) (5.7)

Where:
P (1) = SoC" () X bagax (5.8)

5.3.1.2 For multi D-EVSEs

The dynamic variation of the total energy storage in the D-EVSEs is given by Eq.

J J
Y ESS;(t)= ) ESS;(t—1)
a e (5.9)

— i P]?h(t) + Z va(t)
j=1 =1

]J=
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5.3.2 Discharging model

The only EV processes considered in this model are the discharging processes. The aim of
this model is to find a discharging process demand for EV. We also aim to investigate the
EVs’ discharging interaction behaviour with D-EVSEs. The requirement SoC to reach the
final destination (SoC.,,) for the i’ EV is given by Eq. The requirement SoC (Son.)

1
req

to reach the D-EVSE; for the i" EV is given by Eq. lﬂl

The available amount of power in discharging process for the i’ EV is given by Eq.

[5.10k
SoC'y, = SoCl,, — [SoCin + SoCl, ] (5.10)

int req

The accepted amount of power in discharging process for the i EV is given by Eq.

511t
SoCl,. = SoCly, — dj) (5.11)

In this model, dy, which is Deep of Discharge (DoD) for each EV, must meet Eq.

S0Crmin < SoCl;. (5.12)

The arrival time (ArY) for the i’ EV is given by Eq. m The discharging time for the
i EV is given by Eq. l@l The departure time for the i EV is given by Eq. 5.13L

th=Ar' 41}, (5.13)

Arf <t <t (5.14)

The total amount of energy that is offered by Nj-”s EVs is given by Eq. |5.15
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dis
Nj

SoCY* =Y SoClq (5.15)
=1

1

5.3.2.1 For mono D-EVSE

The dynamic variation of the j* ESS battery SoC is given by Eq. |5 .17L

PI5(t) = SoCI™(t) X bytax (5.16)

ESS;(t) =ESS;(t — 1)+ P¥ (1) + P{*(1) (5.17)

5.3.2.2 For multi D-EVSEs

The dynamic variation of the total energy storage in the D-EVSEs is given by Eq.

J J
Y ESS;(t)= Y ESS;(t—1)
= = (5.18)

J J
+Y P+ Y P;’”(t)
j=1 j=1

5.3.3 ESS capacity variation model

Both EV charging and discharging processes are considered in this model. The purpose
of this model is to update and monitor the ESS battery status regarding the charging and
discharging process demands that are requested or ordered by EVs. In addition to this
model, we considered the use of the charging model’s Eqgs. to and the discharging

model’s Egs. to
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5.3.3.1 For mono D-EVSE

The variation of the charging and discharging D-EV SE batteries is given by Eq

ESS;(t) = ESS;(t — 1) — P{" (1) (5.19)

+PIV (1) 4+ PIS(1)

5.3.3.2 For multi D-EVSEs

The total variation of the charging and discharging D-EVSE batteries is given by Eq

J
ESS(t); = ) ESS;(r—1)
1 j=1

J

~ ZJ: P () + ZJ: PP (1) + ZJ: PI5(r)
=1 j =1

J=1

J

(5.20)

5.3.4 D-GT Optimization model for multi D-EVSEs

Each EV aims to increase each D-ESEV’s stability and maximize its satisfaction by using a
Decentralized GT (D-GT) approach. The purpose of this model is to find an optimal charg-
ing or discharging process for each EV while taking into account our defined constraints.
As well, we aim to investigate the EVs’ charging and discharging interaction behaviour
with D-EVSEs. First, we optimize the EV charging model while also considering the use
of Eqgs. to in this optimization model. Second, we optimize the EV discharging
model while also considering the use of Egs. to in this optimization model. Fi-
nally, we optimize both the charging and discharging models while also considering the
use of Egs. [5.1]to[5.6] [5.12]to[5.15]and [5.19]to[5.20]in this optimization model.

NJL“h thliis
SoCl, (1), Y. SoCl;(t) (5.21)
= =1

i=1 i

Max
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S0Cpmin < SoC!, (1) < S0Cax
S0Cin < SoC', (1)
Art <t <t
St. j=1.J
Ari < tjlis < tél
[ESS™" +ESSY] < ESS;(r) < ESS™

min ESS (¢
0 S % S ESS'I]n(a)? S 1

Both EV charging and discharging processes are considered in this optimization model.
The purpose of this model is to determine and select the optimal solution for the EV charg-
ing or discharging request that fulfills our constraints. Eq. represents the optimal
solution considering both EV charging and discharging processes. The defined constraints
are applied to help the EV choose the optimal solution. We assume that each EV in the
optimization model will interplay with all D-EVSE:s for its charging or discharging pro-
cess requests while aiming to maximize the D-EVSEs’ stability and the EVs’ satisfaction
level. Once the EV selects the proper D-EVSE, then the EV needs to find the best available

charging or discharging spot.

We use Algorithm [ to test our optimization model. The D-GT select algorithm is
started once the EV receives the updated information from the D-EVSEs and selects the
best D-EVSE that satisfies the predefined constraints. We consider the off-grid mode if the
ESS is not empty (e.g. on a sunny day). If the ESS is empty, we switch to the power grid

to provide the continuity of EV charging processes.
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Algorithm 4 D-GT select Algorithm

Input EV [Nep, Nais, N, NS, ESS (1), PV, SoCrin, S0Cmax, S0Cly, SoCl;, SoCy,
ESS;, dj, ESSY 1.

Output D-EVSE [ j, ESS™", ESSY, ESS (1), ESS™, Availability ].

1: for i=1..N,y do

2 Calculate SoCieq according to Eq. (3.1)
3 if SoCl,, < S0Cpin +So0C},,, then

4 Calculate SOC;- according to Eq.

5: Calculate SoCéh according to Eq.

6 Calculate ¢/, according to Eq. (4.3)
7 Calculate Ar' according to Eq.([5.4)
8 select " j " according to Eq.
9: NJC-h = NJC-h + 1 % update D-EVSE state %
10: else
11: Charging processes is not available

12: for h=1.. Ny, do

13:  Calculate SoC’,_according to Eq. (3.1)

req
14: if SoCj,, > SoC;,, +S0Cpin then
15: Calculate Son. according to Eq.
16: Calculate SoCéic according to Eq. (5.
17: Calculate A7’ according to Eq.
18: Calculate téis according to Eq.
19: select " j " according to Eq. (5.21)
20: N5 = N5 +1 % update D-EVSE state %
21: else
22: Discharging processes can not be done
23: endif’;

5.4 Performance Evaluation

In this section, we discuss the performance of the proposed model. Also, we consider two

scenarios in our simulation discussion: random and realistic.
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Table 5.1: Simulation parameters of D-GT model for random scenario

Number of EVs N 3000 - 8000
SoChin % 20 %
SoC}; % 20-90 %
SoCinax %0 100%
SoC,. % 20-90 %
ESS® % 0-10 %
ESShax % 100 %
dy %o 0-20 %
EV Trip Trip Random from 40 - 60 km
EV speed (Sp) 20 - 60 km/h
Number of D-EVSEs J 6
Number of plug-in sockets 6
PV Power cyeryday 25 MW
max ESS Capacity 30 MW
T 36 / Plug-in socket
Duration of a time slot 10 min
Ren(€) 60 kW DC [94]]
Ruis 60 kW DC [94]]
byrax 24 kW
Date 1%/km( 0.187 kWh/km) [183]]
d} Random from 10 - 20 km |

5.4.1 Random scenario

Table |5.1| shows simulation parameters for the random scenario. We suppose that all D-
EVSEs are equipped by level 3 DC. We assume that there are six distributed D-EVSEs,
each with a storage capacity of 30 MW. The number of EVs is 3000, 4000, 5000, and 8000.
Also, we assume that each EV will make its decision using our proposed model. Moreover,
the D-EVSE will send the reservation confirmation based on first come, first served, as
mentioned previously. Each D-EVSE will broadcast its availability schedule once every

five minutes. Also, all D-EVSEs operate from 6 a.m. until 6 p.m.

The discussion of performance is divided into two parts. The first part discusses the
average satisfaction of EVs, and the second part discusses the average of ESS SoC during
the daytime (6 a.m. to 6 p.m.). The Monte Carlo technique is used to calculate the average

values for both parts..
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Figure 5.3: Average EV satisfaction level during the operation time for random scenario.

Figure shows the results of using the proposed model with different numbers of
EVs. We can see that the average EV satisfaction level is usually higher than 78% when
the number of EVs is 3000 or 4000. However, when the number of EVs is 8000, the average
EV satisfaction level decreases after four hours due to the massive number of EVs and their
power demand. According to Table , we can see that the EV satisfaction level at the
beginning and the end of the operation is not the same as the EV satisfaction level during

the day due to the renewable energy production.

Table 5.2: Average EV satisfaction for random scenario

1:1);1;13? 6 am.-10am. 10am.-2 p.m. 2p.m.-6 p.m.
3000 85% 90.5% 89.5%
4000 83.5% 85% 81%
5000 81% 78.5% 66.5%
8000 80.5% 76% 51.5%
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Figure 5.4: Average of the ESSs’ SoC level during the operation time for random scenario

Figure shows the average of ESS SoC during the operation time (6 a.m. to 6 p.m.)
between the proposed model based on D-GT and the EV charging and discharging without
using the D-GT model. We can observe that the proposed model shows better performance
than the other model during the operation time, more specifically from 8 a.m. to 3 p.m.
Table |5.3| presents a clear comparison of the savings rate between both models. As we can
see, the savings rate for the proposed model is reasonable from 6 a.m. to 10 a.m.; however,
between 10 a.m. to 2 p.m. there is a significant savings rate of almost 26.6%.

As demonstrated in both figures and tables, the D-GT model in the random scenario
can manage the interplay between EVs and D-EVS effectively while taking into account
the defined constraints.
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Table 5.3: ESSs’ SoC average level for random scenario

Number

of EVs 6 am.-10am. 10am.-2p.m. 2p.m.-6 p.m.
D-GT model 88.8% 83% 54.2%
Regular model
(without D-GT) 87% 77.4% 52%
savings rate 13.85% 26.6% 4.6%

5.4.2 Realistic scenario

Table shows simulation parameters for the realistic scenario. We suppose that all D-
EVSE:s are equipped by level 3 DC. We assume that there are six distributed D-EVSEs, each
with a storage capacity around of 30 to 40 MW (Jul 2019) based on real PV date [212].
The number of EVs is 3000, 4000, 5000, and 8000, the same as the number of EVs in the
random scenario. Also, we assume that each EV will make its decision using our proposed

Table 5.4: Simulation parameters of D-GT model for realistic scenario

EV’s Trip Trip Random from 50 - 70 km
EVs’ speed (Sp) on Hwy 60 - 120 km/h
Number of D-EVSEs J 6 (see Figure@)
d} Random from 10 - 30 km

~ 60 kW (Nissan Leaf)
~ 60 kW (Chevrolet Bolt)
1%/km( 0.187 kWh/km) [|183]]
Nissan Leaf [[174]
1%/km( 0.175 kWh/km)
Chevrolet Bolt [213]]

EV’s battery size ( bpzax )

Drate

In the realistic scenario, the average EV satisfaction level during the operation time (6
a.m. to 6 p.m.) is shown in Figure[5.5] As seen from this figure, the average EV satisfaction
level for all cases (3000 to 8000 EVs) from 6 a.m. to 10 a.m. are similar. However, the
huge differences in the average EV satisfaction level between 3000, 4000, and 5000 EVs
and 8000 EVs grow after 1 p.m. due to the rush hour on highways. Table[5.3]illustrates the

average EV satisfaction level for the random scenario for all cases divided into three zones.
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Figure 5.5: Average EV satisfaction level during the operation time for realistic scenario

The D-GT model for 3000 EVs is the most effective result for the entire operation time.

Also, the average EV satisfaction level is maintained at over 74%.

Table 5.5: Average EV satisfaction for random scenario

1:1)?1;:13? 6 am.-10am. 10am.-2p.m. 2p.m.-6p.m.
3000 79.4% 80.6% 74.2%
4000 79.4% 80.4% 68.6%
5000 79.4% 79.4% 61.8%
8000 79.4% 78.8% 43.4%

The average of the ESSs” SoC level during the operation time for a realistic scenario
comparison between the D-GT and the regular model is depicted in Figure [5.6] and Table
The ability of the D-GT optimization model can be seen by looking at the average

savings rate from 6 p.m. to 2 p.m., which is 4.6%. Furthermore, the savings rate of more
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Figure 5.6: Average of the ESSs’ SoC level during the operation time for realistic scenario

than 20% is much better from 2 p.m. to 6 p.m., as shown in Figure 5.9 and Table 5.6 .

Table 5.6: ESSs’ SoC average level for realistic scenario

Number

of EVs 6 am.-10am. 10am.-2p.m. 2p.m.-6 p.m.
D-GT model 90.8% 89.2 % 60.4%
Regular model
(without D-GT) 87. % 84.4 % 47.4%
savings rate 3.75% 5.4% 21.53 %

From the last two figures and tables, it is clear that the performance of the proposed
optimization model based on D-GT has proven its robustness in terms of managing the in-

teractions among the EVs and D-EVSEs while taking into account our defined constraints.

82



5.5 Summary

In this chapter, we discussed the D-EVSE in terms of power generation and management
model based on the GT for EVs interacting with D-EVSEs. Renewable energy production
(photovoltaic) is chosen to be the main power source for our D-EVSE, and we considered
the connection to the grid when the RES is failing to respond to the demand. We proposed a
D-GT scheme for the optimization of the EVs’ interaction with D-EVSE. Our optimization
model considered both the EV’s satisfaction as well as the D-EVSEs’ stability. The optimal
available solution for EV charging or discharging that satisfied the EV’s driver and main-
tained the D-EVSE stability is achieved by using the D-GT algorithm. A realistic scenario
in the city of Ottawa is considered as a testbed for our D-GT optimization model. Simu-
lation results showed that the proposed model could manage and control the interactions
between EVs and D-EVSEs efficiently.

Two case studies were presented for our D-GT optimization model in terms of man-
aging and facilitating the interaction between D-EVSEs and EVs. The proposed model is
based on decentralized power generation and management. Furthermore, the realistic sce-
nario’s results showed that the proposed model could manage EV charging and discharging
processes more efficiently during the operation time and more specifically from 2 p.m. to

6 p.m.
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Chapter 6

Profit Maximization for the D-EVSE

6.1 Introduction

Curbing of air pollutions and GHGs Emissions from transportation and non-renewable
power plants in the smart city [214] is vital in providing a clean and green environment. As
an action from many governments aiming to minimize the effect of transportation’s pollu-
tion upon the climate, new plans have been were announced to ban cars with gas engines
throughout the world. For example, the UK, Sweden, France, Germany, and Australia plan
to ban such vehicles by 2035 [[11H13]]. As these plans unfold, the presence of EVs will grow
very fast globally, especially in countries such as Canada, where citizens are encouraged by
several types of financial incentives to buy EVs [[14]]. Consequently, the necessity of initiat-
ing EVSE in the smart city in the form of public charging stations is growing incrementally
year by year. The EVSE will offer and fulfill the EVs’ charging demand.

However, only allowing EVs charging process via EVSEs, which are primarily con-
nected to the power grid, will put pressure upon the centralized power grid, especially
during peak demand periods. For a centralized power grid, increasing the power produc-
tion using non-renewable energy sources (nuclear and gas) will increase the environmen-
tal impacts by increasing the GHGs. Moreover, the massive power demands will affect
the power grid’s reliability and lead to increased costs of grid maintenance and degrada-
tion [215]. Thus, we promote the option to switch from EVSE based on non-renewable
energy to decentralize the EVSE based on RESs and an ESS.
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D-EVSE is a promising solution and brings more benefits than the EVSE which obtains
power only from the power grid. These benefits include increasing the quality of charging
power and offering the flexibility of EV charging power based on its ability as well as
eliminating power line losses. Moreover, unused generated power will be stored. Overall,
the D-EVSE will facilitate the integration of a massive number of EVs in smart cities
without causing an additional power load that may jeopardize the power grid’s resilience
and reliability [215-217].

In this chapter, we propose an optimization model aiming to maximize the D-EVSEs’
profits. Each D-EVSE will manage its charging processes and maximize its profits by
using the proposed model. Our proposed model also takes into account the D-EVSEs’
sustainability while maximizing the D-EVSEs’ profits. In the proposed model, we consider
that the D-EVSE is primarily powered by solar energy and equipped with ESS to store the
generated power. The D-EVSE is not an entirely decentralized EVSE because it has a
connection to the power grid. The D-EVSE manages the power grid’s interconnection and
uses it to request power from the power grid. However, the power requisition will be used

only when the D-EVSE does not have enough stored power in the ESS.

In summary, our major contributions of the chapter are presented as follows:

e First, we design a maximization profit model to manage and control EVs’ charging

and discharging processes.

e Second, we propose a Decentralized Profit Maximization Algorithm (DPMA) based
on RESs, power grid, and EV discharging prices to help D-EVSEs take profit from
the electricity price variation during the day.

e Third, we consider five EV arrival rates to examine our proposal. Also, we illustrate

ToU pricing in our model.

e Fourth, we present the results of the numerical simulation followed by a discussion

to prove our proposed solution’s effectiveness.

e Finally, we take into account the preservation of the D-EVSEs’ sustainability in our

proposed algorithm.
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The rest of this chapter is organized as follows. Section 6.2 reviews the related works.
Section 6.3 defines the proposed system model and problem formulation. In Section 6.4,

performance evaluations are addressed. Finally, Section 6.5 concludes this chapter.

6.2 Related work

The challenges of EV charging and discharging processes at EVSE in the smart city have
attracted the interest of many researchers from academic and industrial perspectives. The
EVSE infrastructure deployment was investigated in [61-64]]. A comprehensive survey of
the EVs’ challenges to the power grid is presented in [218]. The EV charging price is an
important aspect for EV drivers and EVSE owners. EV charging price strategies are studied
in [172,219-224]. Other areas have been studied, such as minimizing the waiting time
for EV charging [94,/148]], discharging processes [225,226]], and reducing EV’s charging
cost [227]. Another perspective is that the EVSE owners must also benefit [227,228]].
The benefitting of EVSE owners, such as by increasing their profits, will allow EVSE to
be diffused in the city. Several studies using many different techniques in [171}206} 229]
have investigated how to increase the profit for the power provider and the EV owner. In
general, we have divided the related works of the EVSE charging and discharging benefit
management studies into three groups based on the EVSE power source: 1) EVSE based
on the power grid, 2) EVSE based on the power grid and PV, and 3) EVSE based on the
power grid, the wind turbine, and the PV.

Many studies have investigated EV charging impact and discharging benefit manage-
ment in EVSE powered from the power grid 190,203,230, 231]. The authors of [204]
presented A PHEV power management system based on GT aiming to reduce the PHEV
charging and battery degradation costs for each PHEV owner. The presented system con-
sidered the source of power to be the power grid. The system investigated the PHEV
patterns when gas and energy prices were changed; as well, trip distance and trip time
were considered. A stochastic model was introduced in [232]. This model implemented
the two cases of dynamic pricing and optimal scheduling to examine the presented model.
The model studied the price influence on the revenue of the PHEV charging station. The
authors concluded that the presented model showed a positive outcome. However, these

papers did not study the influence of EV power demands on the power grid.

The EV charging and discharging processes benefitting management in EVSE powered
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from the power grid and PV are introduced in [173}[233]]. An optimization and controlling
scheme are presented in [227]]. The presented scheme proposed an EVSE for charging
and discharging processes. The target of the proposed scheme is to minimize the final
operational cost. The EVSE is connected to the power grid and equipped with a PV power
production and ESS. In addition, a large building was linked to the EV bidirectional station
to purchase energy whenever needed. The power price technique is based on real-time
pricing for charging as well as discharging services. However, the EVSE is powered by the
power grid and stores the ESS’s power when the power grid’s price is low. An optimization
charging model is presented in [233] for EVSE located in a parking lot. The EVSE is based
on the power grid, and the PV is linked to ESS as well as to the power grid. The given
model, which aimed to reduce the charging cost, used ToU pricing. The study concluded

that the presented model reduced the charging cost and enhanced the EV arrival rate.

The authors of [234] designed EVSE as a charging station for charging and discharging
processes; in this case, the EVSE was equipped with RESs. The charging station offered a
price for each EV wanting to sell its surplus power. In this study, the EVs’ owners were able
to accept or decline the offer. The sold power from EVs was injected into the power grid.
Likewise, the authors of [234] presented an online pricing approach for EV charging or
discharging requests in [235]]. This paper used the same mechanism as that which was used
in [234]. Both papers allowed the EV owner to choose the extended deadline to reduce the
charging cost and aimed to maximize the charging station and EV owners’ revenue with
a fixed profit pricing strategy. However, the authors of paper [235] did not consider the
discharging process in their study. All of these studies used the power grid as the primary
power source to the EVSE, and there were no investigations into the EVSE’s impacts on

the power grid.

Other researchers have examined the benefit of managing EV charging and discharging
processes in EVSE powered from the power grid, the wind turbine, and the PV [236,[237].
Two case studies presented in [238] aimed to minimize the power generation cost (wind
and grid) and investigate the EV traffic congestion. The wind turbines were connected with
the power grid. The EV profits were considered in the study. In this study, all EVs were
allowed to schedule charging or discharging services to control the traffic. The conclusion
was that the presented model minimized the power generation cost and the delivery cost

while avoiding traffic congestion.

The authors of [239]] presented a risk-based auction with an adaptive bidding energy
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trading system. The presented system aimed to maximize the bidding energy trading rev-
enue by using the competitive equilibrium price prediction. The authors of [240] proposed
an iterative double auction model to facilitate energy trading between participants using a
central controller. The proposed model used a distributed algorithm to maximize the in-
dividual utility profits and the profits of participants. These studies considered the power
grid to be the primary power source and did not show the power demand’s effect on the
power grid. A game-theoretic approach based on the decentralized electric vehicle charg-
ing schedule was implemented in [215] to minimize the EV charging expenses and increase
the power grid performance. The real-time price system was used to increase the power
grid’s profits and the EV owners’ profits. Also, the battery degradation cost and character-
istics were both taken into account. The EV charging location was at owner’s home with
the day-ahead request scheme. Paper [241] proposed a game theoretical-based framework
model to facilitate energy trading decisions with the distributed ESSs. All ESSs could de-
cide the maximum amount of trading energy in the utility. However, the proposed model
has a trade-off between the profits and costs of energy trading.

Unlike these studies, in this chapter, we consider RESs as the primary power source for
the D-EVSEs (as a green energy sources) and include EV charging and discharging pro-
cesses. We propose a Decentralized Profit Maximization Algorithm (DPMA) to optimize
the D-EVSEs’ profits and maintaining the stations’ sustainability. However, in case of bad

weather, a connection to the power grid is used to fulfill the EVs’ demands.

6.3 System model and problem formulation

In this section, we consider D-EVSE as a public charging station based on RESs (Solar
Energy) and equipped with ESSs, as shown in Figure[6.1] We assume that each D-EVSE has
12 plug-in sockets, and each plug-in socket has 108 time slots [6 (time slots in each hour)
*18 (hours) = 108 time slots]. We assume that the D-EVSE uses a fast charging process
with 180 kWh as charging rate [242]. The ESS consists of many connected batteries, and
each battery has its cable connected to the station. These batteries are considered one big
battery managed by D-EVSE. During the daytime, the ESS will be charged from solar
energy production. During the nighttime, the D-EVSE will be charged from the power grid

if there is not enough power in the ESS.

We suppose that each D-EVSE calculates the total power cost and sets its profit. The D-
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Figure 6.1: Overview of the profit maximization model

EVSE broadcasts the charging price to all EVs on the road. The EV charging price is based
primarily on the power source, and the discharging service price is based on the needs of
the D-EVSE. The D-EVSE operation time extends from 6 a.m. until 12 a.m.

At the beginning of the day, the D-EVSE gathers the power source information from
ESS, and then the price is determined. The symbol X represents the D-EVSE’s charging
prices. Eq. gives the D-EVSE’s charging price X; when the D-EVSE is powered only
from the solar energy source:

Xj(r) =P/ (1) (6.1)

If the D-EVSE is powered from the power grid, then the X is given by Eq.

X;(t) =C5" (1) 6.2)

In the case of purchasing power from EVs as discharging power, the X; is given by Eq.
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X;j(1) =Ci(1) (6.3)

Ci(t) = Priy () + [Priy(t) * 25%] (6.4)

In our model, we assume that all EVs can reach all D-EVSEs and communicate wire-

lessly with each other. Each EV on the road calculates its ability to reach the final destina-
tion (SoC},, and 8SoC") by using Eq. [3.1/and Eq.

EV computes the charging time and the amount of charging power by using Eqgs. |6.5
and [6.6| respectively:

, SoC', (t)
P (1) = —=<2 6.5
SoC', (t) = |8SoC! (1)) (6.6)

The EV discharging time and the amount of discharging power from EV are given by

Eqgs. [6.7]and [6.8| respectively:

, SoC'. (t
) = 220 67)
SoCl; (1) = 8SoC'(t) (6.8)

Where:

If each D-EVSE has an available plug-in socket for discharging process, then the D-
EVSE will admit EV to discharge its surplus power. Eql6.9]calculates the cumulative total
amount of purchased power from EVs.

ESSEY (1) =) SoCl(1) (6.9)

Eq. used to calculate the amount of power that will be requested from the power
grid.

Gre i i i
ESS,"(1) = SoCl,, (1) + ESS™" — ESSXFS (1) — SoCly (1) (6.10)
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The total amount of the power purchased from the power grid is given by Eq.

ESSY (1) = Y ESSY™ (1) (6.11)

The total amount of the power in the ESS; is given by Eq.

ESS;(r) = ESST*3(t) + ESSY (1) + ESSEY (1) (6.12)

All power generated from RESs is added into (ESS¥*5(¢)). At the beginning of the D-
EVSE’s operations, the Pf "(t) is based on the total amount of power that comes from RES
(ESS?ES (t)). However, the ESS?ES () must not reach 20% of its battery capacity. If the
D-EVSE requests power from the power grid, then the purchasing power from the power
grid is added into ESS]G(t). In addition, all power purchased from the EVs as discharging
processes is added into ESS?V (7).

Each D-EVSE which has sold power will update its sold power tracker SOC;Old (t) im-

mediately to maintain sustainability as shown in Eq
SoC" (1) =Y SoCl,, (6.13)
The D-EVSE battery status is calculated by using Eq.

SoCj(t) = ESS;(t) — SoC5*' (1) (6.14)

Each D-EVSE will receive the request messages from EVs, and the D-EVSE will use
the proposed model to maximize its profits. The D-EVSE’s profits will be calculated based
on the source of the sold power to EVs. Therefore, the D-EVSE uses Eq. to calculate

its profits when the power source is from the RES:

Fj(t) = SoCly,(t) x [X; — P{°(1)] (6.15)

91



If the source of power is from the power grid, then the D-EVSE calculates its profit by

using Eq.
Fi(t) = SoCl, (1) x [X; — CF (1) + 16 (1)] (6.16)

The D-EVSE’s profit in the case of drawing power from EVs as discharging power is

given by Eq.
F(t) = SoCyy (1) x [X; = Prg(1)] (6.17)

Eq. is our objective function, and it is used to maximize the D-EVSEs profit.

Furthermore, our objective function has objective function constraints.

Maximize F;(t) (6.18)
Subject to:
ESS™™ < ESSKES(1) + ESSG (1) + ESSEY (1) (6.19)
ESS™™ > ESST*%(1) +ESSY (1) + ESSEY (1) (6.20)
SoCl,(t) > 10 (6.21)
SoCl;(t) > 10 (6.22)

We use Algorithm [3|to test our decentralized profit maximization algorithm (DPMA).
The proposed model is initiated once the D-EVSE receives the requested messages from
the EVs.

6.4 Performance Evaluation

This section discusses the proposed model’s performance described by the Decentralized
Profit Maximization Algorithm (DPMA). We used MATLAB 2018b to perform our simu-
lation. We consider 12 D-EVSEs with each D-EVSE having RESs prediction (solar panel).
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Algorithm S Decentralized Profit Maximization Algorithm (DPMA)

Input D-EVSE [ J, SoC', (t), SoC;. (1), ESS™™, SoC;(1)]
for j=1..J do .
if SoC;(t) > ESS™" then
. . r o
Obtain the power price (P} () and cost (P{”) from Tables u
Maximize the profit according to Eqsl6.15|&6.18]

update Son.(’ld(t) according to Eq. [6.13

update SoC;(t) according to Eq
else

if there are EVs scheduled for discharging process then
Obtain the power price (Pr!;, (t)) and cost (CEV(t)) from Tables .',

Maximize the profit according to Eqs)6.17|&6.18]
update Son”ld(t) according to Eq. 6.13
update ESSIJ5 Y(t) according to Eq

update SoC;(t) according to Eq
end if

if the amount of power from EV discharging process is not enough then
Obtain the amount of power from the power grid according to Eq
Based on the time of request:

Obtain the power price (CJ.G’”& power cost (CJGw) )from Tables |6.1| &

Obtain the incentive price ( I]-G(t):) from Table

Maximize the profit according to Eq.56.16&6.18

update Son"ld(t) according to Eq. [6.13

update ESS? (t) according to Eq

update SoC%" (1) according to Eq

update SoC;(t) according to Eq
end if

end if
end for

The RESs prediction is connected with ESS. The ESS storage capacity is 30 MW. We sup-
pose that all D-EVSEs are equipped with a DC fast charger, and each D-EVSE has 12
plug-in sockets for EV charging and EV discharging. Typically, D-EVSEs are not the main
customer for the power grid; however, the D-EVSEs would-be customers when there is a

bad weather condition. Therefore, EVs are the primary customer for D-EVSEs.
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Table 6.1: List of power grid power costs based on ToU pricing

Power grid cost C]Gw on-peak | 0.217 CAN$/ kW

Power grid cost C]Gm mid-peak | 0.15 CANS$/ kW

Power grid cost C¢ off-peak | 0.105 CANS/ kW

Table 6.2: Simulation Parameters for the Profit Maximization model

| ESSKES | Random 11.5- 19MW |
| ESSMma \ 100 |
| ESS™in \ 20 |
| ESS™™ capacity [243] | 30 MW |
Number of D-EVSEs J 12
Operation time 6 am. - 12 am.
Number of plug-in sockets 12 [242]
Number of time slots (T) 108/h
Charging rate R, 30 kW/t
Discharging rate R, 30 kWit
Duration of a time slot 10 min

off-peak (6 a.m. - 7 a.m.
and 7 p.m. - 12 a.m. )

Time of incentive price

and grid pricing mid-peak (7 a.m. - 11 a.m.

and 5 p.m. -7 p.m. )

on-peak (11 am. -5 p.m. )
off-peak (0.05 CAN$/kWh)
mid-peak (0.03 CAN$/kWh)

Incentive price from

grid I/ (1) on-peak (0.015 CAN$/KWh)
Number of EVs N 12000
| SoC!,, \ Random 0 - 80 kW |
| SoCl; \ Random 0 - 50 kW |

Each D-EVSE will broadcast its charging price X; and charging availability schedule
every five minutes. All D-EVDESs will operate from 6 a.m. until 12 a.m. We suppose that
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each D-EVSE will process the EVs for the charging process using the DPMA to either
admit or reject the EV. Moreover, the D-EVSE will be based on a first-come, first-served
basis and will send EVs a reservation confirmation. We assume that there are 12000 EVs

distributed randomly on the roads. The simulation parameters are shown in Table

The time of the incentive’s prices and the incentive’s prices from the power grid is
shown on the simulation parameters’ The power price from the power grid will be
based on the ToU pricing in the city of Ottawa [244] (shown in Table[6.I). The RESs and
the EV discharging cost are shown in Table.

Table 6.3: List of RESs and EV discharging costs

Renewable energy cost PJ‘?O 0.10 CANS$/ kW

EV discharging power cost Pri,. (t) on-peak | 0.12 CANS$/ kW

In the case of bad weather such as a rainy or cloudy day, or in the case when the ESS;
does not have enough power in its battery, the D-EVSE will rely on the power grid and the
price will be based on the ToU pricing. Table [6.4{shows the D-EVSE charging price based
on the ToU pricing.

Table 6.4: List of D-EVSE selling price based on ToU pricing

Power grid price CJ-G” "on-peak | 0.24.95 CANS$/ kW

Power grid price C;}” " mid-peak | 0.17.25 CANS$/ kW

Power grid price CJ.G”’ off-peak | 0.12.025 CAN$/ kW

The RESs’” and EV’s discharging selling prices are shown in Table 6.5
Table 6.5: List of RESs’ and EV’s discharging prices

RES charging price p]P "(t) 0.18 CANS$/ kW

EV discharging power price C7" (¢) on-peak | 0.15 CAN$/ kW
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We assume that the proposed model is implemented in the city of Ottawa, Canada, in
the summertime. The D-EVSEs’ locations in the city of Ottawa are known and fixed. In

this study, we consider the following:
e EV charging and discharging processes

e Ottawa’s ToU pricing policy in the case of charging from the power grid as shown in
Table6.1]

e Additional 15% charging fees D—EVSE”}CM in the case of charging from the power
grid as shown in Table 6.4

In our discussion, we calculate the D-EVSE price diversity and profit for each hour, and
we show the average of the D-EVSE price diversity and the D-EVSE profit. We study the
following five EV arrival scenario rates in our simulation discussion: our EV arrival rate
estimation, Poisson distribution, homogeneous Poisson processes, and two scenarios with
non-homogeneous Poisson processes intensity. To keep consistency in our explanation, we
chose D-EVSEs 1 to 3 to present the performance of our proposed model. Moreover, D-
EVSEs-AVG shows average performance of our proposed model in all D-EVSEs. There
is no rational reason behind choosing D-EVSEs 1 to 3 because, in some cases, the D-
EVSEs-AVG perform much better than the presented D-EVSEs 1 to 3, which means the
other D-EVSEs obtained better performance than the illustrated stations. Each D-EVSE
will have a random amount of power from RESs Sngg“;j between 11.5 to 19 MW. Also,
each D-EVSE will receive a random number of EVs with their unanticipated power demand
SoC!, (t).
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6.4.1 EV arrival rates with Our Arrival Rate Estimation
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Time during the day (6 a.m. - 12 a.m.)

Figure 6.2: EV arrival rates with Our Arrival Rate Estimation

In this scenario, the EV arrival rates in D-EVSEs are based on the probability shown in
Figure[6.2] The EV arrival rates are based on our estimation [245].
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6.4.1.1 EV charging process only
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Figure 6.3: Average of the D-EVSEs’ diversity price comparison for D-EVSE 1 - 3 with D-EVSEs-
AVG of the 12 D-EVSEs with Our Arrival Rate Estimation (EV charging process only)

Figure|6.3|shows the price diversities comparison between D-EVSEs 1 to 3 and the average
of all 12 D-EVSEs. The price from (7 a.m. - 10 g.m.) is getting closer to RESs price, which
means the RESs power generations are contributing power in the D-EVSEs as depicted in
the same Figure During the time from (10 a.m. - 4 p.m.), most D-EVSEs are almost relying
on RESs power production, which means that the RESs have mitigated the power grid’s
power load. However, The red curve as the average of all 12 D-EVSEs (D-EVSEs-AVG)
from (4 p.m. - 7 p.m.) shows that the other D-EVSEs are depending on RESs and power
grid as well.
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Table 6.6: Average D-EVSEs charging price ( in CANS) with Our Arrival Rate Estimation
(EV charging process only)

D-EVSE-1 D-EVSE-2 D-EVSE-3 D-EVSEs-AVG
6am. -7am. | 1.688x107"1 1.588x10"! 1.788x10°!  1.631x10"!
7am. - 11am. | 1.773x1071  1.788x10~! 1.765x10~'  1.766x 107!
11am. -5pm. | 1.800x107" 1.800x107" 1.800x10~"  1.838x107!
S5pm. -7pm. | 17061071 1.713x107" 1.706x107"  1.717x10""
7pm. -12am. | 1.203x10°1  1.203x10°" 1.203x10°"  1.203x10"!

Table shows the average price based on the ToU pricing. As shown in Table
the average price during the mid-peak time (7 am. - 11 a.m.) is most likely relying on

RESs price, except D-EVSE-3 is almost lean on the power grid price. However, during

the on-peak time (11 a.m. - 5 p.m.), the average diversity price is most likely depending

on RESs price. Due to a few RESs energy production at (5 p.m. -12 a.m.), the average

diversity price relies on the power grid price and, more specifically, after sunset.
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Figure 6.4: Average of the D-EVSEs’ profits comparison for D-EVSE 1 - 3 with D-EVSEs-AVG of
the 12 D-EVSEs with Our Arrival Rate Estimation (EV charging process only)

Figure |6.4| compare the average of the D-EVSE 1- 3 profits with all 12 D-EVSEs aver-
age profits As (D-EVSEs-AVGQG). Figure [6.4|illustrated that when the EV charging demands
is the amount of RESs energy production is high, then the profit is increasing accordingly
and more specifically from (1 p.m. - 5 p.m.). The D-EVSE got the most profits can get.
However, when the number of EV charging demands is low, and the amount of RESs en-
ergy production is high, the D-EVSE gets fair profits such as between (12 p.m. - 2 p.m.).
However, the lowest profit is when the D-EVSEs lean on the power grid price and its in-

centives starting from (6 p.m. - 12 a.m.).
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Table 6.7: Average D-EVSEs profit ( in CAN$) with Our Arrival Rate Estimation (EV
charging process only)

D-EVSE-1 D-EVSE-2 D-EVSE-3 D-EVSEs-AVG
6 a.m. -7 a.m. 355.46 341.92 355.05 356.68
7am. -11am. | 1908.18 1945.79 1929.60 1978.37
11am. -5p.m. | 1407.24 1283.40 1434.60 1447.16
5p.m. -7 p.m. 742.14 608.76 652.36 681.89
7 p-m. - 12 a.m. 216.29 230.02 237.81 244.40

As the results illustrated in Table 6.7| presents the total profit compared with all 12 D-
EVSEs (D-EVSEs- AVG) during the ToU pricing classification. The D-EVSEs most profit
is when the RESs power production is contributing ( 7 a.m. -11 a.m.) and also during on-
peak (11 am. - 5 p.m.) as shown in Table However, the average profit for presented
D-EVSEs between (7 p.m. - 12 a.m.) is around 60 CANS$) in each hour.

Table 6.8: The comparison of the purchased power for D-EVSE 1 - 3 and D-EVSEs-AVG
with Our Arrival Rate Estimation (EV charging process only)

RESs Power grid

D-EVSE-1 9% 21%

D-EVSE-2 8% 22%

D-EVSE-3 16% 24%

D-EVSEs-AVG | 068% 32%

Table shows the percentage of the RESs and the power grid, and it is clear that the
RESs are profitable for the D-EVSEs and have mitigated the power load on the power grid.
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6.4.1.2 EV charging and discharging processes

Figure compares the price diversities between D-EVSEs 1 to 3 and the average of all
12 D-EVSEs (D-EVSEs-AVG). The price at the beginning of the operation time is almost
the same in D-EVSE-1 and D-EVSEs-AVG; however, the D-EVSE-3 is almost completely
reliant on the RES’s price while D-EVSE-2 is almost dependent on the power grid’s price.
During the RESs’ power production time from (10 a.m. - 4 p.m. ), the amount of generated
energy from RESs contributes enough power for the stations. It mitigates the power load
on the power grid. However, at the time (12 p.m. - 3 p.m. ), the D-EVSEs are almost

completely reliant on RESs power production and price.
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Figure 6.5: Average of the D-EVSEs’ diverse charging price comparing D-EVSEs 1 - 3 with D-
EVSEs-AVG of the 12 D-EVSEs with Our Arrival Rate Estimation

Table shows the average charging price based on the RESs, the power grid, and the
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EV discharging power prices. As shown in Table the average charging price during the
mid-peak time (7 a.m. - 11 a.m. ) is between 17.66 to 17.86 cents in CAN$/kW. The RESs
power price is 18 cents in CAN$/kW, and the power grid price during mid-peak is 17.25
cents in CAN$/kW as shown in Tables [6.5|and 6.4} This means that all D-EVSEs depend
more on the RESs power than on the power grid as depicted in Table However, during
the on-peak time (11 a.m. - 5 p.m. ), the average charging prices rely on RESs’ price. From
(5 p.m. -7 am. ) the charging price is between 16.88 to 17.17 cents in CAN$/kW. This
means that the EV discharging processes also affect the charging prices because the power
grid price is 17.25 cents in CANS$/kW at mid-peak while the EV discharged power price
is 15 cents in CAN$/kW as presented in Tables [6.4] and [6.5]| respectively. After sunset, the

average charging price for all D-EVSEs is dependent on the power grid’s price.

Table 6.9: Average D-EVSEs’ charging price (in CAN$ ) with Our Arrival Rate Estimation

D-EVSE-1 D-EVSE-2 D-EVSE-3 D-EVSEs-AVG

6am. -7am. | 1.588x107" 1.489x10~! 1.800x10~!  1.631x107!

7am. - 11am. | 1.776x1071 1776 x10~1  1.786x10~"  1.766x 10!

11am. -5pm. | 1.952x107" 1.856x107" 1.856x107"  1.838x107!

5pm. -7pm. | 1.713x107" 1.688x107" 1.700x10~"  1.717x10""

7pm. -12am. | 1.203x107" 1.203x10°" 1.203x10°"  1.203x10"!
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Figure 6.6: Average of the D-EVSEs’ profits comparison for D-EVSE 1 - 3 with D-EVSEs-AVG of
the 12 D-EVSEs with Our Arrival Rate Estimation

Figure compares the average profits of the D-EVSEs 1- 3 with all 12 D-EVSEs’
average profits presented as D-EVSEs-AVG. The same figure with Figure illustrates
that when the EV charging demands are high and the amount of RESs’ energy production
is high, the profit increases accordingly and more specifically from (8 a.m. - 12 p.m. ) and
(2 p.m. -4 p.m. ). Therefore, the D-EVSE will get the most profits can get. However, when
EV charging demands are low and the amount of RESs energy production is high such as
between (12 p.m. - 2 p.m. ), then the D-EVSE makes a fair profit. The D-EVSE profit
starts decreasing from (6 p.m. - 12 a.m. ) due to few EVs. The D-EVSEs rely on the power
grid price, which also shows that all D-EVSEs obtained the lowest profit during the day.
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Table 6.10: Average D-EVSEs’ profit (in CAN$) with Our Arrival Rate Estimation

D-EVSE-1 D-EVSE-2 D-EVSE-3 D-EVSEs-AVG
6am. -7 am. 404.2 400.9 308.9 363.3
7 am. - 11 a.m. 2024.5 2073.1 1940.9 1967.6
11 am. -5 p.m. 1606.8 1382.3 1631.5 1358.0
5p.m. -7 p.m. 587.9 696.6 631.1 604.5
7 p.m. -12 a.m. 180.3 274.9 160.5 214.9

As the results illustrate in Table the total profit is compared with the average profit
for all 12 D-EVSEs (D-EVSEs-AVG) during the ToU pricing classification. The D-EVSEs
is most profitable when the RESs power production contributes to the power grid during
mid-peak (7 a.m. -11 a.m. ) and on-peak (11 a.m. -5 p.m. ) as shown in Table [6.10] Table
7 also shows that the D-EVSEs-AVG profit is greater than the profit of D-EVSE-3 at the
time (6 a.m. - 11 a.m. ), which means that the other D-EVSEs are more profitable than
D-EVSE-2. However, during the on-peak period, D-EVSE-1 and D-EVSE-3 are far more
profitable than D-EVSE-2 and D-EVSEs-AVG.

Table 6.11: Comparison of purchased power for D-EVSEs 1 - 3 and D-EVSEs-AVG with
Our Arrival Rate Estimation

RESs Power grid EV Discharging power
D-EVSE- 1 57% 39% 4%
D-EVSE- 2 58% 40% 2%
D-EVSE- 3 72% 26% 2%
D-EVSE- AVG | 08% 30% 2%
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Table [6.11] shows the percentage of power contributed from RESs as well as the pur-
chasing power from the power grid and EV discharging processes. The table shows that
RESs’ power contributes more than 57% of the total sold power. This means that the
RESs are profitable for the D-EVSEs and have mitigated the power demand on the power
grid. Also, the EV discharging processes have contributed 4% of the total sold power for
D-EVSE-1 and 2% of the total sold power for the other D-EVSEs. Since this model’s

objective is to maximize profit, EV charging processes are prioritized.

6.4.2 EV arrival rates with Poisson distribution
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Figure 6.7: EV arrival rates with Poisson distribution

Figure shows the probability of EV arrival rates. The EV arrival rate is assumed to be
Poisson processes [246,247] with an arrival rate 1=8.

106



22x107" r

20x107 [

1.8x10™

1.6x10

Price (in CANS$)

1.4x10

1.2x10™

D-EVSE-1
D-EVSE-2

—w— D-EVSE-3
—{— D-EVSEs-AVG

1.0x10™
6
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At the time between (7 a.m. - 10 a.m. ) when there is a very high EV arrival rate with
accompanying power demands, the average price for all D-EVSEs relies on the power grid
price as shown in Figure On the other hand, the same figure demonstrates that the
D-EVSE-3 obtains enough power from the RESs from (12 p.m. - 6 p.m. ). We can observe
that all D-EVSEs are totally reliant on RESs between (3 p.m. - 6 p.m. ) due to a low EV

arrival rate.

8 9 10 1

1 12 13 14 15 16 17 1
Time during the day (6 a.m.- 12 a.m)

9 20 21 22 23



Table 6.12: Average charging price for D-EVSEs (in CANS) with Poisson distribution

D-EVSE-1 D-EVSE-2 D-EVSE-3 D-EVSEs-AVG

6am. -7am. | 1.588x107" 1.588x107! 1.588x10°!  1.615x107!

7am. - 11am. | 1.773x1071  1.781x10~" 1.788x10~'  1.773x10~!

11am. -5pm. | 1.858x107" 1.935x10°" 1.800x10°'  1.834x107!

S5pm. -7pm. | 1.750x107" 1.750x107"  1.750x107"  1.750x 10"

7pm. -12am. | 1.203x10°" 1.203x10°" 1.227x10°"  1.207x10"!
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Figure 6.9: Average of the D-EVSEs’ profits comparing D-EVSEs 1 - 3 with D-EVSEs-AVG of the
12 D-EVSEs with Poisson distribution
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Table. illustrates the average charging price for all D-EVSEs. As we can see from
this table, the average charging price at the time between (11 a.m. - 5 p.m. ) is between
18 to 19.35 cents in CAN$/kW. This means that the power price is based on RESs’ price
because the power grid price at these times is 24.955 cents in CANS$/kW. In contrast, most
D-EVSEs rely on the power grid price from (5 p.m. - 12 a.m. ).

Due to a considerable number of EV arrivals between (7 a.m. - 11 a.m. ), as shown in
Figure 5, the D-EVSEs obtained the highest profit for all D-EVSEs. However, D-EVSE-
2 and D-EVSE-1 obtained the highest profit compared to other D-EVSEs except at the
beginning of its operation (6 a.m. - 7 a.m. ).

Table 6.13: Average D-EVSEs’ profit (in CANS$) with Poisson distribution

D-EVSE-1 D-EVSE-2 D-EVSE-3 D-EVSEs-AVG
6am. -7am. | 3667 367.5 380.6 349.5
7am. -11am. | 2024.0 2035.4 1945.2 2008.4
am. -5pm. | 8564 1217.6 772.0 827.2
5pam. -7 p.m. 8.5 14.2 10.4 11.3
7 pm. -12am. 0.0 0.0 4.1 0.8

The average total profit comparing all D-EVSEs is shown in Table[6.13] The D-EVSEs’
profit begins to decrease from 1 p.m. to 7 p.m. After 7 p.m. , the profit for each hour
i1s meagre; in some cases, such as for D-EVSE-1 and D-EVSE-2, the profit is zero. As
mentioned previously, the profit rate decreases due to the low EV arrival rate with their

accompanying power demand.
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Table 6.14: Comparison of the purchased power for D-EVSEs 1 - 3 and D-EVSEs-AVG
with Poisson distribution

RESs Power grid EV Discharging power
D-EVSE- 1 68% 29% 3%
D-EVSE- 2 60% 32% 7%
D-EVSE- 3 78% 17% 4%
D-EVSE- AVG | 72% 23% 5%

As mentioned previously, D-EVSE-2 and D-EVSE-1 obtained the highest profit com-
pared to other D-EVSEs because of the RESs’ power contribution to the D-EVSE-2 and

D-EVSE-1 as shown in Table and Table . Also, the EV discharging processes
contributed more than 3%, 4%, 5%, and 7% for D-EVSE-1, D-EVSE-3, D-EVSEs-AVG,

and D-EVSE-3, respectively.
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6.4.3 EV arrival rates with homogeneous Poisson processes
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Figure 6.10: EV arrival rates with homogeneous Poisson processes

The EV arrival rates are based on homogeneous Poisson processes [248] [249]. The EV
arrival probability rate is shown in Figure[6.10]
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Figure 6.11: Average of the D-EVSEs’ diverse charging price comparison for D-EVSEs 1 - 3 with
D-EVSEs-AVG of the 12 D-EVSEs with homogeneous Poisson processes

From 9 am. to 1 p.m. , the average charging prices for all D-EVSEs is almost com-
pletely dependent on RESs’ price, as shown in Figure[6.11} However, from 1 p.m. to 6 p.m.
, all D-EVSEs (with the exception of D-EVSE-1) show that the power price between RESs’
price and power grid price is slightly higher than the RESs’ price. All D-EVSEs are reliant
on the power grid prices from 6 p.m. to 12 p.m. The red curve (D-EVSEs-AVG) demon-
strates that the D-EVSEs-AVG charging price is less than the D-EVSE-3 (black curve) from
1 p.m. to 6 p.m.
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Table 6.15: Average D-EVSEs’ charging price (in CAN$) with homogeneous Poisson pro-
cesses

D-EVSE-1 D-EVSE-2 D-EVSE-3 D-EVSEs-AVG

6am. -7am. | 1.700x107"1 1.588x10~! 1.501x10~!  1.636x107!

7am. - 11am. | 1.780x1071  1.770x10~! 1.765x10~'  1.776x10~!

11am. -5pm. | 1.800x107" 1.991x10°" 2.146x10°"  1.953x107!

S5pm. -7pm. | 17311071 1.713x107" 1.706x107"  1.714x10™"

7pm. -12am. | 1.203x10°1 1.203x10°" 1.203x10°"  1.203x10"!

Table demonstrates that the charging prices from (6 a.m. - 7 a.m. ) for D-EVSE-1
and D-EVSEs-AVG are close to RESs’ price while the charging prices for D-EVSE-2 and
D-EVSE-3 are shared between the RESs’ price and the power grid price. However, from
(7 am. - 11 a.m. ), which is mid-peak, the charging price for all D-EVSEs is close to the
RESs’ price. By observing Table we can see that from 5 p.m. to 7 p.m. , the average
charging prices for D-EVSE-2 and D-EVSE-3 as well as D-EVSEs-AVG are less than the
charging prices at mid-peak of 17.25 cents in CANS$/kW. This means that these three D-
EVSEs accept more EV discharging processes than D-EVSE-1. In contrast, all D-EVSEs

from 7 p.m. to 12 a.m. are based on the power grid’s price.
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Figure 6.12: Average of the D-EVSEs’ profits comparing D-EVSEs 1 - 3 with D-EVSEs-AVG of
the 12 D-EVSEs with homogeneous Poisson processes

As shown in Figure[6.12]the D-EVSE-3 and D-EVSE-2 profits (black and green curves)
are higher than the other curves. However, the D-EVSEs-AVG gained more profit than D-

EVSE-1 except at the end of its operation time from 7 p.m. to 12 a.m.
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Table 6.16: Average D-EVSEs’ profit (in CAN$) with homogeneous Poisson processes

D-EVSE-1 D-EVSE-2 D-EVSE-3 D-EVSEs-AVG
6 a.m. -7 a.m. 345.0 3717.5 359.6 351.0
7 am. -11 a.m. 1407.2 1617.3 1604.5 1451.7
11 am. -5 p.m. 1826.1 2225.0 2429.1 2115.5
5p.m. -7 p.m. 511.0 514.8 639.9 566.7
7 p.m. -12 a.m. 846.3 917.9 729.6 792.2

As shown in Table [6.16, D-EVSE-2, D-EVSE-3, and D-EVSEs-AVG obtained more
profit than D-EVSE-1 from 6 a.m. to 7 p.m. while D-EVSE-1 gained more profit than the
other D-EVSEs from 7 p.m. to 12 a.m. From 7 a.m. to 5 p.m. , we notice that D-EVSE-
2 gained more than 20%, 5%, and 12% profit compared to D-EVSE-1, D-EVSE-2, and
D-EVSEs-AVG respectively.

Table 6.17: Comparison of the purchased power for D-EVSEs 1 - 3 and D-EVSEs-AVG
with homogeneous Poisson processes

RESs Power grid EV Discharging power
D-EVSE- 1 72% 27% 1%
D-EVSE- 2 51% 47% 2%
D-EVSE- 3 41% 57% 2%
D-EVSE- AVG | 57% 41% 2%

Table illustrated that D-EVSE-1, D-EVSE-2 and D-EVSEs-AVG obtained 72%,
51% and 57% respectively RESs power more than D-EVSE-3 which obtained 41% RESs
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power and the 57% power from the power grid. Also, the EVs’ discharging power con-
tributes more than 2% in all D-EVSEs except D-EVSE-1, which is 1%.

6.4.4 EV arrival rates with non-homogeneous Poisson processes inten-

sity - Case (1)
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Figure 6.13: EV arrival rates with non-homogeneous Poisson processes - Case (1)

In this subsection, the EV arrival rates are modelled as a non-homogeneous poisson pro-
cesses intensity [250]]. The probability of EV arrival rate is as shown in Figure [6.13
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Figure 6.14: Average of the D-EVSEs’ diversity charging price comparison for D-EVSE 1 - 3 with
D-EVSEs-AVG of the 12 D-EVSEs with non-homogeneous Poisson processes intensity - Case (1)

Figure shows that all D-EVSEs share the price between RESs and the power grid
from 6 a.m. to 10 a.m. However, from 10 am. to 5 p.m. , the average charging price
in D-EVSEs-AVG is less than the average charging prices for D-EVSEs (1 to 3). This
means that the D-EVSEs-AVG is dependent on the RESs’ price. The price of all D-EVSEs

decreases and is most likely dependent on the power grid price from 5 p.m. to midnight.
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Table 6.18: Average D-EVSEs’ charging price (in CANS$) with non-homogeneous Poisson
processes intensity - Case (1)

D-EVSE-1 D-EVSE-2 D-EVSE-3 D-EVSEs-AVG
6am. -7am. | 1.588x107! 1.588x10~! 1.588x10°!  1.606x10~!
7am. - 11am. | 1.786x1071  1.753x10~! 1.783x10~'  1.776x10~!
11am. -5pm. | 2109x107" 2167x107" 2204x10°"  2.008x107!
S5pam. -7pm. | 1.700x107" 1.706x107"  1.694x10~"  1.702x10""
7pm. -12am. | 1.203x10°1 1.203x10°" 1.203x10°"  1.203x10"!

The D-EVSEs-AVG charging price at the time (6 a.m. to 7 a.m. ) and (11 a.m. to 5 p.m.
) is less than the charging price of D-EVSE-1, D-EVSE-2, and D-EVSE-3. This means that
the D-EVSEs-AVG is more reliant on the RESs than the other D-EVSEs as shown in Table
From (7 a.m. to 11 a.m. ), all D-EVSEs are most likely dependent on RESs. As we

see in the same table, the EV discharging processes contribute power, and the D-EVSEs’

charging prices are less than the power grid’s price at the time (5 p.m. to 7 p.m. ).
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Figure 6.15: Average of the D-EVSEs’ profits comparing D-EVSEs 1 - 3 with D-EVSEs-AVG of
the 12 D-EVSEs with non-homogeneous Poisson processes intensity - Case (1)

Figure shows that the profit obtained by D-EVSE-3 (black curve) is higher than
the profit obtained by the other D-EVSEs from 11 a.m. to 4 p.m. In addition, the profit
obtained by D-EVSE-2 (green curve) is higher than the profit obtained by the other D-

EVSEs from 7 a.m. to 10 a.m. The profit begins dropping at 5 p.m. for all D-EVSEs and
especially after 7 p.m. .
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Table 6.19: Average D-EVSEs’ profit (in CAN$) with non-homogeneous Poisson processes
intensity - Case (1)

D-EVSE-1 D-EVSE-2 D-EVSE-3 D-EVSEs-AVG
6 a.m. -7 a.m. 166.40 198.40 223.97 201.29
7am. -11 a.m. 918.90 782.89 925.70 761.69
11 am. -5p.m. 949.90 897.33 847.87 776.34
5p.m. -7 p.m. 120.17 133.40 176.40 147.30
7 p.m. -12 am. 134.15 131.48 165.73 150.27

Table [6.19| shows that D-EVSE-3 and D-EVSEs-AVG obtained more profit than D-
EVSE-1 and D-EVSE-2 at the beginning of the operation time. However, D-EVSE-3
gained more profit than the other D-EVESs at all times except from 11 am. to 5 p.m.
Between 11 a.m. to 5 p.m. , D-EVSE-1 gained more profit than other D-EVSEs. We notice
that D-EVSEs-AVG and D-EVSE-3 obtained higher profit than D-EVSE-1 and D-EVSE-2

from 5 p.m. to 12 a.m.

Table 6.20: Comparison of the purchased power for D-EVSEs 1 - 3 and D-EVSEs-AVG
with non-homogeneous Poisson processes intensity - Case (1)

RESs Power grid EV Discharging power
D-EVSE- 1 55% 40% 5%
D-EVSE- 2 46% 52% 2%
D-EVSE- 3 44% 53% 3%
D-EVSE- AVG | 59% 38% 3%

D-EVSEs-AVG and D-EVSE-1 obtained more than 59% and 55% RESs’ power respec-

120



tively while D-EVSE-2 and D-EVSE-3 relied on the power grid and obtained 52% and 53%
respectively as demonstrated in Table The same table shows that the EVs’ discharg-
ing power contributed more than 3% to all D-EVSEs with the exception of contributing
approximately 2% to D-EVSE-2.

6.4.5 EV arrival rates with non-homogeneous Poisson processes inten-

sity - Case (2)
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Figure 6.16: EV arrival rates with non-homogeneous Poisson processes - Case (2)

The EV arrival rates are modelled as a non-homogeneous Poisson process with intensity
[250]. The probability of EV arrival rates is presented in Figure[6.16
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Figure 6.17: Average of the D-EVSEs’ diverse charging price comparing D-EVSEs 1 - 3 with D-
EVSEs-AVG of the 12 D-EVSEs with non-homogeneous Poisson processes intensity - Case (2)

We can observe in Figure that the EV charging price from 7 a.m. to 10 a.m. is
similar for all D-EVSEs. The D-EVSE-2 is dependent on RESs’ price at the time (12
p-m. to 2 p.m. ) while the D-EVSE-1 is most likely dependent on the power grid’s price
more specifically between (12 p.m. to 1 p.m. ). The D-EVSEs-AVG charging price is the
highest among the other D-EVSEs at 9 a.m. and 3 p.m. As shown in Figure the EV

discharging power also influences the EV charging price from 6 p.m. to 7 p.m.
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Table 6.21: Average D-EVSEs’ charging price (in CANS$) with non-homogeneous Poisson
processes intensity - Case (2)

D-EVSE-1 D-EVSE-2 D-EVSE-3 D-EVSEs-AVG

6am. -7am. | 1.688x1071 1.588x10~! 1.588x10°!  1.625x107!

7am. - 11am. | 1.750x1071 1776 x10~' 1.773x10~"'  1.771x107!

11am. -5pm. | 2167x107" 2.070x107" 2.128x10°"  2.114x107!

S5pam. -7pm. | 1.700x107" 1.713x107" 1.706x107"  1.711x10""

7pm. -12am. | 1.203x10°1 1.203x10°" 1.203x10°"  1.203x10"!

Table shows that D-EVSE-2, D-EVSE-3, and D-EVSEs-AVG charging prices are
close to RESs’ price while D-EVSE-1 is close to the power grid’s price from 7 am. to
11 a.m. D-EVES-2 charging price is 20.70 cents in CAN$/kW. This means that D-EVES-
2 relies on both the RESs’ price and the power grid price but more on the RESs’ price.
Furthermore, all D-EVSEs’ prices from 5 p.m. to 7 p.m. indicate that the EV discharged
price contributes to all D-EVSEs. The same table also presents that all D-EVSEs’ charging

prices from 8 p.m. to 12 a.m. are dependent on the power grid price.
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Figure 6.18: Average of the D-EVSEs’ profits comparing D-EVSEs 1 - 3 with D-EVSEs-AVG of
the 12 D-EVSEs with non-homogeneous Poisson processes intensity - Case (2)

As shown in Figure D-EVSE-2 presents the highest profit compared to other D-
EVSEs from 8 a.m. to 10 a.m. while the D-EVSEs-AVG is the lowest. D-EVSE-3 obtains
the highest profit at 1 p.m. and 7 p.m. and the lowest profit at 11 a.m. , 4 p.m. , and 6 p.m.
In contrast, D-EVSE-1 obtained the highest profit compared to other D-EVSEs at 7 a.m.
and 12 p.m. and from 4 p.m. to 6 p.m.
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Table 6.22: Average D-EVSEs profit (in CANS$) with non-homogeneous Poisson processes
intensity - Case (2)

D-EVSE-1 D-EVSE-2 D-EVSE-3 D-EVSEs-AVG
6am. -7 am. 351.2 366.4 346.0 356.2
7am. -11 a.m. 2047.1 2129.0 1923.0 1961.2
11 a.m. - 5p.m. 2480.8 2258.3 2294 .4 2331.9
5p.m. -7 p.m. 608.2 521.8 571.5 519.6
7 p.m. -12 am. 410.0 420.0 389.0 465.2

Table presents the total average D-EVSEs’ profit. D-EVSE-1 and D-EVSE-2 ob-
tain more profit than D-EVSE-3 and D-EVSEs-AVG at the time (7 a.m. — 11 a.m. ). From
11 am. to 5 p.m. , D-EVSE-1 and D-EVSEs-AVG obtain the highest profit compared to D-
EVSE-2 and D-EVSE-3. As we can see from the same table, the least profitable D-EVSE
from (7 a.m. - 5 p.m. ) is D-EVSE-3, while the most profitable is D-EVSEs-AVG.

Table 6.23: Comparing the purchased power for D-EVSEs 1 - 3 and D-EVSEs-AVG with
non-homogeneous Poisson processes intensity - Case (2)

RESs Power grid EV Discharging power
D-EVSE- 1 49% 48% 3%
D-EVSE- 2 55% 41% 4%
D-EVSE- 3 45% 53% 2%
D-EVSE- AVG | 4% 43% 3%

In Table [6.23], the RESs’ power contributes more than 49% to all D-EVSEs with the
exception of contributing more than 45% to D-EVSE-3. However, D-EVSE-1 is less than
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50%, but the purchasing power from the power grid is 48%. D-EVSE-3 obtained 45%
from the total sold power and 53% from the power grid. Furthermore, the EVs’ discharging
power contributes more than 3% to all D-EVSEs, with the exception of contributing 2% to
D-EVSE-3.

According to D-EVSEs’ profit figures, when EV charging demands are high and the
amount of RESs’ energy production is high, the profit increases accordingly. As demon-
strated in all figures and tables, RESs are profitable and mitigate the power grid’s power
load. Moreover, RESs make a significant contribution to the D-EVSEs’ profit and charg-
ing price. Furthermore, the EV discharging power and price contribute to the EV charging
price; however, due to this study’s aim, which is maximizing the D-EVSE profit, the pri-
ority is to reserve the plug-in sockets for charging processes. These results prove that the
D-EVSE with our proposed DPMA can maximize its profits more efficiently and manage
the EV charging process more effectively. It can also efficiently manage the connection
between the D-EVSE and the power grid while taking into account the D-EVSEs’ sustain-
ability.

6.5 Summary

In this chapter, we have proposed a Decentralized Profit Maximization Algorithm (DPMA)
aiming to optimize the D-EVSEs’ profits. Solar energy was the primary power source for
the D-EVSE, while D-EVSE has a reciprocal link to the power grid. D-EVSEs manage the
reciprocal link for the power grid’s requisition between D-EVSE and the power grid. The
DPMA helps D-EVSEs maximize their profit from the electricity price variation during the
day when selling or buying electricity respectively to EVs or from the grid and EV as dis-
charged power processes. Moreover, renewable energy production reduces the power load
on the power grid. For D-EVSEs’ charging prices and profits, we presented a comparative
study between different D-EVSE:s.

The proposed model maximized D-EVSE profits significantly in all different scenarios
and showed that the RESs are more profitable than the power grid for D-EVSE. Five EV
arrival rate scenarios were considered to investigate the efficiency of our proposed model.
Simulation results conducted to validate the proposed algorithm demonstrated its effective-

ness while satisfying the defined constraints.
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Chapter 7

Conclusion and Future Work

7.1 Concluding Remarks

Recently many governments worldwide have announced their plan to ban cars with gas
engines. The aim is to minimize the effect of transportation’s pollution upon the climate.
In this thesis, the issues of EVs’ interaction with the modern power grid in a smart city
to manage and control EV charging and discharging processes are investigated in detail.
While most proposed literature schemes are either based on centralized power systems
or only consider the EVs’ charging process, we focus primarily on the power generation
sources and management techniques for EV charging and discharging processes. Electric
vehicle supply equipment (EVSE) in the smart city must be equipped with renewable en-
ergy sources (RESs). The EVSE based on RESs helps to manage the drawbacks of the
power grid by minimizing air pollution and greenhouse gas emissions (GHGs). Thus, the
EVSE must exhibit robustness by using green and clean energy and managing the power

demand more efficiently.

We introduced the concept of using decentralization of power generation and manage-
ment problems in EVSEs. We propose a novel approach, namely a decentralized-EVSE
(D-EVSE) model based on RESs and an energy storage system (ESS), to manage the EV
charging and discharging processes. The proposed model is based on a scheduling algo-
rithm aiming to maximize the EV drivers’ satisfaction and minimize the D-EVSEs’ stress

level. We also take into account the D-EVSE availability and the proximity of EV to the
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selected charging station. The proposed algorithm is tested through simulations of ran-
dom scenarios. The simulations illustrate that the proposed algorithm manages the EVs’

charging and discharging process effectively.

We proposed a new model for D-EVSE based on two algorithms: D-EVSE Immediate
Scheduling Algorithm (ISA) and D-EVSE Unscheduling Algorithm. These two algorithms
are used to minimize the waiting time for EV charging or discharging processes, minimize
the stress level for D-EVSE, and maximize EV drivers’ satisfaction and the EV’s driver’s
preference for charging or discharging process. The unscheduling algorithm is used to
manage the unscheduled arrivals of EVs and minimize the waiting time for the charging and
discharging processes. A realistic scenario was conducted in the City of Ottawa to test and
validate the proposed schemes. We investigated and compared our proposed approaches
with Dijkstra’s shortest path and EV smart-guidance approaches in the simulation. We
have proven that the D-EVSE model outperforms the random, Dijkstra’s shortest path,
and EV smart-guidance approaches. We conclude that the ISA and D-EVSE Unscheduling
Algorithm demonstrate the efficiency of the proposed approach while satisfying the defined

constraints.

We designed a decentralized power production and management system approach based
on Game Theory (GT) for EVs’ interplay with D-EVSE. We proposed a decentralized GT
(D-GT) model aiming to optimize the EVs’ interaction with the D-EVSE and take into ac-
count EV driver’s satisfaction and D-EVSEs’ stability. The D-GT model is used to choose
the optimal available solution for EV charging or discharging services that satisfy prede-
fined constraints. Photovoltaic energy is the primary power source for our D-EVSE. Also,
we assume that the D-EVSE is connected to the grid when solar renewable energy pro-
duction fails to respond to the demand. We evaluated the proposed schemes using random
and realistic scenarios as a testbed for the proposed models in our simulations. Simulation
results indicate that the proposed model can manage and control the interaction between
EVs and D-EVSE:s efficiently.

Finally, we proposed a Decentralized Profit Maximization Algorithm (DPMA) as an
optimization model. DPMA is designed to maximize D-EVSEs’ profit. DPMA helps D-
EVSEs take profit from the electricity price variation during the day when selling or buying
electricity respectively to EVs or from the grid or EVs as discharging processes. The D-
EVSE is equipped with solar energy systems. We also acknowledge a power connection to

the central power grid when necessary. Moreover, renewable energy production reduces the

128



power load on the power grid. Five EV arrival rate scenarios were considered to investigate
the efficiency of our proposed model. For D-EVSEs’ charging prices and profits, we con-
ducted a comparative study between different D-EVSEs. The proposed model maximizes
D-EVSE profits significantly in all different scenarios and shows that the RESs are more
profitable than the power grid for D-EVSE.

7.2 Future Work

Based on the studies and conclusions in this thesis, several areas could be considered for

future research. These are summarized as follows:

1. Incorporate different types of processes such as trading energy between EVs and
switching EV batteries in the D-EVSE model.

2. Incorporate priority levels for EV charging or discharging demand on the D-GT

model and conduct additional investigation.

3. Extend the D-GT model by considering priority levels for EV charging and discharg-

ing processes to increase the EV drivers’ satisfaction.

4. Incorporate Quality-of-Service, privacy, and security schemes for EV and D-EVSE
to investigate the impact of implementing these schemes. The EVs’ security issues
are challenging in the 10T application since the EVs are vulnerable to an attack or
trace tracking or other problems such as privacy. Therefore, Ev’s security issues

should be solved before integrating large number of EVs in smart cities.

5. Extend the DPMA model by using other RESs such as wind turbines to help the
D-EVSE lower the dependency on the power grid.

6. Incorporate battery depth of discharge and battery time as live parameters into the
DPMA model.

7. Incorporate different communication technologies to locate the most effective com-
munication techniques that reduce communication latency and mitigate the impact

of implementing these schemes.
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Appendix - Confidence Intervals Cal-

culation

There are many different methods to calculate the confidence intervals (CI) of the proposed

models. The quantitative technique is one such method.

The n is the number of simulation runs. The simulated metrics such as EV drivers’
satisfaction level, D-EVSEs’ stress level, EVs’ charging and discharging waiting time, and
D-EVSEs arrival rates are measured by calculating the mean of a succession of n runs.
As well, many simulations are conducted to ensure that there are no correlations in the

presented results.

The results of a group of runs that are conducted are gathered to calculate the CI. The

confidence level is aimed at 95% with reliability factor (Z,,,.)= 1.96.

The average or mean of all runs is represented by R1, R2,..., Rn. Eq. |I|is used to

calculate this mean:
_ 1
R=-YR (D
i3
The Variance (V?) is given by Eq. lgl :
1

n—li

V2=

y (R —R)? 2)
=1
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The standard deviation (o) is given by Eq.

1 & _
o= \/ Y (Ri—R)? 3)
The sample mean CI is given by

_ (o}
Cl =R=EZy4ue * % 4)

Where R is the sample variance, n is the number of runs (sample size), and Z, 4, is the
corresponding value for 95% confidence level.
Eq. [5]and Eq. [6] show the upper and lower values of the 95% CI:

_ (o3
U(CI) =R+ Zygiue * —= (&)

N

_ (o}
L(CI) =R —Zygjue ¥ — (6)

Jn
Through the values in Equations[5|and[6] it is found that the collected results are within
the calculated value of CI 95%.

153



	Abstract
	Acknowledgements
	Dedication
	Table of Contents
	List of Figures
	List of Tables
	List of Acronyms
	List of Symbols
	Introduction
	Background 
	Motivation
	Objectives
	Thesis Contributions
	Thesis Outline
	List of Publications

	State of the Art
	Introduction
	Characteristics of Electric Vehicles 
	Impact of Electric Vehicles 
	 Summary

	Electric Vehicle Supply Equipment 
	Electric Vehicle Supply Equipment Infrastructures
	Electric Vehicle Supply Equipment Power Management Schemes
	Electric Vehicle Supply Equipment based on Power Sources

	Electric Vehicle Supply Equipment Design Considerations
	Summary

	Decentralized Management System Generic-Model
	Introduction
	Related Work
	System Model and Problem Formulation 
	Performance Evaluations
	Summary

	Decentralized Management for Charging and Discharging Model
	Introduction
	Related work
	System model and problem formulation 
	Performance Evaluation
	Summary

	Decentralized Game-Theoretic Scheme for D-EVSE
	Introduction
	Related work
	System model and problem formulation
	Charging model 
	Discharging model 
	ESS capacity variation model 
	D-GT Optimization model for multi D-EVSEs

	Performance Evaluation
	Random scenario
	 Realistic scenario

	Summary

	Profit Maximization for the D-EVSE
	Introduction
	Related work
	System model and problem formulation 
	Performance Evaluation
	EV arrival rates with Our Arrival Rate Estimation 
	EV arrival rates with Poisson distribution 
	EV arrival rates with homogeneous Poisson processes 
	EV arrival rates with non-homogeneous Poisson processes intensity - Case (1)
	EV arrival rates with non-homogeneous Poisson processes intensity - Case (2)

	Summary

	Conclusion and Future Work
	Concluding Remarks
	Future Work

	References
	Appendix - Confidence Intervals Calculation

