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Abstract

Widespread adoption of electric vehicles (EVs) would signi cantly increase the over-
all electrical load demand in power distribution networks. Hence, there is a need for
comprehensive planning of charging infrastructure in order to prevent power failures
or scenarios where there is a considerable demand-supply mismatch. Accurately pre-
dicting the realistic charging demand of EVs is an essential part of the infrastructure
planning. Charging demand of EVs is in uenced by several factors such as driver be-
havior, location of charging stations, electricity pricing etc. In order to implement an
optimal charging infrastructure, it is important to consider all the relevant factors which
in uence the charging demand of EVs. Several studies have modelled and simulated the
charging demands of individual and groups of EVs. However, in many cases, the models
do not consider factors related to the social characteristics of EV drivers. Other studies
do not emphasize on economic elements. This thesis aims at evaluating the effects of
the above factors on EV charging demand using a simulation model. An agent-based
approach using the NetLogo software tool is employed in this thesis to closely mimic
the human aggregate behaviour and its in uence on the load demand due to charging of
EVs.

EV charging stations where the EV charging takes place will play an important
role in the energy management of smart cities. Private and commercial EV charging
loads would further stress the distribution system. Photovoltaic (PV) systems, which
can reduce this stress, also show variation due to weather conditions. Hence, after the
successful modelling of EV charging behavior using agent based approaches, a hybrid

optimization algorithm for energy storage management is proposed as an application.



This algorithm shifts its mode of operation between the deterministic and rule-based ap-
proaches depending on the electricity price band allocation. The cost degradation model
of the energy storage system (ESS) along with the levelized cost of PV power is used in
the case of PV integrated charging stations with on-site ESS. The algorithm comprises
three parts: categorization of real-time electricity price in different price bands, real-time
calculation of PV power from solar irradiation data and optimization for minimizing the
operating cost of an EV charging station integrated with PV and ESS. An extensive
simulation study is carried out with private and commercial EV charging load model
obtained from the agent based modeling approach, in the context of Singapore, to check
the effectiveness of this algorithm. Furthermore, a detailed analysis of the subsidy and
incentive to be given by the government agencies for a higher penetration of PV systems
is also presented. This work would aid in planning of adoption of PV integrated EV
charging stations with on-site ESS which would be expected to take place of traditional

gas stations in future.
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Chapter 1

Introduction

In this chapter, an introduction to Electric Vehicles (EVs) and the issues arising from
their integration into microgrids are introduced brie y. The research motivations, ob-
jectives, main contributions and organization of this thesis are also discussed in this

chapter.

1.1 Introduction to Electric Vehicles

The history of invention of EVs can be traced back in early 19" century in the year
1835 [1]. However, due to the abundant availability of crude oil and its cheap price in
the 20t century, combustion engines gained tremendous popularity in the manufactur-
ing as well as transportation industry. This was indirectly supported by the limitations
in the battery performance and lack of research in battery technologies to investigate
their applications in the transportation industry. Though it resulted in fading the use of
energy storage, surprisingly, the use of electric locomotives such as electric railways and
electric trams were widely used in the late 201" century. With the uncontrolled use of
the fossil fueled vehicles, the carbon emission levels rose across the world and the world
slowly started becoming aware of the greenhouse effect. With the growing concerns over
global warming, the trend in the automobile sector focused its shift from fossil fueled
vehicles to the clean energy fuels. The electro-mobility emerged as the popular solution

to this problem of rising level of carbon emission and drew the attention of researchers



worldwide. EVs are known to be more energy ef cient when compared with internal
combustion engine vehicles [2]. The total cost of EV ownership can be lower in some
cases when compared with these internal combustion engine vehicles (ICEV). This trig-
gered the extensive research activities in the battery technology which are the basic and
essential building block of electric vehicles.

To date, all leading vehicle manufacturers have introduced their prototypes of all
electric vehicles in the market. Many of them are already producing the plug in hybrid
vehicles (PHEVS) which are the transition state between fossil fuel to all-electric ve-
hicles. The conversion of these combustion engines into the battery-powered motored
drive-train is the best solution available with the transportation industry to tackle the
carbon emission problem. This has been imposed on the worldwide platform by the
Paris agreement signed by the majority of the developed and developing countries [3].
Electric vehicles are not only being considered as a mode of personal transportation
but it has a variety of applications such as use of autonomous electric vehicles in the
hazardous areas. These vehicles are not only powered by the batteries, but also several
other types of electrical energy sources like supercapacitors, fuel cells, etc. The major

and promising bene ts of using electric vehicles include

1. Zero emission resulting in cleaner environment.

2. High ef ciency operation leading to maximum use of resources such as regenera-

tive braking.

3. Flexibility to charge at any location with electric power supply ranging from home

to public charging stations.

4. Noise free operation due to use of less hon-moving parts.

Globally, a growing number of people are considering an option of purchasing EVs.
In this context, an analysis on the global EV sales report [4] revealed a 59% yearly
increase in EV sales in rst quarter of 2018 compared to previous year. The 215 century
has seen growing interest in EVs due to advances in battery technology and greater

emphasis on renewable energy [2]. With greater EV penetration expected in the near
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future, the demand for electricity is bound to increase as EVs require electrical energy
for charging their batteries.

In addition to the above mentioned advantages, electric vehicles face several chal-
lenges which still need further research and investigations. These challenges includes
the high cost of the latest battery technologies, the limited battery capacity and hence
the limited range, and long recharging time. Apart from these challenges, lack of the

proper charging infrastructure is the biggest obstacle in EV deployment on large scale.

1.2 EV integration into smart grid

The carbon footprint contributed by the automobile industry has become one of the ma-
jor environmental concerns. The prospect of EVs is believed to be the solution to this
dilemma. Most countries are setting target points to their contribution in accommodating
more electric vehicles. Such policies would aid the increase of electric vehicles which
eventually would justify them as distributed energy resources (DERs). EVs are tted
with the batteries ranging up to a few kWh. These EVs are charging at various charg-
ing station locations. Hence, EVs act as exible loads which connect and disconnect at
multiple nodes of a distribution grid. With ongoing research in vehicle to grid technolo-
gies, these exible loads can be converted into exible battery energy storage systems
which can be moved among the various nodes of distribution grids. Hence, EVs can
be considered as ideal DERs. Challenges in bringing EVs to the mainstream remains
with concerns over charging time of the on-board batteries. In order to accommodate
personal as well as commercial vehicles in the scopes of EVs, they must be provided
with suf cient charging facilities. Though a viable solution to pollution reduction, these
EVs pose multiple challenges in the prevailing power system. From distribution grid
side, EVs are viewed as load [5]. However, simultaneous charging/discharging of large
number of EVs from the grid can be a signi cant challenge for the power quality as well
as overall grid stability [6]. Together with the increased power losses, a large number

of EVs also create undesirable peaks in the distribution system [7], reducing reserve



Figure 1.1: EV charging station with rooftop PV [9]

margins, and increasing prices [8]. Authors in [8] also highlighted that without any
precautionary measures, uncoordinated charging behaviors of EVs adversely add to the
harmonics and disturb the balance between supply and demand, affecting the voltage
control. EVs behaving as active load at times of charging eventually cause high impact
on grid power quality with higher percentages of total harmonic distortion (THD). Also,
it would be required to upgrade the protection schemes in some cases.

With more EVs coming on road, charging stations inside the cities, which mimic the
gas station of today are the new places where EVs will be charging. These charging
stations equipped with rooftop PV as shown in Figure 1.1 [9] would exhibit different
operational behavior than traditional home or car park chargers. There is a need to
thoroughly investigate on the EV user requirement in terms of their charging behavior,

charging preferences and travel pattern and their impact on the power system.

1.3 Research motivation

An important and promising progress that is happening all over the world is the increas-
ing integration of renewable generation. With soaring oil prices and growing concern
of global warming, the electric power industry is likely to shift from conventional en-
ergy towards renewable energy generation. Renewable energy sources (RESs) such as
wind and photovoltaic (PV) are weather dependent and are uncertain in nature. The

heavy penetration of the PV, aggravates and complicates the electricity pricing in the



electricity market.

The electric power industry is moving toward a deregulated framework throughout
the world and going towards liberalization. Since 2001, Energy Market Authority of
Singapore (EMA) has progressively opened the retail electricity market to the competi-
tion to give consumers more options to manage their energy cost. Instead of purchasing
energy at the regulated price from the distribution company, eligible consumers can
choose to purchase energy from distribution companies under customized tariff plans or
from the wholesale electricity market at the prices that uctuate every half hour. With
more liberal electricity market, end consumers can take the bene ts of price variations
in the wholesale electricity market. Though consumers need to meet some requirements
for participation in the wholesale electricity market, newer policies are coming these
days to include as many consumers as possible to trade in the wholesale market. Al-
though there are numerous good research work which deals with electricity price, it is
observed that price band allocation for the electricity market using statistical methods
of economics would be more advantageous and helps in reducing complexity of optimal
power ow problems.

In addition to the above, Energy Storage System (ESS) is also considered useful in
reducing irregularities in the distribution system. By utilizing energy storage, genera-
tion sources need not be ramped up or down, but can instead be run at optimal ef ciency
while energy storage accounts for variations in the demand. The applications that could
bene t from energy storage within the electric grid have a wide range of requirements.
In some isolated regions, seasonal energy storage is required that needs MWh of capac-
ity stored for months at a time. On the other end, stabilization of the transmission and
distribution networks may store energy for only several minutes before releasing it. To
work across all these time and energy scales, many different forms of energy storage
have been developed. Due to the stressful demands on these energy storage systems, an
effective management system is required to maintain safe operation and optimal perfor-
mance.

Combining the rooftop PV system and ESS at the charging station with the liberal



electricity market could provide a promising solution to the issues arose from the high
penetration of EVs. It could help in preventing the transfer of unwanted peaks from load
side to grid side. The load from the grid can be reduced with the on-site generation and
can be kept within the control by using grid-scale ESS of the size ranging upto several
hundreds of kWh. Liberalized electricity markets enable charging station operator to
have an economic bene ts during the charging station operation by using various opti-
mal power ow solutions. Hence, this combination can bene t in the cost effective yet
optimal power ow solution to the charging station operation.

To effectively use any energy management strategy, the accurate load modelling is
necessary. If the load model is realistic or close to reality the results produced by the
energy management strategies could help in the application of such algorithms to real
power system. Hence, the availability of the accurate load model of EV charging is
the essential requirement of for practical implementation of any energy management
algorithm.

To model the EV charging load, numerous methods are available in the literature.
Some of the methods help in modelling the travel pattern using stochastic data while
some of the methods generate the charging pro les using historical travel patterns. Vari-
ous charge scheduling algorithms have been proposed by researchers across the world to
ef ciently apply them in real world scenarios. However, in most of the load modelling
and charge scheduling algorithms, EV users are always constrained. Several researches
focuses on controlling the charging power while some researchers focuses on controlling
the charging time. These algorithms having delayed and slow charging mechanisms are
not preferable where the commercial charging stations in future are required to replace
the existing gas stations. These algorithms are highly suitable for home charging and
in carparks where long duration of parking time allows the greater exibility in control-
ling the loads. In today’s scenario, the drivers of ICE vehicles Il the gas and leave the
gas station. With the installation of fast chargers at the charging stations roadside, the
drivers of EVs would expect the same characteristics from charger to recharge within a

short time and continue the journey. In order to achieve such goals, chargers need to be



fast and hence algorithms compromising charging time and charging power would be
less realistic.

If we intend to solve the carbon emission problem by using EVs, the majority of
the gasoline car users would require to shift to EVs. Such a shift would create a need
to provide the EV users the fast charging experience to the gasoline car users, they
would get when they visit the gas station. This provides an additional constraints to the
problem formulation such as no charging denial and minimizing the charging time by
increasing the charging power. Till date, a majority of EV load modelling techniques
use charge scheduling algorithms to predict the load demand. For the EV chargers t-
ted at the carparks, these algorithms are suitable but the commercial fast EV charging
stations have a stringent constraint over the charging time. These realistic considera-
tions from the perspective of commercial fast EV charging stations are missing in the
literature while modelling the EV charging load. Apart from these constraints, there are
several other factors missing in the literature which affect the charging pattern of the
EV users such as charging station availability, impacts of presence of other EVs in the
surrounding and in uence of their actions and decisions of charging on each other to
name a few. These factors are taken into consideration within a variety of transportation
planning models. These models are decoupled from the power system perspective and
mainly deals with the traf c¢ network modelling. The transportation planning studies for
EVs nd the solution to EV penetration from the perspective of traf ¢ planning, road
network congestion and EV occupancy. The optimised models with these parameters
ignore the impact of such planning on the distribution grid as these EVs need to get
charged during their operation. The power system optimization studies optimize the
EV penetration using the charge scheduling algorithms and optimized charging station
placements in the network for reducing distribution grid impacts. This ignores the ef-
fect of presence of EVs on the road networks and road congestion. To include these
factors in the EV load modelling process, the transportation models and power system
models need to be co-simulated. This co-simulation studies which bridge the gap be-

tween isolated transportation studies and isolated power system studies are missing in



the literature.
Hence, before nding a solution for the optimal operation of the commercial charg-
ing station, it is a strong necessity to model the EV charging load at the commercial fast

EV charging stations with inclusion of realistic transportation scenarios.

1.4 Objectives of the Research Work

The main objective of this research work is to accurately model the most realistic EV
charging scenario for commercial EV charging stations and then to develop the opti-
mized energy management strategy for the cost effective operation of single commercial
fast EV charging station. To achieve this objective the study is split into two parts. The

rst part of this study focuses on agent-based modelling (ABM) of EV charging load at
commercial fast EV charging stations and second part of this study focus on the energy
management of the single commercial fast EV charging station as an application of the
ABM of EV charging loads developed in the rst part of the study.

The objective of the rst part of the study is to provide both qualitative and quantita-
tive insights into the charging behaviour of EV users. It aims at creating a model which
examines factors in uencing charging behaviours and predicts the charging demand of
different types of EVs under various circumstances. The end result will facilitate an ef -
cient process of identifying parameters crucial for in uencing the loads and their impact
on the total load at the charging stations. This process thereby ensures maximum uti-
lization of the charging infrastructure for a given area with certain available conditions.
The ABM process also helps in identifying the optimal charging infrastructure needs of
any area under consideration of this study by analyzing the variation in charging load
data.

The objective of the later part of the study is to minimize the operation cost of the EV
charging station with the help of ESS using time of use (TOU) pricing which changes
at half hourly basis. In order to achieve this an optimization problem is formulated

based on the EV charging behaviour, battery degradation model, economic analysis of



electricity pricing of Singapore’s wholesale electricity market along with various related
constraints.

The optimization problem formulated in this part of the study turns out to be a linear
programming problem. This problem is solved using the fmincon solver in MATLAB.
The algorithm proposed in this study is the combination of heuristics approach as wells
as deterministic approach. The heuristics helps in making faster decisions as well as
reducing the complexity of the problem. The deterministic approach helps in nding the
optimal solution where the application of simple heuristics is not justi ed. Therefore,
the combination of both approaches reduces the calculation time and the complexity of
the problem while providing an optimal solution.

To summarize, the objectives of the study are as below:

1. ldentify parameters in uencing the charging behavior of EV users.
2. Develop an agent-based model (ABM) incorporating these parameters.

3. Analyze the effects of varying EV charging demand due to different charging

strategies and policies.

4. Perform energy storage management for the EV charging station with ESS de-
ployed between the grid and EV charging station and check its economic feasibil-
ity.

5. Evaluation of subsidy analysis to encourage a higher PV penetration at the charg-

ing stations.

1.5 Major contributions of the Thesis
The major contributions of this thesis may be summarized as follow:

1. This thesis proposes an ABM approach for predicting the electricity demand for
EV charging. Various factors including initial State of Charge (SOC), charging du-
ration, charging station location, charging start time, peak hours, previous charg-

ing records, varying electricity prices, types of charging, and driver experience



are considered while developing the model. Unlike previous studies, the proposed
model captures human behavioural tendencies in the context of an EV owner’s
decision making process regarding the charging location. Finally, the model also
accounts for the complex inter-dependencies which exist between these factors.
The different modelling parameters are stochastic in nature. They allow the model

to account for unpredictable charging behaviours.

. The model proposed in this study provides a framework to analyze the effects of
varying EV charging demand due to different charging strategies and policies. The
analysis of this study shows that the penetration of commercial EVs signi cantly
increases the EV charging load which is around 65.8% compared to the case of
zero commercial EVs running in the system. The EV charging load decreases with
an increase in user experience with EV driving. 28.69% load reduction is observed
when EV users have more experience in driving range prediction. Moreover, the
complete transition from slow charging to fast charging would result in 36.6%
increase in load of single EV charging stations. This framework would, among
others, help in planning the optimized sizing and locations for commercial EV

charging stations across the cities based on its demographics.

. A good charging demand forecast is the bedrock on which several power system
analyses can be based. The authors have performed some preliminary power sys-
tem analysis by linking the proposed agent environment with an optimal power

ow problem using a modi ed IEEE 14-bus network. This link opens up sev-
eral possibilities to study economic grid operation, charging strategies, conges-
tion analysis and identi cation of overloads in the system. Strategies aimed at

mitigating these issues can also be studied in depth using this platform.

. The hybrid optimization algorithm is formulated as an application of results ob-
tained from ABM of EV charging, in such a way that it does not require PV power
forecast and EV charging load forecast. The algorithm performs optimization with
real-time data, hence the optimization procedure is simpli ed. It is also capable

of working with any kind of ESS and dynamic load, hence it is robust in nature. It

10



achieves all these while satisfying 100% load at all time.

. A cost degradation model for ESS is formulated which takes into account the
number of life cycles of ESS before reaching its end of useful life, and capital
cost of ESS. To the best of author’s knowledge, this type of ESS degradation
cost formulation is not well explored in literature. Previous works on battery
degradation such as [10, 11] focus on capacity fade and lifetime assessments of
speci cally small scale lithium ion batteries tted inside EVs. However, the ESS
degradation model proposed in this study is suitable for grid-scale applications of
EV charging stations. Also, the proposed model is robust and is applicable for any
kind of ESS technology and not only lithium ion batteries. Therefore, the study is
reproducible with different types of ESS technologies to nd their suitability for

EV charging stations.

. This thesis provides a detailed analysis on subsidy evaluation for integrating PV
systems into EV charging applications. The analysis shows that for the break-
even operation of a PV-integrated commercial charging station catering to pri-
vately owned EVs, around 40% subsidy in the cost of PV system is required from
the funding agencies. This percentage drastically reduces to around 5% for the
similar con guration of the charging station serving to commercial EVs. This
reduction in subsidy is found to be the result of increase in optimised utilization
of ESS during the increased load scenarios. This analysis would be bene cial in
planning of economic deployment of RES and ESS for EV charging applications

to achieve a higher penetration of RES in global efforts towards climate change.
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1.6 Organization of the Thesis

This thesis consists of ve chapters and are listed below:

Chapter 1: Introduction

In this chapter, an introduction to Electric Vehicles (EVs) and the issues arising
from their integration into microgrids are introduced brie y. The research motivations,
objectives, main contributions and organization of this thesis are also discussed in this

chapter.

Chapter 2: Literature Review

In this chapter, basic concepts related to the EV charging process are explained
brie y. The state-of-art about various modelling techniques used for modelling EV
charging are discussed. Along with these detailed review of previous studies, drawback
from the previous studies have been clearly identi ed. These drawbacks in the exist-
ing methods led to the research on the ABM technique for the EV charging modelling.
Hence, the ABM technique is introduced in this chapter and its basic working along
with its suitability for modelling the EV charging process is explained. In the later part
of this chapter, the state-of-art methods in using the RES for EV charging stations, use
of distribution grid-scale energy storage of the size of several hundreds of kWh capacity
for EV charging station and the need of developing a new energy storage management

algorithm for economical operation of charging station are presented.

Chapter 3: Agent-Based Modelling of Electric Vehicle Charging Load

In this chapter, the ABM approach used in this thesis to model the charging demand
of EVs is explained in details. It aims at assessing the behaviour of the system as a
whole. The parameters identi ed for analyzing EV charging behaviors are stated along
with their interdependecies. These interdependies result in the different behaviors of EV
users should some of the parameters show variation. The detailed modelling process
using ABM in the NetLogo environment is stated. The effect of variation in some of the

major in uencing parameters is presented in the later part of this chapter. This chapter
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concludes with the examples of the applications of the results obtained from the ABM

approach.

Chapter 4: Economic Analysis of PV-Integrated Charging Stations with On-site ESS

This chapter provides an application study of the results obtained from the proposed
ABM approach in the previous chapter. An operation of a single PV integrated charging
station with on-site ESS is considered for this study. The objective of this extensive
economic analysis of PV-Integrated charging stations with on-site ESS is to minimize
the EV charging cost with the help of ESS at a PV integrated EV charging station using
TOU wholesale electricity pricing, which varies every half hour. The cost degradation of
ESS is formulated in this chapter. A hybrid optimization algorithm, being combination
of rule-based as well as deterministic approaches, is proposed in this chapter to meet the
aforesaid objective. The wholesale electricity is rst categorized into upper and lower
price bands every half hour. The real-time electricity price is then checked with the real-
time calculated bands, and subsequently decisions are taken by the algorithm to shift
between the rule-based and the deterministic modes. Hence, the algorithm is termed as
the hybrid optimization algorithm. This chapter concludes with the subsidy analysis for

the high PV penetration for the EV charging stations.

Chapter 5: Conclusion and Recommendations for Future Research

This chapter provides an overall assessment of this thesis. The recommendations for
the future research directions with regards to the extension of research in ABM for EV
charging and the extension of energy storage management strategies for the operation of

multiple EV charging stations are discussed.
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Chapter 2

Literature Review

In this chapter, basic concepts related to the EV charging process are explained brie .
The state-of-art about various modelling techniques used for modelling EV charging are
discussed. Along with these detailed review of previous studies, drawback from the pre-
vious studies have been clearly identi ed. These drawbacks in the existing methods led
to the research on the ABM technique for the EV charging modelling. Hence, the ABM
technique is introduced in this chapter and its basic working along with its suitability
for modelling the EV charging process is explained. In the later part of this chapter,
the state-of-art methods in using the RES for EV charging stations, use of grid scale
energy storage for EV charging station and the need of developing a new energy storage

management algorithm for economical operation of charging station are presented.

2.1 Basics of EV charging

EVs are the newer and currently the most popular mode of personal transportation in the
world. With more countries focusing on reduction of carbon emission [3] and adopting
renewable energy sources, use of EVs is seen as most promising solution for it. When
the EVs are connected to the grid through the EV charger, the batteries inside the EVs
are charged through the AC/DC power converters. These power converters can either be
on-board of EV or off-board i.e. the entire power conversion is done within the charger

unit or outside the EV respectively. The power level of these chargers varies with var-
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ious manufacturers and regions of operation [12 14]. The driving range of these EVs
is decided by the capacity of the battery tted inside them. The components of typ-
ical EV is shown in Figure 2.1. The typical EV consists of AC/DC power converter,
a battery pack, an electric motor drive and an electric motor. The AC/DC power con-
verter is connected to electricity grid through a charging socket which varies with EV

manufacturers [12 14].

Figure 2.1: Components of the typical EV

The battery capacity of EV decides the driving range of the EV. There are various
types of battery technologies used by the EV manufacturers such as lead acid batteries
[15], lithium-ion batteries [16] and nickel metal hydride (NiMH) batteries [17]. The
characteristics of these battery technologies are summarized in Table 2.1.

With the recent progress in the lithium-ion battery technology, the other types of
batteries such as NiMH and lead acid batteries are nding it dif cultto nd their suit-
ability to new applications of electrical transportation. Lithium-ion batteries have been
used in almost all of the recent EV models launched in last few years. The extensive re-

search on lithium-ion batteries has drastically increased their power density and energy
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Table 2.1: Characteristics of various batteries used in EV

Characteristics Lead Acid Nickel Metal Hydride Lithium-ion
Speci ¢ power 100-500 W/kg 250-1000 W/kg 250-340 W/kg
Speci ¢ energy 25-40 Wh/kg 60-120 Wh/kg 100-265 Wh/kg
Cycle ef ciency 50%-92% 66-92% 80-90%
Energy per unit price | 7-18Wh/USD 2.75Wh/USD 2.5Wh/USD
Self discharge rate | 3-20% per month 15-30% per month 2-10% per month
Cycles of operation 500-800 500-1000 400-1200

density. These higher power density and energy density ensure that the adequate energy
is provided for the driving and enables the faster charging of the lithium-ion batteries.
This capability of lithium-ion batteries will help in reducing the range anxiety of the
EV users which has been identi ed as a one of the major hurdle to overcome for the

extensive adoption of EVs besides their higher initial capital cost of purchase.

2.1.1 Classi cation of EV charging

EV charging can be classi ed on the basis of the rate of charging power at which the
EVs are charged. The EV charging is broadly classi ed into two types based on the rate
of charging power [18],

1. Slow charging,

2. Fast charging.

Apart from the slow and fast charging classi cation, the EV charging can also be
classi ed into three levels depending on the level of the charging power supplied to EV
during the charging process. These levels are Level I, Level 1l and Level I11. Table 2.2

shows the classi cation of EV chargers based on their rated power supply rating.

Table 2.2: Classi cation of EV charging stations based on their rated output

Charger Type Speci cations
- \oltage | Current Power
Level | 120V 15A 1.5kwW
Level Il 240V 60A 14.4kW
Level 111 - - 14.4kW

Level I and Il chargers are considered as slow charging due to their relatively low

power ratings and level 111 chargers are considered as fast chargers due to their higher
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power ratings. The exact rating of charging powers may vary from manufacturer to
manufacturer. The commercially available EVs in the market typically use 1C-3C as
charging rate for fast charging. The one hour charging through the level | chargers
provides an approximately 8km of driving range and are mostly found in residential
home chargers where cars are available for a longer duration at night for charging. The
one hour charging through Level Il charging provides an approximately 30km of driving
range and are mostly found in home as well as business car parks. The level Il chargers
however is usually known as ‘DC fast chargers’ use a variety of protocols and standards
and they vary from manufacturer to manufacture as well as region to region.

The Asian automobile manufacturers follow the CHAdeMo protocol [12]. The North
American and European automobile manufacturers use CCS protocol to establish com-
munication with the EV and EV chargers [13]. Apart from these two, Tesla use their
own system known as ‘Superchargers’ to charge and communicate with their EV while
charging [14]. These level 111 chargers have the capacity to charge the vehicle up to
80% of their SOC within 30 to 45 minutes. One hour charging through level 111 charg-
ers provide an approximately 250km of driving range. The rated charger capacities and
their respective range addition after one hour charge for the currently popular EV are
summarized in Table 2.3, [19 35].

The DC fast charging is the most useful method to decrease the range anxiety of EV
users [12]. However, DC fast charging brings with it an increased rate of the battery
degradation [36]. It also shows some disadvantages such as voltage sags and voltage

ickers in the power distribution system [36].

The slow charging can be further classi ed into following types [37 42]

1. Uncoordinated charging

2. Coordinated charging also known as smart charging.

If the rate of EV battery charging is C/4 or less, then it can be considered as slow
charging. C rate is the charging rate of battery. It is de ned as the portion of energy
that is supplied to a battery in one hour. For example, if a battery with nominal ca-

pacity of 16Ah is charged using 2A current, then the charging rate is 1/8 C and it will
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Table 2.3: Rated charger capacities and hourly range addition.

Rated capacity Range addition
EV model of onboard chargers km/hr
BMW i3 7.4 kW 40
Chevy Bolt EV 7.2 KW 40
Chevy Volt 3.6 KW 21
Fiat 500e 6.6 KW 35
Ford C-Max Energi 3.3 kW 175
Ford Fusion Energi 3.3 kW 175
Ford Focus Electric 6.6 KW 35
Honda Clarity 6.6 KW 35
Kia Soul EV 6.6 KW 35
Mitsubishi Outlander PHEV 3.7 kW 11
Nissan LEAF 3.3kW /6.6 kW 17.5/35
Porsche Cayenne S E-Hybrid 3.6 KW /7.2 kW 19/38
Porsche Panamera S E-Hybrid 3 kW 16
Tesla Model S 10 kW / 20 kW 47194
Tesla Model X 10 kW / 20 kW 48 /94
Toyota Prius Plug-In 3.3 kW 175
\Volkswagen e-Golf 3.6 KW /7.2 kW 19/38

approximately take 8-10 hours for charging the battery based on its characteristics. The
uncoordinated charging does not require any control algorithm to control the ow of
power. In this method, the EVs will start charging immediately after it is connected for
charging at reduced charging power.

In the smart charging method, the charging rate of each EV within the charging
station is controlled using the control schemes in such a manner that the total available
charging power at the charging station is optimized for the optimal power sharing among
the EV chargers in operation. The criteria for this optimization depend on the problem
formulations and vary widely. There are various such smart/regulated charging strategies
available in literature [10, 37,41 44]. One of the methods implemented during this
process is the delayed charging method. In this method an intentional delay is added
so that the aggregated charging power does not coincide with the peak demand of the
distribution system. Such algorithms are suitable for carparks and residential charging
stations where the cars are parked for a long duration. This provides the exibility in
controlling charging time and charging rate of each EV connected to the charger.

This is achieved by time coordinated charging (TCC) and power coordinated charg-
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ing (PCC). In TCC, the number of EVs charging at a particular time at one charging
station is controlled to maintain the total EV load demand within the limit of total power
available for EV charging at that charging station. However, in PCC the power fed to
each EV is controlled to maintain the total EV load demand within the limit of the total
power available for EV charging at that charging station. Both of these methods are
intended towards controlling the overall EV charging power demand within the recom-

mended limits to reduce the impacts of EV charging on the power system operation.

2.2 Introduction to Agent-Based Modelling

In order to study the socioeconomic system, thousands of parameters and inter depen-
dencies are needed to be studied. The process of modelling human behavior and human
interaction increases the complexity of the system. The statistical analysis and the pure
data driven approaches are not capable enough to completely capture the dynamics of
the human interaction. Hence, there is a need of an approach which can justify the un-
derstanding of these human interactions along with the support of some statistical data.
Agent-based modelling (ABM) is an interesting solution to tackle this problem. ABM
helps in generating scenarios close to realistic scenario without producing the predeter-
mined results. Agents within the ABM are autonomous, independent and can take their
own decisions based on their own thinking, and interactions with surrounding agents.
The researchers across the world have tried to understand and analyze these human
behavior and interactions and there is a huge variation in most of their models. These
models vary from being a quantitative to a qualitative one. Some of the quantitative
models are constructed in details while others are the simpli ed versions. The com-
plexity of the model depends on the aim of the problem formulation and each model in
literature is justi ed for being suitable for the purpose they have been modelled for. The
less complex models enable the consideration of heterogeneity within the parameters.
This leads to individuality of their decisions and behavior. However, the selection of

modelling approach and extent of complexity of model depends on the application of
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the model.

The traf ¢ simulation models available in the literature are mainly microscopic in
nature which shows a higher level of complexity. In these problems, the individual cars
are associated with various parameters and the decision to select velocity, accelerate,
steer and stop depends not only on the individual preferences but also on the surrounding
cars. A detailed analysis of microscopic models helps in understanding the effect of
variation in parameters on individual agents. On the contrary, macroscopic models are
associated with the collective behaviour of the agents. The macroscopic models can
be designed using the microscopic models by simplifying some of the assumptions and
inter-dependencies.

The aim of such a modelling approach is to guide thoughts of EV users. This can
be related with the example of maps. Maps are created to simplify the real data. We do
not wish to see the details of every single object of the street such as traf c light poles,
trees, bins etc in them. Instead, we are interested in seeing the data we want to see and
depending on the purpose of each individual, it changes. Hence, we have various maps
available such as street view, nearby restaurants, gas Iling stations etc. Therefore the
particular agent based approach can not be deemed good or bad based on the number of
parameters considered and it is subjective to the problem they are going to solve using
it.

The main purpose of the agent based models is to predict the behavior of the agents
under certain situations. These situations can be de ned as the variations in one or many
parameters simultaneously. This prediction of situations should not be misunderstood
as forecasting of the situation. The prediction arises from the tendencies of agents to act
under certain conditions. The human aggregate may react in different ways for the same
situation if occurred at the different time of the day. The forecasting can be obtained
using the statistical models. In case of statistical traf ¢ models based on vehicle usage
data, travel patterns and historical breakout data, it is possible to forecast the time at
which the traf ¢ could breakout. But, the agent based traf ¢ model can predict the

behavior of drivers after the traf c¢ breakout. Hence, it is important to understand that
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the ability of agent based models is not only to forecast the scenario but also to predict
the scenario and its aftereffects on the system.

The statistical forecasting models can intimate about the preparedness for the par-
ticular situation but the agent based model can assist in development of solutions to
mitigate the problem. The implementation of the solutions after analyzing the problem
can again be tested to see the effectiveness of the solution. This aspect of the agent
based approach makes it superior to the models solely based on statistics and empirical
formulations.

Based on the requirement, agents can represent an individual or group of individu-
als. Their interactions and inter-dependencies can be modelled using equation. These
equations unlike the empirical ones are based on rule based approaches such as if-else
relationships or logical operators. This kind of formulation makes the ABM more ex-
ible. Apart from this, it is also possible to consider individual behavioral rules which
give rise to “heterogeneity’ or collective actions of group of individuals and the random
variations known as ‘stochasticity’ using this approach.

In order to understand the development of ABM we need to further understand the
system of ABM. The ABM is primarily based on three components which are agents,
their interactions and computation process. These components can be understood by

studying the agents and the rules of governing the agents.

22.1 Agents

Agents in ABM are the run time software entities which are individual and autonomous
in their decisions. These agents posses the attributes which in uence the decision taken
by them. The behavior of agents in the system is governed by the set of rules which are
related to their attributes. All the agents follow the rules speci ed to them. However,
in spite of having rules, agents are autonomous decision makers. These decisions are
limited by the boundary conditions speci ed within the rules. The attributes of the
agents are measured in terms of ‘states’. When an agent performs certain action, there

is a change of state of some of its attributes. When an agent interact with one or many
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agents, the interaction process is the acquisition and communication of states of other
agents based on the speci ed rules of interaction.

Each agent is heterogeneous and each agent has its own objective. Even if the two
agents have the same states for all the attributes in the beginning of the simulation, their
actions will be based on their individual decisions and the states of attributes will change
according to their decisions. Further, these states of attributes will lead each agent to be-
have autonomously in an simulation environment. These agents are capable of learning
from the decisions taken by them and actions performed in the past which in uence their

future actions. This makes an agent adaptive to changes in its environment.

2.2.2 Rules

Rules are the limits or boundary conditions put on the variation of states of attributes
which lead to decisions in taking next action by the agent. There are several types of
rules which can be de ned for the agents. The rules can be simple and prede ned such
as agents to move ahead, turn right or left at traf c light and stop after detecting ob-
stacle in front. The rules can be de ned with the optimization objective as path tracing
algorithm, path following algorithm, nding the minimum distance to charging station.
The rules can also be de ned with the behavioral and social interaction among the sur-
rounding agents such as “car’ agents communicating with ‘charging station’ agents about
initial and nal state of charge of the EV battery, duration of charging, amount of power
required for charging. These behavioral rules of utmost importance to understand the
reaction of agents in the particular scenario or a situation of distress. These reactions
assist the analysis of preventive or corrective measures to be taken to change the reaction
shown by agents. The solution obtained after this analysis can be tested again to check
the reaction of agents to the solution to test the effectiveness of the solution.

In a language of ABM, these rules are the procedures and agents execute these pro-
cedures to achieve the goals. These procedures can be de ned in a selective way such
that only a prede ned agent set will follow them. The scenarios for the execution of

procedures can be de ned with the combination of several procedures. Some of these
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procedures take the place of the top layer procedure in the hierarchy of rules to be fol-
lowed by agents. The typical example would be in case of ‘car’ agents reaching nearby
charging stations, only “car’ agents with lower battery SOC will turn for charging and

the rest of the agents will continue to drive towards their goal.

2.2.3 Development of ABM

To develop an ABM, the rst step is to de ne the system. The system is the scenario
under consideration of the study. This system modelling is done by identifying what is
relevant for the model and what is irrelevant for the model. A system might not have
included all the parameters available in the actual system. The number of parameters
and complexity of the system depends on the level of the detailed model required for
analysis. Once the complete relevant system is identi ed, the assumptions are required
to be stated in order to generate a scenario. Scenario generation technique is useful in
simulating the real-life problems. These assumptions must be explicitand rm to design
the boundary conditions of the system. Once the assumptions are speci ed the agents are
designed with the attributes under consideration. The variation limits for these attributes
are speci ed to design the decision making process of the agents. Furthermore, the cor-
relation patterns among these attributes can be de ned for the added level of complexity
and study of inter dependency of these attributes as well as sensitivity analysis.

Let us take an example of ABM for EV riding in a city. The car agent possesses
the attributes such as the brand of the car, battery capacity of the car, number of battery
cycles used by the car, SOC of the car battery, distance to be travelled in the next few
time steps, total distance covered after last charging event etc. The states of attributes
in this example can be de ned such as the battery capacity to be 18.8kWh, operating
range of battery SOC to be 20% - 95%, driving range of EV in one complete charge to
be 120km etc. These attributes can be de ned during the designed stage and xed to the
certain values or they can be made available to be set in the beginning of simulation at
visual interface of ABM. Thus, ABM provides a exibility to tune the system and agents

based on the requirements of the study.
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After nishing the initial setting up of the system, the data is added into the model
to parameterize and calibrate these attributes. These data sets help agent to learn over
the course of time and in uences the further decision making process. In our example
of ABM for EV riding in a city, this data can be the history of life cycles of EV batteries
at various rate of charging/discharging power expressed in terms of the velocity of the
car, battery cycle ef ciency due to various depth of discharge of batteries and historical

travel patterns for anticipating the next travel pattern.

2.3 Working of ABM

After designing the system, modelling all the agents and feeding them with the data for
their attributes the model is ready to be executed. The entire ABM process is repre-
sented in a block diagram shown in Figure 2.2. The rst step of ABM model execution
is “setup’ of the environment in a simulation platform. This process creates a visualiza-
tion of the system modelled in the initial stage of designing. The agents are created in
an environment and they assume the initial states based on the distribution formulated
during the initial system design.

The ABM simulation is now ready to move towards next step. The next step in the
ABM simulation is to ‘Run’ the model. Once the model has started, the simulation is
executed in three steps.

First stage during the running process is to ‘initialize and update’. In this process,
the agents get familiarized with the surrounding things, neighbouring agents, the posi-
tion and states of their own attributes and are now ready to move ahead by taking their
own decisions. The next stage of the running process is to interact with other agents and
surrounding while having movement in the designed environment. The interaction pro-
cess of these agents includes the exchange of information about their respective states of
attributes. This makes an agent decide the course of actions it will take in the next few
time steps. These actions are again subjected to change in real time, based on the further

agent-interactions it might have in subsequent time steps. The nal stage of the ruining
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Figure 2.2: Block diagram of ABM process

process is to ‘Record’. This recording process can be de ned as the data acquisition
process. In this process, the updated states of attributes of all the agents are saved in the
system for further analysis. This data acquisition process is of immense importance in
ABM as this data acquisition can be used in machine Learning. It can then contribute
towards the arti cial intelligence of agents.

The nal step of the ABM simulation is to summarize the statistics of the simulation
and compile a report of the agent behavior for the further analysis. When the simulation
is paused or stopped or gets completed, this report is generated. Upon further analysis
the simulation can be re-run with change in attributes or modi cations in the system

design.

2.3.1 State-of-Art in EV charging load modelling and suitability of
ABM

Various studies have been performed previously to assess the impact of EVs on the

grid [45,46]. Several reliable and accurate models have been developed to examine the
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complex charging behaviours of EVs. A probabilistic constrained load ow was pro-
posed in [47] with the inclusion of wind energy in the power system. The authors have
used the queuing theory for modelling the EV plug-in time and service time at the charg-
ing station. In this queuing theory, the authors have assumed that charging/discharging
of EV follows the Poisson’s distribution and their service time follows the exponential
distribution. These distributions are based on the prede ned parameters by the authors
and hence yields the desired load pro les. In [48], two different algorithms were pro-
posed to address the issue of overwhelming peak load and its impact on grid stability.
The authors of [49] proposed the use of the Monte Carlo method to model temporal and
spatial transportation behaviours.

The authors of [50, 51] used a bottom-up approach for modelling EV load while
the authors of [52, 53] employed a top-down approach. While both of the modelling
approaches are suitable for EV load modelling, the selection of a suitable approach de-
pends on the trade off between computation time and level of details. The bottom-up
approach in simulation models allows the analysis to begin from individual elements
and subsequently progress to the entire system. In top-down approach, the modelling
process begins from modelling of the system and ends with the modelling individual
agents. The depth of modelling depends on the level of details required for the desired
problem. The top-down model helps in analyzing pattern behavior of agents while the
bottom-up model focuses more on individuality of the agents. The another notable ad-
vantage of the top-down modelling approach is that it reduces the computation time for
each iteration and the computation time can be altered with the level of detailing. On the
contrary, the bottom-up approach consumes more computation time for each iteration
compared to the top-down approach because of operation of each agent. These agent
actions further trigger the responses in the system and propagate towards the top layer
of the system. Hence, if the computation time and resources are not the constraints dur-
ing problem formulation, the bottom-up approach provides more realistic and accurate
results compared to the top-down approach.

Though many studies in literature have considered mobility patterns and electricity
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prices for EV load modelling, the power demand required for charging EVs also depends
on other factors such as the initial state of charge (SOC) of the EV battery, charging dura-
tion, location of the charging station, charging start time, peak hours, previous charging
records, type of charging i.e. fast or slow, and driver experience. Hence, predicting the
charging demand of EVs is a non-trivial problem. Various studies such as [54] and [55]
have considered charging processes and EV model characteristics. However, the loca-
tion of charging stations and driver’s experience were neglected while simulating the EV
charging load.

The authors in [56] have used the probabilistic agent-based modelling of EV charg-
ing demand to analyse its impact on distribution networks. This method allows to de-
termine the aggregated EV charging demand. The model presented in [56] considers
various EV mobility characteristics such as trips per day, distance per trip and selection
of destination. The notable contribution of the work includes the response behaviour of
the EV users to the inclusion of social and economic variables. Furthermore, the EV
charging load generated using the proposed ABM model is tested on the 37-node IEEE
test feeder adopted in the distribution grid network of Barcelona. The voltage drop oc-
curred during this study is analysed using various charging strategies. However, after
arranging the EV mobility variables, the study uses the Monte Carlo simulation method
to generate multiple scenario. Implementation of this process loses the capability to
change the inputs to the system in real-time and observe the adaptation of the EV users
to the new scenario. Also, the study in [56] does not explain about the ABM for EV
charging in details and focuses mainly on the impact of EV charging on the distribution
network of Barcelona. Hence, it is essential to explore the EV mobility parameters in
details during the ABM.

In [57], the authors have proposed a multi-agent based scheduling algorithm for
adaptive EV charging. This is achieved by using a multi-agent system having distributed
generation agents, responsive-unresponsive EV agents and EV aggregator agents. Here,
the ABM coordinates the EV charging based on EV load forecasting and assigns the

charging locations for EVs. Furthermore, the study also coordinates the charging lo-
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cation based on availability of PV energy across the UK distribution grid. This study
demonstrates the suitability of ABM in modelling and controlling the the EV charging
using the real-time digital simulator. The proposed charge scheduling algorithm in [57]
improves the renewable energy utilization and reduces the cost of electricity consump-
tion.

Among the different approaches available for EV load modelling, short period mod-
els (SPM) have been widely used in literature. In SPM, charging behavior is modelled
with the help of xed scenarios such as uncontrolled charging [58], delayed charging
or smart charging using charge scheduling algorithms [59]. The application of these

approaches include

1. To calculate the total generation capacity required for feeding an additional load

demand due to EVs.
2. To analyze the generation cost for satisfying EV charging load.

3. To identify the situations where EV charging load could generate the congestion

in the distribution network.

4. To assess the effectiveness of demand-response schemes used for the alleviation

of these congestion due to EV charging.

5. To study the reduction in carbon emission due to EV penetration.

The use of such xed behavior scenarios instead of explicit modelling highlights
a strong limitation of such models. The major drawback of these models is that they
yield predetermined results of charging demand. This means that the accuracy of results
due to the incorporation of certain charging strategies and policies is presumed during
modelling. The model follows the prede ned process to arrive at the conclusion. Instead,
modelling should be explicit to test the effectiveness of different charging strategies or
policies.

Furthermore, a failure to consider travel patterns in these models results in random-
ness not being captured which reduces model exibility and responsiveness to various

policies. The authors in [60, 61] have used the archetypal driving patterns which are
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generated from the summary of driving survey. The statistics in these studies are based
on the real town survey. In the survey, each archetype has been de ned with the speci ¢
parking time at home and work along with the trip duration between them. This ap-
proach of modelling has successfully captured the travel pattern but the model could not
capture the travel pattern variability which comes from the individual decisions of each
EV user such as variable start and end times, variable trip duration arising from different
driving speeds etc. This is the strong limitation of the presented model. The authors
of [62] used the ‘Feathers’ software for an activity based model to generate the 24h
charging demand. For this, the authors assigned a capacity equivalent to ICEVs to their
agents and mapped the energy consumption equivalent to it. However, this model is not
sensitive to electricity prices because the travel schedules are generated from indepen-
dent ICEVs. The analysis presented does not evaluate the effect of charging strategies
on travel patterns and vice versa.

Another common practice to model the EV charging load is to use the Markov chain
modelling approach [49, 63]. This approach is usually used during the reliability study
to generate the long term scenarios. These models are typically not modelled in details
as they are mainly considered as load demand generating approaches for further power
system studies. One of such an interesting model is presented by the authors in [63].
The authors in [63] have developed the one year vehicle state Markov chain model to
generate the EV pattern. The state of each EV is de ned in each 30-minute interval for
a period of one year. These states includes driving data, parking at residential spaces
and parking at of ce spaces. The initial and interim states are derived from the statistics
of travel pattern in Portugal. However, the link between the decision making and calcu-
lating the travel demand based on the variable outcomes of such decisions is missing in
such models. The complete dependency on empirical formulations makes the Markov
chain model dif cult to capture the response of EV users for change in travel conditions
and policies.

ABM has been used in many power system applications. The authors of [64] mod-

eled distributed renewable energy generation and demand as different agents. The en-
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ergy transaction mechanism in power markets was extended for these agents. The ap-
proach reduced energy purchase costs by tracking the forecasted energy consumption
and generation. In [65], each distributed energy storage (DES) was modelled as an
agent. The communication between these agents was implemented through the dynamic
average consensus method to retrieve the average SOC of DES. In [66], the authors de-
veloped a price based demand response procedure for day-ahead planning and decision-
making in retail electrical energy markets using an agent-based framework. Here, the
ABM approach was used to address issues of inter-operability and data privacy in retail
power markets.

The ABM approach provides a scope to add different charging behavior preferences
due to various policies and facilitates a study on the effect of such policies on charging

demand and charging station planning.

2.4 Optimization of charging station operation

After modelling the realistic EV charging load, for the optimized operation of charging
station and to provide the same experience to EV owners as that of gas stations, a proper
operational model of the charging station is necessary. The charging station must be
ready to absorb any charging demand arriving at the charging station and should be able
to perform energy management to provide such an experience. Many researchers have
worked in this direction with various objectives in their study. The EV charging station
in this work is considered to have a lithium-ion energy storage system and rooftop PV
panels covering the entire parking lot of the charging station. The overview of various
charging optimization and smart charging algorithms, ESS energy management algo-

rithms and the use of RES for the EV charging station is provided as below.

2.4.1 Algorithms for optimized operation of charging stations

From the load point of view and for reducing the problems arising due to EV charging,

most of the recent research works focus on coordinating the EV charging. The authors
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in [7] aim for minimizing power losses and reducing voltage deviation, while authors
in [67] describe maximizing the power delivery without adding burden to the existing
grid. Various charge control methods are also proposed by the authors in [59, 68].

To achieve sustainable integration of transportation and electric network, the au-
thors in [69] have proposed intelligent scheduling of EVs as loads and sources, whereas
charging and discharging costs of the EVs are minimized in [70] for overnight demand
shaping. EV charging scheduling is also implemented in [71] with particle swarm op-
timization under dynamic electricity pricing. The author in [68] proposes a two stage
mechanism for massive EV charging in which a fast charging rate compression algo-
rithm being implemented for EV charging optimization. However, this may increase the
charging time for the EVs.

Many researchers have carried out energy storage management for integration of
EVs into the grid. To date, most of them mainly deal with energy storage management
of batteries inside EVs. In [10], charging/discharging of lithium-ion battery inside EV is
controlled in order to adjust to the grid variability. The authors in [72] proposed various
charge scheduling algorithms for EV charging in the grid-to-vehicle (G2V) scenarios
and vehicle-to-grid (V2G) scenarios. In all these scenarios, the EV charging time is
always compromised.

The drawback identi ed from the [48,68,72] is that EVs have to wait or charge with
low charging power due to charge scheduling algorithms. However, this is not a practi-
cal solution when a large number of EVs will penetrate. It is also not realizable in real
world if we consider today’s scenario, where gas stations |l the cars immediately and as
required. Such gas stations will be replaced by the charging stations in future, customer
expectations remaining the same. The focus in this study is given on the consideration
that there should not be any delay in the charging event of EV once it is connected to
charging station. However, this problem can be tackled using an energy storage system
for the EV charging station. This will serve as a buffer between the grid and the EVs.
Also, EVs should not to be kept waiting for long hours to get charged. Another advan-

tage of deploying ESS between the grid and EVs is to utilize variations in the electricity
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prices of the wholesale electricity market, optimizing the cost-effectiveness of the ESS

for this application.

2.4.2 Renewable energy integration for charging stations

In majority of the literature, EV charging load is mainly fed by the distribution grid, for
which conventional generation units are the major sources. This surpasses the actual
intention of adopting EVs as a green solution, as power fed to these EVs is taken from
non-renewable energy sources. This adds to carbon footprint. According to Paris Agree-
ment on Climate Change, more than 180 countries have agreed to take initiatives towards
reducing the global warming and increasing the share of green energy sources [3]. To
achieve this, Singapore has planned to raise the solar power generation to 350MWp by
2020, representing about 5% percent of peak electricity demand [73]. Falling prices
and continued market demand are expected to accelerate the adoption of solar energy.
Hence, the use of PV as much as possible for charging EVs at charging stations would
be the true green solution in reducing carbon footprint. The RES-based EV charging sta-
tion especially PV integrated one is the critical problem, which is not well explored [2],

and needs to be analyzed further.

2.4.3 Energy storage integration for charging stations

With the rapid growth in dynamic loads such as EV charging, there are three major

requirements from the distribution side,

1. Ability to store the energy in the source or grid during surplus on-site generation

and off-peak load demand.

2. Ability to supply the energy to EV charging stations during peak demand and

de ciency in on-site generation capacity.

3. Ability to change the role from energy storage to energy provider and vice versa,
during power transfer operation within each wholesale electricity market price

change duration i.e. 30 minute case of Singapore.
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Lithium-ion based ESS ful lls all of the above-mentioned requirements for integrat-
ing an EV charging station load into the existing system. While implementing energy
storage within the grid has many bene ts, the cost of the storage unit must be taken
into account. The inclusion of an ESS will incur the additional cost associated with
storage [74, 75]. The bene t of the ESS to any energy system requires an analysis on
economic viability of ESS in that system. A proper economic analysis needs the con-
struction and the operating cost to be compared against the predicted pro tability of the
ESS in operating conditions experienced at the installation-site. Through a better un-
derstanding of the costs and nancial bene t provided by a grid-connected ESS, power
system operations optimize their systems for easier integration of ESS systems into their
grid. Improper management of the ESS can incur large costs for the operator due to im-
proper charging and discharging times. The hybrid optimization algorithm proposed in

this study optimizes the operation of ESS for economic cost and bene t.

2.5 Summary

EV is the popular choice of personal transportation mode today. This popularity of the
EV has resulted into the increased charging operations throughout the power distribution
network and hence it has started impacting the distribution grid [36]. Based on the charg-
ing power of these EVs, it can be classi ed into slow and fast charging [37 42]. The
slow charging usually takes place overnight at home while the fast charging operation
is seen at the carparks and commercial EV charging stations. The charging operation
can also be classi ed as uncoordinated and coordinated charging based on the control
techniques implemented over them [10, 37,41 44]. The controlled charging usually in-
creases the charging time of the operation making them less suitable for the commercial
EV charging purpose. The uncoordinated charging operations observed at the commer-
cial fast changing stations are the major reason behind instability of distribution grid.
In order to mitigate such impacts on the distribution grid, the accurate and realistic EV

charging modelling is necessary.
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Among the various approaches used in literature for EV load modelling, SPM is most
widely used model [58,59]. These models are scenario speci ¢ and generate the accurate
representation for the particular scenario they are modelled for. The major drawback of
these models is that they yield predetermined results of charging demand. This means
that the accuracy of results due to the incorporation of certain charging strategies and
policies is presumed during modelling. The model follows the prede ned process to
arrive at the conclusion. Instead, modelling should be explicit to test the effectiveness of
different charging strategies or policies. Similarly, the models discussed in [41,76 78]
follow various modelling techniques for EV load modelling but result in the modelling
efforts towards a desired conclusion.

To avoid such deliberate modelling, ABM has been identi ed as one of the most
promising techniques. ABM has been a popular modelling technique in the eld of
power systems [50 53,56,57,64 66] where the agents are fed with the decision making
ability, co-relations and probabilistic models to react on multiple scenarios. The distin-
guishing feature of ABM is the communication and evolution ability of agents during
the simulation. This enables agents to adapt to policy changes based on community
behavior and react independently.

There are several other factors missing in the literature [45 49] which affect the
charging pattern of the EV users such as charging station availability, impacts of pres-
ence of other EVs in the surrounding and in uence of their actions and decisions of
charging on each other to name a few. These factors are taken into consideration with-
ing a variety of transportation planning models. Transportation models are decoupled
from the power system perspective and mainly deal with the traf ¢ network modelling.
The transportation planning studies for EVs nd the solution to EV penetration from
the perspective of traf ¢ planning, road network congestion and EV occupancy. The
optimised models with these parameters ignores the impact of such planning on the
distribution grid as these EVs need to get charged during their operation. The power
system optimization studies optimize the EV penetration using charge scheduling al-

gorithms [7,59,67 71], ESS [10, 72] and renewable [2, 3, 73] and, optimized charging
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station placements in the network for reducing distribution grid impacts. This ignores
the effect of presence of EVs on the road networks and road congestion.

To include these factors in the EV load modelling process, the transportation models
and power system models need to be co-simulated. This co-simulation studies which
bridge the gap between standalone transportation studies and standalone power system
studies are missing in the existing literature. The proposed ABM for EV charging tries
to bridge this gap by considering transportation factors along with power system con-
straints. The detailed explanation of these factors along with the ABM is presented in

Chapter 3.
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Chapter 3

Agent-Based Modelling of Electric
Vehicle Charging Load

3.1 Introduction

In this chapter, the ABM approach used in this thesis to model the charging demand of
EVs is explained in details. It aims at assessing the behaviour of the system as a whole.
Agents are autonomous, able to interact with each other and react to stimuli to achieve
their goals. The functioning of the system is not determined by design. Instead, it is the
result of the spontaneous and natural conduct of agents in the environment [79]. The

nal aim of the ABM approach is to nd explanatory insights through the assessment
of the collective behaviour of agents in their natural environments rather than nding
practical solutions or solving engineering problems by designing agents in a deliberate
manner. The spontaneous nature of the ABM approach allows the prediction of human
charging behaviour based on the different parameters assigned. The model simulates
and de nes each EV through its charging characteristics, mobility pattern and vehicle
type. This creates an interactive environment where decision making and dissimilar
circumstances are inculcated to produce a realistic model that predicts charging demands
of individuals as well as groups of EVs. To brie y summarize, the advantages of the

proposed ABM for EV charging include
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1. The non-deliberate reaction of EVs to the stimuli based on their previous history

of interactions with other EVs and EV charging stations.

2. Observation of EV parameters, EV interactions and EV movements on micro-

scopic level.

3. Study of in uence of various signals such as electricity price, road congestion,

charging station availability etc. on the charging behavior of the EVs.

However, the ABM for EV charging also has some drawbacks. The ef ciency of the
ABM is heavily dependent on the resource availability. The simulation of microscopic
model for EV charging behaviour requires large memory and it consumes more energy
as well as computational resources. This limitation of the microscopic ABM could be
avoided by using the macroscopic model for ABM. The macroscopic model consumes
lesser computational resources and requires less memory for its execution but the scope
of details to be observed is heavily compromised. This drawback is not associated with
the process of ABM but constrained by the resource availability. Hence, the type of
ABM to be used for EV charging applications depends on available computational re-
sources. In this study, the model is simulated using the NetLogo software package [80]
which is well suited for complex systems analysis as it allows interactions among agents.
Thousands of agents can receive instructions simultaneously and operate independently.
The connections between macro and micro mobility patterns that emerge from agent
interactions can be used for understanding EV charging behavior thereby leading to the
development of a hybrid modelling approach. With the inclusion of a proper setup and
all the factors which in uence the load model, it allows the charging demand to be an-
alyzed. This study has used the data and statistics in the context of Singapore to test
the proposed modelling approach. The detailed modelling process of NetLogo can be

referred from these books [81, 82].
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Figure 3.1: Inter-dependency of EV charging system parameters
3.2 Types of model

Human aggregate modelling within the ABM has become an effective tool to simulate
aggregate movement and behaviour in real life. Many researchers have used microscopic
and macroscopic modelling approaches for dynamic environments. The macroscopic
model focuses on the overall pattern behaviour of the whole human aggregate and in-
creases simulation ef ciency while the microscopic method focuses on characteristics
of individuals such as decision making and captures the accuracy of individualistic be-
haviours [83]. In NetLogo, it is possible for these two models to co-exist in order to
leverage on the individual strengths of both models.

The agents (EVs) in this model have their own speci cations and make decisions
based on their objectives. For instance, the EV starts to look for charging stations when-

ever the SOC of its battery falls below 25% (a variable in the model whose value can
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be changed to carry out detailed analysis). This demonstrates the microscopic nature of
the model as EVs act individually and make decisions based on their own speci cations.
On the other hand, this behaviour is constrained by the overall movement of the human
aggregate. For example, an EV user cannot charge at a charging station if it is fully oc-
cupied. The parameter ‘Charging station availability’ is determined by the presence of
other EVs at the charging station. If all chargers at a particular charging station are fully
occupied, EV users can either decide to queue and wait or nd other charging stations.
This would further reduce the SOC of their batteries. These EVs would not only in u-
ence and add to the load at other charging stations but also increase the amount of energy
required for their charging and charging duration. These two parameters would then in-

uence the ‘Charging station availability’ parameter for other EVs at various charging
stations. This chain effect is triggered by the action of a single EV and affects other EVs
in its vicinity.

Another example would be during the night when most private cars are parked
overnight instead of being driven on the roads. Such a behaviour is considered on the
macro level as the EVs account for the presence of other EVs; interact with each other
and behave on a large scale. This discussion emphasizes the need for this study as the
usage of the proposed model enables a comprehensive coverage of factors at individu-
al/micro and collective/macro levels.

Figure 3.1 shows the micro level decision variables in “circles’ and macro level de-
cision variables in *squares’ along with their inter dependencies in decision making for

charging EVs by the owners.

3.3 Micro level parameters

These parameters are associated with the individual behaviour of each EV and its driver.

Variation in any of these parameter triggers the series of changes in other parameters.
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3.3.1 Category of EV

The EVs are classi ed into two categories - private and commercial. Private EVs are
similar to the personal vehicles while commercial EVs mainly comprise electric taxis,
electric freight trucks, electric buses etc. In this study, we have considered only electric
taxis as commercial vehicles due to recent government initiatives in deploying electric
taxis in Singapore [84]. Such a categorization is necessary to distinguish between dif-
ferent behaviors exhibited by vehicles in each category. Private EVs can be modelled
using trends of of ce hours and car park statistics at residential complexes and shopping
malls. Electric taxis tend to operate for 24h with different shifts. Hence, the approach

used for modelling private EV models cannot be used for modelling electric taxis.

3.3.2 Initial SOC, (SOC;j)

The initial state of charge, SOC;, is the SOC of EV when it arrives at the charging station
for charging. The initial calculation for electric taxis is based on the average daily rid-
ership, average distance per passenger-trip and total number of taxis in Singapore. The
average daily distance traveled by taxis in Singapore is 280km as per data provided by
LTA [85]. Taxis need to be charged at least twice per day by considering the maximum
range of EVs available in the market. It is assumed that the average distance traveled
by the vehicles follows a normal distribution [54]. The normal distribution function is
given by eqgn. 3.1.

(x m)? “2s?

P(X) = Bl_e (31)

2ps?

A typical probability density function (PDF) and a cumulative probability function
(CPF) of an average travel distance (m) of 280km and standard deviation (s) of 50km
are shown in Figure 3.2

The initial calculation for private EVs is based on the private vehicle annual mileage
and total number of private vehicles in Singapore. The average daily distance traveled

by private vehicles in Singapore is 50km as per data provided by LTA [85]. Private
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Figure 3.2: PDF and CPF with average traveling distance of 280km and standard devia-
tion of 50km.

vehicles are majorly used for trips such as home to of ce and home to leisure places.
Hence, private EVs with range of 100s of km are not required to charge on daily basis.
These types of EVs also show more exibility and have potential to response favourably
to time-of-use pricing. Similar to the electric taxis, it is also assumed that the average
distance traveled by the private vehicles follows a normal distribution [54]. The normal
distribution function is given by egn. 3.1 with an average travel distance (m) of 50km
and standard deviation (s) of 10km.

Assuming that the same charging power is used, the charging duration naturally
increases with a lower SOC;. EV owners would normally prefer to charge their batteries
to at least 80% SOC before leaving the charging station. Thus, with a lower SOC;, a
longer duration is required for EVs to complete charging. In this simulation study, SOC;
is initially allocated as a random value following a normal distribution stated in Figure.

3.2 and eqn. 3.2.

Dk

maxk

sock=( ): 3.2)

In egn. 3.2, Dy is the distance traveled by the kth EV for charging after last charge
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in a day estimated with the previous vehicle traveling data and probability distribution
from Figure 3.2, Dyaxk is the maximum range of kth EV of N EVs available for charging
as shown in Table 3.2 [19 21].

In the subsequent event of charging the SOC; is calculated based on the actual dis-
tance travelled by the vehicle, velocity of the vehicle during charging, aerodynamic
resistance to the vehicle etc. This process of calculating SOC; in subsequent interac-
tions during simulation is explained in details under the subsection, ‘3.3.3 Final SOC

(SOC+)’.

3.3.3  Final SOC (SOCy)

SOC+ is the nal SOC of the EV after at the end of a charging event. It depends on
the type of EV and the total distance the EV owner intends to travel before the next
charging event. It is assumed that commercial EVs will always attempt to get a full
charge i.e. above 80% and close to 100% in minimum time. This assumption holds
true as the commercial EVs such as electric taxis will be operating in shifts and drivers
will try to maximize their earnings during their shift times. There are several ways to
calculate and estimate the values for SOC;. For private EVs, the distance travelled by an
EV after the last charge can be estimated based on a typical PDF with an average travel
distance of 280km and standard deviation of 50km calculated from egn. 3.1 and 3.2. For
commercial EVs, the SOC+ can be obtained from the random distribution between 80%
to 100%. It can also be deduced form the historical charging preferences of EV users.
It is also possible for EV users to enter the desired SOC+ in the simulation platform in
real-time using graphical user interface (GUI).

The SOC of an EV (SOCé‘V) varies from the SOC after it leaves a charging station at
the end of one charging event (denoted by SOCs) to the SOC when it reaches a charging
station for the next charging event (denoted by SOC;) based on the speed and acceleration
of the EV as described in the following paragraphs.

When the vehicles moves in any direction, various forces act on the vehicle due to

gravity, friction and wind resistance. When the vehicle moves in longitudinal direction,
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the major forces acting on the it include: the rolling resistance of the front and rear
tyres, aerodynamic drag, grade climbing resistance and acceleration resistance [86]. The
horizontal force acting on the wheel centre in the direction opposite to the movement of
the wheel is called the rolling resistance. A vehicle traveling at a particular speed in air
encounters a force resisting its motion. This force is known as aerodynamic drag.

When a vehicle moves up or down a slope, its weight creates a force component of
that is always directed downwards. The force component opposes the forward motion
during climbing. When the vehicle moves down the grade, this force component assists
the motion of the vehicle. This force is called the grade resistance. On the top of these
forces, an additional inertial force acts on the vehicle during acceleration and breaking
operation. This force acting on the vehicle due to its total mass and inertial mass is
called the acceleration resistance.

Based on these road forces acting on the EV, the mechanical power required by the

EV PY in watts can be calculated as follows [86]:
. 1
P&, = MjacVy +Mjg(Vysina +C,cosa) + 5CaiA] rv; (3.3)

where Mj represents the mass of an EV (kg) of type j; V represents the speed of the
EV (m/s); a represents the acceleration of the EV (m/s?); g represents gravitational
acceleration (9.8 m/s?); Cy: j represents the aerodynamic drag coef cient of an EV of
type j; Aj represents the frontal area of an EV of type j (m?); r represents air density
(kg/m?3) and C, represents the coef cient of rolling resistance for a tarmacadam road.
These equations are generated using the basic of dynamics of EVs [86,87] . Further, a
represents the gradient of the road whose value is taken as 0 in this work. In other words,
the roads considered in this work are assumed to have zero gradient. The road gradients
at different locations can be easily modi ed subject to the availability of data from the
relevant authorities. Table 3.1 provides the values of all the parameters used in egn. 3.3
for the three types of EVs considered in this work - BMW i3 [19], Nissan Leaf [20] and
Kia SoulEV [21]. All the time varying variables are denoted using ( )x during minute k.

Based on the mechanical power required, the following equation calculates the elec-
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Table 3.1: Mechanical parameters for EV discharge power calculation

Mis | 1415 kg Aiz | 28m? [Cqiz |0.29
My eaf | 1500 kg Alear | 2.74 m? Cd,Leaf | 0.28
Msoul | 1580 kg Asour | 251 m? | Cysou | 0.35
r 1.196 kg/m® | C; 0025 |a 0
Paux | 700 W h, | 90% Am 93%

tric power to be provided to the EV’s electric motor (Ps¥) by factoring in the motor

ef ciency (hy), EV auxiliary power requirement (Payx) and battery ef ciency (hp):

P
P&y = hl" + Payx (3.4)
m
k k 1 Pg'\((
sock, = soc¥, B0 (3.5)
pev
DSOck, = %K .
N
SOC; = SOCs DSOC, (3.7)
k=0

where N represents the number of samples during the total duration of the trip.
The energy consumed (E®V) per unit kilometer distance (d) travelled by the EV dur-

ing its last trip can be calculated in KWh/km as follows:

ev — 1 |’2]=0 Pee;Y(
60000 d hy

(3.8)

3.3.4 Mode of charging

The EV charging can be classi ed into slow and fast charging mode. In the proposed
model, EVs can choose between fast or slow charging depending on the category of EV
as well as the distance and time remaining to reach the destination. The slow charging

process in this study is considered as Level 2 charging with each slow charger at the
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charging station rated at 6.6 kW capacity. The fast charging process considered in the
study as DC fast charging with each DC fast charger at charging stations rated at 50 kW
capacity.

The mode of charging affects the charging duration of individual EVs. This will
further affect the occupancy of charging stations and in uences the decisions taken by

other EV agents in selecting charging stations.

3.3.5 Charging time

A longer charging duration results in the charging slot being occupied for a longer period
of time. Other EVs that intend to charge may in turn re-route or travel longer distances
in search of charging stations with vacant charging slots. This causes a further reduction
in their SOC; values. The charging time parameter acts at both microscopic and macro-
scopic levels. Three different types of EVs namely, BMW i3 [19], Nissan Leaf [20] and
Kia Soul EV [21] are used in the proposed model and their details are provided in Table

3.2. Their SOC variation w.r.t. time is shown in Figure 3.3.

Figure 3.3: SOC variation of EV batteries during charging

The open circuit voltage (OCV) of the battery pack was obtained from the stan-
dard battery models available in MATLAB-Simulink [88] and curve tting (smoothing

spline) was used for deriving a relationship between OCV and SOC.

Vocv,soc = f(SOC) (3.9)
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Table 3.2: EV Battery speci cations

EV Model Battery Capacity By, P¢' (Fast) P®' (Slow)
BMW i3 18.8 kWh 35.89 kW 5.4 kW

Nissan Leaf 24 KWh 38.76 kW 6.3 kW

Kia SoulEV 27 kwh 39.1 kW 5.1 kW

where f is given by,

z

2 2
argmin f: f =  (Vocv f(SOC))2+(1 p) d(50C)

—qrz 4(s0C) (3.10)

where p represents the smoothing factor. p can be varied between 0 and 1 for adjusting

the smoothness of the t wherein O results in a linear tand 1 results in a piece-wise

1
h3
%

cubic polynomial t. Furthermore, p can also be selected as where h represents
the average difference between the data points.

Let Icc be the current required in constant current (CC) mode. Py soc, Which repre-
sents the power required in CC mode (for a particular SOC) is given by the following
equation:

Pec.soc =Vocvsoc : lec (3.11)

The charging current in constant voltage (CV) mode at time instant n is given by the

following equation:

Ih=1In 1 Islope (3.12)

where Igjope represents the slope of current decrements in the CV mode. Igjope isa xed
value determined based on the EV characteristics and calculated from the time required
in the CV region for each EV [19 21]. The charging power required in CV mode is

calculated as follows:

Pev,soc = Vocvsoc : In (3.13)
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The charging power at any time instant n is given by the following equation:

P, = -2n (3.14)

where P, represents the AC power supplied and h; represents the converter ef ciency
(considered as 0.95). Py, can be either Py, soc or Pec soc depending on the status of the
EV battery.

The SOC increment is calculated using the following equation:

P

SOC, = SOC,, 1+
n "1 P60

(3.15)

where SOC,, represents the increased SOC; SOC,, 1 represents the SOC before supplying
P, and Py represents the power at 1C with one minute resolution.

Using the above equations, the charging curve of an EV can be generated and the
charging time can be determined based on the number of samples. For fast charging,
typical charging powers and charging times are shown in Figure 3.4 for the three vehicles
- Kia Soul EV, Nissan Leaf and BMW i3 considering SOC; as 20%. All the three EVs
were connected to 50kW DC fast chargers for this process. The charging power for these
EVs from 20% to 80% of SOC remains around the 50kW. The charging power shows
a slight uptrend but the ramp rate is negligible. After the SOC of EV reaches 80% the
charging power drops signi cantly. For Nissan Leaf the charging power drops to 26kW
at the end of the 28t™" minute. For Kia Soul EV, the charging power drops to 29.5kW at
the end of the 33" minute. For BMW i3, the charging power drops to 35.5kW at the

Figure 3.4: Fast charging characteristics of EV batteries
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end of the 39" minute. The charging power for all of these vehicles starts gradually
dropping to zero kW as SOC of the vehicle approaches 100%.

For slow charging, the typical charging powers and charging times are shown in
Figure 3.5 for the three vehicles - Kia Soul EV, Nissan Leaf and BMW i3 considering

SOC; as 20%. All the three vehicles are connected to 6.6kW Level 2 slow chargers.

Figure 3.5: Slow charging characteristics of EV batteries

However, Nissan Leaf begins the charging by drawing 6kW power initially and it
gradually increases to 6.3kW till 2 hours 21 minutes. The charging power then grad-
ually reduces to 2kW till 3 hours 39 minutes and drops to zero as SOC approaches
90%. BMW i3 begins the charging by drawing 5.1kW power initially and it gradually
increases to 5.4kW till 3 hours 50 minutes. It is then gradually reduced to 1.6kW till 5
hours 55 minutes and then drops to zero kW. Similarly, the Kia Soul EV initially draws
the charging power of 4.6kW and it gradually increases to 5.1kW till 3 hours 15 minutes.

It starts reducing to 0.6kW till 5 hours 50 minutes and then drops to zero kW.

3.3.6 Parking duration

Parking duration is the time duration for which the EV is parked. This can be differen-
tiated in two categories. First category is the duration of parking at the charging station.

This duration is equal to the charging time of each EV. Here, it is assumed that EV will
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leave the charging station as soon as its charging event is nished making way to another
EV for charging. Such an assumption is practical and valid considering that charging
stations are commercial and EVs upon charging would be en route to the destination.
This will affect the “charging station availability’ parameter.

Another category of parking duration is the parking of EVs at the carparks located
nearby of ces, shopping malls, food centres and residences. This parameter varies based
on different scenarios such as:

i)The of ce carpark is occupied during of ce hours.

i) Shopping mall and restaurant carparks are occupied during evening hours.

iii) Residential carparks are occupied during night hours.

The carpark statistics can be inserted in the system based on the realistic carpark
data available for an area under consideration. An example of real-time carpark statis-
tics in a Singapore shopping complex is shown in Figure 3.6, [89]. Figure 3.6 shows that
the number of free slots are higher during the time period 12:00AM to 10:00AM. Af-
ter 10:00AM the number of free slots starts decreasing which coincide with the typical
shopping mall opening time. The number of free slots are is minimum during 02:00PM
and 07:00PM which coincide with the typical lunch and dinner times. The occupancy of
parking lot starts decreasing starting at 09:00PM and as the time approaches to 11:00PM
which is the typical shopping mall closure time. Similar real-time statistics can be ob-

tained for major shopping malls and residential parking lots in Singapore [89].

Figure 3.6: Carpark occupancy in shopping mall, Singapore

This parameter along with the real data provides a more realistic perspective of EV
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usage behaviour. It also aids in a realistic problem formulation process. If an EV is
parked for a longer duration, it may prefer to charge in slow charging mode instead of
fast charging mode. This could reduce the peak demand as well as enable cost savings
through better utilization of off-peak electricity prices. The EVs which show such be-
havior can also be identi ed during simulation to study the travel and charging pattern
of such EVs.

During the modelling process, the private EVs which charge at the charging stations
nearby of ces and are en route to of ce, park themselves at the of ce carparks. This
avoids the unnecessary travelling of private EVs on the roads while running simulation.
On the other hand, considering the continuous operation of the commercial EVs, they
are not modelled to park themselves in carparks other than charging station.

The privately owned EVs park their EVs at the residential carpark overnight. The
private vehicles are set to head towards home after of ce hours with the average depar-
ture time from their present location set at 06:00 PM with standard deviation of 2 hours.
Among these EVs, some of the EVs may decide to charge their EV overnight based
on the status of other factors. These private EVs are again set to head towards of ce
with the average departure time set at 08:00 AM and standard deviation of 1 hour. This
setting ensures that the majority of private vehicles whose destination has been selected
as ‘of ce’ arrives of ce during the typical of ce 09:00 AM to 05:00 PM of ce shift.
While the majority of private EV users with slow on-board charger prefer to charge at
residential chargers overnight but the private EVs with fast charging capability may not
always prefer charging at home.

The private EVs which have the fast charging capability and insuf cient SOC re-
quired to reach of ce may opt for selecting their path via a charging station en route
to of ce. Similarly, some of these private EVs may opt to charge their EV en route to
home while departing from of ce. These decisions are based on the value of factors such
as electricity price, charging station availability, urgency factor as well as user experi-
ence. This arrangement would avoid the congestion at the charging stations near of ce

locations. These aspects of modelling ensure that EV user behavior is kept similar to
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reality.

3.3.7 Critical SOC, (SOCc¢y)

During the modelling process, the critical SOC i.e. SOCc, is de ned as a new parameter.
The SOCc; refers to the lowest permissible SOC of the EV. It is the SOC required by
EV to travel to the nearest charging station from the desired destination of EV. This
destination can be the end point EV is currently moving towards or the end point after
it resumes on road from carpark or charging station. Below this SOC, the driver will
choose to enter the charging station to charge the EV. It is directly affected by range
anxiety. The higher SOCc¢, usually results in a higher range anxiety. The detailed relation

between them is explained in the following parameter.

3.3.8 Range anxiety and battery capacity

The range anxiety is de ned as the worry of an EV driver that the battery of EV will
run out before EV reaches its destination or in simpler words, it is a fear of becoming
stranded without any energy remaining in the EV battery. The battery capacities of EVs
affect the range anxiety. Larger battery capacities of EVs enable them to travel longer
distances without quickly depleting their batteries. This gives greater assurance to the
driver since the chances of quickly running out of energy decreases with an increase in
battery capacity. The results in [90] show that there is an inverse relationship between
the range anxiety and battery capacity.

The range anxiety parameter is dif cult to quantify as it is associated with the feeling
of the person. Hence, the new range anxiety index ‘g’ is de ned to quantify the range
anxiety of EV users. The proposed methodology of calculation of g uses SOC values of
EV. Every EV user is assigned the value of SOC, SOC'L‘JE, below which they will prefer
to get their vehicle charged if the charging station is en route to the destination. This
value is the random distribution between 30% to 80% whose mean is decided by the EV
user experience.

It is quanti ed as shown in eqn. 3.16 stated below.
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o= SOCE,
SOCE; 1 ¢s

(3.16)
where, SOCK, y s is the SOC of EV at the instant when EV starts heading towards the
charging station while it is on its way to the desired destination.

To explain this, let us consider a scenario where the instantaneous SOC value of EV
at a certain moment is 61% and the value of SOC assigned to it which triggers range
anxiety to its user is set at 60%. When the instantaneous SOC of this EV will fall below
60% it will keep moving towards the destination until it encounters a charging station
along its way. This EV user will then head towards the charging station to get its EV
charged before reaching destination. If the EV user heads at the charging station at
50% of its SOC value and its critical SOC is set at 25% then the range anxiety index
associated with the EV user will be 0.5.

It should be noted that in egn 3.16, both the SOC¢, and SOCY, s .« d0 no vary at
the same time. SOC¢, value is calculated and xed as soon as the destination of EV
is decided and remains the same as long as the destination remains the same. On the
other hand, the SOCY, s  is calculated at every time instant for all the EVs in the model.
When the value of SOCK, s  is equal to the SOCc;, the range anxiety index ‘g’ reaches
its highest possible value of 1. The ag is raised for EV to redirect its heading towards
the nearest charging station in order to avoid condition of being out of energy/charge.
The path trace algorithm used for this process is explained in the later part of this thesis.
For the analysis of a range anxiety using range anxiety index, one of the SOC in egn
3.16 should be kept constant.

The battery capacity of the EV is a key factor in deciding the range anxiety. As
a rule of thumb, more battery capacity would lower the range anxiety. As the battery
capacity increases the SOC required to cover the same distance decreases. Hence, to
cover the same distance to the nearest charging station, lower SOCc¢, is required. From
eqn. 3.16 and for a constant value of instantaneous SOC of EV, as SOC¢, decreases the

range anxiety decreases.
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3.3.9 Range anxiety and driver experience

As the driver’s experience with the EV grows, it results in a reduction in the overesti-
mation of range requirement [91]. This means that drivers become more experienced
in predicting the EV’s range in relation to their range requirements thereby leading to
a reduction in range anxiety. The authors of [91] also demonstrated that range anxiety
has a direct relation to charging behaviour as EV drivers have a tendency to charge very
frequently and to charge longer than required. This mindset indirectly leads to higher
SOCK levels as drivers charge unnecessarily most of the time.

In the simulation model described in this document, the driver’s experience varies
with respect to a random distribution between 30% to 80% with among the total number
of EVs in the model. The model is formulated in such a way that, the mean and variance
of this distribution can be selected in GUI in a scale of 1 to 10 for various test cases
based on the data sets and area under consideration of the study. The experience level
10 (highest) de ned in the model means that the driver will only search for a charging
station when SOC approaches 25%. This percentage has been increased in steps of 5%

with each level of decrease in driver experience, up to level 1 (lowest).

3.4 Macro level parameters

These parameters are associated with the group behavior of EVs and their drivers. The
presence of EVs at one location will in  uence the behavior of other EVs present in their

vicinity. This aggregated behavior is implemented using the following parameters.

3.4.1 Availability of slots in charging stations

When the EVs arrive at the charging station and before they enter a charging station, the
availability of vacant charging slots at the charging station is checked. If there are no
vacant slots, the EV will not enter. Thus, it can be seen that EV behaviour is not only
affected by its own characteristics but is also dependent on other EVs around it. This

affects the SOC; of the EV. When the slot is not available, the distance to the nearest
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charging station and the destination is recalculated. Based on the results with minimum
distance and available SOC of EV, the EV user xes his new destination and starts head-
ing towards it. As a result of this process the charging event gets delayed while the
SOC of EV continues to deplete on its way to the new destination. Such an EV when
reaches to another charging station with lower SOC;, takes more energy to reach to de-
sired SOC+. This also increases the charging duration of that EV as the amount of energy
to lled in EV batteries increases. This event further results in occupying the charger for
long duration making other EVs to either delay or cancel their charging event. In this
way, the cycle triggers a chain reaction across the nearby charging stations. From the
perspective of distribution power systems, the charging load which could have appeared
at one charging station (effectively on the distribution node to which the charging station
is connected) now appears at the other charging station and effectively on another node

of the distribution system.

3.4.2 Speed of EVs

The speed of an EV changes according to the vehicles that are around it. It accelerates
whenever there are no vehicles ahead of it and decelerates when the speeds of the cars
ahead are lower or there is a turning ahead on the road or it encounters a red traf c light.
It stops when the speed of the car ahead is zero. Another situation where speed is im-
portant is when EVs move backwards, either out of charging stations or parking lots. In
such cases, EVs check for other cars to avoid any accidents. Therefore, speed is another
factor which largely depends on the interaction of an individual EV with EVs other than
itself. It has a direct relationship with the SOC of EVs since the calculation of SOC

accounts for the physical distance travelled which involves the speed factor.

The parameter ‘Speed’ is included in the equation for calculating the SOC of EV in
eqgn 3.3. The speed is calculated using the distance travelled by a vehicle and the time
required to travel that distance. Each patch, which is a unit of distance in the simulation

platform, is converted into km with respect to the duration of movement of EVs and the
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speed setting of EVs in the simulation platform. The speeds of EVs can be observed in
real time during simulation. Each EV is assigned the maximum speed limit between 80
km/hr and 90 km/hr based on the random distribution. These speed limits can also be
fed using GUI if the actual data is available for the area under consideration and vehicles

in it.

3.4.3 Number of EVs

This parameter is critical for deploying EVs. The number of residential and of ce places
as well as the number of charging stations in a particular region can only accommodate
a certain number of EVs. Beyond this threshold, charging stations will be overburdened
and EVs would start queuing up for empty slots thereby causing further charging de-
lays. Hence, while planning the number of charging stations in any area, it should be
adhered that the maximum number of EVs serviced by each charging station is below
this threshold value. Several studies are available in literature [92 95] for calculating
optimum number of charging stations for a speci c area under consideration. Out of the
36 blocks in the model, GUI provides the exibility to decide the number and location
of charging station at any block and study its effect on the charging pattern as well as
distribution system overloading. The number of EVs in the model can be changed at any

time to change the EV penetration level in the model.

3.4.4 Types of day

EV usage patterns varies with the types of the day of the week. EVs exhibit different
behavior on weekdays and weekends. On weekdays, the usage of private EVs is mainly
governed by of ce hours. The EV users travelling to and from to of ce follow the daily
of ce routine. Their travel pattern as well as the charging pattern can be predicted based
on their of ce shift hours. Though commercial vehicles would continue to operate the
entire week in the same manner, their travel patterns i.e. destinations will change. On
weekdays, the commercial EVs (in our case, electric taxi) are assumed to ply mostly

between of ces and residential areas. On weekends, they are assumed to ply between
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shopping centres, food centres and residential areas. Of ce carparks will show less
activity during weekends. On the other hand, during weekends, shopping malls and

residential carparks show maximum activities [89].

3.4.5 Purpose of travel

This parameter determines the selection of charging stations located en route to the
destination. The daily commute to the workplace might result in charging near of ce
charging stations while weekend activities might result in charging either at food centres,
shopping malls or residences. In the model, EV is given the choice of selecting its
destination based on the type of the day and time of the day. Upon availability of all
required parameters, the EV selects the destination among the choices it has. These

choices include of ce, residences, shopping centre, food center and charging stations.

3.4.6 Charging cost

The charging cost of EV at charging stations is another major parameter affecting the
behavior of EV users. When the EV is in the commute i.e.moving on the road, the ex-
penditure incurred for travelling each unit distance is calculated at every instant. The
total cost of the energy associated with EV is the product of charging cost and amount
of energy it used to charge from SOC; to SOC¢. This energy is then split into the SOC
required for travelling to its destination. This gives the cost of running EV per unit
degradation of SOC. While selecting the charging station, along with the minimum dis-
tance to the charging station, the cost incurred to travel to charging staion and the cost
incurred to charge up to SOC; is calculated for all charging stations in the vicinity of
moving EV. The EV chooses the charging station associated with the least cost of oper-
ation. Moreover, peak hour periods affect the price of charging indirectly. They do not
directly alter the price of charging but rather cause a change in the mindset of drivers.
During peak hours, drivers tend to disregard the charging price since they are more con-
cerned with getting an empty slot in the charging station. This relationship demonstrates

the social aspect of the model as human behaviours are incorporated into it.
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3.4.7 Peak Hours

During peak hours, there is a reduced price barrier since people normally disregard the
price as getting a charging slot becomes priority. Critical SOC increases as drivers hold
less regard for their SOC and prioritize getting a charging slot during peak hours.

For all four types of places i.e. of ce, mall, residential and food centre, the peak tim-
ings can either be typical standard timings as mentioned below and shown in Figure 3.7
or can be manually changed within the simulation platform based on the requirements
of any condition. This provides a greater scope to analyze the impact of varying peak

timings on the EV charging load demand.

Figure 3.7: Typical probability distribution of EV charging

Typical peak hours used in the model are as follows:

The standard of ce peak hours are 8am-10am and 5pm-7pm on weekdays. This
is in accordance with the daily of ce shift timings in Singapore which are usually
from 08:30am to 05:30pm. EVs start looking for of ces and of ce carparks once

of ce peak hours begin.

The standard mall peak hour period is set between 11am-10pm on weekends. Data
from [89] shows that there is a sharp decrease in the number of available parking

slots in most malls between 11am-2pm and 7pm-10pm. Hence, this period is cho-

57



sen as the standard peak period for malls. As the price barrier decreases, critical

SOC increases and EVs start looking for malls during this period.

Residential peak hours are set as 10pm-7am on weekdays. Usually, prices for

residential charging stations are lower than those of commercial charging stations.

The peak hour periods for food centres are set between 12pm-2pm and 6pm-8pm

on both weekdays and weekends.

3.5 ABM model setup in NetLogo

All macro level and micro level parameters are simulated using the NetLogo software
package [80] to simulate real life human decisions by incorporating human behavioral
tendencies towards EV charging. It is possible for both micro-level as well as macro-
level models to coexist in order to achieve the strengths and eliminate the drawbacks
from each of them. The simulation platform developed in this thesis using NetLogo
is shown in Figure 3.8. The model consists of a 6X6 grid i.e., 36 blocks. Each block
can be selected to function as a residential charging station (RCS), of ce charging sta-
tion (OCS), food centre charging station (FCS), shopping mall charging station (MCS),
carpark (CP) or residential block (“None’). In addition to these major structures, these
blocks are assumed to have several other building structures within it. However, these
details are not shown in GUI. The user interface is designed to allow users to select
any con guration of blocks and parameters based on statistical data for any region un-
der consideration. This data represents various probabilities and proportions of decision

variables in the macro and micro level operation of EVs.

3.5.1 Movement modelling

The basic unit of time in the simulation platform is ‘tick’. Each unit of distance or
pixel in the GUI is called ‘patch’. For the 24 hour simulation model, the NetLogo
model performs 28800 ticks. Hence, each EV in the model updates the knowledge of its

surrounding then takes decision or updates the decision for every 3 seconds equivalent
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Figure 3.8: Overview of EV charging system using NetLogo

real time. With an advancement of each tick the EV moves one step ahead in forward,
backward, right or left direction on the next patch. This movement corresponds to the
physical distance associated with the speed of EV.

The EVs can accelerate, decelerate or maintain constant speed during their commute.
They can even change the lanes, overtake the vehicle in front or turn in any direction at
the road junctions. They are allowed to accelerate up to their maximum speed limit set
during the system initialization process until there is no car ahead of them and the traf c
light is green. The maximum speed limit of all the roads in the network has been kept the
same i.e. 90km/hr which is the case with major roads in Singapore. Before overtaking,
the EV checks for the presence of cars in the surrounding areas. If another EV is present
in the adjacent lane, the overtaking event will not take place. Before turning left, the
EVs will check whether there are any cars at opposite direction lane to avoid crashes.
The turning of vehicles is modelled at 15km/hr. The model has no boundaries in all four
directions. This means that the vehicle travelling at the end of horizontal road in the
left direction will appear from the right side of the model on the same road. A similar
process happens when the vehicle approaches the boundary in any of the vertical road.

With this basic mode of movement set to cars, the choice of direction and speed are
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made based on the values of micro and macro level parameters.

3.5.2 EV and charging station modelling

The EVs are the primary agents in the model. Each EV agent in the model is provided
with the attributes de ned as micro and macro level parameters in the previous sections.
During the system initialization process, all the attributes for the EVs are assigned the
random value within the prescribed limits and properties of each attribute. When the
simulation begin to run, the state of each attribute of each EV gets updates with every
tick.

During the initialization process, the number of cars are created based on the number
selected in the GUI. These cars are then assigned a car charging capability i.e. fast and
slow charging based on the proportion selected in GUI. Each car then gets the brand and
battery capacity as well as charging characteristics based on the proportion of each brand
out of the total vehicle population selected at the GUI. After this process, the category
of the car is assigned randomly among the number of cars created during initialization
based on the proportion of private and commercial EV selected in GUI. The commercial
EVs are assigned with the fast charging capability. The GUI is created in such a way
that the model can be evaluated for the various test conditions. During this process, the
cars are randomly placed on the roads and the carpark, and are ready for the movement
at the start of the simulation.

Each of the charging stations in the model has 10 chargers and all chargers are capa-
ble of Level 111 DC fast charging and Level Il slow charging. Its arrangement is shown
in Figure 3.9. The charger provides the charging power to each EV based on its charging
rate preference and battery charging characteristics. At the end of each charging event,
charging station updates the status of each charger. The charging power supplied at ev-
ery time step is plotted in the graph for real time monitoring of the loading situation on
that charging station.

The roads in the model are based on the LTA Singapore’s guidelines- code of practice

for traf ¢ control at work zone [96]. The distance between the two traf c lights is kept
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800 meters. The simulation study represents the total area of 23.04 sg.km. There are a
series of buildings in the blocks between these traf c lights on the both sides of the roads.
However, only the charging station, carpark and residential blocks are represented in the
GUI for clear understanding of ABM for EV charging. There are 36 blocks of building
structures considered in this study as represented in Figure 3.8. The traf c lights change
their status after a xed interval of time. The distance between the traf c lights and the
interval of their status change can be varied based on the area under consideration of the

study.

Figure 3.9: Charging stations in the GUI in NetLogo platform

3.5.3 Process modelling: Charging process at charging station

It is assumed that the EV begins its charging at the charging station as soon as it gets
connected to an available charger and leaves the charging station as soon as its charging
eventis nished. This assumption is made as the charging station and carpark are totally
considered separate entities in this study. The charging stations are exclusively used only
for charging and carparks are considered exclusively for parking purpose. The EVs can
choose to park at the nearby carpark after nishing their charging event if they prefer it.

The process of charging event is given as follows:

1. The status of each charger is updated at each tick. This will create the report of

charger availability status of all the chargers.
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Figure 3.10: Load calculation process at EV charging station

. If the EV is available for charging and the charger is available, the EV gets con-
nected to charger. The initial SOC of EV, brand of EV and battery capacity are

taken as an input from the EV system.

. The charging rate preference and the desired SOC of charging is taken as a in-
put from the EV user. This is possible through the smart apps available with EV
manufactures to communicate with the charger and by monitoring the progress of
charging. This state-of-art system also alerts the EV user near the end of its charg-

ing event so that EV vacates the charging slot as soon as it nishes the charging.

. Based on the inputs from the EV system and EV users, the charging station calcu-
lates the time required for charging each of the EVs up to their desired nal SOC

and the power required to be fed to each EV.

. The EVs available for charging are fed with their required power. When the SOC
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of EV reaches the desired SOC of that EV, the charging event for that EV is
stopped and EV prepares to depart from the charging station. The EVs which
have not reached their desired SOC continue to the charged and remain connected

to their respective chargers.
6. The status of charger is again updated and it is ready to serve another EV.

7. The process, also shown in Figure 3.10, repeats itself at each tick and the total
power required to be served to all chargers is summed up. This power requirement
is conveyed to the respective distribution node for further optimal power ow
operation.

It is to be noted that during the entire operation, none of the EV is denied
the charging and none of the EV gets charged with the compressed rate of charg-
ing. The EVs charge at its desired charging rate and desired SOC as long as the

charging slot is vacant upon its arrival.

3.5.4 Process modelling: Finding charging station

The search process of charging station does not only depend on the minimum distance
but also on the urgency factor as well as the price of electricity at each charging station.
These parameters are evaluated simultaneously and the best combination is selected by
the EV which ful lls the criteria set by other parameters. This process is initiated by
locating the patch on which EV is located. The distance to the all charging stations from
the location of the EV is calculated by counting the patches on the roads in terms of the
physical distance in kilometers that would lead to these charging stations. The paths are
then sorted based on the ascending order of the distance between the current location of
the EV and charging stations. This distance is further used in selecting the path to be

taken for actual commute of the EV.
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3.5.5 Process modelling: Travel path selection and effect of price

The selection of path towards destination depends on the least distance to be travelled but
the selection of charging station and hence, the selection of path having that charging
station en route to it also depends on the price of electricity at that charging station.
When the EV moves ahead with each tick, it incurs some cost. This cost is the running
cost of the EV. The charging cost of EV is calculated based on the price of electricity
it was charged with, during the last charging event multiplied by the amount of energy
supplied to EV (E(‘fharge). The running cost of the EV per unit distance travelled by the

EV is calculated using following equations.

k — k
Ccharge;i - Rgs Echarge (3-17)

Where R is the rate of electricity at the nth charging station. The total worth of energy

inside an EV can be calculated as,

Chergy = Cléharge;i SOCfiseii + Cci:(harge;i 1(SOCfeii 1 k: DSOC, (3.18)

In eqn. 3.18, SOCK,; refers to the % rise in SOC of the k'™ EV at the it charging
event and SOCf,; , refers to the % rise in SOC of the k'™ EV at the (i 1) i.e.
previous charging event. kN:O DSOCY, refers to the change of SOC of the EV after its
departure from previous i.e. (i 1) charging event to the latest i.e. it" charging event,
Its value is calculated from the egns. 3.4, 3.5 and 3.6. In other words, it is the sum of
cost of the energy required to charge the EV and the cost of the energy remaining in the

EV before beginning the charging event at charging station.

Hence it is possible to deduce the cost of running the EV per unit kilometer as follow.

k ev
CenergyE
Ek

usable

Chin = (3.19)

Where E® is calculated from egn 3.8 and El'jsab,e is the usable energy of the EV for its
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trip duration which corresponds to the usable SOC of the EV and calculated based on

the battery capacity of the EV. This usable energy of the EV is calculated as below:

Efapie = (SOCK  SOCER) BE, (3.20)

Once the cost of running the EV per unit kilometer distance traveled by the EV is
known, the cost of travelling towards the destination is calculated while deciding the
path towards the destination. If the EV has enough SOC to reach the destination, the
least distance path is selected bypassing all the above equations.

However, if the SOC of EV is not suf cient to reach the destination then the vari-
ous possible combinations of paths are considered for the EV to reach the destination
through the charging station. The cost of travelling to charging station CK,, s s, COSt Of
charging EV at the charging station CX and cost of travelling form the charging sta-

charge

tion to the destination CK

run ¥ dest 1S Calculated for each of the possible path leading to the

destination. Among the possible combination, the path with a lower cost of operating

EV is selected by the EV user. It is represented by the following equations,

arg min Ctkrip; Ctkrip = CFun st CI(fharge + CIr(un ¥ dest (3-21)

where,
CIr(un Yes — C|r<un d<|:<s (3-22)
CIr(un ¥ dest — CIr<un dId(est (3-23)

Based on the path selected by eqn. 3.21, the benchmark time (T, .mari) iN €0N.

3.24 is calculated.
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3.5.6 Process modelling: Urgency factor and effect of price

During the development process of the model various sub-parameters are calculated
for building the objective functions. The urgency factor is created to study the effect
of electricity price and peak price on the charging of EVs. When the EV decides its
destination and is ready to depart towards it, the least distance path is calculated to reach
that destination. This path also depends on the speci c¢ time at which the EV need to
reach the destination as well as the time to charge the EV if the current SOC of the
EV is not suf cient to reach the destination. Such a path is then calculated through the
nearest charging station. After xing the least distance path, the time required to travel
at that place is calculated with respect to average speed of 50 km/hr. This speed can be
varied based on the requirement and actual driving conditions if the data is available. 50
km/hr is chosen as a trial average speed based on guidelines from LTA Singapore [85]
to implement the urgency factor in the system.

This calculated time is set as a benchmark for the vehicle to reach the destination.
As the vehicle starts moving another timer is set to count its trip duration. With the
movement of the EV at each time tick, it is compared with the benchmark time and
urgency factor is calculated based on the following equation,

UF= = (3:29)
benchmark

In eqn. 3.24, the T; is the time remaining to arrive at the destination and T, nark
is the benchmark time required to reach the destination from the moment the EV departs
for the destination. It is to be noted that TX, is updated at each tick based on the speed and
location of the EV while TX . .., remains the same until the EV reaches its destination.

The EV continues to follow the path towards its destination provided all other param-
eters such as instantaneous SOC of EV is within the required limit. In this condition, the
UF will always be less than “1°. If the UF exceeds the value ‘1’, the EV disregards the
price barrier at the charging station and continues to move towards the charging station

if it is on its way as a part of its trip towards the destination. As mentioned earlier, the
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charging time, if the charging event is occurred before reaching the destination, is also
accounted while calculating the benchmark time. Hence, if the EV experiences delay at
the charging station due to queuing, the UF tends to exceed value ‘1’ and EV prefers
to either end the charging process or reroute the path. The rerouting of the path again

follows the same procedure to maintain UF below “1°.

3.5.7 Process modelling: Charging station availability and effect of
gueuing

When the EV reaches the charging station, it may or may not get the charging slot for its
desired mode of charging. The charging station could be fully occupied upon its arrival.
In this scenario, the EV has two options to deal with this situation. The rst option is
to wait in the queue for the charging and begin the charging event as soon as the slot is
free for its charging event. Another option is to leave that charging station and search
for another charging station.

Whether the EV opts to wait in the queue depends on the value of UF. As the
EV waits in the queue, the TX; is increased with the waiting time. This waiting time
is calculated by summing up the least time remaining among all the EVs which are
currently charging at the charging station and the estimated time of charging required
for the EVs ahead of it in the queue. This process is repeated for each EV in the queue
and each EV adds its own waiting and charging time to the next EV waiting at the
charging station. This arrangement also prevents the long queues at the charging station
as after certain numbers of EVs, it is not feasible for EVs to maintain UF below 1 and
they begin searching for another charging station. If the UF exceeds the value of ‘1’,

EV chooses not to wait at the queue and searches for the other charging station.

3.5.8 Process modelling: effect of user experience

The EV users with less driving experience can not estimate the range of driving with

the remaining SOC of their EV. This mindset leads to higher SOCY levels as drivers
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charge unnecessarily most of the time. SOC{. is the SOC below which EV drivers tend
to charge at the charging station and plans their trip according to it.

In the simulation model described in this document, the driver’s experience varies
with respect to a random distribution between 25% to 70% among the total number of
EVs in the model. The model is formulated in such a way that the mean and variance of
this distribution can be selected in GUI in a scale of 1 to 10 for various test cases based
on the data and area under consideration of the study. The experience level 10 (highest)
de ned in the model means that the driver will only search for a charging station when
SOC'L‘JE approaches 25%. This percentage has been increased in steps of 5% with each
level of decrease in driver experience, up to level 1 (lowest). Thus the SOC'L‘JE for the
user experience of level 1 is set at 70%.

To simulate the tendency of the EV users associated with their user experience, the
instantaneous SOC of the EV is checked with the SOC{ when the EV is deciding the
path towards its destination. If the instantaneous SOC of EV  lIs below SOCK during
the commute, EV continues to follow its path and reaches the destination. The process
of nding the charging station en route to the next destination is implemented at the

departure time.

3.5.9 Process modelling: Path selection - of ce-carpark-residence

This process is applicable to the private EV category. The private EVs which are as-
sumed to mostly commute between of ce and residential places during the weeks are
set to depart towards of ce from the residence in the morning of ce hours. These EVs
depart for the residences at the end of of ce hours. If the SOC of the EV is not suf cient
to reach the destination, the EVs decide their path towards of ce/residences en route to
a charging station. However, it is taken into consideration that these categories of EVs
remain parked at the of ce carpark during of ce hours when their destination is set as
of ce and they remain parked at residential carparks the entire night after they arrive at
the residential places until the beginning of the next of ce hours. This assumption helps

in avoiding unnecessary roaming of private EVs in the model during of ce and night
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hours and helps in creating real life scenarios of EV usage.

3.5.10 Process modelling: Path selection - Electric Taxi

The commercial EVs i.e. electric taxis which are assumed to mostly commute between
pick up and drop off locations exhibit entirely different dynamics compared to private
EVs. The pick up and drop off location is selected as a random patch in the model.
When the pick up location is selected and the taxi is not at that location, that pick up
location is set a destination for the EV and the path to reach that destination is selected.
The taxi then departs from the destination. After its arrival at the drop off location, the
remaining SOC of the EV is checked. If this SOC is lesser than or equal to the SOCK, of
the EV then the charging station is selected based on the various criteria de ned earlier
and the taxi moves towards the charging station. The process of commute between pick
up and drop off points continues once the taxi is charged to the desired SOCF.

It is to be noted that these categories of EVs are modelled to operate the entire day.
In other words, they do not park themselves in carparks. Also, electric taxis are assigned
with a fast charging capability with a consideration that they need to keep charging time
minimum in order to operate for more time. Also, the process of path selection for
commercial EVs is unlike the process of path selection for private EVs where a charging
station could be chosen to be en route to the destination. In the path selection process
of the taxis, the charging station is never selected en route to any pick up and drop off
location. Taxis are set to move towards charging station only after the commute to drop
off location is complete. This is a practical assumption that the taxis should not charge
during their commute as it will increase the time to commute and is not favourable in

the taxi business.

3.5.11 Operation of all processes

Figure 3.11 shows the various processes, their inter dependency and ow of operation
for the ABM. It is to be noted that each of the processes depends on the inter dependency

of the parameters shown in Figure 3.1. The ‘model initialization’ stage consists of the
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setup of EVs, charging stations and environment setup as stated in details in section 3.5.
The operation planning phase consists of various calculation processes such as running
cost calculation, charging station selection, path selection, travel duration calculation
and charging station operation as explained in section 3.5.

When the entire model setup is done according to the data and area under consid-
eration, the system initializes all the parameters. When the model begins to run, each
process operates independently based on the parameters available at each EV. Some of
these processes are interdependent and form the cycles of operation during the simula-
tion period. This is the execution stage of ABM as shown in Figure 3.11. After each
tick, all the parameters of each EV and charging station are updated and the feedback is
provided to all the processes. This last stage of feedback acts as further inputs to sus-
tain the operation of the model and the model continues to run until the desired time of
operation.

The selection of some of the parameters in the NetLogo is done using the GUI as

Figure 3.11: Operation of ABM in NeLogo
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Figure 3.12: GUI in NetLogo platform for parameter selection

shown in Figure 3.12. This gives exibility to generate case studies for studying the
effect of variation in a particular parameter on the charging load at each charging station.

While the simulation model is running, real-time data of any EV can be observed to
track its brand, battery capacity, type of charging, charging power level, travel pattern,
battery SOC levels, total distance travelled after each charging event, historical charging

data such as the number of previous charging events and number of previous visits to
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Figure 3.13: Realtime monitoring of EV parameters in NetLogo platform

a particular charging station. These details are shown in gure 3.13. In Figure 3.13,
the blue colored vehicle represents the commercial EV and the yellow colored vehicle

represents the private EV.
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3.6 Results and sensitivity analysis

The proposed model is simulated for several days over a 24 hour time period frames
from 12:00 midnight to 11:59pm for various cases. The model is rst allowed to run for
several hours for all the agents to follow the routine. After the agents started following
the charging process routine and daily travel commute routine, the results were extracted
and plotted as shown in Figure 3.14. This procedure is used to eliminate errors arising
from the initialization of system parameters. The total power demand due to the charging
process of all EVs considering all charging stations in the system is shown in Plot(l) of
Figure 3.14. The overall charging demand from of ce charging stations is shown in
Plot(I1) whereas Plot(l11) of Figure 3.14 shows the charging demand from residential
charging stations.

Electricity prices are considered to be the same for all charging stations during this
case of simulation. The 120 EVs are considered in the model. 70% of them belong
to the private EV category and 30% of them belong to the commercial EV category.
The driver experience is set at level 7. This will distribute the SOC{ with the mean
of 40% and standard deviation of 3 i.e. between 25% and 45%. One half of the total
EVs in the model is randomly assigned with the fast charging capacity and remaining
EVs are assigned with the slow charging capacity. The typical weekday is chosen for
this case to observe the private EV user operation around of ce charging stations and
residential charging stations. All these parameters along with the peak times for each of

the charging station according to its type are summarized in Table 3.3.

Table 3.3: System parameters

Electricity price $0.20 / KWh Charging station peak hours
m =9, s =2 (Morning)
Number of EVs 120 Of ce m=17, s = 2 (Evening)
Private EVs 70% Mall m=20,s =3
. Food m =12, s =2 (Morning)
0,
Commercial EVs 30% center m=20, s = 2 (Evening)
Driver experience | (Level 7)m =7, s =3 | Residential m=2,s=4
Fast charging EVs 50% of total EVs Type of Day Weekday

Following are the observations made from Figure 3.14.
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Figure 3.14: EV charging load- Plot(l) Total charging load, Plot(Il) Charging load
near of ces, Plot(l1) Food centre charging load, Plot(IV) Residential charging load 1,
Plot(V) Residential charging load 2
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. The total charging load at the charging stations shows the peaks distributed through-
out the the day. These peaks occur due to the connection of EVs with the fast

charging capacity.

. The variation of total charging load shows the peaks during midnight between
02:00 am and 03:30 am, during morning from 09:00 am to 12:00 pm and during
night between 09:00 pm and 11:30 pm. This occurrence of peaks in these times is

similar to a typical load behaviour exhibited in the power system.

. The charging load at the OCS shows the peak demand beginning from 08:00 pm
and sustained with a small reduction in demand till 12:00 pm. From 12:00 pm
the charging load decreases gradually. The charging activity again shows some
peaks around the 05:30 pm but sustained only for short duration of 1 hour. This is
justi ed as EVs going to of ce charging station have been charged in the daytime

an evident from the increased charging activity during that time.

. The FCS shows the peak demand distributed during the afternoon between 01:00
pm and 05:30 pm. The prominent peak appears between 01:00 pm and 02:00 pm.
The peaks show up again for a short duration between 07:00 pm to 09:00 pm. This
charging station is mostly used by the commercial EV category with exible meal

times as well as the users in the private EV category.

. The RCS1 shows that the charging loads have peak between 08:00pm and 03:30
am and RCS2 shows the peak between 09:00pm and 12:00 pm. This veri es the
fact that a considerable amount of private EV users prefer to charge near their

residences during the night time due to their slow charging capacity.

. The intermittent peaks arising in the charging load demand at RCS1 and RCS2
during the daytime could be the result of commercial EVs which were charged

there after dropping off the passenger nearby.

. The charging load near of ces is higher during of ce hours since EVs are charged

at residential charging stations during the night.

. Residential EV charging starts after of ce hours at approximately 08:00 pm and
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decreases close to the beginning of of ce hours on the next day i.e. at 08:00 am.

The key inference from all of the above simulation results is that when human be-
haviour is included while predicting EV charging demand, the peak demand occurs
based on daily activities of users. It is clearly highlighted from the Figure 3.14 that
the ABM approach for determining the EV charging demand generates results which
are close to reality.

To study the effect of variation of various parameters on the EV charging demand at
individual charging stations as well as on the total charging demand of the system, dif-
ferent test scenarios are generated. These test scenarios leads to the sensitivity analysis

of these parameters. These test scenarios are as follows.

3.6.1 Effect of variation in proportion of EV categories

As discussed earlier, the commercial EVs are tted with the fast charging capacity. An
increase in proportion of commercial EVs would de nitely increase the power require-
ment at each charging station thereby increasing the total charging load of the system.
By keeping all the other parameters mentioned in Table 3.3 and changing only the pro-
portion of commercial EVs to 80% and private EVs to 20% of the total number of EVs

in the model, we get the total charging load of the system as shown in Figure 3.15.

Figure 3.15: Total charging load for 80% Commercial EVs and 20% Private EVs
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Figure 3.16: Effect of variation in proportion of commercial EVs

It is clearly seen in Figure 3.15 that the number of peaks in the charging load has
increased considerably compared to the results of Plot (1) of Figure 3.14. The average
total charging load of the day has increased from 97 kW to 148 kW with the 10% in-
crease in the proportion of commercial charging load. This is 52.5% increase in the load
requirement due to addition of EVs capable of fast charging.

To further understand the effect of variation of the proportion of commercial and
private category of EVs on the load requirement of the charging stations, the propor-
tion of commercial EVs are increased from 0% to 100% in the steps of 10%. The rest
of parameters are kept same as mentioned in Table 3.3. The case of 0% commercial
EVs corresponds to the system with only private EV users operating in the region. This
situation is similar to early adoption of EVs. The average EV charging load at the EV
charging station in this case was observed The to be 43.51 kW. Case of 100% com-
mercial EVs corresponds to the situation of high EV penetration and wide spread EV
adoption. The average EV charging load at the EV charging station in this case was
observed at 72.14 kW. This is the 65.8% increase from the case of 0% commercial EVs.

The variation in average charging load for this test case is shown in Figure 3.16. From
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the Figure 3.16, it is observed that the daily average charging load demand also increases
with an increase in the proportion of commercial EVs in the system. The percentage in-
crease in EV charging load is signi cant for a single charging station. This is also quite
natural since commercial EVs are assumed to operate 24 hours a day in shifts as opposed
to private EVs which operate only for a limited number of hours every day. The average
energy consumed by commercial EVs is therefore higher when compared with private

EVs.

3.6.2 Effect of variation in user experience

As discussed earlier, the variation in user experience is associated with the range anxiety
of EV users. It is more related to the private EV users compared to commercial EV users.

This is due to the greater driving experience of commercial EV drivers.

Figure 3.17: Total charging load for least EV driver experience

To see the effect of variation in user experience, the proportion of commercial EV
users is made 20% and the proportion of private users is made 80%. The user experience
is changed to least i.e. 1. This means that the EV users will show a high range of anxiety.
The rest of parameters are kept same as mentioned in Table 3.3. The results obtained for
this test case is shown in Figure 3.17. After comparing the result with the total charging
load in Figure 3.14, it is clearly visible that the load in Figure 3.17 shows many sharp

peaks distributed throughout the day. The occurrences of peaks is continued during the
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Figure 3.18: Effect of variation in user experience of EV users

night period which shows that even commercial EV users with least EV user experience
levels prefer to charge their EV frequently.

In order to study the effect of variation in user experience on the total charging load
of the system in details, the user experience is varied from level 1 to level 10. The level
1 user experience corresponds to the SOClkJE of 25% and level 10 corresponds to the
SOC{e of 70%. With the each step increase in user experience level, the SOCY value
increases by 5%. The average daily charging load of the entire system is obtained for all
these cases and plotted as shown in Figure 3.18.

The average charging load at the least user experience is 81.75 kW while for the
highest user experience it is 57.29 kW. This is the reduction in average daily power
requirement by 24.46 kW. In other words, increase in the user experience in these test
cases resulted in the reduction of nearly 30%. From the results of this case, it is clearly
observed that the daily average charging load demand decreases when driver experience
increases since EV users are more aware about their vehicle range and do not resort to
panic charging before battery SOC drops to its critical level.

This analysis suggest the need of educating EV users about driving range estima-

tion of their EVs. The analysis recommends the need of developing tools to simplify
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range calculation for EV users to reduce their range anxiety. These tools among oth-
ers include range estimator, real-time battery SOC monitor and smart communication

interface between the charging station network and EV.

3.6.3 Effect of variation in type of charging: DC fast & Level 11 slow

The proportion of EVs capable of fast charging would certainly increase the power re-
quirement from the charging station. This is due to a higher charging power requirement
of each EV. To verify this assumption, the proportion of fast charging EVs is increased
from 0% to 100%. The rest of parameters are kept the same as mentioned in Table 3.3.
The results are obtained for each test case with increasing proportion of fast charging
station by 10% for each case. The daily average charging load of the entire system
shown in Figure 3.19 shows the rising trend. The average daily load when all the EVs
are only capable of using level Il charging facility is 79.19 kW while with the 100% DC
fast charging capability it reaches 108.18 kW. This shows that with the complete trans-
formation of the EV eet from level 11 slow charging capability to the DC fast charging

capability would result in 26.8% rise in the total charging load of the system. This

Figure 3.19: Effect of variation in proportion of fast charging EVs
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veri es the assumption of the increase in charging load with increase in fast charging
capability of EVs.

This analysis opens up the challenges to the system operator to make the system
ready to absorb the high power charging EV eet and facilitates the investigation of new

congestion alleviation techniques for optimal power ow in the system.

3.6.4 Effect of variation in electricity price

As discussed in previous sections about the dependency of path selection based on elec-
tricity price, the EV users will decide to charge at the charging station based on the
minimum value obtained using eqn. 3.21 and 3.24. To assess the impact of variation
in pricing on charging load at various charging stations, electricity prices are varied as
shown in Figure 3.20 for different charging stations.

The electricity price at the RCSL1 is raised to $0.30/kWh from 09:00 pm to 07:00
am. The electricity price at the OCS is raised to $0.30/kWh from 08:00 am to 10:00 pm
during morning and from 04:00 pm to 06:00 pm during evening. The electricity price

during other hours of RCS and OCS as well as during all the operating hours of FCS

Figure 3.20: Electricity price pro les of charging stations
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and RCS2 are kept at $0.20/kWh. The rest of parameters are kept same as mentioned
in Table 3.3. A localized peak price is imposed during the hours when the respective
charging stations encounter peak charging demand. For example, from Figure 3.20, it
is evident that the OCS imposes peak prices during times of maximum load demand
during morning and evening hours. The study, while not necessarily fully consistent
with electricity market principles, provides insights into how EV owners could behave
when localized peak prices are charged and how it could impact their decisions regarding
preferred charging locations and charging times.

Another test case is also created by keeping the electricity price at all charging sta-
tions the same during the entire day. Both test cases are run for the period of 24 hours
each and the results of charging load at RCS1 and OCS before and after the change of

electricity price are plotted as shown in Figure 3.21 and 3.22.

Figure 3.21: Effect of rise in price during peak hours at RCS

Figure 3.21 shows the charging power requirement at RCS with and without peak
hour pricing. It can be observed that a signi cant portion of the charging load at RCS
has been shifted to off-peak hours. The inference from this observation is that EV users
prefer not to charge during high price hours and prefer to charge their EVs during off-
peak hours. It can also be observed that the average peak power has reduced from 33.51
kW to 20.98 kW. Hence, the two-tier pricing has a considerable impact on the behaviour
of EV drivers in RCS.

Similarly from Figure 3.22, a signi cant reduction in the peak power requirement
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at OCS can be observed during afternoon of ce hours from 11:30 am to 06:00 pm and
the charging demand is distributed more uniformly than without peak power pricing.
Furthermore, a signi cant reduction in average peak power from 44.69 kW to 29.68 kW

can be observed from Figure 3.22.

Figure 3.22: Effect of rise in price during peak hours at OCS

It may be inferred that the EV charging demand is in uenced by electricity prices
and EV users prefer to charge at charging stations with lower prices. This analysis
not only helps in identifying the loading requirements of charging stations but also has
other applications. For example, based on the predicted behaviour, appropriate demand
response strategies could be designed.

Another application of this study is in the sizing of stationary energy storage sys-
tems (ESS) which could provide support to the grid in case of overloading caused by a
particular charging station. Each of these applications is interesting in its own right and

merits a thorough investigation which is demonstrated in the later section of this thesis.

3.6.5 Summary of sensitivity analysis

The major socio-economic parameters identi ed from the literature are varied from 0%
to 100% in the steps of 5% to 10% to study their effect on EV charging behavior at
various charging station locations. Hence, the sensitivity analysis in this study speci es
the requirements of accuracy of these parameters with the minimum deviation of 5% to

10% depending on case to case basis. From the above mentioned sections 3.6.1 to 3.6.4,
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the effect of variation of major socio-economic parameters on the EV charging load can

be summarized as follows:

The presence of commercial EVs signi cantly affects the EV charging load but in
varied proportion. The average charging load during the absence of commercial
EVs was found to be 43.51 kW. When the entire EV  eet is replaced with commer-
cial category of EVs, the average load at the charging station increased to 72.14
kW. This is a 65.8% increase in the average charging power requirement due to
the replacement of privately owned EVs by commercial EVs. It is also observed
from Figure 3.16 the increase in charging power requirement is not signi cant
with every 10% increase in the commercial category of EVs. The charging power
increases by around 6% with each 20% increase in commercial category of EVs.
This analysis signi es that any EV charging station which is designed to the
present number of commercial EVs can accommodate 20% more EV penetration

without signi cantly impacting peak demand of EV charging stations.

The driving experience of the EV user determines its range anxiety and hence
the charging frequency and behavior. With each step increase in user experience
level, the SOC'L‘JE value increases by 5%. From Figure 3.18, it is observed that
the average charging load at the least user experience is 81.75 kW while for the
highest user experience it is 57.29 kW. This signi es that increase in the user
experience results in the load reduction of 24.46kW i.e. nearly 30%. It is also to be
noted that the reduction of the charging power requirement is not signi cant with
mere 5% increase in user experience. The charging power reduces approximately
by 3 kW with every 10% increase in user experience.

This analysis signi es that any EV charging station designed to the present
average user experience, the peak charging demand would reduce with the time
and the charging station capacity would be able to serve during the increase in

power demand due to change in number of EVs.

The proportion of fast charging capability of EV increases the charging power

requirement of the charging stations. Figure 3.19 shows that the average charging
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power required when all the EVs are only capable of using the level 11 charging
facility is 79.19 kW while with the 100% DC fast charging capability it reaches
108.18 kW. This shows that with the complete transformation of the EV  eet from
the level 11 slow charging capability to the DC fast charging capability would result
in 26.8% rise in the charging power requirement of the charging station. Again,
it can be observed that the power demand increases signi cantly with each 20%
increase in fast charging EV numbers.

This analysis signi es that if 20% of the slow charging EVs are replaced or
modi ed with the DC fast charging capability, the existing EV charging infras-
tructure would be able to accommodate their charging power requirement without

a signi cant increase in peak charging demand.

The electricity price for the charging is the major economic factor in uencing
the EV adoption rate. Hence the reaction of the EV users to the variation in the
charging price needs a careful evaluation. The sensitivity analysis for the charging
price shows that the average load at both RCS and OCS reduces by 37.39% and
33.58% respectively when the peak pricing is enabled. Further, more users prefer
to charge at the RCS during low price hours to reduce the cost of charging at OCS
during high price hours. This is evident from Figures 3.21 and 3.22.

This analysis signi es that the EV charging load is exible and highly depen-
dent on the variation in electricity price. The price of charging can play a signif-
icant role in reducing the peak charging power requirements of charging stations

by enabling the shift in charging times at these charging stations.

3.7 Applications and extensions of ABM results

With the ability to predict the behavior of the EV users with the variation of one or
more parameters simultaneously, the ABM of EV charging load opens up the scope
for extending its results for various system studies. These studies include the energy

storage sizing for the individual charging station, congestion analysis of the distribution
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system and the demand response based optimal energy management of a single charging
station based on economic considerations. These possible extensions of the results are

demonstrated brie vy in this section.

3.7.1 Application in ESS sizing

Here, the case of ESS sizing is presented as an application of the extended results ob-
tained from the simulation platform.

For the commercial charging stations, the charging time and waiting time are both
required to be minimum. This can be achieved by using ESS for EV charging stations.
This will serve as a buffer between the grid and the EVs. Also, EVs should not be kept
waiting for long hours to get charged. Another advantage of deploying ESS between the
grid and EVs is to utilize variations in the electricity prices of the wholesale electricity
market by optimizing the cost-effectiveness of the ESS for this application. This aspect
of ESS is explained in details in Chapter 4.

For this application study, a single of ce charging station is considered. The charging
station is assumed to have equipped with the rooftop PV. The charging station is also
equipped with the ESS whose size needs to be determined using the analysis below.

The PV system in this case-study is of 75 kWeqi rated capacity and is selected based
on the guidelines issued by Singapore’s Land Transport Authority (LTA) for an area for
20 parking lots [97]. Figures 3.23 and 3.24 show box-plots of the energy required at the
OCS and energy generated by the PV system respectively. It may be noted that Figure
3.23 is obtained from NetLogo simulations performed over a period of 24 hours. Figure
3.23 represents the charging load of OCS with the peak power demand of 78 kW.

The power output from a PV system at the jt" interval in a given day is calculated as
follows:

Sl;
P}:va;peak:m:[l Ppv(Tamb;j  Tambirated)] (3.25)
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Figure 3.23: Box-plot for EV Load at OCS

Pj = hconv:dPV:hMPPT:le (3.26)

where Slj is the measured solar irradiance during the jth time interval; bpy is the temper-
ature coef cient for the module’s ef ciency; Tamn;j is the measured ambient temperature
during the ji time interval; Tamb:rated IS rated ambient temperature (30°C) and Pyy:peak
is the maximum power generated under standard test conditions [98]. le is the power
output from the solar PV system during the jt" interval before considering power conver-
sion ef ciency and Pj is the power output after considering power conversion ef ciency.
heonv, dpy and hyppr represent the ef ciency of the converter, de-rating factor for PV
panels and ef ciency of maximum power point tracking (MPPT) respectively. The value
of heonv:dpy :hmppt s considered to be 0.85 [98].

Figure 3.24 is obtained from real solar irradiance data available in [99] by using the
above formulation.

The objective chosen for sizing the energy storage system is to avoid a condition
where the solar PV generation is higher than the total EV load and the ESS capacity
is not suf cient to store the surplus energy. This is a realistic condition wherein the
charging station operators would prefer some exibility to charge/discharge the ESS

based on market conditions. The ESS designed for such conditions will cater for worst
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Figure 3.24: Box-plot for PV output at OCS

Figure 3.25: Energy Storage requirement at OCS

case scenarios. However, the operation can be optimized using methods such as the one
proposed and explained in Chapter 4. With the given load and available PV power, the
size of the ESS is given by the following equation:
24 _ _
SiZEEss = Eg'\?)j EE\I/nJ 1 8 Eg'\?)j EE\I/nJ >0 (3.27)
i=1
For this application, the ESS capacity is given by the area under the curve shown in
Figure 3.25 for EQY] ErE“\i};‘j > 0 and it is calculated to be 419 KWh.
It is to be noted that, a sample case of ESS sizing for OCS is shown above. Similar

ESS sizing can be achieved for other charging stations and with the use of more state-
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Figure 3.26: Modi ed IEEE 14 bus power system having EV charging stations

of-art methods.

3.7.2 Application in congestion analysis

In this section, the agent environment is mapped into an exemplar electrical grid to
demonstrate the practical applicability of the charging demand prediction model devel-
oped in this thesis. A modi ed IEEE 14-bus system is chosen as the exemplar electrical
grid in this study as shown in Figure 3.26.

In this application study, the distance between the traf c lights has been doubled
to 1600 meters. Hence, the total system now represents the area of 92.16 sg.km. It is
assumed that residential charging stations are located at buses 2 and 9 which are located

approximately 11km apart from each other. The residential charging station at bus 2
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has the peak charging load of 236.13 kW while the one at bus 9 has 326.52 kW peak
charging load. The of ce charging station is located at bus 3 which is approximately
5km from bus 2 and 7.5km from bus 9 and has the peak charging load of 232.15 kW.
The food centre charging station is located at bus 4 with the peak charging load 284.97
KW. It is located near to bus 3 with an approximate distance of 2km. This structure is
adopted from Figure 3.8 superimposed on the modi ed IEEE 14 bus system shown in
Figure 3.26.

It is assumed that EV charging loads constitute 5.2% of the total system load demand
[100]. The charging stations are located at buses which have a relatively larger connected
load. To make the network more suitable to be used in the current spacial con guration
of the grid, the line resistance values were increased to 5 times the standard p.u. values
provided in the MATPOWER [101] case les. The line reactance p.u. values were left
unchanged. These values of the line parameters are mentioned in Table 3.4.

Table 3.4: Modi ed IEEE 14 bus power system line parameters

Line From | To | Resistance | Reactance
number | bus | bus (p.u.) (p.u.)
1 1 2 0.0969 0.05917
2 1 5 0.27015 0.22304
3 2 3 0.23495 0.19797
4 2 4 0.29055 0.17632
5 2 5 0.28475 0.17388
6 3 4 0.33505 0.17103
7 4 5 0.06675 0.04211
8 4 7 0 0.20912
9 4 9 0 0.55618
10 5 6 0 0.25202
11 6 11 0.4749 0.1989
12 6 12 0.61455 0.25581
13 6 13 0.33075 0.13027
14 7 8 0 0.17615
15 7 9 0 0.11001
16 9 10 0.15905 0.0845
17 9 14 0.63555 0.27038
18 10 11 0.41025 0.19207
19 12 13 1.1046 0.19988
20 13 14 0.85465 0.34802

The total system load was divided among the buses in the same ratio as the original
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MATPOWER case le. The modi ed 14-bus network is operated as a microgrid with
some embedded generation present in the microgrid as well. It is assumed that bus 1
has a point of common coupling (PCC) with the main utility grid and has a maximum
real power exchange capacity of 1IMW. Buses 2, 3, 4 and 9 have solar PV power plants
with capacities of 150 kW, 75 kW, 75 kW and 150 kW respectively. Buses 3 and 4
have energy storage systems with capacities of 420 kW and 300 kW respectively. These
sizes are determined using the process de ned in the previous ESS sizing section 3.7.1.
Diesel generators of 3 MW capacity are placed at buses 3 and 8 respectively. The base
value for the simulation was considered as 8000 kVA. The parameters of the diesel
generators are provided in Table 3.5 [102]. In Table 3.5, a, b and c are fuel cost curve
coef cients while Ppin and Pyax are minimum and maximum powers produced by the
diesel generator respectively. Hence, it is to be noted that the modi ed IEEE 14-bus
system used this study represents the scale-down medium voltage system for a spacial

resolution of 92.16 sq. km area.

Table 3.5: Diesel Generator Parameters

a b c Prin Prmax
$) | (B/kW) | ($/kW?) | (kW) | (kW)
1 3 80 0.03 | 0.000001 | 100 | 3000
2 8 |200| 0.06 | 0.000002 100 | 3000

Gen | Bus

The The MATPOWER package is used in MATLAB to solve the optimal power
ow (OPF) problem for this network. Charging load demands generated by the agents
in NetLogo are provided as inputs for solving the OPF problem. The OPF problem was
solved for different kinds of system loads ranging from high charging load to low charg-
ing load. For the network con guration mentioned in the previous paragraph, it was
observed that the OPF converged without any dif culty. Moreover, no voltage overloads
were observed at any of the buses. The voltage, generation and load details of all 14
buses are summarized in Table 3.6.
The network con guration especially the placement of generators was however -
nalized after extensive trial and error attempts using MATPOWER. Techniques such as

the Jump and Shift method described in [102] may be used to combine the schedul-
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ing (unit commitment) and OPF problems to verify the feasibility of scheduling results.
Similar efforts can be found in literature in addressing congestion alleviation using the
valley- lling algorithms [103].

Table 3.6: Results obtained from modi ed IEEE 14 bus test case

Bus Voltage Generation Load
# | Mag (pu) | Ang (deg) | P (MW) | Q (MVAr) | P (MW) | Q (MVAr)
1 1.056 -11.951 | 3000.00 | -368.51 0.00 0.00
2 1.036 -12.742 - - 471.87 486.57
3 1.038 -12.720 | 2792.78 468.28 2048.40 727.95
4 1.011 -13.627 - - 1039.42 -149.42
5 1.012 -13.312 - - 165.26 61.30
6 1.060 -15.050 - - 243.55 287.35
7 1.040 -14.358 - - 0.00 0.00
8 1.060 -14.358 0.00 952.34 0.00 0.00
9 1.032 -14.743 - - 641.48 635.99
10 1.030 -14.653 - - 195.71 222.21
11 1.041 -14.773 - - 76.11 68.96
12 1.044 -14.966 - - 132.65 61.30
13 1.038 -14.788 - - 293.56 222.21
14 1.016 -14.621 - - 324.00 191.56
Total 5792.78 | 1052.12 | 5632.00 | 2816.00

3.8 Conclusions

This chapter explains the ABM process in details. The ABM technique aims to nd
explanatory insights through the assessment of the collective behaviour of agents in their
natural environment. It does not solve engineering problems by designing agents in a
deliberate manner. The behaviours of agents in reaction to the various stimuli help in the
detailed analysis of the effect of these stimuli on their collective behavior. This analysis
can further help in policy making of EV adoption based on regional demographics.

The microscopic parameters are responsible for independent decisions of the EV
users and they are identi ed as follows: category of EV. initial SOC, nal SOC, mode of
charging, charging time, parking duration, critical SOC, range anxiety, battery capacity
and driver experience. The macroscopic parameters are responsible for the collective

behavior of the EV users and they are identi ed as follows: availability of charging
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stations, speed of EV, number of EVs, i.e. EV penetration level in the region, type of
the day, purpose of travel, charging cost and peak hours for traf ¢ congestion as well as
peak electricity pricing. These parameters in uence each other and provide a complex
interdependent ABM for EV charging. These inter-dependencies are captured in the
process modellings of urgency factor, queuing, user experience and charging station
path nding and tracing algorithms for private EVs and electric taxis.

The sensitivity analysis is performed on the major socio-economic factors among all.
The sensitivity analysis based on a proportion of commercial category vehicles signi es
that EV charging stations capable of fully accommodating present charging require-
ments can accommodate 20% more EV penetration without signi cantly impacting the
peak demand of the EV charging station. This sensitivity analysis of user experience
suggests that as EV user become more experienced, the frequent charging events are
lowered resulting in lower charging demand. The power demand can be reduced up to
30% if the drivers are well aware about driving range of the EV battery. This highlights
the need of more accurate battery SOC estimation techniques to reduce range anxiety
of EV users. The analysis also shows that if 20% of the slow charging capable EVs
are replaced or modi ed with the DC fast charging capability, the existing EV charging
infrastructure would be able to accommodate their charging power requirement without
signi cant increase in peak charging demand. It has been observed that the electric-
ity price plays a major role in deciding the preference of charging station among EV
users. With implementation of a higher peak hour pricing, 33.58% of EV charging load
reduction has been observed at OCS.

With the ability to predict the behavior of the EV users with the variation of one
or more factors simultaneously, the ABM of EV charging load opens up the scope for
extending its results for various system studies. ESS sizing is presented in this chapter
as one of the extensions of the ABM for EV charging load. The calculations show that
for OCS with on-site PV charging capacity of 75 kW peak and having peak charging
demand of 78 kW, 419kWh of ESS is required to support the base load of EV charg-

ing. ESS sizing technique is used for several other charging stations and placed in the
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modi ed IEEE-14 bus system to study the congestion analysis of the network. For the
spacial resolution of 92.16 sq. km, four charging stations with the peak charging load
requirement of 236.13 kW, 326.52 kW, 232.15 kW and 284.97 kW were placed in the
network. Buses 2, 3, 4 and 9 were equipped with solar PV power plants with capacities
of 150 kW, 75 kW, 75 kW and 150 kW respectively. Buses 3 and 4 were having energy
storage systems with capacities of 420 kW and 300 kW respectively. The OPF was run
using this con guration and voltages were found to be within limits on all buses. This
scale-down network shows the capability of utilizing load pro les generated using the
ABM process in chapter 3.

To further analyse the operation of a single commercial EV charging station, the
results from the ABM process in chapter 3 are used in the hybrid optimization algorithm

which is de ned and explained in chapter 4.
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Chapter 4

Economic Analysis of PV Integrated

Charging Stations with On-Site ESS

For the commercial EV users, the charging time is the signi cant factor as more the
time EV is out-of-servive during charging less the earnings of the EV users. From
the perspective of commercial charging station this time constraint depends on the to-
tal charging power available at the charging station. Hence, to cater these commercial
EV users, commercial charging stations must be equipped with supplementary energy
resources to always ful Il the charging demands. On-site ESS and on-site PV are the
most widely used energy resource for providing such supplementary generation appli-
cations. On-site ESS at PV integrated EV charging stations can use the TOU wholesale
electricity pricing, which varies every half hour [104]. Hence, along with minimizing
the wait time for commercial EV users these resources can also be made economically
feasible in reducing the cost of commercial charging station operation. This chapter
discusses the state-of-the-art in EV charging and use of renewable and ESS for the EV
charging station available in the literature. The problems in the existing literature have
been identi ed along with the possible solutions to mitigate them. It is then followed
by the description of the proposed system con guration and detailed working of pro-
posed hybrid optimization algorithm. In the end, the economic analysis for the subsidy

to be provided by government agencies for higher POV penetration is provided for the
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charging stations designed to serve private EVs and commercial EVs.

4.1 State-of-the-art

4.1.1 EV charging optimization algorithms

From the load point of view, for reducing the problems arising due to EV charging such
as voltage deviation, frequency variation and THD, most of the recent research focuses
on coordinating the EV charging. The authors in [7] aim for minimizing power losses
and reducing voltage deviation while the authors in [67] describe maximizing the power
delivery without adding burden to the existing grid. Various charge control methods are
also proposed by the authors in [59, 68].

To achieve sustainable integration of the transportation and electric network, the au-
thors in [69] have proposed intelligent scheduling of EVs as loads and sources, whereas
charging and discharging costs of the EVs are minimized in [70] for overnight demand
shaping. EV charging scheduling is also implemented in [71] with particle swarm op-
timization under dynamic electricity pricing. The author in [68] proposes a two-stage
mechanism for massive EV charging in which a fast charging rate compression algo-
rithm being implemented for EV charging optimization. However, this may increase the
charging time for the EVs.

Many researchers have carried out energy storage management for integration of
EVs into the grid. To date, most of them mainly deal with energy storage manage-
ment of batteries inside EVs. Figure 4.1 [10] represents the similar work where charg-
ing/discharging of lithium-ion battery inside EV is controlled in order to adjust to grid
variability. Figure 4.1 shows the components of EV - Li-ion battery, battery charger
and battery management system (BMS) unit tted inside the EV. This is the typical EV
structure that is followed by major EV manufacturers. The BMS unit is connected to
external electric vehicle supply equipment during the charging and discharging process.
The EV user usually have the control over the arrival time, departure time and desired

SOC of EV upon departure. In order to control the charging/discharging rate of EV, the
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aggregator controls the BMS of EV based on inputs from the EV user. In this way, the
charging/discharging rate of the battery inside the EV is controlled for satisfying the grid

constraints.

Figure 4.1: General model followed in literature survey [10]

From the literature survey it is found that this model is the most general one and
is followed by most of the researchers till now. Authors in [72] proposed various
charge scheduling algorithms for EV charging in the grid-to-vehicle (G2V) scenarios
and vehicle-to-grid (V2G) scenarios. In all these scenarios where charging rate of EV is
controlled, EV charging time is always compromised.

The drawback identi ed from the literature survey [68, 72] is that EVs have to wait
or charge with low charging power due to charge scheduling algorithms. However, this
is not a practical solution when large number of commercial EVs will penetrate. It is
also not realizable in real world if we consider today’s scenario, where gas stations |l
the cars immediately and as required. Such gas stations will be replaced by the charging
stations in future while customer expectations remaining the same. The focus in this
study is given on the consideration that there should not be any delay in the charging
event of EV once it is connected to the charging station. However, this problem can be

tackled using energy storage systems for EV charging stations. This will serve as a buffer
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between the grid and the EVs. Also, EVs should not be kept waiting for long hours to
get charged. Another advantage of deploying ESS between the grid and EVs is to utilize
variations in the electricity prices of the wholesale electricity market, optimizing the

cost-effectiveness of the ESS for this application.

4.1.2 Renewable energy for EV charging applications

In most of the literature, EV charging load is mainly fed by the distribution grid, for
which conventional generation units are the major sources. This surpasses the actual
intention of adopting EVs as a green solution since power fed to these EVs is taken
from non-renewable energy sources. This adds to carbon footprint. According to Paris
Agreement on Climate Change, more than 180 countries have agreed to take initiative
towards reducing the global warming and increasing the share of green energy sources
[3].

To achieve this, Singapore has planned to raise the solar power generation to 350MWp
by 2020, representing about 5% percent of peak electricity demand [73]. Falling prices
of PV systems and continued market demand are expected to accelerate the adoption of
solar energy. Hence, the use of PV as mush as possible for charging EVs at charging
stations would be the true green solution in reducing the carbon footprint. The PV in-
tegrated EV charging station especially RES-based one ts the requirement. This is not

well explored [2], and needs to be analyzed further.

4.1.3 Energy storage for EV charging stations

With the rapid growth in dynamic loads such as EV charging, there are three major

requirements from the distribution side:

1. Quick energy injection into the source or the grid.
2. Quick energy extraction from the source or the grid.

3. Dynamic response rather than long term serving capacity of source or grid.
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ESS ful lls all of the above mentioned requirements for integrating EV charging
station load into the existing system. While implementing energy storage within the
grid has many bene ts, the cost of the storage unit must be taken into account. The
inclusion of an ESS will incur an additional cost associated with storage [74, 75]. The
bene t of the ESS to any energy system requires an analysis on economic viability of
ESS in that system.

A proper economic analysis needs the construction and the operating cost to be com-
pared against the predicted pro tability of the ESS in operating conditions experienced
at the installation-site. Through a better understanding of the costs and nancial bene t
provided by a grid-connected ESS, power system operations optimize their systems for
easier integration of ESS systems into their grid. Improper management of the ESS can
incur large costs for the operator due to improper charging and discharging times. The
hybrid optimization algorithm proposed in this study optimizes the operation of ESS for

economic cost and bene t.

4.1.4 Major contributions of this study

The main contributions are as follows:

1. Cost degradation model for ESS is formulated which takes into account the num-
ber of life cycles of ESS (Ny) before reaching its end of life (EOL), and the cap-
ital cost of ESS (Cgss). To the best of the author’s knowledge, this type of ESS
degradation cost formulation is not well explored in literature. Previous works
on battery degradation [10, 11, 105 107] focuses on capacity fade and lifetime
assessments of small scale lithium ion batteries tted inside EVs. The battery
degradation models in [108 110] deal with the analysis of battery degradation for
supporting the distribution grid. These models mainly discuss the degradation
of electrical characteristics and lifetime of ESS. However, the ESS degradation
model proposed in this study is suitable for grid-scale applications of EV charging
stations in the range of several hundreds of kWh. It mainly relates the operation

of ESS to the cost of the operation. Hence, the ESS cost is fully justi ed based on
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its use. The existing methods in literature would help in prolonging the lifetime as
well as calculating the capacity fade more precisely. This would only enhance the
proposed degradation model of this study and make it more accurate. Also, the
proposed model is robust and is applicable for any kind of ESS technology and
not only lithium ion batteries. Therefore, the study is reproducible with different

types of ESS technologies to nd their suitability for EV charging stations.

. WEP is processed and analyzed before giving as an input to hybrid optimization
algorithm. Upper band (UB) and lower band (LB) for WEP are calculated in
real-time based on historical and projected electricity prices obtained from mar-
ket operator in real-time. Instantaneous WEP is then compared with these bands.
One of the advantage of this method is that the UB and the LB would dynamically
adapt to the increase and decrease in WEP, as volatility increases and decreases.
Therefore, the bands would naturally widen, and get narrow in synchronization
with the price action, creating an accurate ranging envelope. This method pro-
vides the breakout points where the instantaneous WEP goes beyond the ranging

envelop and in uence the operation of proposed algorithm.

. The hybrid optimization algorithm is formulated in such a way that it does not
require forecasting of PV power and EV charging load. The algorithm performs
optimization with real-time data, hence the optimization procedure is simpli ed.
It is also capable of working with any kind of ESS and dynamic load, hence it is

robust in nature. It achieves all these while satisfying 100% load at all time.

. This study provides detailed analysis on subsidy evaluation for integrating PV sys-
tem into EV charging application. It will be bene cial in planning of economic
deployment of RES and ESS for EV charging applications to achieve higher pen-

etration of RES in global efforts towards climate change.
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4.2 System model

The proposed system in this part of study is shown in Figure 4.2. The proposed system
shows an explicit use of ESS along with PV sources. The variation in power from the
PV would be controlled by the ESS. The Energy Management System (EMS) block
performs the acquisition of EV parameters based on the formulations proposed in [58],
wholesale electricity prices from electricity market [104], PV power generation and ESS
parameters such as state of charge and charge/discharge limits. Based on these inputs,
the proposed algorithm decides whether to charge or discharge the ESS, the output from
PV, power to be imported from the grid while serving 100% EV charging load at all
time.

The system ensures that all the EV charging loads get served at the EV charging
station at all circumstances. Thus, the proposed hybrid optimization algorithm is novel

in this aspect, which is missing in literature.

Figure 4.2: Proposed system con guration

4.2.1 EV charging stations

The EV charging model is derived from chapter 3 with variation in parameters. However,

the algorithm proposed in this part of the study considers this load model merely as an
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input to the system, and it would work for any types of EV charging load model. The
statistical (corresponding to model with all private EV users) and uncoordinated EV
charging load (corresponding to model with all commercial EV users) are shown in

Figure 4.3.

Figure 4.3: Statistical and Uncoordinated EV charging loads considered for this study

The statistical EV charging model can be constructed for any area, where EV charg-
ing station is located and arrival/departure statistics can be obtained. The uncoordinated
EV charging behavior is governed mainly by the commercial EVs, i.e., electric taxis,
with a high level of uncertainty in arrival/departure times. It is re ected in the load
demand spread across the 24 hour due to all day operation of these EVs. It can also
be observed from Figure 4.3 that the peak power required by uncoordinated charging
behavior of EVs is more than the statistical EV charging. This load is calculated in
real-time for every minute in NetLogo, and given as an input to the proposed algorithm.
These two extremes of the EV categories are chosen to verify the feasibility of the algo-

rithm for EV charging load of two completely different nature.
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4.2.2 Energy storage systems

Lithium-ion batteries are considered as ESS in our study. Battery degradation is typically
caused by three major factors, temperature, depth of discharge (DOD) and SOC [10].
These three factors would reduce the charging/discharging cycles of the ESS, affecting
their performance. This in turn degrades the cost associated with its purchase. The cost
of use of ESS for grid operation is hereafter termed as battery degradation cost.

The parameters considered during the calculation of ESS degradation cost are explained

as follows:

1. Charging rate of battery: It is de ned as the portion of energy that is supplied to a
battery in one hour and is usually denoted as C or C-rate. For example, if a battery
with nominal capacity of 16Ah is charged using 2A current, then the charging rate is
1/8 C and it will approximately take 8-10 hours for charging the battery depending

on its characteristics.

2. Battery charging power: This is the total power fed into the battery every minute of its
operation. This parameter is used while calculating degradation cost due to charging

operation.

3. Battery discharging power: This is the total power supplied by the battery every
minute of its operation. This parameter is used while calculating degradation cost

due to discharging operation.

4. Capital cost of battery: This is the cost of procurement and setup of battery modules

and converters.
5. Battery capacity: This is the total capacity of battery energy storage system.

6. Maximum charging and discharging power: The life of lithium-ion batteries is greatly
affected by their charge/discharge rates. Hence it is necessary to always maintain
charging and discharging power from the battery lower than its maximum withstand

capacity to avoid stress on battery.

7. Life cycles of battery before reaching end of life: This parameters states the number
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of cycles of operations the battery will perform till its capacity fades up to 70% of its

initial capacity.

8. Charging and discharging ef ciency: These ef ciencies comprises the battery cycle

ef ciency as well as converter ef ciency while charging and discharging operation.

Every ESS has a xed number of cycles to operate until it reaches the EOL. These
number of cycles are usually speci ed by the ESS manufacturers. At each charge and
discharge operation of ESS, ESS loses one cycle of life. Hence the ESS degradation cost
calculated based on the capital investment cost of ESS procurement and total number of
charge/discharge cycles is more realistic. The battery degradation cost is calculated in
terms of the number of cycles (Np) of charging/discharging, which in turn is based on
cumulative effect of temperature, DOD and SOC. Therefore, the current form of the
degradation cost formulation does not require explicit consideration of these aging fac-
tors. This study focuses more on the economic operation of ESS. Since the entire cost
of ESS is spread over Ny, the degradation cost is accounted till the EOL of ESS, repre-
senting the LCOE of ESS over its Ny cycles. Battery manufacturers often mention the
number of cycles that the batteries can operate before reaching their EOL. When ESS
completes one charging and one discharging operation, it is counted towards one com-
plete cycle of operation. During the operation of ESS, the average number of hours ESS
charges or discharges in a day is measured. This information is processed to generate
the number of cycles of operation completed by the ESS at the end of each iteration.
The cost associated with the one complete cycle is then used for the further economic
analysis of the ESS operation in the charging station.

The minute-wise battery degradation cost is split into two parts, i.e., degradation due
to charging and degradation due to discharging. Battery degradation with respect to the

number of cycles is calculated as

Chd (t) = Chgcha(t) + Coaais(t); (4.1)
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C t) = 4.2
bd ch(t) Toc Beos Ny £ (4.2)
where P, 2 R;t 2 10;1;2:::;Tg.
1 z (1) C
Codais() = (1 z) Pyp(t) Cess, (4.3)

Tod Bess Np hpg T
where Pypp 2 R;t 2 10;1;2:::;Tg.

Ineqn. 4.2, at rst, Cgsg is split into Ny parts. The Pyc(t) as a fraction of the total
energy capacity of ESS (Bgss) is divided by the average number of hours ESS charges in
a day (Tpc). This gives the degradation due to each kW power injected in ESS per hour.
The entire equation is then multiplied by the ratio of z and t, giving the degradation
cost of ESS each minute, with t = 60. Eqn. 4.3 follows the similar method during

discharging mode of operation.

4.2.3 Economic analysis of electricity market in Singapore

In the Singapore’s energy market, eligible consumers can opt for buying electricity at
the wholesale electricity price (WEP) from the wholesale electricity market [104]. WEP
is highly volatile, getting updated every half-hourly. Therefore, it can be considered as a
ranging market. Ranging market is the term used for the markets which keep oscillating
between high price values and low price values during entire day.

The analysis of WEP for using ESS at EV charging stations is important in

1. Providing an additional option for consumers to manage their electricity usage in

response to price signals.

2. Reducing the wholesale electricity prices during peak periods as more expensive

generation units need not be scheduled to run.

3. Promoting more ef cient investments in power generation by reducing need to
invest in expensive generation units that are only run intermittently to meet peak

demand.
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4. Providing an additional resource to improve system reliability as consumers re-
duce consumption in response to high prices during periods when supply capacity

is low e.g., due to unplanned outages or gas disruptions.

Hence, a careful analysis of the wholesale electricity market is necessary to exploit

maximum bene t out of its price variation.

4.3 Price band allocation method

The authors in [111] uses the current electricity price as it is, in optimization algorithms
without any processing on electricity prices. If the electricity prices are processed before
giving as input to an optimization problem, a considerable amount of processing time
as well as the complexity of the algorithm can be reduced. The band allocation method
shifts the optimization problem from deterministic to heuristic and vice versa, for the

range of time intervals based on price bands. This is achieved as follows:

1. Calculate the moving average of electricity prices.
2. Calculate the upper and lower band of electricity prices.

3. Compare electricity price at any instant with its band limits before giving input to

the optimization problem.

Moving averages smoothen the price data to form a trend following the indicator.
They do not predict the price direction, but rather de ne the current direction with a lag.
Moving averages lag because they are based on past prices. Despite this lag, moving
averages help smooth price action and Iter out the noise. They also form the building
blocks for many other technical indicators and overlays, such as Bollinger Bands. One
of the most popular types of moving averages is the Simple Moving Average (SMA).
This moving average method can be used to identify the direction of the WEP trend.

A simple moving average is formed by computing the average price of a electricity
over a speci ¢ number of periods. A 20-day simple moving average is the twenty day

sum of prices divided by twenty. As its name implies, a moving average is an average
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that moves. Old data is dropped as new data becomes available. This causes the average

to move along the time scale.

)

SMA(D) = =1

(4.4)

The direction of the moving average conveys important information about prices.
A rising moving average shows that prices are generally increasing. A falling moving
average indicates that prices, on average, are falling. A rising long-term moving average
re ects a long-term uptrend. A falling long-term moving average re ects a long-term
downtrend.

Historical data up to 48 time periods and data forecast for next 48 hours are obtained
from the energy market company [104]. The upper and lower price limits based analysis
of these values are calculated to implement the TOU pricing. This is achieved by cal-
culating SMA at every half-hourly (one time period for price band calculation). Twenty
past and twenty forecast values (n) taken from the market operator in real-time are used
for calculating SMA. UB and LB are calculated by adding and subtracting 0.5 standard
deviation (sR) from this SMA as shown in eqgns. 4.5 and 4.6 respectively. The WEP,
SMA and the price bands are shown in Figure 4.4. These price bands will be calculated
once in every half-hour at the beginning of each time period, and will remain the same

throughout the time period until WEP changes after one half hour.

Figure 4.4: Wholesale Electricity price for a typical day and price band allocation
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UB = SMA(k) + 0:5 sr(Kk) (4.5)

LB =SMA(k) 0:5 sr(k) (4.6)
where, v
¥ 1 k+n
sr(k) = %m (R(k) SMA())? (4.7)
k=k n

Synchronized with the price action, these bands would naturally widen and get nar-

rowed, creating an accurate ranging envelope.

4.3.1 Con guration and LCOE of PV system

The PV system in this study is of 75 kW rated capacity. The PV power is calculated ev-
ery minute, based on the solar irradiance data Is(t), measured at the rooftop in Singapore
and available at [99]. The charging station considered in our study can accommodate
264 PV panels on its rooftop. This is calculated based on minimum area required for 20
EV parking according to the LTA parking guidelines in Singapore [97]. The total power

generated by the PV system is calculated as

Pev (t) = Is(t) Apv Npy hpy (4.8)

The LCOE is widely used to evaluate the cost of electricity generation of different
technologies over the plant lifetime. It includes initial construction costs, costs of oper-
ation and maintenance, cost of fuel, and the cost of capital. The LCOE of PV system
is based on the study provided by the authors from Solar Energy Research Institute of
Singapore in [112]. LCOE of the PV system calculated in [112] is used for the cost
optimization problem in Section IV, however the process of calculation of LCOE as
mentioned in [112] is beyond the scope of this thesis. Hence it is not covered in this

thesis.
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4.4 Problem formulation and algorithm

The optimization problem can be formulated as,
argminJ; J = Cgy(t) + Cpq(t) + Cpy (1) (4.9

where, Cpq(t) is taken from equation 4.1.

Cq(t) =R(t) Py(t);Py 2R (4.10)

Cpv (t) = LCOEpy Ppy () (4.11)

where, Ppy (1) is taken from equation 4.8.

Thus, equation 4.9 can be rewritten as

Z Poc(t) hpe Chat + (1 z) Pyg(t) Coat

argminJ; J = R(t)Py(t) + + Cpy (1) (4.12)

Toc BEss N t Tod Bess N hpg t
subject to
PL(t) = Py(t) + Poa () Poc(t) + Pey (4.13)
Poc(t) Pog(t) =0 (4.14)
0 < Poc(t) < Poemax (4.15)
0 < Phy(t) < Podmax (4.16)
0:25 < Ep(t) < 0:90 (4.17)

The energy capacity of ESS is updated every minute as

Poc(t) Bess  Poa(t) Bess
Picp t Picp t

Ep(t) =Ept 1)+ (4.18)

The above mentioned optimization problem turns out to be a linear programming

problem. The proposed algorithm as shown in Figure 4.5 changes the approach from the
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rule-based approach to deterministic approach, and vice versa in real-time depending on
the value of R(t). If R(t) is within the UB and the LB calculated from eqgns. 4.5 and
4.6, the algorithm solves the linear programming problem using the MATLAB fmincon
solver. If R(t) is greater than the UB or less than the LB, the algorithm solves the
problem with prede ned rules.

Here, the focus is to model the system for a realistic problem which does not require
the use of high ef cient solver to minimize the time. The computation speed of the
MATLAB built-in fmincon solver was well within the acceptable range of the need of
problem solution.

R(t), Ep, Prv and P_ are provided as the inputs, whereas Py, Py, Pyg are taken as the
outputs from the hybrid optimization algorithm at every instant t. Here, t is considered
as 1 minute, 0 <t 1440 for one day operation.

Algorithm 1 shows the rule-based approach when R(t) is greater than UB. In this
case, the algorithm rst checks the constraints of E, and values of Ppy and P, att. If
25% Ep 90% and Ppy P, which means that PV generation is higher than EV
charging load and ESS has a capacity to store the surplus amount of energy, Algorithm
1 calculates the power to be stored in ESS while ful Iling the entire EV charging load.
If E, 90% with all other previous conditions the same, the surplus energy would be
sold to grid.

Further in Algorithm 1, if PL > Ppy, and E, 25%, the additional power to be
supplied to load is extracted from ESS. If P > (Ppy + Pbd) then the additional power
is imported from the grid. The Py to be injected and P,q to be extracted from ESS are
decided based on the constraints i.e. maximum charging power Pycmax and maximum
discharging power Pygmax Of ESS respectively. These values are to be chosen based on
ESS speci cations. In the situation where Ep < 25%, whenever Pry > P_ the surplus
energy from PV will be stored in ESS and whenever Ppy < P the additional power
required for EV charging load will be supplied by the grid.

Algorithm 1 prioritizes extracting power from ESS over importing power from the

grid whenever PV generation is not enough to meet EV charging load.
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Figure 4.5: Flowchart for hybrid optimization algorithm
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Algorithm 1 Algorithm for R(t) > Upper Band

Input: R(t);Ep;Pev;PL
Output: Pg; Pyc; Pod
Initialization : As mentioned in Table 4.1
1: fort =1to 1440 do

2:  if E, >=0:25 then
3 if Ppy >=P_ then
4: if Ep < 0:90 then
6: Poc = PocMax; Pod = 0;Pg = (Prv  PL+Pyc)
7: end if
8: Poc =Ppv  PL;Pog =0;Pg=0
9: end if
10: Poc =0;Pog =0;Pg= (Pov PL
11: end if
13: Pod = PodMax; Poc = 0;Pg=P. Py Pev
14: end if
15: Pooa =P. Ppv;Poc=0;P;=0
16:  end if
17:  if Py >=P_then
19: Poc = PoeMax; Pod = 0;Pg = (PL Ppyv +Pyc)
20: end if
21: Po=P PV PR
22:  endif
23 Poc=0;Phg =0;Pg=PL Ppy
24: end for

25: return Py;Pyc; Pog

Algorithm 2 shows the rule-based approach when R(t) is lower than LB. In this
case, the algorithm rst checks the constraints of E and values of Ppy and P_ at t. If
Ep <90% and Ppy P, which means that PV generation is higher than EV charging
load and ESS has a capacity to store the surplus amount of energy, Algorithm 2 stores
the surplus amount of energy into ESS. If this surplus energy is less than Pycmax then
additional power is imported from the grid to charge ESS at Pycpmax. If Ep 90% with
all other previous conditions the same, the surplus energy would be sold to grid.

Further in Algorithm 2, if P. > Ppy, and Ep < 90%, additional power to be supplied
to load together with Pycpax 1S imported from grid. The By is constrained with maximum

charging power Pycpmax based on ESS speci cations.
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Algorithm 2 prioritizes importing power from the grid for charging ESS at Pycmax

together with the EV charging load demand.

Algorithm 2 Algorithm for R(t) < Lower Band

Input: R(t);Ep;Pev;PL
Output: Py; Poc; Pog
Initialization : As mentioned in Table 4.1
fort =1 to 1440 do
2:  if Ep <0:90 then
if Poy >=P_ then

Poc = PocMaxiPod = 0;Pg = (Pev  PL Pac)
6: end if
Poc = PocMmax; Pg = Poemax  Ppv +PL;Phg =0
8: end if
Poc = Pocmax; Pod = 0;Pg = Pocmax +PL Ppv
10: end if

if Poy >=P_ then
12: Pp= (Prv PLiPa=0;Pc=0
end if
14: Pg=P. Ppv;Poa =0;Pc=0
end for
16: return Py;Pyc; Pog

4.5 Case Study

To check the effectiveness of the proposed hybrid algorithm, the following three test

cases are considered.

1. The EV charging station without ESS and PV
This case scenario is generated to get the running cost of the EV charging station
when ESS and PV are unavailable. The total charging power of the EVs is fed

from the grid.

2. The EV charging station with ESS and without PV
This test case is generated to evaluate the proposed algorithm for deploying ESS
near to the EV charging station, when no RES is available nearby. Simulation for

this test case is performed in two ways. Firstly, the entire optimization function is
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solved using the deterministic approach, without applying the price band alloca-
tion method. The WEP is directly taken as input at rst and the cost of electricity
purchased from the grid is calculated for statistical as well as uncoordinated EV
charging load. Secondly, the objective function is solved using our proposed hy-
brid optimization algorithm. When the real-time WEP is taken as an input, the
proposed algorithm takes the decision to solve the problem either by the rule-
based or deterministic approach. The results from both sides are then compared

and discussed.

3. The EV charging station with ESS and PV
This test case is generated to evaluate the effectiveness of deploying ESS with
our proposed algorithm in the PV integrated EV charging station. Similar to the
previous test case, this test case is also evaluated in two ways. It differs from the
previous test case due to the LCOE of PV, which is considered in this case. The
realistic solar irradiation data of Singapore [99] is used as input for the calculation

of PV power.

4.6 Results

In order to test the algorithm, the real-time charging scenario through uncoordinated and
statistical charging formulations using ABM of EV charging is created to resemble the
real-time EV charging behavior. The OCS load pro le used in this case has the peak
demand of 272.59 kW. The input parameters for the system are mentioned in Table 4.1.
The ESS parameters are taken from the speci cations of the SAFT Intensium Max bat-
tery [113]. It is assumed that the temperature around ESS is always maintained constant
at 25 C which is valid in the context of Singapore. Hence, the degradation due to rise
in temperature is neglected. The real WEP for January 2016 obtained from EMC Singa-
pore is considered for these test cases [104]. Linear programming optimization is solved
using two solvers, ‘fmincon’ solver in MATLAB and CPLEX. The LPMethod parame-

ter in CPLEX is set “0” while solving the model. This let the CPLEX choose the solver
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automatically which ts best to the linear programming problem. An analysis of the
results is performed after running the simulation for all 7 days of a week with each day’s
WEP. This procedure is repeated for several weeks period time to observe and examine
the results from algorithm.

Table 4.1: System parameters

Parameter Value Parameter | Value
Initial Ey, of ESS% 75% LCOEpy 0.24 SGD/KW [112]
Ambient Temp 25 C PocMax 150 kWp [113]
Np 6000 PodMmax 150 kWp [113]
Cess SGD 400/kWh | hg 0.95[113]
Bess 620kWh hyg 0.95[113]
The 5 hours hpy 16.4%
Thd 5 hours Apy 1.75 sg.m

The optimization results for the second test case are shown in Figure 4.6. It can be
observed from Plot(IV),at T=9to T=11and T =13 to T = 15, of Figure 4.6, that the
proposed algorithm has successfully shifted all load requirement to ESS for R(t) > UB.
Also, in Plot(I1)-(V), between T=9to T =11 and T = 21 to T = 23, the optimizer
invokes power exchange between the grid and the ESS for UB > R(t) > LB, until E,
goes below 25%. It can also be seen from Plot(V) of Figure 4.6, thatat T=12to T =
13,and T =17 to T = 20, the ESS was charged, when R(t) < LB, until Ey reaches 90%.
The cost of electricity purchased from the grid with ESS is found to be lower than the
system without ESS. At all the time instances, the proposed algorithm has successfully
ful lled 100% EV charging load, shown in Plot(Il) of Figure 4.6. This can be veri ed
by the summation of results at all time instances in Plot(l)-Plot(V) of Figure 4.6, as
mentioned in equation .

Table 4.2 and Table 4.3 show the results for cost of the energy purchased from the
grid in SGD for EV charging station for the test cases: without ESS, with ESS and only
deterministic approach and with ESS and proposed hybrid algorithm; using fmincon
solver for private and commercial EV charging loads respectively for one of the weeks
in January 2016, ‘10™" January to 16! January’. Table 4.4 and Table 4.5 shows the

results for the same test cases and scenarios obtained using the CPLEX. These tables
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Figure 4.6: Hourly power plot for one day, Plot (1) Electricity Price, Plot (11) Load
requirement, Plot (111) Grid power, Plot (1) Battery discharge power, Plot (V) Battery
charging power for commercial Load and SMA
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clearly indicate that it is feasible to deploy the ESS at EV charging station for both

entirely the private as well as entirely commercial type of the EV charging load.

Table 4.2: Total cost of system in SGD/day using all private EV charging load model
and solved using fmincon

Day Cost with ESS Cost With ESS Cost Without
Optimisation | deterministic approach ESS
10th Jan 83.30 89.94 86.30
11th Jan 97.80 102.37 104.56
12th Jan 88.23 88.54 95.03
13th Jan 116.01 118.46 142.43
14th Jan 88.56 90.79 98.72
15th Jan 74.89 76.65 75.75
16th Jan 64.60 65.13 74.68
Weekly Cost 613.39 631.88 677.47

Table 4.3: Total cost of system in SGD/day for all commercial EV charging load model
and solved using fmincon

Day Cost with ESS Cost With ESS Cost Without
Optimisation | deterministic approach ESS
10th Jan 266.98 301.86 298.76
11th Jan 326.76 369.56 357.12
12th Jan 302.14 336.15 323.28
13th Jan 411.69 503.23 490.11
14th Jan 303.18 338.40 344.18
15th Jan 254.95 274.88 264.31
16th Jan 218.06 238.02 226.20
Weekly Cost 2083.76 2362.10 2303.96

Table 4.4: Total cost of system in SGD/day for all private EV charging load model and
solved using CPLEX

Day | CostwithESs | ,  COSLWINESS 0ot Without ESS
deterministic approach
10th Jan 82.14 88.56 86.30
11th Jan 95.25 99.82 104.56
12th Jan 86.98 87.52 95.03
13th Jan 113.86 117.79 142.43
14th Jan 86.04 88.54 98.72
15th Jan 73.73 74.15 75.75
16th Jan 63.37 62.81 74.68
Weekly Cost 601.36 619.19 677.47
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Table 4.5: Total cost of system in SGD/day for all commercial EV charging load model

and solved using CPLEX

Day | CostwithESs | ,  COSUWHNESS = 1o without ESS
deterministic approach
10th Jan 266.69 301.23 298.76
11th Jan 325.93 367.86 357.12
12th Jan 301.02 334.02 323.28
13th Jan 410.80 502.56 490.11
14th Jan 301.53 337.76 344.18
15th Jan 252.86 272.92 264.31
16th Jan 217.47 236.59 226.20
Weekly Cost 2076.31 2352.94 2303.96

The results from fmincon and CPLEX are compared in the Table 4.6 and Table 4.7.
It is observed that CPLEX has solved the problem more accurately in all the scenarios
of all private and all commercial EV charging. The weekly cost of operation for the
all private EV charging scenario using CPLEX is found to be $12.03 and $12.69 lesser
compared to the results obtained from fmincon solver for the case of with and without
price bands respectively. While for all commercial EV charging scenario, it is $7.45 and
$9.46 for the case of with and without price bands respectively. The difference between
the savings obtained in these two cases by using fmincon and CPLEX is found to be

$0.66 for all private EV charging scenario and $1.71 for all commercial EV charging

scenario.

Table 4.6: Comparison of results in SGD: All private EV charging load

Solver Cost v_vith ESS C_ost with _ESS Weekly saving
and price bands | and without price bands
fmincon 613.39 631.88 18.49
CPLEX 601.36 619.19 17.83
Difference 12.03 12.69 0.66

Table 4.7: Comparison of results in SGD: All commercial EV charging load

Solver Cost \{vith ESS C_ost with 'ESS Weekly saving
and price bands | and without price bands
fmincon 2083.76 2362.10 278.34
CPLEX 2076.31 2352.94 276.63
Difference 7.45 9.16 1.71
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Results show that in some cases though the saving is very less as compared to elec-
tricity cost without ESS, the algorithm has successfully managed not to exceed the run-
ning cost of the system with ESS. Comparing the cost savings between Table 4.6 and
Table 4.7, savings with commercial charging are more than those of the private EV
charging load model, which suggests that with an increased and evenly distributed load
throughout the day, it is more economical to deploy the ESS. However, the savings ob-
tained show some variation. This variation is due to highly volatile nature of WEP. The
ESS has successfully reduced its dependency on the grid during high WEP hours. Also,
the ESS has clipped the peaks in load demand from passing over to the grid during
intermittent peak pricing hours, i.e., when UB > R(t) > LB.

The results in Table 4.6 and Table 4.7 also show the reduction in cost of EV charg-
ing operation using the addition of price band segregation method applied in the pro-
posed algorithm when compared to the complete deterministic approach without price
band segregation. Each iteration of the proposed algorithm is solved at the beginning of
each minute. The results are obtained in less than ‘1’ second for all cases. In case of
the complete deterministic approach, various other solvers and optimization techniques
can solve the problem faster owing to reduced complexity. However, the reduction in
computational time is insigni cant in the scenarios of the EV charging application con-
sidered here. Hence, the proposed algorithm has an advantage of simpler formulation,

robustness and proven cost reduction in the PV integrated EV charging operation.

4.6.1 PV subsidy analysis

Figures 4.7, 4.8, 4.9 and 4.10 shows the four weeks results obtained from the simulation,
for the cost of electricity purchased from the grid for the PV integrated EV charging
station with ESS using entirely the private EV charging load model. Various levels of
subsidy (in %) provided in the PV system is also shown.The complete ESS degradation
cost is considered during the optimization of this test case. Figures 4.11, 4.12, 4.13 and
4.14 shows the same details for commercial EV charging load for a period of four weeks.

During the simulation, the percentage of subsidy on PV system is increased gradually
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in the steps of 5% to check the optimum point, where the cost ‘without ESS and PV’
matches with the cost of ‘ESS and subsidized PV’. This procedure is repeated for four
consecutive weeks of January 2016, with its real-time WEP for each day. The results of
subsidy analysis are shown in Figures 4.8, 4.9 and 4.10 for private EVs and for Figures
4,12, 4.13 and 4.14 commercial EVs.

The results obtained for each week as shown in above Figures proves that with the
given con guration of the EV charging station, up to 40% subsidy in the PV system
is required for the private EV charging load, and up to 5% subsidy is required for the
commercial EV charging load. This drastic reduction in requirement of subsidy indicates
that with a higher and evenly distributed EV charging load across the day, the ESS and
the PV system would be more economical with the proposed algorithm. The commercial
EV charging provides an added scope for the proposed algorithm to exploit the bene t
of ESS and half hourly changing WEP compared to the private EV charging load. The
proposed algorithm is robust to adapt to different con gurations of the EV charging

station, ESS and PV system.

120



Figure 4.7: Weekly running cost of private EVs for various % of PV subsidy

Figure 4.8: Weekly running cost of private EVs for various % of PV subsidy

Figure 4.9: Weekly running cost of private EVs for various % of PV subsidy
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Figure 4.10: Weekly running cost of private EVs for various % of PV subsidy

Figure 4.11: Weekly running cost of commercial EVs for various % of PV subsidy

Figure 4.12: Weekly running cost of commercial EVs for various % of PV subsidy
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Figure 4.13: Weekly running cost of commercial EVs for various % of PV subsidy

Figure 4.14: Weekly running cost of commercial EVs for various % of PV subsidy
4.7 Discussion

The study presented in this chapter optimizes the charging/discharging power from the
ESS, and the power to be imported from grid based on price band allocation of the
real-time WEP. The study presented in this chapter is an application demonstrating the
extension of results obtained from chapter 3. Various case studies can be created by
varying the parameters in ABM for EV charging as well as parameters in system model

presented in this chapter.

1. The scope of this study is limited to energy storage management and calculation
of the degradation cost of ESS, while ful 1ling 100% EV charging load at all time.
The proposed hybrid algorithm is robust to adapt any kind of EV load modeling

process.
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2. The proposed algorithm works best when the volatility in the wholesale electric-
ity market is high, taking the advantages of the continuous change in WEP and
adjusting its mode of operations between different approaches. The case where
WEP remains at for the entire day, UB and LB for all t would follow a con-
stant trend. The R(t) would always lie between UB and LB. Hence, parts of the
proposed algorithm, Algorithm 1 and Algorithm 2, will not execute in this sce-
nario. The optimization would be entirely solved using linear programming, i.e.,
deterministic approach. While the proposed algorithm ensures an optimum solu-
tion with at electricity price, the ESS may not charge/discharge due to a high
cost of operation. However, this is a limitation imposed by the market through a

at WEP trend, rather than a disadvantage for the algorithm itself. If the WEP
is consistently having a at trend, the need for TOU and WEP itself would be
questionable, and it is not in the scope of the thesis. As the proposed algorithm
is designed for maximizing the bene t of variations in WEP, a at trend in WEP
would not require complex procedures described in the proposed algorithm. It can
be solved using a simple linear programming solver. To summarize, the proposed

algorithm will be underutilized where the WEP trend is at.

3. The cost of deploying ESS and PV is still rather high in today’s power generation
scenario, and expected to the lower in future with ongoing technical advances
in both elds. Though prices are higher, global efforts like Paris agreement on
climate change [3] and climate action plan [73] are motivating all countries to
take preventive measures against carbon emissions. A higher penetration of EVs
is a solution to reduce carbon emissions. In order to achieve these goals set by this
agreement, adoption of ESS and RES is essential irrespective of its higher costs to

counteract the problems created by EV charging.

4. This study brings in the subsidy analysis to help in better absorption of ESS and
PV into the existing power system for EV charging applications until the cost of

RES is lowered.

5. The scenario where EV load increases suddenly, the presented study shows that
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a sudden increase in load would result in decrease in subsidy required for PV
integration, as shown in Figure 4.7 and 4.11. This is because of higher utilization
of variation in electricity price. However, all the components of this study are
scaled for a single charging station. The present form of algorithm is evaluated to

t well when multiple charging stations of similar or lesser capacity are deployed
at various places. In case of multiple charging stations, the proposed algorithm
would be helpful in energy storage management between the individual charging
station and grid. The combined operation of multiple charging station would then
become a new microgrid optimization problem which needs additional layer of

optimization for energy exchange among PV and ESS of all charging stations.

. PV integrated EV charging stations deployed with ESS would reduce the power
demand from grid during high price-peak hour whereas it would provide an op-
portunity for the grid to inject power into ESS and load during low price hours.
This characteristic can be observed in Plot(l11) of Figure 4.6. The average power
imported from the grid is reduced when PV and ESS is deployed at the charg-
ing station compared to a scenario without PV and ESS. The entire EV charging
load would have been supplied by the grid in the later case. Reducing the loads
from the grid during peak hours in turn reduces the stress on conventional power
generation sources. Reduction in each unit of energy is equivalent to generation
of the same unit of energy at power plants. It would also reduce the burden on
the distribution network where the charging stations would be located, as well as
the corresponding transmission network. The effect of intermittency in PV gen-
eration is minimized due to presence of ESS as a buffer between PV and grid.
Electricity markets worldwide are moving towards liberalization for more con-
sumer participation. A PV integrated EV charging station with ESS allows active
market participation for charging stations, which would also facilitate the dynamic

pricing from market operators.

. The results shown in Table 4.6 and Table 4.7 show that the proposed hybrid opti-

mization algorithm provides the satisfactory results with the use of fmincon and
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CPLEX solver. The novelty is proposed in terms of implementing price bands and
use of ESS degradation cost with respect to its life cycles within the problem for-
mulation and optimization process to minimize the cost of energy purchased from
grid. The formulated problem is solved with and without implementing electricity
price bands as an input to the problem. Both cases are evaluated by using same
solver each time i.e. fmincon and CPLEX. The commercial solver like CPLEX
has de nitely produced more accurate results as evident from Table 4.6 and Table
4.7. However, the proposed method has always resulted in lower cost of the oper-
ation compared to the case without addition of electricity price bands. Hence, the

use of any solver to compare both cases would yield to the similar conclusions.

4.8 Conclusions

The objective of this extensive economic analysis of PV-Integrated charging stations
with on-site ESS is to minimize the EV charging cost with the help of ESS at PV inte-
grated EV charging stations using TOU wholesale electricity pricing which varies every
half hourly. A hybrid optimization algorithm which is combination of rule-based as
well as deterministic approach is proposed in this study to meet the aforesaid objective.
The wholesale electricity is rst categorized into upper and lower price bands every
half hour. The real-time electricity price is then checked against the real-time calculated
bands. Subsequently decisions are taken by the algorithm to shift between the rule-based
and deterministic modes. Hence, the algorithm is termed as the hybrid optimization al-
gorithm.

During the deterministic mode of operation, the optimization problem is formulated.
Using the real-time wholesale electricity price and EV load demand generated via the
ABM of Chapter 3 as inputs, the algorithm provides decisions for energy storage man-
agement while ful Iling all EV charging load without violating the ESS constraints. The
OCS load pro le used has the peak demand of 272.59 kW. The proposed hybrid opti-

mization algorithm is evaluated for two scenarios: with ESS deployed near EV charging
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stations without rooftop PV, and another with ESS deployed near PV integrated EV
charging stations. The rst scenario is used for studying the feasibility of the ESS in
the EV charging station. It is applicable to areas where EV integration is substantial
but deployment of the PV system is not feasible due to less sunshine hours, such as
Norway [114].

The degradation cost of ESS as well as the levelized cost of energy (LCOE) for PV
are considered in this study to assess the economic feasibility of deploying ESS in the
TOU-based energy storage management of PV integrated EV charging stations. Results
obtained for this scenario show a signi cant amount of cost saving due to deployment
of ESS in utilizing the TOU pricing of the wholesale electricity price (WEP). The cost
of charging station operation for commercial and private EVs reduced by 8.6% by using
the proposed algorithm with on-site EVs. Furthermore, the subsidy on the PV system
to be provided by the government agencies is demonstrated with extensive simulation
results considering solar irradiation and LCOE of PV. Due to the higher cost of the
PV system, it has been observed that up to 40% subsidy is required on the PV system
cost for the operation of charging station catering privately owned EVs. This subsidy
decreases drastically to 5% when the same charging station caters to commercial EVs.
The reduction in subsidy requirement is due to the higher utilization of ESS in using
TOU pricing. Hence, it has been concluded that the amount of subsidy requirement
on PV system reduces with a higher utilisation of ESS based on TOU prices. Results
from the latter scenario are useful in analyzing realistic economical PV integration for
EV charging applications, as the PV and ESS costs are still rather high compared to the

costs of fossil fuel-based power generation.
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Chapter 5

Conclusion and Recommendations for

Future Research

This chapter provides an overall assessment of this thesis. The recommendations for
the future research directions with regards to the extension of research in ABM for EV
charging and the extension of energy storage management strategies for the operation of

multiple EV charging stations are discussed.

5.1 Conclusion

In this thesis, a simulation model to predict the charging demand of EVs based on var-
ious essential parameters is proposed. The background of the ABM and techniques for
its implementation is described in chapter 2. The forecasting methods used in litera-
ture previously have the limitations in generating repetitive charging demands and lacks
the ability to adapt itself should any unexpected situation occurs in the charging process.
The ability of ABM in responding itself according to the change in situation helps in pre-
dicting the behavior of EV users under various scenarios. Hence, this approach closely
mimics the real world EV charging experience which traditional stochastic modelling
techniques fails to achieve.

The results emphasize the practical applicability of the ABM based approach to pre-

dict the charging demand of EVs. The ABM approach accounted for various aspects of
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EV charging including technical, social and economic parameters to ensure reliable re-
sults. The simulations were carried out for a 24-hour period over several days. Individual
and total power demands at the charging stations are determined for various scenarios
to enable a further analysis in real world situations. Furthermore, the proposed model
also facilitated the analysis of both commercial EVs and private EVs by accounting for
their respective usage patterns. The sensitivity analysis is presented at the end of chap-
ter 3. The sensitivity analysis based on the proportion of commercial category vehicles
signi es that EV charging stations capable of fully accommodating present charging
requirements can accommodate 20% more EV penetration without signi cantly impact-
ing peak demand of EV charging stations. This sensitivity analysis of user experience
suggests that as EV users become more experienced, the frequent charging events are
lowered resulting in lower charging demand. The power demand can be reduced up to
30% if the drivers are well aware about driving range of the EV battery. This highlights
the need of more accurate battery SOC estimation techniques to reduce the range anxi-
ety of EV users. The analysis also shows that if 20% of the slow charging capable EVs
are replaced or modi ed with the DC fast charging capability, the existing EV charging
infrastructure would be able to accommodate their charging power requirement without
signi cant increase in peak charging demand. It has been observed that electricity price
plays a major role in deciding the preference of charging stations among EV users. With
implementation of higher peak hour pricing, 33.58% of EV charging load reduction has
been observed at OCS.

The model developed in this thesis can be used for sizing ESS. It is demonstrated
in chapter 3 with an example of OCS modelled with ABM having peak demand of 78
kW. With the on-site PV generation of 75kW peak, the ESS size was calculated as 419
KW. In the next application study, the agent environment was also linked with the mod-
i ed IEEE 14-bus electrical network by solving the optimal power ow problem for an
exemplar power system. For the spacial resolution of 92.16 sq. km, four charging sta-
tions with the peak charging load requirement of 236.13 kW, 326.52 kW, 232.15 kW and

284.97 kW were placed in the network. Buses 2, 3, 4 and 9 were having solar PV power
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plants with capacities of 150 kW, 75 kW, 75 kW and 150 kW respectively. Buses 3 and
4 were having energy storage systems with capacities of 420 kW and 300 kW respec-
tively. The OPF was run using this con guration and voltages were found to be within
limits on all buses. Hence, the ABM presented in this study overcame various disadvan-
tages inherent in existing models by accounting for the in uence of human aggregate
behaviour on the overall charging demand of EVs [115] and successfully demonstrated
the possibility of extension of the proposed model for various power system studies. In
future, the approach presented in this work can be validated using measured data from
government agencies such as Singapore’s Land Transport Authority or private charging
station operators and EV eet owners. Several important parameters were selected dur-
ing this modelling process and are used for studying their effect on the individual and
total charging demand at EV charging stations.

Chapter 4 presents a self-adaptive hybrid optimization algorithm which uses com-
bination of deterministic and rule-based approaches for implementing energy storage
management in the PV integrated EV charging station [116]. This part of the study
emphasizes the application of the proposed ABM approach of EV charging loads in
developing optimal power ow techniques for a charging station. The algorithm is exi-
ble for adapting according to different EV charging models and various electricity price
trends.

From the study, it can be observed that the proposed algorithm can effectively per-
form energy storage management between the ESS and the distribution grid, while con-
tinuously feeding private as well as commercial EV charging loads. It has resulted in
saving of around 8.6% for charging stations serving private and commercial EVs. The
study further analyzes the amount of the subsidy needed to economically deploy a PV
system near an EV charging station along with ESS as the costs for PV and ESS are still
rather high. The subsidy on the PV system to be provided by the government agencies
is estimated with extensive simulation studies considering solar irradiation and LCOE
of PV. Due to the higher cost of PV system, it has been observed that up to 40% sub-

sidy is required on the PV system cost for the operation of charging stations catering to
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privately owned EVs. This subsidy decreases drastically to 5% when the same charging
station caters to commercial EVs. The reduction in subsidy requirement is due to the
higher utilization of ESS in using TOU pricing. The reduction in cost of EV charging
station operation depends on the distribution of loads throughout the day and volatility of
the electricity market. Greater volatile market will earn more savings due to deployment
of ESS using this approach.

Hence, with the proposed algorithm and realistic EV load modelling using ABM ap-
proach, ESS at the distribution side can become bene cial for economical deployment
of a PV system near an EV charging station. Thus, ABM of EV charging has numer-
ous possibilities for extension of results in the analysis of the effect of EV charging
loads on the distribution system. This would eventually assist in designing policies for
the high EV penetration in the distribution system, as demonstrated by the PV subsidy
calculation.

However, ABM for EV charging used in this chapter also exhibits some limitations.
The ef ciency of the ABM is heavily dependent on the resource availability. The sim-
ulation of the microscopic model for EV charging behaviour requires large memory
and it consumes more energy as well as computational resources. This limitation of
microscopic ABM could be avoided by using the macroscopic model for ABM. The
macroscopic model consumes lesser computational resources and requires less memory
for its execution but the details to be observed are highly compromised. Hence, a proper
balance of the microscopic level parameters and macroscopic level parameters has to
be selected based on the application to be used for. The applications which do not re-
quire monitoring individual EV users such as unit commitment and generator placement
studies can bene t from the macroscopic model. The models which require individual
monitoring of EVs such as traf ¢ congestion analysis, harmonic analysis of charging
stations are required the detailed modelling of each EV. This consumes more time to
execute model. Hence, the detailing of ABM to be used for EV charging applications

depends on the application area and available computational resources.
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5.2 Recommendations for future research

The future research directions for further investigating the methods and results presented

in this thesis are as follow:

1. In this thesis, the ABM approach to predict the behavior of EV users under var-
ious scenarios is analyzed. Various parameters have been identi ed during this
procedure of ABM and data in the context of Singapore is used for the modelling.
In future, the proposed ABM approach can be combined with the real world data
from the surveys and demographic projections obtained for other major cities such
as San Francisco, Tokyo and London where high EV penetration is in progress.
With the inclusion of the realistic data, the model would provide the charging
demands under distribution system constraints.

The proposed ABM model could be extended by adding new parameters af-
fecting EV user behavior such as road gradient, weather conditions and traf c
conditions of the respective areas to study their in uence on the total charging
demand at charging stations. In the cold countries like Norway, Canada and Den-
mark, an EV battery inside EV is required to provide an energy heating along with
the energy for driving. Moreover, the operation of lithium-ion batteries during the
subzero temperature condition is another challenge. This will not only affect the
output from the EV battery but also increase the frequency of charging thereby
increasing charging load demand.

Such an extension of the model could be worked out for the optimum number
and placement of the charging stations according to EV user behaviors. After
deciding the numbers and placement of charging stations, the load ow studies
can be undertaken to further analyze their impact on the distribution grid and better

EV absorption into the system.

2. In this thesis, the hybrid optimization algorithm for implementing energy storage
management in the PV integrated EV charging station is proposed. The proposed

work can be extended by using a combination of the multiple ESS technologies
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such as compressed air energy storage and vanadium redox- ow batteries. The
use of only one type of ESS for EV charging load management applications may
not provide optimum results. It may also put the stress on ESS if the performance
characteristics of one type of ESS do not match with the dynamics of the EV
charging load.

This can be solved using multiple technologies of ESS with different capacities
according to their characteristics and suitability combined together. This combi-
nation allows for the utilization of each technology’s advantages. Development
of the control algorithm which will communicate with the converter of each ESS
and performing the energy storage management for the whole system should be

investigated for such Multi-Technology-Multi-Capacity ESS.

. The proposed EV modelling approach in this thesis can be extended with the agent
based peer to peer energy trading at the charging station. Here, an investigation
on the feasibility of two-layer energy trading operation in reducing the electricity
price paid by EV users would be a valuable addition to the EV charging domain.
In the bottom layer of the peer to a peer energy trading, each EV user can be
considered as peer. The charging station operator will receive the bids from the
EV users and settle them upon arrival of the consensus.

After the settlement of all bids from the EV users, the charging station operator
will evaluate the cost of operation for that time frame. This cost includes the
cost of energy sold to EV users, cost of operation of ESS and cost of energy
generated using the PC system. Based on this cost, each charging station in the
distribution system will now submit their bid to the distribution system operator.
Here, these charging station operators, other load users and energy producers will
be considered as peers. Upon receiving the bids from all charging station operators
as well as other energy producers and loads, the market operator will settle down
the bid in the top layer of energy trading upon arrival of consensus [117].

All the peers in the top layer and bottom layer would act as agents. These

agents would be taking their own decisions in bidding as well as consensus ar-
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rival method based on their attributes. Such an agent based energy trading would
help in decentralizing the electricity market and provides more consumer partici-
pation in the market. This method would thereby control the electricity prices for
EV consumers according to consumer requirements assisting the grid to prepare

towards high EV penetration.
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