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Preface

The transportation sector utilizes a considerable amount of energy worldwide;
therefore, it has a significant impact on today’s energy systems. In recent years,
electric vehicles (EVs), as a technical solution, have been given great attention in
order to address the environmental concerns in modern cities. Meanwhile, the EVs
impact on electric grids and energy systems should be investigated in both planning
and operation studies. Different charging strategies including uncoordinated and
coordinated charging methods have individual impact on energy systems. In addi-
tion, the vehicle to grid (V2G) and vehicle to home (V2H) abilities of EVs can
improve the efficiency of energy utilization in smart energy systems. Therefore, it is
necessary to study the impact of EVs on energy systems from various points of view.

In this book, a comprehensive study about EVs is done so that technical,
economic, and environmental aspects are taken into account. The EVs load model-
ing techniques, EVs integration with renewable energies, and energy optimization in
the future energy systems are discussed completely.

This book contains 15 chapters in which numerous researchers and experts from
academia and industries collaborated. The breakdown of the chapters is as follows:

e Chapter 1 reviews the challenges and opportunities of the electric vehicles in
energy systems. The transportation electrification as one of the pillars of intelli-
gent transportation systems is investigated in details.

e Chapter 2 models the electric vehicles’ travel behavior using artificial
intelligence-based approach. The data mining of electric vehicles is investigated
using deep learning method.

e Chapter 3 describes the role of off-board electric vehicles battery chargers in
smart home and smart grid applications. The energy storage system and renew-
able energies are also taken into account.

» Chapter 4 presents a nonlinear bi-level model for optimal operation of smart
distribution network. The electric vehicles can operate in both grid to vehicle and
vehicle to grid charge modes.
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Chapter 5 manages the energy of a typical microgrid considering solar energy and
electric vehicles. The chapter develops a charging management program that
increases the renewable energy’s penetration.

Chapter 6 presents an optimal operation model for electric vehicles. The wind
energy is integrated in the studied case, and the impact of coordinated and
uncoordinated operations of vehicles on stochastic generation of wind energy is
investigated.

Chapter 7 presents the distributed charging management of electric vehicles in
smart microgrids. The proposed cooperative control system is introduced to
accomplish a wide range of auxiliary services.

Chapter 8 proposes an energy and reserve management model for a distribution
network considering electric vehicles, renewable energy recourses, and distrib-
uted generations. In this chapter, an operation scheme for the electric vehicles
aggregator is accomplished with main objective function of decreasing operation
costs of distribution network.

Chapter 9 presents a bidding strategy model for electric vehicles’ parking lots to
participate in the electricity market.

Chapter 10 introduces battery sweep stations in microgrids and proposes a
stochastic model to participate in electricity market.

Chapter 11 presents the integration of electric vehicles charge stations with
renewable energy resource in order to participate in electricity market.

Chapter 12 models the impact of electric vehicles charging demand on residential
energy hubs.

Chapter 13 presents a stochastic model for electric vehicles battery replacement
stations. The renewable energy recourses are taken into account.

Chapter 14 models the participation of electric vehicles in demand response
program.

Chapter 15 optimizes the charge demand of electric vehicles in smart homes. The
load demand profiles of smart homes are modified by the proposed model.

The editors of the book warmly thank all the contributors for their valuable

works. Also, they would like to thank the respected reviewers who improved the
quality of the book by their valuable and important comments.

Bonab, Iran Ali Ahmadian
Tabriz, Iran Behnam Mohammadi-ivatloo
Abu Dhabi, UAE Ali Elkamel
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Chapter 1 ®)
Why Electric Vehicles? e

Hamidreza Jahangir, Masoud Aliakbar Golkar, Ali Ahmadian,
and Ali Elkamel

1.1 Introduction

Recently, automobile manufacture companies began to produce electric vehicles
(EVs) and new developments were made every day. At first, the progress speed of
the vehicle electrification was very slow, but nowadays some manufactures have
spent the time to completely change their vehicle from petrol to electric, and some
countries are preparing laws to ban petrol vehicles [1-3]. The problem of air
pollution is also widespread these days; in this regard, policy makers in modern
societies focus on electrification of the transportation fleet more than before and, in
near future, the next vehicle of every person all around the world will be electric
[4, 5]. In this chapter, an introduction to the motivations of implementing the EVs in
transportation fleet from different points including environmental, economic, polit-
ical and other aspects is presented. The incentives for the purchase of EVs in
different developed countries including America, Canada and Japan have been
considered and the most important concerns about EVs from the customers’ point
of view have been studied. Furthermore, the challenges imposed on the power
system, which are aggravated by increasing the penetration of the EVs in transpor-
tation fleet, are also explained.
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1.2 The Motivations for Increasing the Penetration Rate
of EVs

Today, the transportation sector consumes a significant amount of energy around the
world [6]. For example, the transportation sector uses about one-third of the US
energy consumption annually (27.5 quadrillion in 2010), and fossil fuels are the
main sources of the transportation fleet [7-9]. In addition, as shown in Fig. 1.1,
energy consumption by the transport sector has increased dramatically since 1950.
This fact is confirmed by a review of NHTS database information released in 2011.
According to NHTS, the number of cars per family has increased dramatically in
recent years.

Also, despite the increase in car efficiency, as shown in Fig. 1.2, fuel consumption
increased from 1980 to 2010; although the increased truck sales somewhat reduced
the efficiency of the transportation system, the overall efficiency increased each year.
Furthermore, the increase in vehicle miles travelled (VMT) per person shows a
significant increase in energy consumption pattern. As shown in Fig. 1.3, the per
capita distance traveled per vehicle is lower than the per capita distance traveled by
each household due to the increasing number of the vehicles purchased by house-
holds [10-12]. Therefore, this information well suggests that the number of vehicles
in modern societies is steadily increasing. This increase in the number of vehicles,
despite their efficiency, will increase the need for fossil fuels.

Increasing vehicle fuel consumption has a significant effect on the greenhouse gas
emissions and air pollution. The vehicle share of the fossil fuels consumption in the
United States in 2011 includes about 53% of CO, 31% of NOX, 24% of VOCs, and
1.7% of PM2.5 [13, 14]. The transport sector also accounts for a large portion of

40 T T T T T
=== |ndustrial
= = Transportation

35 Residential b
==== Commercial

251

20 -

15

Quadrillion Btu

0 1 1
1949 1960 1970 1980 1990 2000 2011

Year

Fig. 1.1 Energy consumption trends in various parts of the United States from 1950 to 2011
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Fig. 1.3 The trend of increasing per capita fuel consumption, the distance traveled per car and the
per capita distance traveled per household

CO2 production, with a share of 31% in 2009 [15]. Therefore, statesmen as well as
environmental activists are constantly striving to overcome this great challenge in
modern societies. In addition, concerns over the limitation of the fossil fuel energies
have doubled the incentive for governments to address this problem [16]. There are
various technical solutions to reduce fossil fuel consumption, for example, the policy
for increasing the fossil fuel prices, efforts to increase consumer efficiency and
obtain fines for air pollution from the consumers, implementation of traffic control
policies such as blocking single-vehicle traffic, traffic plans, and so on. Meanwhile,
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the use of EVs has been suggested as an effective way to reduce fossil fuel
consumption and environmental concerns. However, given the high cost of EVs
compared to traditional vehicles and the risk of charging these vehicles, customers
are not very keen on buying these vehicles right now [17]. The solution for
increasing the EVs penetration in the transportation fleet is that the price of petro-
leum products rises significantly and the energy storage technology improves effi-
ciently. In this situation, EVs can compete with traditional cars. Furthermore, special
support for the purchase of EVs in the form of various facilities is needed. Various
facilities have been offered in many countries for the purchase of EVs which has
resulted in increased customer satisfaction and increased penetration of EVs in the
transportation fleet.

1.2.1 Facilities in Different Countries to Encourage
the Purchase of EVs

In many countries, various facilities such as tax exemptions, discounts for environ-
mental protection organizations, and so on are offered to buy Evs [18-22]. In Iran,
for example, in 2014, the government abolished the taxes tariff on importing EVs
into the country, thereby providing a good incentive to interest consumers. In the
United States, in 2008, the law about EVs tax provided special discounts for EV
buyers to increase market penetration. In Japan, the first incentive program began in
1996 and improved in 1998. Relevant facilities in Japan included subsidies and a tax
rebate on the purchase of EVs. The plan employed in Japan would subsidize up to
50% of the extra costs of an EV compared to a conventional vehicle, which is about $
8500. This may have caused Japan to have the largest number of EVs after the
United States, so that about 95,000 EVs were sold in Japan from 2009 to 2014. In
Canada, there is a $ 5000 discount for EVs up to 4 kW and $ 8500 for EVs up to
17 kW. Furthermore, EVs in Canada also have a special license plate called green
license plate, with the benefits of being allowed to travel on routes that only vehicles
with more than one passenger are permitted, or charging and parking in special
parking lots. These incentives lead to an increase in the penetration of EVs in
transportation fleet. The most important infrastructure needed in this regard is the
availability of the installed charging stations in homes, personal business centers,
and public stations across the city and along the roads.

1.2.2 The Cost of the Charging Infrastructure of EVs

To increase the penetration of EVs in transportation fleet, we need to consider the
infrastructure cost for electrifying vehicles. The cost of EVs charging infrastruc-
ture will vary depending on the type, size and location of charging stations
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Table 1.1 Cost of different charging stations

Charging station model Lower bound price ($) | Base price ($) | Upper bound price ($)
Home EV charger 1.4 kW 25 75 550
Home EV charger 7.7 kW 500 1125 4000
Public EV charger 1.4 kW 1050 3000 9000
Public EV charger 7.7 kW 2500 5000 15,000
Public EV charger 38.4 kW | 11,000 20,000 50,000

[23]. However, based on some assumptions, the cost of EVs’ infrastructure can be
estimated. One hypothesis is that the EV charging system should be uniform
throughout the world; in other words, it should have the same standard
[24]. This assumption makes a low charge cost, as anyone with any type of EV
can charge at any station at any time. If this uniformity is not respected in the
manufacture of charging equipment, in addition to causing problems in the charg-
ing process, the charging cost for EV owners will also be higher [25]. EV charging
infrastructure costs include equipment costs and installation costs. To estimate the
cost of the equipment, in general, the charge is assumed to be the same in all areas,
and all equipment are installed by one company. In this case, the base price is
extracted and the real price can be more or less dependent on the circumstances. It
will be cheaper to install charging equipment at homes with robust wiring infra-
structure. Installing a payment tool for credit cards or other ways will raise the
price of this equipment. Generally, installing charging equipment in public places
is more expensive than installing it at home [26]. As for home installation, the
homeowner would have to pay more if the home has not strong wiring infrastruc-
ture. In the case of public charging, including charging in commercial areas, the
cost of operating such as the cost of lighting and so on will also affect the final cost.
The basic cost of EV charging infrastructure, along with its lower limit and upper
limit, is shown in Table 1.1 [27].

From the points outlined in the preceding sections, it can be concluded that with
the support of governments and the investment in appropriate infrastructures, EVs
share will be increased significantly in transportation fleet by near future. It should be
noticed that by increasing the penetration of EVs in transportation fleet, the electric
load demand of EVs will be increased dramatically and we need new power plants to
meet this need. If these new power plants are constructed based on fossil fuels, the
environmental and pollutants concerns about conventional vehicles will lead to
electricity generation part. Also, this increase in electrical load demand by EVs
will put considerable stress on power systems, especially on electricity distribution
networks, and network operators will have to build or reinforce transmission lines
and other parts of the power system. To overcome this problem, researchers in EVs
energy management field have proposed coordinated or smart charging strategies to
reduce the adverse effects of EVs on power systems, and recommended various
approaches for optimal smart charging producers [28]. Other researchers have also
suggested the use of vehicle to grid (V2G) operation mode of EVs through smart
charging in which EVs provide ancillary services to reduce the power system stress.
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1.3 Different Types of Electric Vehicles

Generally, based on the technology used in EVs and type of their connection to the
power grid, EVs are categorized in three main types including all-electric vehicles,
hybrid electric vehicles (HEV), and plug-in electric vehicles (PEV) [29]. It is
predicted that EVs with the ability to connect to the power grid will have a better
future than others. In this part, different kinds of EVs are explained in details.

1.3.1 All-electric Vehicles

All-electric vehicles are the first generation of EVs which use the energy stored in
batteries to power electric motors and provide propulsion power. The propulsion
power of the vehicle is provided solely by electrical energy that is free of pollution
and, therefore, they are known as non-polluting vehicles (zero pollution). The first
generation of the this EV had limited battery capacity and was not capable of long
distances. This, coupled with the high cost of batteries and lack of possibility for
these vehicles to be charged by other sources, made the all-electric vehicles uneco-
nomical and led them to be rejected by the customers. Recently, according to the
significant improvements in battery technology, the prices of these vehicles have
dropped significantly and it caused these EVs to receive high welcome from buyers.
Nowadays, EVs are defined as plug-in electric vehicles (PEVs) and can be charged
by power grid either at homes or in public places. This feature makes the all-electric
vehicle as a good choice for customers and improves the reliability of its charging
procedure. The main advantages of these vehicles are defined as follows:

* Completely free of greenhouse gas emissions.

* Much higher efficiency than internal combustion engines.

* Can be recharged with renewable energy sources.

1.3.2 Hpybrid Electric Vehicles (HEVs)

These vehicles have both a fuel engine (internal combustion engine) and an electric
motor with sufficient battery capacity to save energy from the fuel engine and
brakes. Batteries come in handy when needed to produce auxiliary power, or at
low speeds, by turning off the fuel motor to provide the driving force. About 1.5
million HEVs have been sold in the last decade. In the developed countries such as
the United States, about 3% of existing vehicles are hybrid. Disadvantages of these
vehicles are listed as follows:

* Unable to charge batteries over the network.
* Dependence on fossil fuel consumption engine.
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Table 1.2 Specifications of common EVs

Charging rate | Charging time | Trip length | Battery capacity

Vehicle model EV kind | (kW) (h) (km) (kWh)
Mitsubishi iMiEV | EV 3.1 7 100 16

Nissan leaf EV 33 8 118 24

Tesla model S EV 11 8.5 425 85

Chevrolet volt PHEV 33 3 61 16.5

Toyota Prius PHEV 33 1.5 18 52

Ford fusion PHEV 33 2.5 34 7.5

1.3.3 Plug-in Hybrid Electric Vehicles (PHEVs)

The plug-in hybrid electric vehicles (PHEVs) are combinations of the two previous
types, and have been designed to eliminate the disadvantages of them. As they
have rechargeability by the power grid, they require batteries with more capacity
than HEVs. The major difference between the batteries of these two types of EVs
(PHEVs and HEVs) is that the PHEV battery must be capable of fast discharge and
fast recharge, while HEV batteries operate in near-full charge and discharge rarely
occurs. Since the PHEVs can be recharged with a power grid at homes and in
public places, the volume of batteries used in PHEVs has increased. It is therefore
possible to travel longer distances than HEVs using the non-polluting mode
(electric mode). The most important feature of PHEVs or PEVs is their ability to
connect to the power grid and the possibility of bi-directional power exchange—
grid to vehicle and vehicle to grid— which are known as G2V and V2G, respec-
tively. It should be noted that with the increasing number of PHEVs and PEVs in
the future, there will be a significant volume of energy storage which can help the
operation of the power system by providing the ancillary services. The specifica-
tions of some of the most popular EVs in the world are shown in Table 1.2 [28].

1.4 Different Charging Rates of EVs

To assess and evaluate the impact of EVs and power system on each other, the
charging level of the EVs must be known. The researchers in this field, by consid-
ering the charging infrastructure capability, have introduced three levels of charging
as follows [30-32]:

e Level 1 (about 2 kW charging rate)
e Level 2 (about 7 kW charging rate)
* Level 3 (about 50 kW charging rate)

In this part, we are going to describe these charging levels in details.
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1.4.1 Charging Level 1

Level 1 (Slow Charging): This level of charge is usually AC and single phase and is
known as the standard charging level. Charging rates vary across countries; in many
European countries, it is around (230 V, 16 A and 3.7 KW). In some other European
countries, such as England and Switzerland, the standard charging levels are lower,
(230 V and 13 A) and (230 V and 10 A), respectively.

1.4.2 Charging Level 2

Level 2 (fast charge): This charge level is in one or three phases and beyond the
standard charge level; these conditions may be available in residential and commer-
cial environments. There are different charging rates in different countries, ranging
from 10 to 20 kW.

1.4.3 Charging Level 3

Level3 (very fast charge): This charge level comes in three phases AC and DC. This
charging surface requires an external charging, and depending on the level of
charging, it requires power equipment for cooling electronic devices. Charging
rate is above 50 kW. This level of charging is usually used by drivers in emergency
situations that require low charging time. In this case, the time factor is very
important.

However, when the penetration of EVs is high, usually charging level 3 can refer
to special charging stations like gas stations, where the EV can get 50% of its charge
in 10-15 minutes. A brief description about various charging levels are illustrated in
Table 1.3.

1.5 Charging of EVs

Charging of EVs is done for different purposes with different structures. Depending
on the power system conditions, the purpose of the optimal charging process and its
implementation structure will be determined. In this regard, in this part, different
goals of EVs charging and then different structures of smart charging implementa-
tion are introduced.
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Table 1.3 various charging levels [33]

Charging
specifications

Charging level 1

Charging level 2

Charging level 3

3|

. .

"G

HP

Voltage (V) 120 V 1-phase AC 208 V DC or 240 V 208 V DC or 480 V
1-phase AC 3-phase AC

AMPS (A) 12-16 12-80 <125

Charging rates 1.4-1.9 2.5-19.2 <90

&W)

Charging time for
vehicle

10-20 miles of range
per hour

10-20 miles of range
per hour

80% charge in
20-30 minutes

1.5.1 Different Purposes of Optimal Charging of EVs

The EVs’ smart charging strategy can be set for different purposes. Each of these
goals has its own advantages and disadvantages which are given in Table 1.4 [34—
36]. As shown in Table 1.4, as we move from uncoordinated charging to smart
charging, the EVs’ charging implementation algorithm becomes more sophisticated
and more infrastructures are required; however, smart charging algorithms bring
more benefits for the power grid operator and EV owners. It should be mentioned
that if all the EVs charge in an uncoordinated manner without specific control and
scheduling, and each EV does its charging as soon as it arrives home, subscribers
will have more freedom to operate; however, power grid will experience sharp peak
loads which have harmful effects on the power system stability and operation. So, it
is better to use smart charging procedure.

1.5.2 Different Structures for Implementation of Smart
Charging

To implement smart charging of EVs, the infrastructure needs to communicate with
different components of this problem including subscribers, aggregators and net-
work operators. Following, we discuss different structures for implementing smart
charging procedure.

1.5.2.1 Centralized Charging Control Structure

This structure is known as direct charging. As shown in Fig. 1.4, in this arrangement,
the aggregator is directly responsible for charging all EVs in its area. The aggregator
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Table 1.4 Advantages and disadvantages of different charging approaches

Charging mode | Load profile Advantages Disadvantages
Uncoordinated Easy implementa- Overloading in power
charging tion transformers and distri-
Comfortable for EV | bution feeders.
owners Increasing the peak load
of the distribution net-
0 2 4 6 8 101214 16 18 20 22 Work
Increasing the electricity
cost
Increasing the need to
reinforce the grid
Charging in Easy implementa- Easy implementation

off-peak time

0 2 4 6 8 101214 16 18 2022

tion

Flattening the load
demand profile
Improving the inte-
gration of renewable
energies at off-peak
hours

Delaying the grid
investments

Unbalancing the load
demand profile due to
the sharp increase of
EVs demand
Possibility for voltage
deviations
Decreasing the cus-
tomers’ welfare

Optimal charg-
ing for valley
filling

0 2 4 6 8 10121416 18 20 22

Providing the ancil-
lary services for
power system
Flattening the load
demand profile
Improving the inte-
gration of renewable
energies at off-peak
hours

Delaying the grid
investments

Complex implementa-
tion

Requiring the ICT
infrastructures
Decreasing the cus-
tomers’ welfare

Optimal charg-
ing for peak
shaving

0 2 4 6 8 10121416 18 20 22

Providing the ancil-
lary services for
power system
Reducing the peak
load

Improving the inte-
gration of renewable
energies at off-peak
hours

Delaying the invest-
ments for the power
system
reinforcements

Too complex imple-
mentation

Requiring the ICT
infrastructures
Degradation of the cus-
tomers’ batteries during
the V2G

Energy loss in different
operation modes

can control other organizations such as charging stations, where each charging
station is responsible for charging the EVs inside its territory. In this structure, the
aggregator is connected to the distribution network operator and the transmission
system operator to control the charging procedure of the EVs according to technical
and economic conditions of the power system. In this way, the aggregator first
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estimates the load demand of EVs according to the predicted subscribers’ travel
behavior, then, informs the distribution and transmission network operator, and after
confirming them, finally, the aggregator submits the predicted load demand in the
electricity market.

Under these circumstances, the technical constraints of the upstream network
have also been considered. The aggregator, in coordination with the distribution and
transmission network, can also participate in the electricity market for ancillary
services such as frequency control and reservation [39, 40]. The aggregator has to
collect various information about the subscribers’ travel behavior to predict the load
demand of EVs as shown in Fig. 1.5. In this structure, the aggregator sends the
charging signal to the EV owners and controls the charging demand of the EVs by
considering the technical limitations of the power system for different purposes
including frequency and voltage regulations, power loss reduction, minimizing
charging costs, and so on.

1.5.2.2 Decentralized Charging Control Structure

This structure is known as an indirect charging; in this case, rather than an interme-
diary entity (aggregator) determines the charging procedure, EVs receive different
signals from the upstream network or aggregators and participate in various schemes
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Fig. 1.6 The overall structure of the decentralized charging control method

by their choice. In this regard, the upstream network only suggests the optimal
charging profiles and the subscribers can accept or reject the suggested charging
patterns with their own judgment. The main configuration of this structure is
illustrated in Fig. 1.6 [41, 42].

In fact, in this structure, it is up to the customer to decide how much and when to
charge; in different situations, the aggregator or the upstream network operator only
directs the subscriber by updating the price and control signals. This structure is
more commonly known as multi-agent approach. In this structure, because each
subscriber is a decision-maker, smart communication equipment has to be consid-
ered for each EV or private charging places which creates additional cost in the
charging infrastructure part.

1.5.2.3 Comparison Between Centralized and Decentralized Smart
Charging Structures

To choose the right smart charging structure, these two general methods need to be
compared.

In the centralized method, all the charging procedures are performed by the
aggregator and it is the aggregator that adjusts the charging profile of all the EVs
by considering different charging demand of the subscribers and the upstream
network condition. By increasing the penetration of EVs in transportation fleet,
centralized method requires a large database and a powerful processor in the
aggregator’s compiler center to determine the optimal charging procedure of EVs
[43]. This structure has higher reliability than decentralized structure because, here,
the charging method is determined by the aggregator and the subscribers
(EV owners) must obey the charging signals most of the time. In this regard, the
upstream network operator can count on the ancillary services such as frequency
control by EVs.
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Table 1.5 Specifications of common electric vehicles

Smart charging

mode Advantages Disadvantages

Centralized opti- | Clear and well-known Robust data processing server is needed

mal charging configuration Complex communication services for charging
Optimal usage of the signals are required
power grid capacity Customers privacy is not considered

Providing a reliable way
for ancillary services

Decentralized Improving the cus- High uncertainty in the final results

optimal charging | tomers’ welfare Inability to provide reliable uncertainty services
Charging control in user | Forecasting customers reaction is necessary
side Simultaneous behavior of the customers may be
Lower fault tolerance happened which causes avalanche effects

In the decentralized structure, the upstream network operator or aggregator only
transmits different charging commands or price signals to the subscribers
depending on the power systems conditions, and it is the EV owners who execute
these signals according to their situations, and they may not participate in some
programs. In this way, each subscriber must have its own smart charging program
that requires more intelligent equipment. Furthermore, in this case, EVs will be
less likely to participate in ancillary services such as frequency control and
reservation backups.

Considering different studies in this field, each of the above structures has its own
advantages and disadvantages. A general comparison of these two structures is
presented in Table 1.5 which implies that the centralized structure is more applicable
with high penetration rate of EVs in transportation fleet.

1.6 EVs as a Big Storage Unit in Power System by V2G

EVs, when connected to the power grid (plug-in EVs), offer a wide range of
applications. If they are equipped with the right hardware and software, EVs will
be able to transfer power in bi-directional ways including charging (G2V') and
discharging (V2G?) [44, 45]. Indeed, in V2G mode, EV acts as a storage unit and by
increasing the penetration of EVs in transportation fleet, we have a large capacity of
batteries. In this regard, V2G mode is an important ability of EVs which can help
power system operation in different ancillary services. In this part, we are going to
discuss various purposes of operating EVs in V2G mode.

'Grid to vehicle
*Vehicle to grid
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1.6.1 Application of the V2G Mode as Virtual Power Plants

The storage capacity of a bunch of EVs can be used as virtual power plants as shown
in Fig. 1.7. This approach is commonly applied by V2G operation mode in the power
generation and transmission sector. Minimizing energy costs and emissions by
focusing on the integration of large-scale renewable resources is the most important
issue in this regard [46, 47]. Virtual power plants can be used to balance generation
and load demand, reduce fossil power generation capacity and replace expensive
power plants, especially during peak hours. In this application, the energy of each
EV is not considerable, but the total available capacity of EVs’ batteries which
provide possible ancillary services is calculated. In fact, the concept of virtual power
plants has been taken into account because of the small size of the EVs’ batteries in
power system scale. From this point of view, this application can be applied to all
levels of the power system with the presence of other available resources. Similarly,
the concept of virtual power plants can be used in micro-grids, in standalone
operation mode, to control the fluctuations of renewable energies [48].

1.6.2 Application of V2G to Improve Power System Security
and Resiliency

The optimal location of EV charging stations is important for the power system
security, particularly, when this approach is implemented in the distribution
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Fig. 1.7 VPP configuration with different energy resources
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networks and microgrids with different types of configurations, such as radial or ring
grids with different voltage levels. The V2G is useful in different contingency
situations such as outage of a power system equipment. This highlights the impor-
tance of finding the optimal location of EVs parking lots to provide the needed
energy in contingency situations by V2G. Optimal location of EVs parking lots is so
useful at medium voltage distribution levels.

1.6.3 Application of V2G for Implementation
of the Microgrids

A microgrid is defined as the set of the various distributed generation energy sources
and storage units. Most of the valuable energy resources in the microgrid are
renewable resources, so using the capacity of EVs as a storage unit can be so
effective in damping their natural power fluctuations [49]. Besides, V2G can be
used for services such as voltage control and frequency regulation in the microgrid.
It should be mentioned that EVs are high-performance resources with flexible
behavior and quick response, and smart V2G can also improve demand-side man-
agement approaches in microgrids.

1.6.4 Application of V2G for Ancillary Services
in the Distribution Network

The importance of EV charging units in the electricity market has been further
enhanced by the increasing tendency to use renewable energy sources in combina-
tion with a reliable and flexible energy source for better regulation and reservation.
The number of available batteries is important for quick response applications in
short-term markets. The best market for EVs is the ancillary services market
[50]. The main auxiliary services in the wholesale market, where EVs can play a
key role in them, are the frequency regulation and the spinning reserve markets. The
frequency regulation market is an efficient market for V2G, and advances in fast-
charging infrastructures can make it even more operational. EVs can provide both
one-way and two-way auxiliary services [51]. In one-sided performance, EVs only
participate in pricing the frequency regulation and spinning reserve in the ancillary
service market. They cannot inject the energy stored in the batteries into the grid, so a
V2G concept is provided for this goal. V2G, in a demand-side management system,
can technically lead to balance the power in the smart grid structure. In addition,
V2G capabilities can be used to manage load demand profile and reduce the peak
load as an alternative to expensive generation units. V2G services have a significant
impact on the peak load of the small networks such as microgrids. It can be assumed
that EV owners have fully charged the batteries at work and injected them into the
power grid during the peak hours. In this approach, the available battery capacity for
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Fig. 1.8 Residential distribution network power losses with different charging modes

V2G will be obtained through the driving pattern between home and work. It is a
safe assumption that this will be possible with the expansion of smart parking lots in
the commercial industrial areas, universities and so on. As shown in Fig. 1.8, V2G
has successfully reduced the power loss at peak hours by half. The relationship
between different charging strategies and power loss of the distribution network is
illustrated in Fig. 1.9 [52].

1.7 Conclusion

In this chapter, a brief discussion about various features of EVs is presented. The
modern societies are moving toward electrification of the transportation fleet. This
happens due to the limitation of fossil fuel resources and environment pollution in the
high crowded cities. EVs are expensive and they have some limitations which are not
in conventional internal combustion vehicles such as several charging for long
distances and so on; in this regard, policymakers in different developed countries
consider various incentives such as tax reduction and low-priced public services to
encourage the people to buy EVs. In other points, as we know, the electrification of the
transportation fleet is the best solution to solve these problems, but it should be noticed
that by increasing the penetration of EVs, we are facing large electrical power demand
in power system. This can cause some problems for power system operation such as
voltage deviations, increasing the power loss and so on. To solve this problem,
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Fig. 1.9 Residential distribution network power losses for different charging scenarios with V2G
at home and controlled charging in smart parking

intermediary units, which are known as aggregators, are considered to do the charging
procedure of EVs by considering the power system constraints and minimizing the EV
owners charging cost as much as possible. In this way, various smart charging
approaches are introduced to handle the aggregator’s job such as increasing the
penetration rate of EVs and improving the efficiency of the charging procedure of
EV; but now, we are at the first steps of the electrification of the power system and to
achieve a complete electric transportation, which is the target of the developed
countries, we have a long way to go and more studies are needed in this regard.
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Chapter 2 ®)
Artificial Intelligence-based Approach For <z
Electric Vehicle Travel Behavior Modeling

Hamidreza Jahangir, Masoud Aliakbar Golkar, Ali Ahmadian,
and Ali Elkamel

2.1 Introduction

With the increase of the penetration of the electric vehicles (EVs) in the transporta-
tion fleet, finding an accurate and precise method for modeling EV travel behavior is
a vital challenge in the optimal charging procedure of these vehicles. In fact, if we do
not have a suitable model of the EVs travel behavior, we cannot estimate their
electric load demand profile accurately which has a solid effect on the optimal
charging results. Forecasting the travel behavior profile of EVs is really a compli-
cated task because these vehicles have a high intermittent behavior which cannot be
forecasted easily. In this way, we need a robust forecasting technique to estimate the
intermittent behavior of various drivers in an accurate manner. The aggregator,
which is an internal unit between EV owners and power system operator, should
forecast the EVs behavior accurately to increase its profit and decrease the charging
cost of EV owners as much as possible [1]. In this way, the aggregator can attract
more customers, which will be needed soon when the number of aggregators
increases dramatically. It should be noticed that in modeling the EV travel behavior
problem, we are facing various travels with different travel purposes which impose
high uncertainty in this problem. The best solution for this problem—with a large
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volume of data and high uncertainty—is the artificial intelligence-based approaches
[2]. These approaches use historical data to find the pattern of the travels and have a
good performance in large dimension problems. Recently, artificial intelligence-
based approaches are constructed based on a new concept which is known as
Deep Learning. Deep learning is the artificial intelligence-based method with various
number of representation layers to handle data in a very precise manner. Deep
learning has been employed in various studies such as image processing, pattern
recognition, and classification tasks [3]. In transportation systems such as EV travel
behavior modeling, we need an artificial-intelligence-based network with multi
representation layers. In this chapter, we are going to introduce the implementation
of data engineering-based approach with deep artificial neural networks in forecast-
ing the travel behavior of EVs and study the effects of accurate EV travel behavior
forecasting on the aggregator’s incomes.

The overall structure of this chapter is presented as follows:

First, in Sect. 2.2, various EV travel behavior modeling approaches are presented
with their pros and cons. After that, in Sect. 2.3, the artificial intelligence approach
based on artificial neural networks is explained with the formulations. In Sect. 2.4,
the optimal charging process of EVs is presented. Some numerical results about the
forecasting of the EV’s travel behavior are given in Sect. 2.5. Section 2.6 concludes
the findings of this chapter.

2.2 Different Approaches to EV Travel Behavior Modeling

Various studies have been done on optimal charging of EVs and different methods
were applied to handle the EV’s modeling problem. We can categorize them in five
main approaches as follows:

* Monte Carlo simulation

e Markov Chain

* Queuing theory

¢ Trip chain and origin-destination
* Artificial intelligence

In this section, these methods as well as different studies which have been done in
this field will be discussed by explaining the deficiencies of each model.

2.2.1 Monte Carlo Simulation method

The Monte Carlo simulation (MCS), which is the benchmarking method in this field
[4-10], is implemented to model EV travel behavior based on generating different
scenarios. The precision of the MCS method highly depends on the number of
generated scenarios [11]. In this way, the computational cost will increase
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expressively, and the proposed optimal charging algorithm based on the MCS
method is pointless for the complex problem with a large number of EVs. The low
number of generated scenarios will also significantly reduce the correctness of the
numerical results [12]. Most existing works by MCS method, [13-15], employed
normal probability distribution function for forecasting all the travel behavior
parameters such as departure time, arrival time, and trip length which reduces the
precision of forecasting results.

Moreover, the main deficiency of implementing the MCS method for modeling
the travel behavior of EVs is that the correlation between various travel behavior
parameters such as arrival time, departure time and trip length is not employed in
generating scenarios because they are generated by different probability distribution
functions separately. Thus, the forecasting result may have some impossible trips.
For instance, it is possible to generate scenarios in which the trip length may not tie
with the departure and arrival times.

2.2.2 Markov Chain Theory

Some studies have employed the Markov chain theory to forecast EVs travel
behavior and their electric load demand. For instance, Sun et al., [14, 16] have
implemented a conventional Markov chain method to model EV travel behavior
which considers various drivers’ actions as the states of the transition matrix of the
Markov chain. Considering the transition matrix as the probability of transition
between different steps is another study which has employed the Markov chain to
model EVs travel behavior [17]. In another work, Zhou et al. [18] implemented grey-
Markov chain theory to forecast EVs travel behavior based on transition matrix
among different statues of EVs optimal charging process. Sun et al. [14] have
combined MCS with Markov chain theory to generate various scenarios. In all
these studies, the Markov transition matrix is calculated separately for various travel
parameters, and the correlation between various travel parameters such as departure
time, arrival time, and trip length is neglected. Furthermore, to increase the accuracy
of the Markov chain method, we need a large number of states which increase the
transition matrix dimension and the computational cost dramatically. These short-
comings have limited the application of Markov chain method in real case studies
which have large number of EVs.

2.2.3 Queuing Theory

The queuing theory is another approach in EV travel behavior modeling. This
method is more complicated than MCS and Markov chain methods and considers
an intermittent behavior of various drivers by applying a homogeneous Poisson
technique to find the departure and arrival times of EVs [19-23]. For example, [24]



24 H. Jahangir et al.

has integrated M/M/s queuing topology by employing the traffic flaw instructions to
forecast EVs load demand in the highway and commercial centers charging stations
with various charging rates. This method needs many assumptions, and for
implementing this approach for modeling the EVs travel behavior, many parameters
must be selected based on the operator experience, which is the main drawback for
large scale projects.

Furthermore, in queuing theory, travel behavior and optimal charging procedure
are determined altogether and, in this way, it cannot be operative in an optimal
charging process with considering various charging constrains. In another work,
Hafez et al. [25], have presented a new queuing-based approach for optimal charging
of EVs by employing a non-homogeneous Poisson function for modeling travel
behavior of different drivers. This method presents more accurate results in com-
parison with previous studies in which queuing theory has been employed; however,
still it does not consider the correlation between various travel behavior parameters
which are so important in the final numerical results of the optimal charging
procedure.

2.2.4 Trip Chain and Origin-Destination Methods

In most of the studies by transportation researchers, the trip chain and origin-
destination (O-D) are employed. For instance, in [26], a trip chain modeling
approach has been presented for forecasting the trip length, arrival, and departure
times of EVs travel behavior. The main focus of this method is to find the transition
between different driving states. This method can be combined with other
approaches such as the MCS method. In [27], the authors have introduced a hybrid
method based on MCS and trip chain technique by employing the probability
distribution of drivers’ travel data. Mu et al. [28] have proposed a novel model for
forecasting the load demand of the EVs by employing the O-D technique. This
approach, however, is more appropriate for modeling the conventional private
vehicles which have simpler travel behavior than EVs because they do not need
various charging during a week.

2.2.5 Artificial Intelligence

Artificial intelligence-based approaches such as artificial neural networks (ANNs)
are the best solution for the problems with large dimension input data and high
stochastic behavior. Indeed, in modeling the EVs travel behavior, we need a robust
approach in handling the high uncertainty of the input data. Furthermore, the input
data regarding travel behaviors of various drivers, which are taken from various
sources such as GPS, may contain a bad data, and, in this way, omitting this bad data
by denoising techniques should be considered. In this regard, recently, some studies
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have been presented for modeling the EVs travel behavior by ANNs. In one of the
few studies in this field, in [29], ANNs have been employed in the conventional form
to forecast EVs travel behavior, including departure and arrival times and trip length.
The findings of this work are not accurate because a sample form of ANN is
employed with limited data.

Furthermore, this study used MCS to increase the training data which has a
negative effect on the training procedure. The conventional forms of ANNs have
shallow structures and do not present an accurate result because they have weak
ability in feature extraction task. To handle this problem, ANNs with deep structure,
which are robust data engineering methods in large dimension tasks such as EVs
travel behavior forecasting, are employed. EVs travel behavior has high uncertainty
which needs to be controlled by a strong data engineering method such as rough
ANNs. Rough ANNs have acceptable performance in handling the input data
uncertainty and are implemented in various tasks such as short-term wind speed
forecasting [30], signature recognition with large and noisy data [31], short-term
electrical load demand forecasting [32], and presented acceptable results. Rough
networks improved the forecasting results with high uncertainties by implementing
interval upper and lower bounds weights in hidden layers. Rough neuron-based
ANNSs with various hidden layers are promising tools to handle great stochastic
problems [33].

Based on the mentioned survey of various approaches in modeling travel behav-
ior of EVs, the ANN-based approaches are the best solution for this goal and can
implement the correlation between various travel behavior parameters carefully with
denoising input data. Considering the excellent performance of ANNs with rough
neurons, in this chapter, we are going to introduce these techniques for EVs travel
behavior forecasting task. More details about these networks are given in Sect. 2.3.

2.3 Modeling of EVs by ANNs

ANNSs are promising tools in handling large dimension tasks with high uncertainty
such as EVs travel behavior forecasting. ANNs learn the EVs travel behavior by
their historical data, and, in this way, we need to find the appropriate input data
parameters to forecast the target data. In ANN’s training procedure, we divide
historical data into three parts, including training, validation, and test. Indeed,
ANN learns the data behavior from training data sets, and after that, the training
accuracy is evaluated by validation data sets during training. Finally, when training
and validation processes are terminated, the final test of the ANN performance is
done by the test data set. In this way, we can guarantee the ANN performance with
other data sets.

It should be noticed that the structure of the ANN is made based on the level of
difficulty of the case study. EVs travel behaviors have intermittent character, and,
accordingly, we need to employ the robust form of the ANNs to forecast travel
behavior of the EVs. In this regard, we have introduced robust training form of
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Fig. 2.1 The overall configuration of the ANN-based method

ANNS such as Levenberg-Marquardt (LM), which is developed based on second-
order derivative method, and robust form of neurons such as rough structure-based
neurons which have high ability in handling the uncertainty of input data.

We are going to present the ANN-based approach in this section, and in this
manner, it is supposed that communication services between EV owners and optimal
charging operators (aggregators) are considered for sending charging signals. By this
communication service, EV’s travel data has been updated to train the ANN every
hour. The main configuration of the proposed method is shown in Fig. 2.1. To
employ the ANN for forecasting different travel data, we use departure and arrival
times as time-series. In this way, we employ the previous data of these profiles to
forecast the future data. However, in forecasting traveled distance of every EV, the
departure and arrival times are considered as input data. In this regard, we consider
the correlation of various travel parameters which results a rational pattern for the
forecasted travels. To improve the accuracy of the forecasting results, we employ the
K-means method, which is an unsupervised classification method, to cluster the
input data of various drivers in different groups and special forecasting network is
implemented for each group in forecasting task.
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In this section, first, we explain various forms of ANNs in complete details, and
present optimal charging procedure of the EVs.

2.3.1 Conventional ANN

In this section, we categorize the conventional ANN into two groups as follows:

e Multilayer perceptron ANNs with the conventional form of error back propaga-
tion learning method
e Multilayer perceptron ANNs with the Levenberg-Marquardt learning method

More details about these approaches are presented as follow.

2.3.1.1 Multilayer Perceptron ANN with Error Back Propagation
Learning Method

The initial form of ANNs is known as multilayer perceptron (MLP) network. The
most common type of training procedure of ANN is the conventional error back
propagation (CEBP) algorithm which was implemented for ANN training by Hinton
[34], based on gradient descent theory. A simple ANN with two hidden layers is
shown in Fig. 2.2. The activation functions of the hidden layer and output layer are
considered as sigmoid and linear, respectively. To illustrate the performance of this
ANN, the Feed-forward equations are presented as follows:

net} (k) = (w{(k))T.X (2.1)
nety(k) = (wi(k))" X (2.2)
Neuron}

Output layer

Input layer

Fig. 2.2 Overall configuration of MLP ANN
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0' (k) = [Oh(K). ] (net} (k)).f4 (neth(k))]" (2.3)
net(k) = (wi(k))".0' (k) (2.4)
071 (k) = f3 (net; (k)) (2.5)

Based on the gradient descent algorithm, the back-propagation equations, which
present the learning approach, are defined as follows:

B() = 3 (1)’ =3 (k) — 0} (k) = 3 (d(K) ~f(nefi 1))’ (26)

__O0E(k) _ OE _ Oner;
~ owi(k)  Onet} x ow? (k) (27)

OE(k) OE _ Oneri  0Oo} _ Onet]

Vwi(E(K))

I _ —
Vi (E(k) = owl(k)  Onet? 8 Ool x Onet} 8 ow] (k) (28)
OE (k) OE _ Onef! 0ol  Onet
1 _ _ i i 2
Vi (E(k)) = owli(k)  Onet? 8 0o} x Onet} 8 owl (k) (29)

Finally, the network’s weights are trained as follows:

(k) = —n, TW(E(K)) 2.10)
Awi(k) = wi(k + 1) —wi(k) = —n,,Vw; (E(k)) (2.11)
wi(k + 1) = wi(k) —n,, Vw;(E(k)) (2.12)

The most common activation function in ANN literature is the sigmoid activation
function. However, it should be noticed that the sigmoid activation function will be
saturated by large input data sets, and this problem disrupts the training process of
the ANN [35]. The saturation state of neurons has a significant effect on the
forecasting results. To handle this problem, flexible activation function with internal
hyper parameters are employed. Indeed, we can control the flexible function behav-
ior in different situations by training the internal parameters of these functions. The
sigmoid activation function and tanh, which are the classic forms of activation
functions, are presented as follows:

1

f(net(k)) = m (213)
1— efnet(k)
f(l’l@l(k)) = m (214)

The flexible forms of these activation functions, which have more internal
parameters, are expressed as follows:
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The behaviors of sigmoid and tanh activation function with various internal
parameters are shown in Figs. 2.3 and 2.4, respectively.
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In this way, in the training procedure of ANNS, in addition to the neuron weights,
the activation functions parameter (y) is trained. The training procedure of the
flexible activation function variables is presented as follows:

awlk) = -1, x i) .17)
wlk+1) =w(k) +n, XSVE/E];; (2.18)

2.3.1.2 Multilayer Perceptron ANN Training by Levenberg-Marquardt
Method

The first-order derivative methods are the most common training procedures of the
back propagation algorithm. The first-order derivative method is slow in large
dimension problems. By implementing the second-order derivative approach, the
training speed of ANNs significantly improved [36]. The Levenberg-Marquardt
(LM) method employs the second-order derivative procedure by combining the
backpropagation with newton techniques. Indeed, LM has quick and accurate
performance in training ANNSs. It should be mentioned that in the Newton method,
the Hessian matrix is employed, but the Hessian matrix calculation causes high
computational cost. In this regard, the LM approach uses the Jacobian matrix, which
is the approximated form of Hessian matrix [37]. The Hessian and Jacobian matrixes
in the ANN training procedure are presented as follows [38]:

[ E O’E ’E ]
ow? Owp0wy " Owy, 0w
O’E 2 o’ @ —82E
H(k) = 2 V7E(k) = | Ow 0w, ow3 Owy, 0wy (2.19)
O’E O’E 0’E
| Ow1 0wy, Ow20wy, ~~ Owg

H(k) ~ J(k) T (k) (2.20)
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Based on the steepest descent and Newton methods, the updating procedure of
weights in the LM method is defined as follows [37]:

Aw(k) = (T0)T(K) + p()T(k)) ™ T(0) eroa (k) (2.22)

wlk -+ 1) = wik) =, (TR0 + w(0O1) ™I (K)erw (k) (2.23)

The learning procedure in the LM method is a hybrid approach which switches
between Newton and gradient descent methods. In this procedure, u(k) is the key
parameter. When u(k) goes near zero, the LM shifts to the Gauss-Newton approach,
and by increasing the pu(k) value, the LM shifts to the gradient descent method
[39]. In this method, the training procedure starts with small u(k) to employ the
Newton technique and profits from its good convergence speed. After that, if we
don’t find a smaller error value, we do the training steps with a higher value of u(k) to
employ the gradient descent algorithm and find a better solution.

2.3.2 ANN with Rough Neurons

In the real world, there are uncertainty and noise in input data and they have a
significant effect on data engineering-based forecasting approaches such as ANNs.
In fact, to guarantee the performance of the ANNSs in a real case study, we must
employ the robust neurons which can handle the uncertainty of the input data. The
rough neuron-based ANN was introduced by Lingras [40]. In this structure, neurons
of the hidden layers are structured based on Rough theory. The rough neuron is
defined with a pair of neurons which are named as upper and lower bounds. In rough
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neurons structure, when x implies a variable, x and X presents the lower and upper

bounds of the variable x, respectively. In this section, we introduce the CEBP and
LM algorithms for rough neuron-based ANNs.

2.3.2.1 Multilayer Perceptron Neural Network with Rough Neurons
and Back Propagation Learning Approach

A simple form of a rough neuron is shown in Fig. 2.5. This structure is designed to
omit the input data noise by interval weights, including upper bound and lower
bound weights.

The Feed forward equations for a rough neuron are defined as follows [41]:

net (k) = (wi;" (k))T‘X (2.24)

netly (k) = (W;'J;I (k))T.X (2.25)

0;,(k) = min (f; (netsL/ (k)), £ (net;,j(k))) (2.26)
0}, (k) = max (f; (net;j (k)), f (ner‘Uj (k))) (2.27)
O3 (k) = v; 01, (k) + 4 0y, (k) (2.28)

As shown in the above equations, in rough neurons, we have two ways of the
information flow, one from upper bound and another from lower bound weights.
This configuration improves the robustness of the neurons in high uncertainty data
sets. After rough neurons, two specific coefficients are allocated for upper bound and
lower bound outputs which are named as y and A, respectively. The learning
procedure in rough neurons is the same as in simple neurons which is defined
based on the gradient descent method, but with two different ways for back prop-
agation process.

Upper Bound
03,
wy .[ uj N
| S
X
| oS
Input wy, J' Lj > 7/5‘ Output
Lj

Lower Bound

Fig. 2.5 A simple form of the rough neuron
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Fig. 2.6 R-ANN with error back propagation learning method

To show the rough neurons-based networks in a clear way, a rough ANN
(R-ANN) with rough hidden layer is shown in Fig. 2.6. The training process of
neurons’ weights are defined as follows:

The output layer has conventional neurons, and the training procedure of this
layer is the same as previous [42]:

OE
Awi(k) = -, W}i (k) (2.29)

The hidden layer is considered with rough neurons, and the training procedures of
lower bound and upper bound neurons are defined as follows:

OE

AW}‘j = Ty W (k)

1 1 I
e OE y 0é? " 00? " Onet® " do; " oy, " Onety,
" 0e? 00* " Onet*” Qoj ~ Ooj ~ Onet;  Owj,

(k) (2.30)

OE
AW%J,- =1y Ol (k)
Uj

I 1 1

% OE  0¢° 00>  Onet’ 0o " doy, " Onety,
" 0e? 00 One? Qol = Ooy ~ Onet; 0wy
J J J

x (k) (2.31)
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2.3.2.2 Rough Multilayer Perceptron Neural Network Based
on Levenberg—-Marquardt Training

In this section, the LM training procedure for rough neurons is explained. As stated
before, in rough neurons, we have two ways in the backpropagation training process.
In this way, the dimension of the Jacobian matrix has been doubled and we have
upper and lower bound of all the training weights. The rough form of the Jacobian
matrix is defined as follows:

[ Oen,  Oeu, Oen, |
oWl Owa, OWn,u
Oeyy, Oeyy, Oeyy, [ ern, ]
owy Owy Own,i el
aelM“ aelM“ aelM“
Own, 0wy Owwu eim
J(k) = 5 5 5 " er-m(k) = (2.32)
€M, €M, €M, €M,
8w11 aW21 aWNwl
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oWl Owy, — Ownou L enym, |
Oen,m,  Oenym, Oen,m,
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2.4 Optimal Charging of EVs

To handle the challenges of EVs on the distribution network, we cannot allow the
EV owners to charge their vehicle in an uncoordinated manner. In this regard, the
aggregators, which are intermediary management units between the power system
operator and EVs’ owners, do the optimal charging procedure by considering power
system operation constraints such as power loss, operation cost (OC), and voltage
magnitudes [43]. The optimal charging equations are defined as follows:

ocC = i {ca(t) x Ra(t) + Cr(t) x Rr(t)} + Ciy (2.33)
=1

Power balance equations are defined as follows [25, 44]:
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> PRa() =S La() + > PEVa(t) + Y Plossa(r) (2.34)
Z?Rr(l) = Z?Lr(t) + ZIMPEVr(t) + Z?Plossr(t) (2.35)

Plossa(t) = ZZZIV(p, g,t) X Z:ZIV(p, q,t)
x {G(p,q) x cos (0, — 04s) + B(p.q) x sin (6, — 6,,)} (2.36)

Plossr(t) = Zz:l\/(p, g,t) X ZZ:I V(p,q,t)
x {G(p,q) x cos (0, — 04s) — B(p.q) x sin (6, — 0,,)} (2.37)

Power system operation constraints are defined as follows:

P(t) < P O“(1) S Ope u=1,2, ..., n¢q (2.38)
Voin S Vp(t) <Viax sp=12,...,n, t=1,2,...,24 (2.39)

The State of Charge (SOC) of EV’s batteries, which is determined based on
forecasted travel behavior parameters, is presented as follows [13, 15, 45]:

Ti;

SOCipiry = 100 — m

% 100 (2.40)

The C,4 and Capy, p,» which are EV’s parameters, are obtained from [33]. The
SOC at departure time is given as follows [13, 46]:

SOC(t) = SOC,(t — 1) + P" (1) X poyy (2.41)

2.5 Numerical Study

In this section, EVs data and forecasting results are presented.

2.5.1 EVs and Power System Data

In this study, we use the EV’s travel behavior of the 2017 NHTS database [47] which
has complete information of departure time, arrival time, and travel distance.
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Table 2.1 Data of various EVs [48]

H. Jahangir et al.

Max.
Battery Max. Battery charging
PEV Total capacity | charging PEV Total capacity | rate
model number | (kWh) rate (kWh) | model number | (KWh) (kWh)
LEAF 103,578 | 30 6.6 e-Golf 4589 26.5 6.6
Nissan VW
Model S 93,277 | 100 17.2 Class E 3312 36 10
Tesla Mercedes
B-
i3 BMW 24,721 | 42 7.4 Soul EV 2993 30.5 6.6
Kia
500E Fiat | 10,229 | 24 6.6 i-MiEV 2098 16 3.6
Mitsubishi
Spark 7369 | 19 7.6 Fit EV 1071 20 6.6
Chevrolet Honda
Focus EV 6839 | 33.5 6.6 Active E 965 33 6.4
Ford BMW

Various EVs are considered in this study, and the penetration rate of each EV in
the US market is obtained from [48] and is shown in Table 2.1. In this work, the
battery capacity and the charging rate of every EVs are selected based on the model
of EV [49].

The power system topology (feeders information) and operation data (electricity
price, load demand) are obtained from [50, 51], respectively.

2.5.2 Evaluation Criteria

To verify the robustness of the ANN-based approach, various error criteria including
the Root Mean Square Error (RMSE), the Mean absolute error (MAE), the Mean
Absolute Percentage Error (MAPE), and [52] are implemented as follows:

1 no =
MAE:n—OngI(‘Yg - YgD

noy =
gil(‘yg B YgD

MAPE = —

I
RMSE = \/n—ozg"_l(

1
noz

Y, —

2
r)

(2.42)

(2.43)

(2.44)

For further confirmation, the numerical results are also evaluated with the
R-squared criterion which is a popular performance metric [38, 53]. R-square states
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the correlation of real and forecasted data, and the higher R-squared value indicates
more precise results. The R-squared formulation is presented as follows [54]:

no v 2
R (e 7s) (2.45)
ZZO:I (Yg - 78)2

2.5.3 Forecasting Results

The forecasting results of different ANNs and various training procedures are
presented in this section. As we know, the initial values of neuron weights are
selected in a random manner. Accordingly, we have done training procedure more
than 100 times to find the best results based on the error criteria. In this study, we
consider 50 hidden layers, and this large number of hidden layers, which presents the
deep learning approach, is too sensitive during the training procedure. To avoid
overlearning, during the training procedure, the dropout and L2 regulation tech-
niques have been used in this study [55].

First, we employ the conventional ANNs with first-order and second-order
derivative error back propagations which are considered as CEBP and LM tech-
niques, respectively. In the training procedure of ANNs, we use 80% of input data
for training, 10% of input data for validation, and 10% of input data for the test. The
numerical results of test data are shown in Table 2.2.

As illustrated in Table 2.2, the LM method presents more accurate results.
However, the accuracy of the forecasting results needs to be improved because
aggregators’ financial profit or loss is related to the precision of the forecasting
results.

To increase the accuracy of the forecasting results, we employ the rough neuron-
based networks, and the forecasting results are presented in Table 2.3. Division of
input data into training, validation, and testing parts is considered as conventional
ANNS.

As shown in Table 2.3, the accuracy of the forecasting results has been improved
significantly, and it implies the high ability of rough neurons in handling the
uncertainty of input data. Indeed, R-ANNs employ the interval weights (upper
bound and lower bound weights) which are so effective in forecasting profiles
with high stochastic behavior.

To verify the correlation between various travel behavior parameters in the
forecasting results by ANNs, we compare the simulation results of conventional
and rough ANNs with MCS method, which is a benchmark approach in modeling
travel behavior parameters. The comparison results are shown in Figs. 2.7 and 2.8.
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Table 2.2 Error criteria for conventional ANNs
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CEBP LM
Error Arrival Departure Trip length | Arrival Departure Trip length
criteria time (h) time (h) (mile) time (h) time (h) (mile)
MAE 5.33 3.68 11.33 4.43 2.69 9.09
RMSE 6.35 4.49 15.90 5.16 3.18 12.56
MAPE 31.86 34.77 37.28 26.45 25.44 29.90
(%)
Table 2.3 Error criteria for Rough ANNs
R-CEBP R-LM
Error Arrival Departure Trip length | Arrival Departure Trip length
criteria time (h) time (h) (mile) time (h) time (h) (mile)
MAE 4.12 2.53 7.84 1.81 2.90 5.87
RMSE 4.80 3.20 11.27 2.17 2.60 8.11
MAPE 24.63 23.92 25.82 17.12 17.34 19.32
(%)
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Fig. 2.7 EV’ travel behavior forecasting results for conventional LM, MCS and real data

The MCS method does not consider the correlation between various parameters,
and all the forecasting result are around the mean values (as shown by Figs. 2.7 and
2.8). In this way, the forecasted travels are so similar to each other, and the variety of
travels is very low. In this regard, MCS result has a high error rate in modeling EVs
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Fig. 2.8 EV’s travel behavior forecasting results for rough neuron-based LM, MCS and real data

travel behavior, and aggregators cannot forecast the actual electrical demand of their
customers accurately. In ANN-based approaches (conventional neurons and rough
neurons), the correlation between departure time, arrival time, and traveled distance
have been considered.

To evaluate the forecasting results of various ANN-based approaches mentioned
in this chapter, the R-squared values of different methods are presented in Fig. 2.9.

As shown in Fig. 2.9, R-LM method outperforms other ANN-based approaches
and presents the 0.944 R-squared value which implies the effect of the rough neurons
and LM method. As mentioned before, accurate forecasting of EVs travel behavior
has a significant effect on aggregator’s financial loss and profit which is presented in
Table 2.4.

As shown in Table 2.4, the aggregator’s financial loss has been significantly
reduced by implementing the ANN-based approaches in comparison with MCS.
Indeed, ANN-based approaches improved the forecasting accuracy of various travel
parameters about 23%. This is so important in optimal charging procedure because
the aggregator would have to pay extra money to upstream network or EV owners
based on the difference between actual load demand and forecasted load demand. In
ANN-based approaches, R-ANN has the best performance because of the interval
weights which have high ability in handling the input data uncertainty. It should be
noticed that the presented results are just for 210 EVs in a day, and by rising the
penetration of EVs in transportation fleet, the effect of accurate forecasting has been
significantly increased in the aggregator’s financial loss.
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In this chapter, an artificial intelligence-based approach for modeling the EVs travel
behavior is presented. Travel behavior of EVs has high stochastic and intermittent
profiles, and to handle the uncertainty of this input data, rough neuron-based ANN,
which is a robust form of ANNSs, is implemented. Indeed, rough neurons, by
employing the interval-based neurons, have high ability in feature extraction of
input data. As shown in the numerical results of this study, rough ANN outperforms
the Monte Carlo Simulation method which is the benchmark approach in this field.
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Table 2.4 Aggregator’s financial loss by different forecasting approaches for 210 EVs in a day

Aggregator Average
financial loss | R-squared for trip | forecasting error

Scenarios Price ($) | ($) length forecasting | (MAPE%)

Real data 3825.032 | - o

Conventional | CEBP 3849.809 | 24.777 0.83641 34.636

ANN LM 3817.754 |7.277 0.86838 27.263

Rough ANN | R-CEBP | 3830.478 |5.446 0.89690 24.790

R-LM 3829.465 | 4.432 0.94479 17.926
Monte Carlo 3811.283 | 13.749 . _

Accurate forecasting of travel behavior parameters has a significant effect on the
aggregator’s financial income. To illustrate this claim, we compared the forecasting
results of different approaches with real data travels in the optimal charging
procedure.

In this regard, by improving the precision of the forecasting results, we can
increase the aggregators’ income which is so important for aggregators. In the near
future, by increasing the penetration of EVs in the transportation fleet, accurate
forecasting of EVs behavior will be of the utmost importance in the optimal charging
procedure. The findings of this chapter imply that for accurate modeling of EVs
behavior, we must use modern data engineering approaches which are among the
best solutions in large dimension problems.

Appendix A

The Nomenclature is presented as follows

Indices

i Input data index

Output sample index

Hidden layer index

Iteration number index

~ | &= |~ |oo

Electric vehicle index

Node of power network index

Node of power network index

Layer index

Time sample index

=~ |le

Equipment index
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Parameters
B(p.q) Susceptance value between bus p and bus q
Cins Cost of charging infrastructure
Cor EV’s efficiency factor
Cappa, | I-th EV’s battery capacity
G(p,q) Conductance value between bus p and bus ¢
M Number of input data variables for LM
ngy Input data dimension
n Number of power system nodes
Nr Number of training neurons for LM
N,, Weight dimension for LM
N, Weight dimension of lower bound neurons for LM
Ny, Weight dimension of upper bound neurons for LM
Mpev Overall number of EVs
Teg Overall number of equipment
nd Dimension of sample data
Py Maximum value of active power for each equipment
O Maximum value of reactive power for each equipment
SOCyep Minimum SOC value of every EV at departure time
Vinax Maximum value of node’s voltage
Vpin Minimum value of node’s voltage
Penr Coefficient of the charging efficiency
Ny Training factor for weights
My Training factor for activation function in flexible mode
Variables
Ca(t) Active power cost at time ¢
Cr(t) Reactive power cost at time ¢
d(k) Target value in k-th iteration
e (k) Internal error of neuron j in k-th iteration for layer S
ejp(k) Internal error of neuron j f in k-th iteration for input data M in LM
e, (k) Internal error of lower bound neuron j in k-th iteration for input data M in LM
e, (k) Internal error of upper bound neuron j in k-th iteration for input data M in LM
e; _ m(k) | Overall error vector in LM method for k-th iteration
E Overall value of sum square error
E(k) Overall value of sum square error in k-th iteration
1 (k) Actuation function of neuron j for layer S k-th iteration
H(k) Hessian matrix for k-th iteration
1(k) Identity matrix for k-th iteration

(continued)
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J(k) Jacobian matrix for k-th iteration

La(t) Active load at time ¢

Lr(t) Reactive load at time ¢

net(k) Activation function input in iteration k

net; (k) Activation function input for neuron j in layer S in iteration k

net,ij(k) Lower bound of activation function input for neuron j in layer S in iteration k

nerbj(k) Upper bound of activation function input for neuron j in layer § in iteration k

O’(k) Output of layer S in iteration k

0; (k) Output of neuron j in layer S in iteration k

0y, (k) Output of upper bound neuron for layer S in iteration k

0; (k) Output of lower bound neuron for layer S in iteration k

Oy (k) Output of upper bound neuron j for layer S in iteration k

0,(k) Output of lower bound neuron j for layer § in iteration k

P“(t) Active power value for u-th equipment at time ¢

P (1) Charging rate value for [-th EV at time ¢

PEVa(t) Active power of EV at time ¢

PEVr(t) Reactive power of EV at time ¢

Plossa(t) | Active power loss value at time ¢

Plossr(tf) | Reactive power loss value at time ¢

(04 0] Reactive power value of u-th equipment at time ¢

Ra(t) Purchased active power value at time ¢

Rr(1) Purchased reactive power value at time ¢

SOC;pi, Initial value of SOC for /-th EV at time ¢

1)

SOCep, Departure value of SOC for /-th EV at time ¢

()

SOC(1) Value of SOC for /-th EV at time ¢

Tl Trip length value for [-th EV

w; (k) Vector of weights for j-th neuron in layer S for k-th iteration

Wf]/ (k) Vector of weights for j-th upper bound neuron for k-th iteration in layer S

Wi,_ (k) Vector of weights for j-th lower bound neuron for k-#h iteration in layer S

Wisj(k) Vector of weights between i-th input sample and j-h neuron in hidden layer S in k-th
iteration

V(p,q,t) | Voltage of line between node p and ¢ at time ¢

V(1) Voltage of p-th node time ¢

X Vector of input data

X; Vector of i-th input data sample

Y, Vector of g-th output data sample

Xc

?; Vector of g-th target data sample

A Upper bound factor for neuron j in layer §

7] Lower bound factor for neuron j in layer S

(k) Decision value of iteration k in LM

(continued)
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o, ¢ Angel of voltage for p-th node at time ¢

q, t

Angel of voltage for q-th node at time ¢

w(k) Variable of actuation function at iteration k
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Chapter 3 )
The Role of Off-Board EV Battery Chargers <o
in Smart Homes and Smart Grids:

Operation with Renewables and Energy
Storage Systems

Vitor Monteiro, Jose Afonso, Tiago Sousa, and Joao L. Afonso

3.1 Introduction

The spread of electric mobility is experiencing a steady growth worldwide, in special
concerning the private-level contribution, where its participation in the transporta-
tion sector is identified as a key paradigm for substituting conventional vehicles
based on internal combustion engines. In this context, varied technologies are
available, demonstrating an appropriate contribution to sustainability. The issues,
challenges, and opportunities of vehicle electrification are investigated in [1, 2], and
a survey about this topic in the context of the smart grid is offered in [3]. Among the
different technologies, the most representative is the pure plug-in battery electric
vehicle (EV) and the hybrid plug-in EV. From the power grid point of view, both two
types of EVs are plugged-in to absorb power through EV battery charging, where the
main difference is the required time for the charging since the capacity of their
energy storage system (ESS) is very different. Therefore, for simplicity, in the scope
of this book chapter, the designation “EV” is used for both types of vehicles. In this
context, it is important to note that the use of hybrid ESS is conceivable for both
cases, mainly based on batteries and ultra-capacitors as support for sudden require-
ments of power [4]. The number of plug-in EVs available for purchase is growing,
especially along the last two decades, all of them equipped with an on-board EV
battery charging system (EV-BCS) and some also permitting external charging using
equipment designated as off-board EV-BCS.
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Concerning the power transfer interaction between most of the commercially
available EVs and the power grid, only the EV battery charging, i.e., the unidirec-
tional power transfer from the power grid to the EV, is possible [5, 6]. This unidi-
rectional operation is designated in the literature as grid-to-vehicle (G2V), and it is
common for both on-board and off-board EV-BCS. Nevertheless, since the power
flows from the power grid to the EV, the latter can be understood in two distinct
functions: (1) As a normal electrical appliance for the power grid, consuming power
randomly in terms of schedules and charging point (independently of the power
quality matters, in terms of harmonic current and power factor); or (2) As an
electrical appliance with the possibility of flexible control schedules.

In this scenario, the EV introduction into the power grid is of utmost importance,
since the EV is identified not only as a key element to mitigate the emission of
greenhouse gases, but may also enable a useful power transfer collaboration with the
power grid. In this perspective, for the power grid, the presence of the EV becomes
even more relevant when it is controlled in a flexible way, allowing accomplishing
three main features: (1) The EV operation can be controlled for absorbing power
from the power grid in specific schedules, controlled by the smart grid, according to
the power limits of the EV-BCS, independently of the place where it is plugged-in
(e.g., at a smart home); (2) The EV can be set up for storing energy in a specific place
where it is plugged-in, and, due to its natural mobility, transport the stored energy for
a different place in the power grid (e.g., it can be interesting for power management
between different smart homes); (3) The EV can be controlled for injecting power
into the power grid, conferring the necessities of the electrical installation of the
place where it is plugged-in, or the necessities of the smart grid (e.g., the EV can be
plugged-in to the smart home, but injecting power as a service for the smart grid,
independently of the smart home power management). Within this context, as an
example, an admission and scheduling mechanism for EV charging is proposed in
[7], and a scheduling strategy for the EV, framed in residential demand response
programs, is proposed in [8].

Based on the possibilities of the EV interaction with the power grid, together with
the G2V mode arises the vehicle-to-grid (V2G) mode, which is a bidirectional mode,
permitting a power flow from the power grid (smart grid or smart home) to the EV
and vice-versa [9-11]. The G2V/V2G power interaction may be investigated also
from the perspective of coordinated controllability [12—-14]. Contextualizing this
scenario, an on-board EV-BCS incorporated into a smart home is illustrated in
Fig. 3.1, where the G2V/V2G modes are identified. As it can be seen, since a
smart home is considered, the smart home power management can communicate
with the EV-BCS, with the smart grid, with the electrical switch-board, and with the
controlled smart electrical appliances. As represented in Fig. 3.1, the EV can either
consume power from the grid (G2V) or deliver power (V2G) for the smart home, the
smart grid, or both at the same time (i.e., a parcel of the power injected by the EV is
consumed by the electrical appliances of the smart home and another parcel is
injected into the power grid). Besides the G2V/V2G controllability, particularly
along the last decade, novel paradigms of operation were proposed targeting
power quality improved features (e.g., in the presence of unpredictable power
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Smart Home
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l Electrical
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ﬁ -' V2G — Vehicle-to-Grid

Fig. 3.1 On-board EV-BCS in a smart home scenario: G2V/V2G modes

outages, in islanded power grids, in situations of compensating harmonics, and in
circumstances of producing reactive power).

Concerning all of the aforementioned aspects, the main contributions of this book
chapter are: (1) A complete investigation about technologies of on-board and
off-board EV-BCS and advanced operation modes outlined in smart homes and
smart grids; (2) A comprehensive explanation about upcoming perspectives of
operation for on-board and off-board EV-BCS, and their innovative association
with renewable energy sources (RES) and ESS, when framed with smart grids and
with ac, dc or hybrid smart homes; (3) A validation taking into account the upcoming
perspectives, addressed in the previous point, for the off-board EV-BCS operation in
smart homes and smart grids.

3.2 EV Operation Modes: An Overview

As described in the introductory section, there is a bidirectional opportunity associ-
ated with the EV interaction with the power grid through the G2V/V2G modes. In
fact, the G2V/V2G modes are already a reality and an encouraging factor for
enhancing the interaction with smart homes and smart grids. Nevertheless, these
modes are only used for exchanging active power according to the necessities of the
smart grid or smart home, i.e., the EV is controlled based on an on/off strategy. In
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this way, the schedules for the charging (G2V) or discharging (V2G) processes are
defined by the management system, but the value of active power to be exchanged is
defined neglecting relevant factors, for instance, other constraints of the smart home.
This influence is very pertinent, allowing the use of the plugged-in EVs to improve
the efficiency and the power quality aspects for the power grid side [15-18]. From
this point of view, despite the increased wear of the EV battery and the consequent
reduction of the battery lifetime due to the G2V/V2G operation, the EV driver can
also benefit from this interaction, since interesting tariffs for programs of G2V/V2G
are emerging, permitting to establish collective schedules for charging (G2V) and
discharging (V2G) [19-21].

Since the EV can be plugged-in in distinct places, the control complexity
increases for the smart grid, even with the flexibility in terms of operation modes.
This is also valid for scenarios of microgrids [22, 23]. A specific case is related to the
possibility of the EV to operate in V2G or vehicle-to-vehicle (V2V) mode in
microgrid scenarios [24]. A smart microgrid with optimal joint scheduling for the
EV and the electrical appliances of a smart home is proposed in [25]. Besides the
conventional G2V/V2G validations [26, 27], emerging G2V/V2G future interfaces
are also identified [28]. When considering the intermittency of the power produced
from RES, the G2V/V2G flexibility is even more relevant, since the EV can be used
as a power compensation system, i.e., similar to an energy buffer, capable of
consuming, storing, or delivering power as a function of the RES intermittence. In
this context, a strategy of accommodating the EV operation into the power grid, as a
function of the power production from RES, is available in [29]. Considering the EV
operation in G2V/V2G modes, a specific control algorithm based on RES production
for demand-side management is presented in [30]. A specific cooperative combina-
tion between the EV and RES in terms of controllability, with the main objective of
reducing emissions and costs, is offered in [31]. An optimal cost minimization about
the EV charging with operation modes for the smart grid and smart home is
presented in [32].

The associated operation of the EV with RES is not only limited to a smart grid
perspective. In fact, this mixed operation is also very applicable for smart homes, as
demonstrated in [33], since smart homes are a strategic contribution to smart grids.
Therefore, technologies and foresight for the EV integration in smart homes are
discussed in [34], and an EV optimization in a smart home from the customer point
of view is analyzed in [35]. All the aforementioned technologies (in the context of
smart grids and smart homes), as well as the cooperative operation with RES, are
considered in the perspective of EV-BCS only in the G2V/V2G modes. Neverthe-
less, other opportunities are identified in the literature with relevant potential
prospecting smart grids and smart homes.

The home-to-vehicle (H2V) is interesting in the smart home perspective, requir-
ing a plugged-in EV. In fact, the H2V mode is similar to the G2V mode. Neverthe-
less, as a distinctive characteristic, the H2V mode offers the possibility of power
controllability in opposite to the conventional on/off approach. This is predomi-
nantly relevant, since it involves the EV in the smart home management more
effectively, offering more flexibility of controllability together with the controlled



3 The Role of Off-Board EV Battery Chargers in Smart Homes and Smart. . . 51

electrical appliances. In the H2V mode, the value of the operating power can range
from zero to the nominal power. Moreover, for both the EV and the electrical
appliances, strategic levels of precedence can be planned. For instance, through a
mobile app, the EV user can outline their preferences. Considering the context of the
H2V mode in the smart home, three main cases can be highlighted. In the first case
(a), maximum priority is defined to the EV. In this way, the EV has more priority
than the electrical appliances, and then it is charged with maximum power, where, in
this circumstance, the electrical appliances are turned-off if necessary (this occurs
when some electrical appliances can be turned-off and it is indispensable, as fast as
possible, the EV charging). In a second case (b), the EV is defined to have priority
only over some specific electrical appliances. In this way, the EV is charged with
fixed power, but different from the maximum power that is permitted by the
EV-BCS. In such circumstance, it is guaranteed a fixed value of power for the EV
charging, and to avoid the circuit breaker tripping, the electrical appliances are
programmed in different schedules. In a third case (c), a minimum priority is
established to the EV, where the value of power results from the difference between
the smart home nominal power and the instantaneous power consumed. If the
electrical appliances are turned off, then the EV is charged with maximum power
(similar to the case (a)). Instead, if the electrical appliances are turned on and turned
off, then the EV is charged with variable power. Summarizing, the H2V mode is
comparable to the G2V, but permitting the adjustable charging power. Instead, it is
also important to note that the H2V strategy can also be used during the discharging
process. In this way, the EV can inject power to the smart home or the smart grid, but
as a function of the electrical appliances. A specific case occurs when the power
consumed by the electrical appliances exceeds the nominal power of the smart home.
In this circumstance, the EV can be controlled just to provide the difference of power
(between the nominal value and the required by the electrical appliances).

3.3 Operation Modes: Future Perspectives

Future viewpoints for the EV are discussed in this section, highlighting the relation
with the G2V/V2G/H2V modes, but establishing new opportunities for the EV-BCS,
involving the requirements of the smart grids and the smart homes (with ac, dc, or
hybrid electrical installations [36]).

3.3.1 On-Board EV BCS

Figure 3.2 illustrates an on-board EV-BCS in a smart home considering the
G2V/V2G/H2V modes, as well as a new mode for its operation, which is related
to power quality. Although the demonstration is for a smart home, this new operation
mode can be also framed with smart grids, contributing to define new control
strategies and energy policies under the smart grid scope.
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Fig. 3.2 On-board EV-BCS in a smart home scenario: Operation in G2V/V2G modes and
compensating problems of power quality, both for smart home and smart grid (harmonic currents
and low power factor)

Based on the analysis of Fig. 3.2, three different cases are identified: (a) the
on-board EV-BCS can be controlled for exchanging power with the smart home,
providing power only in accordance with the requirements of the smart home
management system, i.e., the G2V/V2G/H2V operation is limited to the smart
home scope; (b) the on-board EV-BCS can be controlled for exchanging power
with the smart grid, providing power only in accordance with the requirements of the
smart grid management system, i.e., the G2V/V2G operation is limited to the smart
grid scope, and the H2V is not considered in this control strategy; (c) the on-board
EV-BCS can be controlled, at the same time, with the smart home and with the smart
grid, i.e., the three G2V/V2G/H2V modes are adjusted within the smart home and
smart grid scope.

Besides the G2V/V2G/H2V modes, the on-board EV-BCS can also be con-
trolled in a perspective of compensating power quality problems. This mode is
identified as vehicle-for-grid (V4G) since the on-board EV-BCS is used to provide
additional services for the grid. This mode is exceptionally relevant since it does
not interfere with the G2V/V2G/H2V modes, i.e., the V4G mode can be combined
with each of the G2V/V2G/H2V modes. Moreover, it does not require to use the
EV battery, since only the front-end converter of the on-board EV-BCS is used.
Using the EV in this mode, independently or not of the G2V/V2G/H2V modes,
almost all the harmonic currents and the power factor of the smart home can be
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compensated. However, in the smart grid perspective, when the EV is plugged-in
at the smart home, the on-board EV-BCS can be used only to produce specific
harmonic currents and a specific value of reactive power for compensating the
power factor (e.g., other EV plugged-in neighboring smart homes can operate with
the same functionalities to compensate all the current harmonics and power factor
of a specific part of the smart grid). This is particularly relevant, making emerge
another perspective for the EV in smart homes, which is associated with the
selective harmonic current compensation. In this strategy, each EV is controlled
to produce a specific harmonic current for the smart grid. Notwithstanding the
strong benefits of the on-board EV-BCS operating in G2V/V2G/H2V/V4G modes
for the smart home and the smart grid, a crucial drawback is notorious: these modes
are only conceivable if the EV is plugged-in at the smart home (since the on-board
EV-BCS is used). However, from the power grid point of view, a new important
benefit is recognized: the EV can operate in the G2V/V2G/H2V/V4G modes where
it is plugged-in, representing a dynamic system conferring an important asset for
smart grids. As previously demonstrated, the EV can be controlled in the
G2V/V2G/H2V/V4G modes, where the specific V4G mode is linked to the com-
pensation of harmonic currents and power factor.

This new opportunity is also relevant taking into account that the derived costs
caused by power quality problems are substantially high around the world [37-
39]. Therefore, the EV can be used as a dispersed and dynamic active power filter
within the power grid, demonstrating that it can be an added value for supporting
power quality. Equivalent opportunities are obtainable based on computer simula-
tions in [40, 41], but in the perspective of the EV powertrain. The option just for
producing reactive power, as a requirement of the power grid, is investigated in [42—
45], and in [46], but neglecting the capability of harmonic current compensation.
The option for compensating harmonics and reactive power only during the G2V
mode is assumed in [47], which is a pertinent drawback since the EV manufacturers
are presenting the V2G mode and this option is independent of the G2V/V2G mode.
The exploitation of the V2G mode for power quality improvement is proposed in
[48] for a smart grid perspective. The possibility to use an on-board EV-BCS in four
quadrants is offered in [49], which is based on an experimental validation in
G2V/V2G modes, but only considering the production of reactive power, i.e.,
neglecting the harmonic current compensation. In [50] is proposed an external
system, only validated by computer simulations, where the necessary coupling
passive filters are installed, limiting the option of linking the EV to any outlet. In
[51] is presented a three-phase off-board EV-BCS offering the capability of har-
monic current and reactive power compensation. Another three-phase off-board
EV-BCS is proposed in [52], but only for harmonic current compensation,
neglecting the power factor compensation, as well as the possibility of a combined
operation in G2V/V2G modes.

Nevertheless, also within the V4G mode, the on-board EV-BCS can be controlled
to compensate other power quality problem: power outages of short duration at the
smart home level. Taking into account this scenario, besides the G2V/V2G modes,
the operation of the EV as a power source for the electrical installation, when it is not
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plugged-in to the power grid, is considered in [53]. Correspondingly, the possibility
of using the EV as a backup generator at the residential level is proposed in
[54]. This particular concept is denominated as vehicle-to-home (V2H), since,
when required, the EV can be used to feed the electrical appliances in the smart
home. A more convenient situation is related to the possibility of using the EV as an
off-line uninterruptible power supply (UPS). This possibility was initially consid-
ered in [55], based on preliminary results used to validate the operation mode when
considering linear electrical appliances (representing an unrealistic condition). In
this context, it must be highlighted that, sometimes, the designation of V2H is also
considered for aggregating the G2V/V2G modes for the EV at residential level
[34, 56], but without the possibility of operation as an off-line UPS. The possibility
of operation in V2H mode is particularly committed to smart homes during the
occurrence of power outages, representing a relevant contribution for improving
reliability and security against failures at the power grid level. These methodologies
comprise the operation of the EV in smart homes as an ESS [33], the flexibility for
managing the power consumption and user comfort at the smart home [57, 58], and
an optimal control scheduling considering the electrical appliances power consump-
tion [25]. Nissan proposed the EV operation through the “LEAF to Home” [59], and
Mitsubishi and Toyota have also similar platforms [60]. Nevertheless, in such
platforms, the EV does not allow the operation as an off-line UPS.
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Fig. 3.3 On-board EV-BCS in a smart home scenario: Operation in G2V/V2G modes and
compensating problems of power quality for the smart home (power outages using the EV as a
power supply)
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Figure 3.3 illustrates this case, where the EV battery is the power source of the
smart home, the on-board EV-BCS is controlled as an inverter, and the smart home is
not connected to the smart grid. In this particular case, the on-board EV-BCS is
controlled with voltage feedback to guarantee a stable voltage, both in terms of
amplitude and frequency, even with sudden variations of the electrical appliances
(which will define the current waveform). Since the EV battery is the power source
of the smart home, the management of the battery state-of-charge must be deter-
mined with maximum accuracy [61]. More specifically, when the EV is forced to
operate in this mode, the power management of the smart home can control some of
the non-priority electrical appliances to be turned-off, contributing to preserving the
EV battery.

3.3.2 Off-Board EV BCS

Besides the application of the G2V/V2G/H2V/V4G modes for on-board EV-BCS,
these modes can also be applied to off-board EV-BCS. Therefore, the previous
descriptions of these modes are also valid when considering off-board EV-BCS.
Figure 3.4 illustrates an off-board EV-BCS and an EV plugged-in at a smart home.
Taking into account the use of an off-board EV-BCS at the smart home level, the
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Fig. 3.4 Off-board EV-BCS in a smart home scenario with an EV plugged-in: Operation in
G2V/V2G modes and compensating problems of power quality, both for smart home and smart
grid (harmonic currents and low power factor)
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existing opportunities are even more appropriate, since the off-board EV-BCS is
permanently connected to the smart home. Consequently, independently of the EV
presence at the smart home, some of the previous operation modes are also available,
representing an added value for the smart home. As an example, the off-board
EV-BCS can offer power quality functionalities, both for the smart home and for
the smart grid, precisely as the on-board EV-BCS. Nevertheless, as a vital differenc-
ing factor, the functionalities offered by the V4G can be provided independently of
the EV presence, while the G2V/V2G/H2V modes are only accessible when the EV
is present (a situation that also occurs for on-board EV-BCS). Figure 3.5 illustrates a
vision of an off-board EV-BCS in a smart home, but without an EV plugged-in. As
shown, the V4G mode is possible in terms of compensation of harmonic currents and
power factor, but, since the EV is not plugged-in, the possibility of operation during
power outages is not possible.

Despite the relevance of the aforementioned modes, the foremost future oppor-
tunity associated with off-board EV-BCS is about the interfacing of other technol-
ogies for smart grids and smart homes, namely the technologies of ESS and RES
[62]. In this way, the main objective consists of using the same off-board EV-BCS to
interface a dc-dc converter for RES (unidirectional mode), as well as a dc-dc
converter for ESS (bidirectional mode), where a shared dc-link is used for such
purpose. This is distinct from the conventional solutions based on multiple power
stages for encompassing the EV, the RES, and the ESS [63].
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Fig. 3.5 Off-board EV-BCS in a smart home scenario without an EV plugged-in: Operation in
G2V/V2G modes and compensating problems of power quality, both for smart home and smart grid
(harmonic currents and low power factor)
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Fig. 3.6 Off-board EV-BCS in a hybrid smart home scenario with an EV plugged-in: Operation in
G2V/V2G modes and compensating problems of power quality, both for smart home and smart grid
(harmonic currents and low power factor). The RES (solar photovoltaic panels) and the ESS
(batteries) are interfaced through a shared dc-link, while the electrical appliances are directly
connected to the ac grid

It must be highlighted that the integration of an off-board EV-BCS encompassing
this opportunity denotes a complete solution involving the smart home three key
technologies: EV in bidirectional mode, ESS, and RES. This opportunity is different
from the conventional cooperation between the EV and the ESS using independent
systems [64]. Figure 3.6 illustrates this specific situation, where the single interface
for the power grid is highlighted, avoiding the necessity of additional ac-dc con-
verters to interface RES and ESS (i.e., this solution requires less two ac-dc con-
verters). Furthermore, this opportunity is even more relevant when considering the
migration from ac grids to dc grids, where the requirements of ac-dc converters are
severely reduced. Moreover, since the majority of the electrical appliances include a
front-end ac-dc converter that is only used to interface the ac grid, this opportunity
gains new relevance to avoid the use of multiple ac-dc power converters (Figs. 3.7
and 3.8).
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Fig. 3.7 Off-board EV-BCS in a dc smart home scenario with an EV plugged-in: Operation in
G2V/V2G modes and compensating problems of power quality, both for smart home and smart grid
(harmonic currents and low power factor). The RES (solar photovoltaic panels), the ESS (batteries),
and the electrical appliances are interfaced through a shared dc-link
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3.4 Validation of Off-Board EV Battery Chargers when
Contextualized in Smart Homes and Smart Grids

Taking into attention the possibilities offered by the integrated solutions based on the
off-board EV-BCS for smart homes and smart grids, this section introduces an
analysis that was performed considering three distinct cases of a smart home.

In the first case (a), a conventional ac smart home was considered, where the
electrical appliances are coupled to the ac power grid, as well as an on-board
EV-BCS, a power converter to interface RES, and a power converter to interface
ESS. In this case, independent power converters for each technology are used, which
are based on front-end (ac-dc) and back-end (dc-dc) power stages. In the second case
(b), a hybrid ac/dc smart home was considered, where the electrical appliances are
coupled to the ac power grid (as in the conventional case), but an off-board EV-BCS
is used to interface RES and ESS (sharing a common dc-link and avoiding the
necessity of ac-dc converters for interfacing these technologies). In the third case (c),
a dc smart home was considered as a future perspective, including an off-board
EV-BCS as main equipment. Therefore, for interfacing the technologies, dc-dc and
dc-ac converters were considered. Figure 3.9 illustrates these three cases.

Dedicated simulation models were developed for each case based on the PSIM
software. Considering the different technologies, the following situations were
addressed: (a) a set of solar photovoltaic (PV) panels was considered as an example
of RES, for a maximum power of 1.5 kW; (b) a set of lithium batteries was
considered as an example of ESS, with nominal voltage of 200 V and capacity of
10 Ah; (c) a set of resistive loads was selected (dc electrical appliances); (d) an
electric motor (induction) was selected (ac electrical appliances). On the other hand,

(2) (®) ©

Fig. 3.9 Considered cases for analysis: (a) A conventional ac smart home (using ac-dc power
converters for each technology); (b) A hybrid ac and dc smart home, where the electrical appliances
are directly connected to the ac power grid, but an off-board EV-BCS interfaces RES and ESS; (¢) A
dc smart home, where an off-board EV-BCS is the only interface with the power grid equipment
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for the power converters, the following conditions were addressed: (a) full-bridge
converters as example of ac-dc converters to interface the power grid (voltage source
converters controlled with current feedback); (b) half-bridge converters as example
of dc-dc converters (also with current or voltage feedback); (c) full-bridge converters
as example of dc-ac converters (also with voltage feedback).

3.4.1 Comparative Analysis: Efficiency of the Different Cases

Taking into account the innovative modes allowed by the future off-board EV-BCS
(used in a dc smart home to interface the EV, RES, ESS, ac electrical appliances, and
dc electrical appliances), as presented in Sect. 3.3 and based on the structures of
Fig. 3.9, a comparative analysis was performed based on the efficiency of the
different possibilities. Figure 3.10 presents the estimated efficiency for each mode
of operation that was defined for the off-board EV-BCS and considering the three
cases for the smart home (a conventional ac smart home, a hybrid ac/dc smart home,
and a dc smart home). By analyzing the obtained results, it is clear that the dc smart
home is the case that presents better results, independently of the operation mode
defined for the off-board EV-BCS. These results makes sense, since a single ac
interface is used, and, when it is necessary to exchange power between technologies,
only the dc-dc converters are used (i.e., the quantity of power stages is considerably
reduced). By analyzing the worst case in terms of efficiency, it is clear that the first
case presents the worst results since ac-dc converters are always required for the
power grid interface, even when it is necessary to exchange power between dc
technologies, as, for instance, between the ESS and the EV. It must be noted that
similar values of efficiency, sometimes, were achieved, since some operation modes
are equal, independently of the case in consideration.
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(a) The power extracted fromthe RES can beinjected intothe power grid; (g) The power from the ESS canbe delivered tothe smarthome (appliances);

(b) The power extracted from the RES can be used to chargethe EV; (h) The power from the ESS can be deliveredto the smartgrid;

(c) The power extracted from the RES canbe used tocharge the ESS; (i) The power from the grid can be used to charge the EV;

(d) The power extracted from the RES can be used by the appliances; (j) The power from the grid can be used to charge the ESS;

(e) The EV can deliver power tothe smarthome (appliances); (k) The power from the grid can be delivered to the smart home (appliances).

(f) The EV can deliver power tothe smartgrid;

Fig. 3.10 Estimated efficiency for each case under analysis, where for each case were considered
diverse perspectives of operation modes



3 The Role of Off-Board EV Battery Chargers in Smart Homes and Smart. . . 61

Aiming to obtain results as comprehensive as possible, the operation of the
off-board EV-BCS was considered in the different modes according to the cases
identified in Fig. 3.9: (a) a conventional ac smart home with ac-dc power converters
for each technology; (b) a hybrid ac and dc smart home, where only a RES and an
ESS are interfaced by the off-board EV-BCS; (c) a future dc smart home, where the
off-board EV-BCS interfaces the RES and the ESS, as well as the dc or ac electrical
appliances. The values of reference for the operation in each mode (i.e., the power
for the EV charging, the power extracted from the RES, the power of the ESS, and
the power of the electrical appliances) were selected as exemplification situations of
a real scenario of the application. It is important to note that the development of a
power management algorithm, for the smart home or the smart grid, is out of the
scope of this book chapter, as well as the communication strategies.

3.4.2 Comparative Analysis: Operation of the Different Cases

Figure 3.11a shows the obtained results for the three cases when it is considered that
only the electrical appliances are connected to the power grid, i.e., the power
produced by the RES is zero, the EV is not plugged-in, and the ESS is not operating.
For the electrical appliances, an active power of 1.2 kW and a reactive power of
225 VAr were measured. For the first and second cases, the current in the power grid
(igr1 and igyo) is defined by the current consumption of the electrical appliances.
Therefore, since the electrical appliances are categorized by linear and non-linear
characteristics, the power grid presents harmonic distortion. In this case, the mea-
sured THD was 15.2% and the power factor was 0.97. In the third case, since an
ac-dc converter is used to interface the power grid, the current in the power grid (ig43)
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Fig. 3.11 Results concerning the three cases identified in Fig. 3.8: (a) When the power grid
provides power exclusively to the electrical appliances; (b) When the power grid and the RES
provide power to the electrical appliances; (c) When the power grid and the RES provide power to
the electrical appliances and to the ESS
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is sinusoidal, with a measured THD of 1.1% and with a unitary power factor. In this
third case, the same electrical appliances were considered (i.e., the same active
power), but removing the ac-dc converters to interface the power grid, since they
are connected to the common dc-link through the dec-dc and dc-ac converters.

Figure 3.11b also shows the obtained results for the three cases considering that
the same electrical appliances are connected to the power grid (an active power of
1.2 kW and a reactive power of 225 VAr were measured), but with a power
production from the RES (with a power about of 550 W), while the EV is not
plugged-in and the ESS is not operating. In this circumstance, for both cases #1 and
#2, the power produced by the RES is injected into the power grid with a sinusoidal
waveform. However, since the power required by the electrical appliances is greater
than the power produced by the RES, a parcel of power is absorbed from the power
grid, resulting in a non-sinusoidal current in the power grid side, as demonstrated by
the waveforms of the currents iyy; and igy. In these cases, when compared with the
situation reported in Fig. 3.11a, the measured active power was 660 W and the
reactive power was 225 VAr. For both cases, the measured THD of the current was
26.9%. In the third case, similar to the situation reported in Fig. 3.11a, the current in
the power grid (i,43) is sinusoidal, with a measured THD of 1.2% and with a unitary
power factor. However, since the power produced by the RES is consumed by the
electrical appliance, the power absorbed from the power grid is reduced, also
meaning that the amplitude of the power grid current (i,4;3) is reduced. In this case,
the power from the RES is directly used by the electrical appliance through the dc-dc
converters.

Finally, Fig. 3.11c shows the obtained results for the three cases considering that
the same electrical appliances are connected to the power grid (an active power of
1.2 kW and a reactive power of 225 VAr were measured), with a power production
from the RES (with a power about of 1 kW) and the ESS storing energy (with a
power about of 450 W), while the EV is not plugged-in. Also, in this case, a parcel of
power is absorbed from the power grid, resulting in a non-sinusoidal current in the
power grid side, as demonstrated by the waveforms of the currents iy and igy. For
the first case, when compared with the situation reported in Fig. 3.11b, the increased
power production from the RES was stored in the ESS, therefore, from the power
grid point of view, the waveform of the current is the same. This is valid since the
current from the RES is sinusoidal (injected into the power grid) and the current
absorbed from the ESS is also sinusoidal. For the second case, the situation is
different, since a unified topology is considered for RES and ESS. In this case, the
parcel of the power produced by the RES is directly stored by the ESS through the
dc-dc converters. For the first case, the measured active power was 660 W and the
reactive power was 225 VAr, and, for the second case, the measured active power
and reactive power were similar. For both cases, the measured THD of the current
was about 26.9%. In the third case, which is similar to the situation reported in
Fig. 3.11b, the current in the power grid (i,43) is sinusoidal, with a measured THD of
1.2% and with a unitary power factor. When compared with the situation reported in
Fig. 3.11b, the increment of the power production from the RES does not influence
the current in the power grid side since it was directly stored by the ESS through the
dc-dc converters.
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Fig. 3.12 Results concerning the three cases identified in Fig. 3.8: (a) When the power grid and the
RES provide power to the electrical appliances and to the EV; (b) When the power grid and the ESS
provide power to the electrical appliances; (c) When the power grid and the ESS provide power to
the electrical appliances and to the EV

Similarly to Fig. 3.11, Fig. 3.12 shows some results where the off-board EV-BCS
operates in different modes according to the different cases identified in Fig. 3.9.
Figure 3.12a shows the obtained results for the three cases when it is considered that
the necessary power for the electrical appliances and for the EV charging is provided
by the RES and by the power grid, i.e., analyzing all the technologies, only the ESS
is not operating. For the electrical appliances, an active power of 1.2 kW and a
reactive power of 225 VAr were measured. To perform the EV charging, a power of
2 kW was established, while the power production from RES was about 1 kW.
Therefore, the power extracted from the RES is used for the electrical appliances, but
a parcel of power is required from the power grid, both for the electrical appliances
and for the EV charging. In the first case, since a parcel of power absorbed from the
power grid is used for the electrical appliances, the waveform of the power grid
current (iz4;) is distorted, even with the presence of the EV consuming a sinusoidal
current. In this case, the measured THD of the power grid current (izy;) was 8.3%
and the power factor was 0.91. The on-board EV-BCS presents a sinusoidal current
with a THD of 1.1% and a unitary power factor. In the second case, since a unified
topology is considered, the power extracted from the RES is directly used by the EV
through the dc-dc converters. In this circumstance, the power required by the EV is
greater than the power extracted from the RES, meaning that a parcel of power must
be absorbed from the power grid for the EV charging, added by the necessary power
for the electrical appliances. Therefore, the measured THD of the power grid current
(ign2) was 8.3% and the power factor was 0.91. In the third case, due to the presence
of a unified topology with a single ac-dc converter used to interface the power grid,
the current in the power grid (i,43) is sinusoidal, with a measured THD of 1.1% and
with a unitary power factor. Again, it must be noted that the same electrical
appliances were considered (i.e., the same active power), but removing the ac-dc
converters to interface the power grid, since they are connected to the common
dc-link through the dc-dc and dc-ac converters.
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Figure 3.12b shows the obtained results for the three cases when it is considered
that the necessary power for the electrical appliances is provided by the ESS and by
the power grid, i.e., the RES is not operating and the EV is not plugged-in. In this
situation, the active power required by the electrical appliances is 1.5 kW and the
power injected by the ESS is 500 W, meaning that the power grid must provide a
power of 1 kW. In the first case, the ESS injects a sinusoidal current into the power
grid (with a THD of 1.2% and in phase opposition with the voltage); however, taking
into account the linear and non-linear characteristics of the electrical appliances, the
current in the power grid side (i,4;) presents a THD of 18.4% and a power factor of
0.93. In the second case, a unified topology is used, but taking into account that the
RES is not producing power and the EV is not plugged-in. This case is very similar
to the situation reported in the previous case, where the current in the power grid side
(ign2) presents a THD of 18.4% and a power factor of 0.93. In the third case, the
unified topology is considered, but the situation is very different from the situations
reported in the previous case since the power from the ESS is directly used by the
electrical appliances through the dc-dc and dc-ac converters. In this circumstance,
power must be also absorbed from the power grid, but the current presents a
sinusoidal waveform with a THD of 1% and a unitary power factor.

Figure 3.12c shows the obtained results for the three cases when it is considered
that the necessary power for the electrical appliances and the EV charging is
provided by the ESS and by the power grid, i.e., analyzing all the technologies,
only the RES is not operating. In this situation, the EV requires a power of 2 kW, the
ESS provides a power of 1 kW, and the electrical appliances require a power of
1.5 kW. Therefore, the power grid must provide a power of 2.5 kW. In the first case,
a parcel of power is absorbed from the power grid, since the power injected by the
ESS is not enough for the requirements of the EV and the electrical appliances.
Therefore, the current waveform presents harmonic distortion, with a measured THD
of 7.3%, and a power factor of 0.9. In this case, the EV operates with a sinusoidal
current and with a unitary power factor, similar to the ESS (but with a current in
phase opposition with the voltage), but the current of the electrical appliances
presents harmonic distortion. In the second case, a unified topology is considered,
where the power from the ESS is directly used for the EV charging, meaning that
only the dc-dc converters are used for such purpose. However, in this situation, the
power required by the EV is greater than the power provided by the ESS, meaning
that a parcel of power must be absorbed from the power grid, added by the necessary
power for the electrical appliances. In this case, the current in the power grid side
presents a THD of 7.3% and a power factor of 0.9. In the third case, it is also
necessary to absorb a parcel of power from the power grid, since the power provided
by the ESS is not enough for the requirements of the EV and the electrical appli-
ances. In this case, due to the presence of a unified topology, the current in the power
grid (igy3) is sinusoidal, with a measured THD of 1.1% and with a unitary power
factor. Also, in this case, the same electrical appliances were considered.

Similarly to the previous situation, Fig. 3.13 shows some results where the
off-board EV-BCS operates in different modes according to the different cases
identified in Fig. 3.9. Figure 3.13a shows the obtained results for the three cases
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when it is considered that the necessary power for the electrical appliances is
provided only by the ESS, meaning that the production from RES is zero and that
the EV is not plugged-in. Moreover, as the ESS provides the necessary power for the
electrical appliances, it is not necessary to absorb power from the power grid. In the
first case, the necessary active power for electrical appliances is injected into the
power grid by the ESS. However, the injected current is sinusoidal (in phase
opposition with the voltage), but the consumed current by the electrical appliances
is non-sinusoidal, meaning that a parcel of non-sinusoidal current is absorbed from
the power grid. This situation is shown in the obtained waveforms of the currents.
For the electrical appliances, an active power of 980 W and a reactive power of
172 VAr were measured, where the current has a THD of 18.6%. In this case, it is
important to reinforce that the active power necessary for the electrical appliances is
exclusively provided by the ESS, therefore, the current in the power grid (igy;) is
only responsible for providing the necessary harmonic currents. In the second case, a
similar operation occurs. Despite the unified topology, in this case, when only the
ESS is used, the power stages are the same. Therefore, the current in the power grid
(ig#2) is very similar to the current in the power grid (iz4;) during the first case. In the
third case, the operation is completely different, since the power is directly provided
by the ESS to the electrical appliances through the dc-dc and dc-ac converters. In this
way, it is not necessary to use the power grid, meaning that the current in the power
grid (igx3) is zero.

Figure 3.13b shows the obtained results for the three cases when it is considered
that the off-board EV-BCS is used to provide services for the smart grid. In this case,
the power extracted by the RES is injected into the power grid and the EV is also
injecting power into the power grid. However, the power consumption from the
electrical appliances is inferior to the injected power, meaning that the difference is
used by the smart grid for power management control. In the first case, the necessary
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Fig. 3.13 Results concerning the three cases identified in Fig. 3.8: (a) When the ESS provides
power to the electrical appliances; (b) When the RES and the EV provides power to the electrical
appliances and to the smart grid; (c) When the power grid provides power to the electrical
appliances and the off-board EV-BCS provides power quality services to the smart grid
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active power for the electrical appliances is a parcel of the power injected by the RES
and by the EV. However, the electrical appliances are categorized by linear and
non-linear characteristics, meaning that the current in the power grid side (ig4;) has
harmonic distortion with a THD of 11.8%, as well as a power factor of 0.98. This
situation occurs because the converters of the RES and EV are controlled only to
inject active power into the power grid. In a second case, a quite similar operation is
observed, since the unified topology is controlled to inject a sinusoidal current into
the power grid, but the current consumption of the electrical appliances has harmonic
distortion. Therefore, harmonic currents are observed in the current of the power grid
side (igs). The main difference from the previous case is the reduced number of
necessary power converters, which only influence in the global efficiency. In the
third case, the operation is completely different, since the necessary power for the
electrical appliances is provided by the RES through the dc-dc and dc-ac converters.
Therefore, a current with a sinusoidal waveform is injected into the power grid with a
THD of 1.1% and in phase opposition with the voltage.

Figure 3.13c shows the obtained results for the three cases when considering that
only the electrical appliances are connected to the power grid (i.e., the power
produced by the RES is zero, the EV is not plugged-in) and that the ESS is not
operating. For the electrical appliances, an active power of 1.2 kW and a reactive
power of 225 VAr were measured. This situation was considered only to highlight
the opportunities offered by the off-board EV-BCS for the smart grid. Therefore, the
first two cases are equal to the reported cases in Fig. 3.11a. Therefore, in the third
case, the current in the power grid side (i,43) is composed of two parts: a fundamental
component (corresponding to the active power necessary for the electrical appli-
ances) and a selected harmonic current that is injected into the power grid tor
compensating the harmonic currents as requested by the smart grid. In this case, a
third-order harmonic current was considered with an amplitude of 2 A and a phase of
143°. Moreover, the off-board EV-BCS is also controlled to produce reactive power
for the smart grid, where a measured value of 600 VAr was considered. These values
(harmonic order, amplitude, phase, and reactive power) were selected as exemplifi-
cation since other values can be selected without jeopardizing the operation of the
off-board EV-BCS. In these circumstances, the smart grid is responsible to establish
a selective harmonic compensation control algorithm and to inform the different
off-board EV-BCS about the required values. Moreover, the same off-board
EV-BCS can be controlled for compensating more than one harmonic current
(e.g., an off-board EV-BCS can produce the third-order and fifth-order harmonics
and other off-board EV-BCS can produce the seventh-order harmonic).

Differently from the previous case, Fig. 3.14 shows a case when the RES
(PV panels) deliver power to the power grid, i.e., it is directly injected into the
power grid. In the figure, it is possible to visualize that the grid current (iz43) is
sinusoidal, but in opposition with the waveform of the voltage, meaning that the
power grid is absorbing power. Since the control of the dc-dc converter, used to
interface the RES, is based on a maximum power point tracking (MPPT) algorithm,
it is possible to extract the maximum power from the RES at each instant. Due to this
control algorithm, the extracted power can change, also forcing to change the
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Fig. 3.14 Results considering that the power from the RES is injected into the power grid: (a)
Power grid current (i,) and voltage (v¢); (b) Current in the RES and its reference (i, and iy, *)

reference current for the power grid side (assuming that the extracted power is
injected into the power grid). Figure 3.14 shows this case for different levels of
extracted power.

Besides the previous cases, Fig. 3.15 shows the results where the power for the
EV charging is delivered by the RES and by the power grid. This is a combined
situation that can be necessary if the power from the RES is not enough for charging
the EV battery. Therefore, a parcel of power was absorbed from the power grid. In
this figure are also shown the current (i,) and the voltage (v,) in the power grid side,
as well as the currents in the dc-side, namely, the EV battery current (i,,) and the
RES current (iy,,). Since the EV battery is charged with constant current and the
current in the RES is changing according to the MPPT algorithm, the current (i,) in
the power grid side is also changing, accordingly. Despite the observed variations,
the current (i,) in the power grid side does not present sudden variations capable of
causing power quality problems.
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3.5 Conclusion

The dissemination of electric mobility has encouraged the appearance of new
technologies and opportunities in terms of power management for smart homes
and for smart grids, where the electric vehicle (EV) has emerged with a set of
relevant valences for such purposes. Based on this background, this book chapter
deals with the role of off-board EV battery chargers in terms of operation modes and
new opportunities for smart homes and smart grids. Therefore, an analysis of the
state-of-the-art is presented and used as a support for launching a relation with future
perspectives. On-board and off-board EV battery charging systems (EV-BCS) are
analyzed in the scope of this book chapter, but special focus is given to the off-board
EV-BCS, particularly when interfacing renewable energy sources (RES) and energy
storage systems (ESS). Moreover, as demonstrated throughout the chapter, an
off-board EV-BCS can also be a central element in a future dc smart home, allowing
to interface with electrical appliances. Based on this perspective, three distinct cases
were considered: (1) A conventional ac smart home (using ac-dc power converters
for each technology); (2) A hybrid ac and dc smart home, where the electrical
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appliances are directly connected to the ac power grid, but an off-board EV-BCS
interfaces the RES and the ESS; (3) A dc smart home, where an off-board EV-BCS is
the only interface with the electrical power grid. The results were obtained focusing
on the efficiency and the power quality for each case when the off-board EV-BCS is
operating in different modes. In terms of efficiency, the results show that the
off-board EV-BCS in dc smart homes have better results, mainly due to the reduced
number of required power stages. In terms of power quality, the off-board EV-BCS
in dc smart homes also presents better results than the other cases, since the interface
with the power grid is performed by a front-end ac-dc converter operating with a
sinusoidal current, in phase or phase opposition with the power grid voltage.
Moreover, for this case it was also demonstrated that the off-board EV-BCS can
be used for providing power quality services for the smart grid, i.e., producing
reactive power and operating in strategies of control based on selective harmonic
compensation. By analyzing the obtained results, it is possible to infer that unified
structures of off-board EV-BCS have several advantages when framed with hybrid
or dc smart homes, as well as with smart grids.
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Chapter 4 )
Optimal Charge Scheduling of Electric e
Vehicles in Solar Energy Integrated Power
Systems Considering the Uncertainties

S. Muhammad Bagher Sadati, Jamal Moshtagh, Miadreza Shafie-Khah,
Abdollah Rastgou, and Joao P. S. Catalao

4.1 Introduction

Nowadays, air pollution and dependence on fossil fuel resources are worldwide
concerns. These issues are most taken into account in the transportation sectors and
electricity generation system as the main consumers of fossil fuels. Electric vehicles
(EVs) with the capability of Vehicle-to-Grid (V2G) are a solution to answer these
concerns. Of course, most of the EVs, which will be added in the distribution system
in the future, would highly consume energy, which leads to more energy production
and consequently, increased the greenhouse gas emissions. However, this problem
can be solved by charging/discharging schedule of the EVs as well as the usage of
renewable-energy resources (RERs) such as the solar system.

Because of uncontrolled charging, controlled charging and charging/discharging
schedule of the EVs, the planning and operation of the smart distribution network
(SDN) have been intricated. Uncontrolled charging of the EVs has inappropriate
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results such as increasing power losses and demand [1-4], imbalanced demand
[5, 6], voltage drop [7], increasing of total harmonic distortion [8, 9], decreasing
of cable and transformer life [10, 11], etc.. However, by using the controlled
charging and charging/discharging schedule, as well as V2G capability of the
EVs; the performance of the SDN is improved and is obtained some benefit such
as ancillary service [12], peak load shaving [13, 14], emission’s reduction [15],
support for the integration of RERs [16, 17], losses reduction [18], improving
voltage profile [19] and maximizing the profit [20, 21].

In addition, in [3, 22] are proved that charging of the EVs with only traditional
power plants leads to unfit environmental impact. So, using of RERs along with
traditional power plants is unavoidable. For this reason, charging of the EVs is
explored with RERs i.e. solar system, wind turbine and both of them [23-28].

In addition, due to the uncertainties of the EVs, especially their availability and
ensuring of the discharging power as well as the uncertainty of output power of the
solar system, the SDN faces uncertainties. Therefore, it is necessary to introduce the
risk-based model. Usually, risk control is done by using the risk measures. Value-at-
risk (VaR) and conditional value-at-risk (CVaR) are the most important examples of
risk measures. Due to the linear form of CVaR, this index is widely applied in the
power system problems [29].

Although, the optimal operation of the SDN has been evaluated in different
studies over the past few years; however, in this chapter, the operational scheduling
of the SDN in the presence of solar-based EV PLs, within the bi-level framework has
been investigated. The most important questions that are answered in this chapter, as
follows:

. What is the main aim of the optimal operation of the SDN?

. What is the appropriate model with the PL. owners as a new decision-maker?

. What time the EVs will be charged and discharged?

. How much is the total charging/discharging power of the EVs?

. What is the amount of purchasing power from the wholesale market (WM) for the
EVs and customers with regard to V2G capability?

. what is the effect of the uncertainties on the SDN?

. How does the risk effect on operational scheduling of the SDN?

. What are the most important affecting factors on the SDN?

. What is the proper method for solving the offered model?

N A W =

Nelio JBEN Bo)Y

The modeling of the EVs and the solar system are explained in Sects. 4.2 and 4.3,
respectively. Section 4.4 gives modeling of operational scheduling of the SDN, i.e.,
bi-level model and single-level model. In Sect. 4.5 simulation results are presented.
At last, conclusions are reported in Sect. 4.6.
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4.2 Modeling of the EVs

The EVs can be categorized into three groups of battery-electric vehicles, hybrid-
electric vehicles, and fuel cell electric vehicles. All these EVs have a battery as well
as the V2G capability. Therefore, in the near future, EVs are widely used. With
increasing the EVs, the batteries of them can provide a high-availability storage
system for the SDN. In this way, the EVs can act as an active element during the
parked times. So, the power stored in the batteries, particularly at the on-peak hours
sells to the SDNO. The initial state of energy (SOE), arrival time/departure time of
the EVs to/from the PLs, are the main uncertainties of each EV. Some studies are
shown that the behavior of the EVs can be modeled with appropriate probability
distribution function (PDF) such as a truncated Gaussian distribution [21]. Thus, the
modeling of EVs is shown by Egs. (4.1), (4.2), and (4.3).

SOEY, = f16(X: hsor: Oror: (SOEZS™"; SOER™))  VEV (4.1)
t%?/) :fTG (X’ uarv; Ggrv; (t%r“/)’ min 5 taEr“/}’ e )) VEV (42)

dep __ . L2 . dep, min . dep, max
ey =frc (X, Hdep> Odep’ (max (tEV ’taEr‘y) gy )) VEV (4.3)

Due to the large number of the EVs are in the PLs every day, the more energy is
needed for charging of the EVs. Furthermore, due to the V2G capability, the
performance of the SDN can be improved. Since the EVs are considered a load/
source at the off-peak and mid-peak hours/during the on-peak hours, a complexity is
created in the operation and planning of the SDN. Accordingly, proper PL’s oper-
ation will only be possible if there is an energy management system (EMS) that be
capable of controlling the process of charging and discharging of the EVs. Figure 4.1
illustrates the flowchart of charging or charging/discharging schedule of the EVs,
and the power exchanged between the PLs and the SDNO. Based on this flowchart,
after the entrance of the EVs to the PL, required data such as initial and desired SOE

Fig. 4.1 The Flowchart of
each EV’s operation Entrance of the EVs to the PLs

v

Receiving the required data: initial
and desired SOE, rated capacity of
battery and departure time

!

Calculation of time and charging/
discharging power of each EV by
solving objective function
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of the EVs, the battery specifications and departure time are obtained from the EV
owners. By computing the energy needed for each EV, the EMS determines the time
and charging/discharging power of the EVs.

4.3 Modeling of the Solar System

Several cells create the solar system. This system transforms solar irradiance energy
into electrical energy. The number of cells, the weather conditions, the direction of
cells and the temperature are the main affecting factor of the power generated of the
solar system. Of course, this power is an uncertain value due to the uncertainty of
solar irradiance. The most usable PDF for modeling of solar irradiance is the Beta
function that is explained in Egs. (4.4), (4.5), and (4.6). In these equations, 0 is the
solar irradiance (kW/mZ). Also, by using the mean (p) and variance () of solar
irradiance, a and f are computed [30].

o+ B)

o— B
£0) = mxe Py (1—0)P! 0<0<1,a>0,$>0 (4.4)
0 otherwise
B=(1—p)x <w—1> (4.5)
_pxp
oc—l_p (4.6)

The power generated of the solar system can be calculated by Eqgs. (4.7), (4.8),
(4.9), (4.10), and (4.11).

Po=N x FF x Vy x I, (4.7)
Vuep X Iupp

FF =————"— 4.8

Voc X Isc (48)

Vy = VOC — (Kv X Tc) (49)

I_VZGX(Isc-f-KCx (TC_25)) (410)
B Ty — 20

Tc_7g+(ex 08 ) (4.11)

Where voltage at the maximum power point and open circuit voltage are Vypp
and V., respectively. Iypp and I are current at the maximum power point and short
circuit current. The cell temperature is T, in °C. The ambient and nominal operating
temperatures are T, and Ty in °C. k, and k. (in V/°C and A/°C) are the voltage
temperature and the current temperature coefficient, respectively. N is the number of
cells, Py is the power generated of the solar system, and FF is the fill factor [30].
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4.4 Modeling of Operational Scheduling of the SDN

A bi-level model proposes when two decision-makers exist in the optimization
problems. In this model, the upper-level and the lower-level are leader and follower,
respectively. In this chapter, the SDNO as the leader and the PL. owner as a follower
are considered. The aims of the objective functions for leader and follower are
maximizing the profit and minimizing the cost, respectively. The presented
bi-level model investigates in two-parts. In the first part, the EVs only charge
(controlled charging), and in the second part, the EVs participate in charging/
charging schedule. The structure of the bi-level model shows in Fig. 4.2. Also,
Fig. 4.3 shows how the decision-makers interact in this model. Based on Fig. 4.3, the
power exchanged between the SDNO and the PL owners as well as the price of this
power are considered as the decision variables of these two levels (in the controlled
charging part, charging power and price, i.e. P™ and Pr", in the charging/
discharging schedule part, charging/discharging power and price, i.e. P™", Pr'" and
Pdeh. ppdehy ‘The PL owner decides on the offered price for the power exchanged with
the SDNO, which depends on the ability to charging or charging/discharging of the
EVs. This decision affects the offered price, and the SDNO may change this price.
The changing this price will also change the exchanging power. This action repeats
several times in order to the problem reach the point of equilibrium.

4.4.1 Bi-Level Model with Controlled Charging

The proposed bi-level model with controlled charging of the EVs is defined in
Eqgs. (4.12), (4.13), (4.14), (4.15), (4.16), (4.17), (4.18), (4.19), (4.20), (4.21),
(4.22), (4.23), (4.24), (4.25), (4.26), and (4.27). The goal of the upper-level is to
maximize the profit of SDNO. Equations (4.12), (4.13), (4.14), (4.15), (4.16), (4.17),
and (4.18) describe this level. The objective function is explained in Eq. (4.12). The
decision variables of this level are the purchasing power from the WM, and the
offered energy sold price to the PL owners. The parts of the objective function are as
follows:

Fig. 4.2 Structure of the .
bi-level model Operation of the SDN Problem

aim: Maximization of the Profit

subject to: upper-level constraints

Operation of the PLs Problem
aim: Minimization of the cost

subject to: lower-level Problem
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Fig. 4.3 Interaction with the SDNO and the PL owners in the bi-level model

Part 1. Selling energy to the customers (as an income term).

Part 2. Purchasing energy from the WM (as a cost term).

Part 3. The expected value of energy sold to the PL owner at off-peak/mid-peak
hours (as an income term).

Equation (4.13) is the linear load flow, and is fully explained in [30] (see
Appendix A). Equation (4.14) shows also the maximum price of the energy sold
to the PL owners. It should be noted that in the next section, firstly, the price of the
energy sold to customers calculates regardless of the EVs, so the maximum price of
the energy sold to the PL owners is equal to this amount. The Eq. (4.15) is the
maximum power purchased of the SDNO from the WM. This maximum limit is
equal to the total power for supplying the customers’ demand and charging of all
EVs. According to Eq. (4.16), the amount of line current due to the capacity and the
permissible thermal must be limited to its maximum value. Also, Eq. (4.17) limits
the voltage of each bus between the maximum and minimum values, i.e., 1.05 and
0.95 per unit (p.u.). The power balance limit, i.e., equivalence the total power
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generated with the total power consumed, is shown in Eq. (4.18). The amount of loss
in Eq. (4.18) is equal to multiply the value of the electrical resistance between the
two lines and the squared of current between these lines, and is also linearized
in [30].

Equations (4.19), (4.20), (4.21), (4.22), (4.23), (4.24), (4.25), (4.26), and (4.27)
describe the lower-level. The cost minimization of the PL owners is the target of this
level. At this level, the PL owners provide the optimal SOE of each EV at exiting
time by charging the batteries of the EVs. The decision variables are the power
purchased from the SDNO for charging of the EVs, the SOE of each EV, and the
charging power of the EVs by the solar system. The objective function of this level is
defined in Eq. (4.19), which minimizes the cost of the purchasing energy from the
SDNO for EVs’ charging during the off-peak and mid-peak hours.

To optimize the power purchased from the SDNO, it is necessary to be created
proper scheduling for the charging power and charging time of the EVs. In fact, in
the interval time between the arrival/departure time from/to the PLs, at the low
energy prices, i.e. at the off-peak and mid-peak hours, the EVs should be charge so
that the EVs leaves the PLs with the desired SOE. The time interval, i.e. charging/
discharging time of the EVs and the customers’ demand, is 1 hour (At = 1).
Therefore, in these equations, At is neglected. The SOE of each EV, based on
Eq. (4.20), should be less than its maximum value. Also, the total power purchased
from the SDN and the power generated of the solar system for the EVs charging,
according to Eq. (4.21) during the off-peak and mid-peak hours is limited to
maximum and minimum values. According to Eq. (4.22), the EVs must not charge
through the SDNO at the on-peak hours. Eq. (4.23) also shows that the EVs’
charging power with the solar system at the on-peak hours should be limited to
maximum and minimum values. Based on Egs. (4.24) and (4.25), the SOE of each
EV at each hour time is depended on to the remained SOE of the EV from the
previous hour, the power purchased from the SDNO and the power generated by the
solar system, charging efficiency, and the initial SOE of each EV. Based on
Eq. (4.26), the SOE of the EVs reaches the desired SOE at the departure time.
Equation (4.27) also shows that the power required for charging of the EVs through
the solar system at each time is equal to the power generated of the solar system at
the same time. Dual variables for the equal and unequal constraints of the lower-level
problem are shown by A. Figure 4.4 shows the proposed framework of this model.

Maximize
24 N, Ny
WhZG Wh2G

Z Z(Ple,txprf)fz(Pabz x Pr; )
=1 \b=2 sh=1 (4.12)

Np.  Npv

~ch— grzd G2PL

+ E E E ( PL,EV pmid/off-peak X Prlmld/()tffpmk

PL=1 EV=1 t=

Subject to:
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Inputs:

1. Specifications of the solar system as well asthe EVs
including arrival time, depurate time, initial and desired SOE ,
charging rate and battery capacity.

2. Real char acteristics of the network such as the customers’
demand, ohmic and inductive resistance, and power factor.

v

Upper -Level: Operational Scheduling of the SDN
Objective function: Maximizing the profit of the SDNO

Variables: The pow er purchased from the WM , the proposed
energy sold price to the PL owners.

Limitations: Linear load flow, maximum and minimum the
power purchased from the WM, maximum and minimum of the
energy price, power balance, line capacity and bus voltage.

t v

Lower-level: operation of the PLs
objective function: Minimizing the cost of the PLs

Variables: The power purchased from the SDNO for charging
of the EVs, charging power of the EVs with the solar system ,
the SOE of the EVs.

Limitations: SOE, charging rate.

v

Outputs:

1- The energy sold price to the PL owners.
2- Charging scheduling of the EVs.

3- The power sold to the PLs.

4- Operational scheduling of the SDN.

Fig. 4.4 The proposed bi-level model framework with controlled charging
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4.4.2 Bi-Level Model with the Charging/Discharging
Schedule
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The presented bi-level model with the charging/discharging schedule of the EVs is
described in Eqs. (4.28), (4.29), (4.30), (4.31), (4.32), (4.33), (4.34), (4.35), (4.36),
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(4.37), (4.38), (4.39), (4.40), (4.41), (4.42), (4.43), (4.44), and (4.45). In this case,
the SDNO at the on-peak hours uses the discharging power of the EVs as well as the
power generated of the solar system for supplying the customers’ demand. The goal
of the upper-level is to maximize the profit of SDNO. This level is defined by
Eqgs. (4.28), (4.29), (4.30), (4.31), (4.32), (4.33), and (4.34). The objective function is
presented in Eq. (4.28). The decision variables of this level are the power purchased
from the WM, the energy purchased price from the PL. owners. The energy sold price
to the PL owners is calculated from the previous part and is considered as a
parameter. The parts of this objective function are as follows:

Part 1. Selling energy to the customers (as an income term).

Part 2. Purchasing energy from the WM (as a cost term).

Part 3. The expected value of energy sold to the PL owners at off-peak/mid-peak
hours (as an income term).

Part 4. The expected value of purchasing energy from the PL owners at the on-peak
hours (as a cost term).

Part 5. The expected value of purchasing energy from the power generated of the
solar system at the on-peak hours (as a cost term).

Equations (4.29), (4.30), (4.31), (4.32), (4.33), and (4.34) are the constraints of
this level. Except Eq. (4.30), reminded equations are explained in Sect. 4.4.1.
Equation (4.30) shows the maximum price of the energy purchased from the PL
owners.

Equations (4.35), (4.36), (4.37), (4.38), (4.39), (4.40), (4.41), (4.42), (4.43),
(4.44), and (4.45) describe the lower-level. The aim of this level is to minimization
the cost of the PL owners. At this level, the PL owners provide the optimal SOE of
each EV at the departure time by charging/discharging schedule of the EVs. The
decision variables are the power exchanged between the SDNO and the PL owners,
the SOE of each EV, and the charging power of the EVs by the solar system. The
objective function of this level is described in Eq. (4.35). The parts of this objective
function are as follows:

1. Purchasing energy from the SDNO for EVs’ charging during the off-peak/mid-
peak hours.

2. Purchasing energy from the EV owners at the on-peak hours for selling to the
SDNO. In this case, it is supposed that half of this income is paid to the EV
owners to encourage them to attend the V2G program.

3. The cost of battery depreciation that is paid to the EV owners due to many times
discharging. This term is calculated by the exchanging power between each EV
and the PL owner [21].

The constraints of this level explain in Eqs. (4.36), (4.37), (4.38), (4.39), (4.40),
(4.41), (4.42), (4.43), (4.44), and (4.45). Based on the previous part, proper sched-
uling for the power and the time of the EVs charging/discharging is needed. In fact,
in the interval time between the arrival/departure time from/to the PLs, at the low
energy prices, i.e. the off-peak and mid-peak hours, the EVs should be charge and at
the high energy prices, i.e. the on-peak hours, the EVs should be discharge. Also, the
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EVs leaves the PLs with the desired SOE. The SOE of each EV, based on the
Eq. (4.36), should be between the minimum and maximum value. Equations (4.37)
and (4.38) are explained in the previous part. Equation (4.39) shows that the power
generated of the solar system for charging of the EVs not used at the on-peak hours.
In fact, at these hours, the discharging power of the EVs and the power generated of
the solar system are applied in order to supply the customers’ demand. The amount
of discharging power of the EVs for selling to the SDNO at the on-peak hours is also
limited between the maximum and minimum values, based on Eq. (4.40). According
to Eq. (4.41), the discharging power must be zero during the off-peak/mid-peak
hours. Equations (4.42), (4.43), (4.44), and (4.45) are also explained in the previous
part. A are dual variables for the equal and unequal constraints of the lower-level
problem. Figure 4.5 shows the proposed framework for this model.

Maximize
24 Np N
L L Wh2G Wh2G
Do\ D (P x Pri) = Y (PRPC < Pr0)
=1 b=2 sb=1
~ch—grid G2PL
Npr  Ngy 24 ( PL’EV’tm[d/aﬂ—/;eak X Prtmid/qﬁ'—pmk) (428)
P3P IPI
PL=1 EV=1 =1 7( PLEV gon-peak X Prlml,,,mk>
Np, 24
~Solar
- Z (PPL’tan—peak X Prtpoﬁl—zpcz‘;ak)
PL=1 =1
Subject to:
Liner power flow (4.29)
0<P tnﬁ‘—szmk <P rﬁfgékmax (430)
Wh2G Wh2G, mé
0 < P26 < pWi2G, max (4.31)
0 < Ly < I (4.32)
Vmin S Vb,t,s S ymax (433)

~dch ~Solar
Wh2G Trans 2 :
Psb,t X 1’] rans + PPL,EVJ(m—pmk + PPL,t‘””/’“’k
EV

~ch—grid

=P é,r +P IL,?SS + ZP PL,EV, pmid/off ~peak (4.34)
EV
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Inputs:

1. Specifications of the solar system as well as the EVs
including arrival time, depurate time, initial and final SOE,
charging/discharging rate and battery capacity.

2. Real characteristics of the network such as the customers’
demand, ohmic and inductive resistance, and power factor.

v

Upper -Level: Operational Scheduling of the SDN

Objective function: Maximizing the profit of the SDNO

Variables: The power purchased from the WM, the proposed
energy purchased price from the PL owners.

Limitations: Linear load flow, maximum and minimum the
power purchased from the WM, maximum and minimum
energy price, power Balance, line capacity and bus voltage.

t v

Lower-level: operation of the PLs

objective function: Minimizing the cost of the PLs

Variables: The power exchanged between the SDN and the PLs,
charging power of the EVs with the solar system, the SOE of
the EVs.

Limitations: SOE, charging/discharging rate.

v

1- The energy purchased price from the PL owners.

Outputs:

2- Charging/discharging scheduling of the EVs.
3- Power exchanged between the PLs and the SDN.

4- Operational scheduling of the SDN.

Fig. 4.5 The proposed bi-level model framework with charging/discharging schedule
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Minimize
Ny Np,  Nev — " 192G d
c —gri G2PL y C
g Ps § § § (( PL.EV pmid/off—peak_g X Pr;m'd/'ﬂﬁﬁmk) + (P%L,Ev,t""*l’”"‘,s X (O'SPIJ?‘" v+ C )))
s=1 PL=1 EV=1 t=1

(4.35)

Subject to:

SOEmm < SOEpipv,s < SOER VPL,EV,t,s /IIIDL,EV,t,s’/II%L,EV,t,S (4.36)

ch—grid ch—Solar
O < PPL,EVJmid/qﬁ'—peakss PL’EV’tmhI/af/—pmA s

max mid | off —peak 3 4
S P VPL, EV, t s S APL EV trnid/nfffpeak’S? APL»EV,lmid/qﬁ'—pmk’S (437)

PO i =0 VPL,EV, " Pk (4.38)

P Solar =0 VPLEV, Pk s (4.39)

0 < PL EV ton— peak .5

) —peak 6

S Pm«.lX VPL, EV, ton pea , S APL BV, ton—peak 5> /’i«PL,EV,trmﬂymk’S (4'40)
dch id —peak

Pt s ity =0 VPL,EV, /ol =peck (4.41)

Pdch
PLEV t,s ch—grid ch—Solar
SOEpLEvs = SOEpLEV-1,s — T + (P PLEV.s T P PL,EV,t,s)
dch

x " VYPL,EV,t

arv
=S ALy s (4.42)
Pdch y
= arv PLEV.1.s ch—gri ch—Solar
SOEprpv.s = SOEgy — [ — === | + (P PLEV.s TP PL,EV,t,s)
Mdch
arv
X e VPLLEV, U8 AP gy s (4.43)
dep de,
SOEpLgy.s = SOEL VPL,EV,t*? s ,1PL - (4.44)
-h—Sol Sol id | off —peak
P;’L,Eg,g'}"id/al]fpmk,X = Pp(zljzzi(//ujf—pmk’s VPL, EV, trm /(ﬁ ped , S APL EV. gmidoff ~peak s

(4.45)



86 S. M. B. Sadati et al.
4.4.3 A Bi-Level Problem Solving Method

The KKT conditions and the dual theory are applied to solve the non-linear bi-level
model. The single-level steps and linearization of the bi-level model are as follows
[21, 31]:

1. The energy sold price to PL owners in the controlled charging model as well as
the energy purchased price from the PL owners in the charging/discharging
schedule model; those are as variables in the upper-level, are considered as
parameters in the lower-level. Therefore, the lower-level problem that is linear
and continuous is replaced by KKT conditions.

2. With the using of the KKT conditions, the problem is still non-linear due to the
multiplication of two variables. Therefore, by using the dual theory, the linear
expressions of these non-linear parts are calculated and replaced.

The linear single-level model, whose steps are described in Appendix B, are
expressed in Eqs. (4.46), (4.47), (4.48), (4.49), and (4.50) for controlled charging.

Maximize
Ny 24 Ny, Ny

OF, + Zps x OF, = Z (Z (Pk, x Prt) — Z (P26 Prtwm)>
s=1 =1 b=2

max 1 max
- (SOEEV x APL,EVU ( PL EV, prid/off —peak )
N; Np, Ngy 24

+ Zps SN Z — (P X B o vt ) + (SOERY X A gy om)

=1  PI=1 EV=1 1=
dep Solar 9
(SOEEV X APLEVt""” ) + (P34 X AL pvs)

(4.46)
Subject to:
(4.13) to (4.18) (4.47)
(4.20) to (4.27) (4.48)
(4.1.11) to (4.1.13) (4.49)
(4.1.20) to (4.1.24) (4.50)

Also, the charging/discharging schedule model is explained in Egs. (4.51), (4.52),
(4.53), (4.54), and (4.55).
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N
Maximize OF; + Z ps % OF4
s=1

2% /N,

_ L L

= E Z(Pb,,xPr,)f
=1 b=2
Np,  Ney 24

~ch—grid G2PL
+ E E E (P PL.EV gmid/off—peak X Pt ofr—pea
PL=1 EV=1 t=1

Ny
Z (P;)Zh}(; % Pr Wh2(z)>
b=

sb=1

Ner

~Solar
PL2G
— E E < PLjon-peak X Prrun pm)
min 1 max 2
(SOEEV x APL,EV,:,S) - (SO v X APL,EV,t,s)

(Pmax X /IPL EV, mid/off —peak s) (Pmax X j’PL EV,on-peak s>

Ns Npp  Nev v dep
_ Zﬂv 33 Zz o | H(SOESY x A8, 1y n) + (SOEEV X 201 i )
PL=1 EV=1 1=
Solar dch cd
+(PPL mid | off —peak S X j'pL EV, mid [off ,euk ) (PPLEVI"“ 1“"",_5‘ X C )
peh—grid G2PL
( PL,EV gmid/off —peak g X Pr,nm//q#pmk)
(4.51)
Subject to:

(4.29) to (4.34) (4.52)
(4.36) to (4.45) (4.53)
(411.12) to (4.11.15) (4.54)
(4.11.22) to (4.11.27) (4.55)

4.4.4 Single-Level Model

In the single-level model, the SDNO also owns the PLs and the solar system;
therefore, it must satisfy the owner of each EV in accordance with the limitations
of the EVs. In fact, the constraints of the EVs that are described in the previous
sections should be considered as the constraints of the SDNO.

4.4.4.1 Single-Level Model with Controlled Charging
In this case, the SDNO provides the total customers’ demand and a part of the

charging power of the EVs, from the WM. Also, the other part of the power needed
for EVs’ charging is provided through the power generated of the solar system. The
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Inputs:

1. Specifications of the solar system as well as the EVs
including arrival time, depurate time, initial and final SOE,
charging rate and battery capacity.

2. Real characteristics of the network such as the customers’
demand, ohmic and inductive resistance, and power factor.

v

Objective function: Maximizing the profit of the SDNO

Variables: The power purchased from the WM, the power sold
to the EVs.

Limitations: Linear load flow, maximum and minimum the
power purchased from the WM, power Balance, line capacity,
bus voltage, SOE, charging rate.

v

Outputs:

1- Charging scheduling of the EVs.

2- The power sold to the EVs.

3- Operational scheduling of the SDN.

Fig. 4.6 The proposed single-level model framework with controlled charging

single-level model is defined in Egs. (4.56), (4.57), (4.58), and (4.59). The objective
function of the model is similar to the bi-level model, except for the last part, where
the income from the selling energy to the EVs with the power generated of the solar
system. Moreover, the energy sold price to the EVs, in this case, is equal to the
energy sold price to the customer. The proposed framework of this model shows in

Fig. 4.6.

Subject to:

Ng
Maximize OF; + Z ps % OFs

s=1

24 Ny Ng,
S (Z (P, < pet) — 3 (120 Pr,WhZﬂ) s

=1 b=2 =
Ny Np, Ngy 24 PChfgrid y PrL
A PL,EV gmid/off —peak g p
IOV IDY
- ch—Solar
s=1 PL=1 EV=1 t=1 (PPLEV” y PrL)
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(4.13) and (4.15) to (4.18) (4.57)

Wh2G Trans solar L 0SS § : ch—grid
Psbt xn + PPLts - P PtL,s + PPL‘EVJmid/nﬁ”—pmkqs
EV

+ Y PY (4.58)
EV
(4.20) to (4.27) (4.59)

4.4.4.2 Single-Level Model with Charging/Discharging Schedule

In this case, the SDNO provides a part of the customers’ demand and a part of the
charging power of the EVs from the WM. Furthermore, a part of the customers’
demand during the on-peak hours is provided by the power purchased from the EV
owners, and the power generated by the solar system. A part of the charging power is
being provided during the off-peak/mid-peak hours by the power generated of the
solar system. The energy sold price to the EVs is equale to the energy sold price to
the customer. It is also assumed that the energy purchased price from the EVs is
equal to the minimum electricity price of the WM at the on-peak hours, i.e. 140
$/MWh. The objective functions of this model are similar to the bi-level model, with
two differences in the single-level model. The SDNO must pay the cost of depreci-
ation of the battery to the EVs owners. Also, the SDNO gains the income from the
selling energy to the EVs by the power generated of the solar system, so the single-
level model is defined by the Egs. (4.60), (4.61), (4.62), and (4.63). Figure 4.7 shows
the proposed framework of the single-level model.

Ns
Maximize OF; + ) _ p, x OFs

s=1
24 /N Ny " ,
PL % PI.L PW G W 2G
S (S-S )

h—grid L ch—Solar
Npp Ney 24 (P;LEVr vidfoff ~peak X Pr,mul/a//—pmk + PPLEVt idfoff ~peak X Pr mid foff —peak

Y Y Y

— — - 'ch min ,Wh2G dch cd
A 0 (Pl o o, P — (Pl e, )

(4.60)
Subject to:

(4.29), (4.31) to (4.34) (4.61)
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Inputs:

1. Specifications of the solar system as well as the EVs
including arrival time, depurate time, initial and final SOE,
charging rate and battery capacity.

2. Real characteristics of the network such as the customers’
demand, ohmic and inductive resistance, and power factor.

v

Objective function: Maximizing the profit of the SDNO

Variables: The power purchased from the WM, the power
exchanged between the SDN and the EVs.

Limitations: Linear load flow, maximum and minimum the
power purchased from the WM, power Balance, line capacity,
bus voltage, SOE, charging/discharging rate.

v

1- Charging/discharging scheduling of the EVs.

Outputs:

2- The power purchased/sold from/to the EVs.
3- Operational scheduling of the SDN.

Fig. 4.7 The proposed single-level model framework with charging/discharging schedule

Wh2G Trans § ch olar __
vat + Pf’L,EV,t"”*F“’k,s + PﬁL,t,X -

(4.62)
0 h—grid ch—Solar
PL 5 ZP;’L 1:§,V pmidoff ~peak g + ZP P};‘, E“sv’ltmid/vﬂfpeak,x
EV
(4.36) to (4.45) (4.63)

4.4.5 Risk Management

Due to uncertainties of the EVs and the solar system in the proposed model, the
SDNO is faced to risk that a determined value is admissible. For controlling the risk
level, three strategies, i.e. risk-seeker, risk-neutral, and risk-averse are offered [32].
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1. By ignoring uncertainties, the SDNO has faced no risk. The model in this
situation is solved with one scenario, i.e. s = 1.

2. By taking the several scenarios into account for uncertainties, i.e. Risk-neutral
model, the optimal response is achieved by the expected value of scenarios.

3. If with considering scenarios, a term for controlling the risk of profit is added, the
risk-averse model will be obtained. In this model, a non-suitable condition, e.g., a
high probability of low profit is eliminated. Value-at-Risk (VaR) and Conditional
Value-at-Risk (CVaR), are the most important of risk measures. In this chapter,
CVaR is considered for risk measures because of the linear formulation. The
CVaR at o confidence level is equal to the expected profit of the (1 — a) 100%
scenarios with the worst value of profit. The confidence level of CVaR is set close
to 1, so in this chapter is 0.95. The CVaR is explained by Eqgs. (4.64), (4.65), and
(4.66) [29]:

N,

1 s
—B;+{—n, <0 (4.65)
7y >0 (4.66)

The risk-based models with CVaR index are introduced as follows.

4.4.5.1 Risk-Based Bi-Level Model

The risk-based bi-level model with CVaR index, for controlled charging model is
defined in Egs. (4.67), (4.68), (4.69), and (4.70).

Maximize

Ny N,
(1-8) x <0F1 +) py % 0F2) + B x (g -3 1(1 Zwy) (4.67)
s=1

s=1

Subject to:
(4.47) to (4.50) (4.68)
ns >0 (4.69)
{—ns—(OF, +0F;) <0 (4.70)

Also, Egs. (4.71), (4.72), (4.73), and (4.74) explain the risk-based bi-level model
in charging/discharging schedule.
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Maximize
Ns N,

1 (4.71)

OF; +;ps x OFy + f x (‘:_104 ;psm>

Subject to:

(4.52) to (4.55) (4.72)
ns =0 (4.73)
¢ —ny— (OF3 +O0F;) <0 (4.74)

4.4.5.2 Risk-Based Single-Level Model

The risk-based single-level model with CVaR index, for controlled charging model
is described in Eqs. (4.75), (4.76), (4.77), and (4.78).

Maximize

Ns N,
(1-p)x <OF1 + Zps X OF5) + B x ({ -1 10( Z%’?s) (4.75)
s=1

s=1

Subject to:
(4.57) to (4.59) (4.76)
ny >0 (4.77)
¢ —n, — (OF; + OFs) <0 (4.78)

Also, Egs. (4.79), (4.80), (4.81), and (4.82) explain the risk-based bi-level model
in charging/discharging schedule.

Maximize

Ns N,
(1-p)x <OF1 + Zps X OF6) + B x (g -1 10{ Z%’?s) (4.79)
s=1

s=1

Subject to:

(4.61) to (4.63) (4.80)
ng >0 (4.81)
¢ —ns— (OF; +OF) <0 (4.82)
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[ Uncertainty :
1 Bus specification with truncated The output power of the |
[ Gaussian distribution PDF solar system with Beta PDF |
' |
I_ _____ $ ___________________ -
Computing energy needed for each EV based on R and X of line, customers’
initial and desired SOE. demand, etc. of the SDN

Operational scheduling of the SDN and the PLs

Fig. 4.8 The stochastic programming framework for optimal operation of the SDN

4.4.6 The Problem Solving Process

For solving the models, a flowchart based on stochastic programming is suggested,
and is shown in Fig. 4.8. Forasmuch as the models are mixed-integer linear pro-
gramming (MILP) problems, the simulation is performed through CPLEX solver of
GAMS. By using the Kantorovich distance approach, the scenarios for modeling of
uncertainty are decreased to 8. The simulation is carried out in a laptop with Corei7
up to 3.5 GHz CPU, 12 GB RAM (DDR4), and 4 MB Cash.

4.5 Simulation Results

In the following, based on the proposed models, the simulations are carried out on an
IEEE 33-bus distribution system. At first, the maximum profit of the SDNO is
calculated without the EV. In this program, the price of the energy sold to the
customer is also obtained. Additionally, the customers’ demand and the power
purchased from the WM are investigated. Then, considering the EVs and controlled
charging and charging/discharging schedule with and without the solar system, in
the single-level model and the bi-level model, different parts of the objective
functions such as charging/discharging power of the EVs are evaluated over a
24-hours. The price of the energy sold to the PL owner (controlled charging
mode), and the price of the energy purchased from the PL owner (charging/
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discharging schedule) are calculated by solving the bi-level problem. The risk level
is more accurately investigated. Finally, the sensitivity analysis is performed by
changing some parameters such as the number of the EVs, the EVs’ battery capacity,
the rated power of the solar system and the PL sitting.

4.5.1 Input Data

For proving the effectiveness of the models, the presented models are tested on an
IEEE 33-bus distribution system, i.e. Figure 4.9 that the specification is obtained
from [33]. The power factor of the customers’ demand is 0.95 lagging. Also, there is
a PL with a capacity of up to 500 EVs is installed on bus 20. The PL has a solar
system that the requirements’ data are given in Table 4.1 [34]. Figure 4.10 is shown
the solar irradiation [35]. The data for modeling the EVs’ uncertainty is presented in
Table 4.2 [21]. Accordingly, the number of the EVs entering the PL as well as the
number of the EVs departing from the PL are shown in Tables 4.3 and 4.4. It should
be noted that between 10:00 and 18:00, the number of the EVs in the PL is fixed
ie. 500 EVs. In addition, Fig. 4.11 is illustrated the initial SOE of the EVs in
scenario 1. The desired SOE at the departure time is considered 90% of battery
capacity [21]. The minimum and maximum values of SOE are set to 15% and 90%
battery capacity, respectively. The charging/discharging efficiency, EVs’ battery
capacity, and the maximum charging/discharging rate are 90%, 95%, 50 kWh and
10 kWh, respectively. The price of the battery depreciation of the EVs is 30 $/MWh
[21]. Moreover, Fig. 4.12 shows the electricity price of WM. Hours (1:00-8:00),
(23:00-24:00) and (9:00-12:00), (19:00-22:00) and (13,00-18:00) are the off-peak,
mid-peak and on-peak hours, respectively [33]. The price of energy sold to cus-
tomers’ demand is 80,120 and 240 at the off-peak, mid-peak and on-peak hours,
respectively.

4.5.2 The System Without the EVs and the Solar System

Initially, the model is solved for a situation in which the EVs do not exist, in order to
determine the maximum profit of the SDNO along with the optimal price of the
energy sold to the customer. In addition in this section, the customers’ demand and
the power purchased from the WM are calculated.

1. The maximum profit of the SDNO
Table 4.5 shows the maximum profit of SDNO in the absence of the EVs. The
solution time of each program is also given in Table 4.5.



4 Optimal Charge Scheduling of Electric Vehicles in Solar Energy. . . 95

Substation

19 20 21 22

213 14 15 16 17 18

Upstream network

Fig. 4.9 The IEEE 33-bus distribution system

Table 4.1 The parameters of the solar system

23 et
24

4

26 27 28 29 30 31 32 33

Parameters Value Parameters Value
Open circuit voltage (V) 21 Voltage temperature coefficient (V/c) 0.088
Short circuit current (A) 34 Current temperature coefficient (A/c) 0.0015
Voltage at maximum power (V) 17.4 Normal operating temperature (c) 34
Current at maximum power (v) 3.05 | Ambient temperature (c) 25

Cell number 2000 Rated power (kW) 400

Solar irradiance (kW/m?)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Fig. 4.10 The solar irradiance (kW/m?)

Time (h)
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Table 4.2 The required data for modeling of initial SOE, arrival/departure time of EVs

Mean Standard deviation Minimum Maximum

Initial SOE (%) 50 25 30 60

Arrival hours (h) 8 3 7 10

Departure hours (h) 20 3 19 24

Tabled"—ﬁ g\l,e nurgze; of Time (h) |S1 |S2 [S3 [s4 [s5 [s6 [s7 [ss

entered the s to rom

2200 t0 1100 262 234 |262 |258 |268 |244 |237 |251
8 57 | 65 | 54 | 68 | 58| 76 | 70 | 80
9 66 | 71 | 52 | 51 | 61 | 54 | 67 | 53
10 115 130 [132 [123 [113 [126 |126 |116

dTable ‘:i-“h TE; m;mberp if Time (h) |S1 |S2 [S3 [s4 [s5 [se [s7 [ss

eparted the EVs from

from 19:00 to 24:00 19 235 |233 |268 |245 [243 [255 [259 |233
20 67 | 66 | 80 | 62 | 66 | 71 | 60 | 72
21 73 | 63 | 50 | 54 | 68 | 49 | 56 | 59
2 49 | 54 | 31 | 52 45| 42| 50 | 59
23 33 [ 34 [ 3027 | 343835 ] 30
24 43 [ 50 | 41 | 60 | 44 | 45 | 40 | 47

33

30

27

24

21

Initial SOC of the EVs in scenarios 1 (Kwh)

Time (h)

Fig. 4.11 The SOE of 500 EVs in scenario 1

2. Customers’ demand

Figure 4.13 shows customers’ demand. Table 4.6 shows the customers’
demand at different time intervals. It is noted that the benefit of the SDNO
from the energy sold to the customer is 24256.64 $.
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Fig. 4.12 The energy price of the WM

Solution time (s)

0.39

The maximum

Table 4.5

Profit of the SDNO ($)

5929.33

profit of the SDNO

(MIN) pueWdp SIAWOISN))

12 13 14 15 16 17 18 19 20 21 22 23 24

6 7 8 9 10 11
Time (h)

2 3 45

1

Fig. 4.13 The customers’ demand in two models

3. Power purchased from the WM

The power purchased from the WM, i.e. the sum of the customers’ demand
and network losses and also its cost are shown in Table 4.7. Moreover, the SDN

loss is 7.415 MWh.
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Table 4.6 The customers’ demand at the interval time (MWh)

Totald demand Off-peak hours Mid-peak hours On-peak hours
173.139 61.646 61.946 49.547

Table 4.7 The energy purchased from the wholesale and its cost without the EVs

The energy purchased (MWh) The cost of the energy purchased ($)
180.554 18327.31

4.5.3 The System with the EVs (Controlled Charging)
With/Without the Solar System

In this section, the model is solved for a situation that the EVs are only charged
i.e. controlled charging mode. The model is investigated in two parts: single-level
and bi-level. Also, in each part, the effect of the solar system is evaluated. In the
single-level model forasmuch as the SDNO is the owner of the PL and the solar
system, the price of the energy sold to the EV owners is equal to the price of the
energy sold to the customers. However, in the bi-level model, the price of the energy
sold to the PL owner is calculated by solving the model. The charging power of the
EVs and the power purchased from the WM are also examined in both models. It
should be noted that the customers’ demand, in this case, is the same as Fig. 4.13.

1. The maximum profit of SDNO

Table 4.8 shows the maximum profit of the SDNO in the single-level and bi-level
models with/without the solar system. The single-level model has more profit
than the bi-level model. According to Tables 4.9 and 4.10, the main reason can be
considered by the price of the energy sold to the EV owners and the PL owner. In
the single-level model, this price is equal to the price of the energy sold to the
customer; however, in the bi-level model, this price, due to the interaction
between the two decision-makers, i.e. the SDNO and the PL owner, is lower
than the price of the energy sold to the customer. The second reason is the revenue
by the energy sold to the EV owners by the power generated of the solar system
(in the single-level model, SDNO owns the solar system). The solution times are
also presented in Table 4.8. With the presence of the EVs and the solar system,
the solution time raise. Of course, in the bi-level model, due to the complexity of
the problem, this time will be greatly increased.

2. Charging power of the EVs
Due to the controlled charging of the EVs, at the off-peak and mid-peak hours, the
EVs are charged. The maximum charging rate of the EVs is 10 kWh. Forasmuch
as at some hours, there are 500 EVs in the PL, the maximum power that can be
imposed on the system for charging of the EVs can be up to 5 MWh. In this
regard, the charging power of the EVs by the SDNO and the solar system as well
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Table 4.8 The maximum profit of the SDNO and solution time in all programs

Program Profit of the SDNO ($) Solution time (s)
1. Single-level model without the solar system 6430.646 22.859
2. Single-level model with the solar system 6600.369 44.766
3. Bi-level model without the solar system 6164.578 72.359
4. Bi-level model with the solar system 6225.330 288.266
Table 4.9 The selling energy Hour Energy price
p'rice to the EV owners in the 7:00-8:00 30
single-level model ($/MWh)
9:00-12:00 and 19:00-22:00 120
23:00-24:00 80

Table 4.10 The selling
energy price to the PL owner
in the bi-level model ($/MWh)

Energy price
Hour With solar Without solar
7:00-8:00 71.6 72.2
9:00-12:00 and 19:00-22:00 114 118
23:00-24:00 71.6 72.2

Table 4.11 The power charged of the EVs in both models (MW)

Total charging power | Charging power of the EVs | Charging power of the EVs by
Program | of the EVs by the SDNO the solar system
1 11.903 11.903 -
2 11.903 8.960 2.943
3 11.903 11.903 -
4 11.903 8.960 2.943
Table 4.12 The revenue of Program EV owners or PL owner
the energy sold to the EV 1 138334
owners or the PL owner ($)
2 1059.51
3 1123.16
4 937.547

as the benefit of its, in both models in different programs are presented in
Tables 4.11 and 4.12. According to these tables, the EVs’ charging power in
each program is equal because of the condition of each EV, such as arrival time,
departure time and the initial and desired SOE is the same. The price of the energy
sold to the EVs, the price of the energy purchased from the WM, as well as the
number of the EVs in the PL, are the main factors in the charging power of

the EVs.
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Fig. 4.14 The charging power of all EVs by the SDNO in the single-level model
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Fig. 4.15 The charging power of all EVs by the SDNO in the bi-level model

Also, Figs. 4.14 and 4.15 illustrate the total charging power of the EV's through
the SDNO. Based on Fig. 4.14 in the single-level model, at the 7:00 and 8:00, the
difference between the price of the energy purchased from the WM and the
energy sold to EVs owner is low; therefore, at these times, the SDNO purchases
less energy for charging of the EVs. However, at 9:00, 10:00, and 22:00, because
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of the higher difference between the two prices, the SDNO purchases high
energy. Furthermore, in the bi-level model according to Fig. 4.15, the PL owner’s
decision is also effective, so SDNO purchases more energy for charging of the
EVs at the 7:00 and 8:00 that the price of energy is low. In this situation, the
SDNO gains more profit by the cheaper electricity price of the WM. Therefore,
the purchasing behavior of the SDNO from the WM for charging of the EVs in
this model is slightly different from the single-level model.

It is noted that the EVs will not be charged by the SDNO from 13:00 to 18:00
due to the on-peak hours. Additionally, at the 12:00 and 19:00, due to the
difference between these two prices (purchasing from the WM and selling to
the EV owners or the PL owner) is zero or negative and because of charging of the
EVs by the solar system during the on-peak hours, no energy for charging of the
EVs is purchased. Of course, in the system without the solar system, due to many
EVs leave the PL at 19:00, and in accordance with the constraints, especially the
EV owner’s satisfaction (desired SOE), the energy is also purchased at 12:00 and
19:00. The power for charging of the EVs that is provided by the solar system is
shown in Fig. 4.16.

. Power purchased from the WM

The power purchased from the WM with regard to the customers’ demand,
network losses, the power generated of the solar system and charging power of
the EVs, along with its cost, are shown in Table 4.13. Figure 4.17 shows a
comparison between the power purchased from the WM in the single-level and
bi-level models. According to Fig. 4.17, until the arrival of the EVs, the purchas-
ing power from the WM is the same. From 7:00, with the arrival of the EVs, this
power will increase and will continue until 11:00. In these hours, purchasing the
power from the WM in the single-level and bi-level models is slightly different. In
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4.16 The charging power of all EVs by the solar system in both models
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Table 4.13 The energy purchased from the WM as well as its cost

Program The energy purchased (MWh) The cost of the energy purchased ($)
1 192.938 19209.334

2 191.767 19059.966

3 192.870 19113.120

4 191.714 18968.856

14
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Fig. 4.17 The power purchased from the WM in both models

fact, in the single-level model, when the price of selling energy to the EVs is high,
the SDNO purchases more power. However, in the bi-level model, the SDNO
purchases more power when the electricity price of the WM is low, i.e. at the
off-peak hours. At 13:00 to 18:00 due to the on-peak hours, the EVs are not
charged through the SDNO. Therefore, at this time, the purchasing power from
the WM is the same. From 19:00, due to the charging of some EVs, the power
purchased will increase again. Furthermore, with the solar system, at 12:00 and
19:00 in two models (red and green line), no power is purchased from the WM.
4. Evaluation of risk level

To investigate the risk level, the system with the solar system is considered in the
single-level and bi-level model. The revenue and cost of the SDNO are presented
in separate sections in each of the three models of risk in Table 4.14. According to
this table, the SDNO, taking into account the risk, gains less profit from the power
sold to the EV owners or the PL owner. Also, Fig. 4.18 illustrates the maximum
profit of the SDNO by changing the risk aversion parameter, i.e. f. Increasing this
amount leads to a reduction in the profit of the SDNO.
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Table 4.14 The revenue and cost of the SDNO in the three models of risk ($)

103

Bi-level Single-level
Income Model model model
Energy sold to the customer Risk- 24256.64 24256.64
seeker
Risk- 24256.64 24256.64
neutral
Risk- 24256.64 24256.64
averse
Energy sold to the EV owners by the solar system | Risk- - 344.185
seeker
Risk- - 344.185
neutral
Risk- - 344.185
averse
Energy sold to the EV owners or the PL owner by | Risk- 1040.057 1063.127
the SDNO seeker
Risk- 937.547 1059.510
neutral
Risk- 893.792 1048.646
averse
Cost
Energy purchased from the WM Risk- 18824.068 | 18951.786
seeker
Risk- 18968.856 19059.966
neutral
Risk- 18967.328 19067.241
averse
Profit
Profit Risk- 6472.630 6712.166
seeker
Risk- 6225.330 6600.368
neutral
Risk- 6183.103 6547.916

averse

5. Sensitivity analysis

Finally, for investigation the affecting factors on the maximum profit of the
SDNO in the risk-neutral model, sensitivity analysis is carried out according to
Table 4.15 by changing some parameters such as the number of the EVs, the EVs’
battery capacity and the rated power of the solar system in 6 modes for the single-
level and bi-level model with the solar system. Based on Table 4.15, increasing
the EVs’ battery capacity, the number of the EVs as well as the rated power of the
solar system will bring more profit to the SDNO due to increasing the energy sold

to the EVs.

Additionally, for evaluating the effect of the PL sitting on the maximum profit
of the SDNO, Table 4.16 is presented. In this regard, three buses are randomly
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models

Table 4.15 Sensitivity analysis of the affecting factors on the maximum profit of the SDNO

Maximum profit
Battery Rated power of the Single-level Bi-level

No EVs no. capacity (kWh) solar system (kW) model model

1 500 50 400 6600.369 6225.330
2 500 24 400 6326.914 6185.083
3 500 50 500 6630.211 6367.970
4 1000 50 400 7114.364 6589.192
5 1000 24 400 6639.413 6373.397
6 1000 50 500 7150.733 6629.801

selected considering the situation of first and sixth sensitivity analysis. With the
changing of the PL sitting, the difference between maximum profit occurs in the
single-level model and bi-level model.

4.5.4 The System with the EVs (Charging/Discharging) With/
Without the Solar System

In this section, the model is solved in the presence of the EVs with charging/
discharging schedule as well as single-level and bi-level models. In the single-
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Table 4.16 Evaluation of the effect of the PL sitting on the maximum profit of the SDNO

Maximum profit
Sensitivity analysis No. The bus of the PL Single-level model Bi-level model
1 20 6600.369 6225.330
1 4 6586.420 6315.722
1 24 6565.793 6316.835
6 20 7150.733 6629.801
6 4 7110.169 6606.545
6 24 6943.132 6429.363

Table 4.17 The maximum profit of the SDNO and solution time in all programs

Program Profit of the SDNO ($) Solution time (s)
1. Single-level model without the solar system 6721.098 27.469

2. Single-level model with the solar system 6961.287 78.984

3. Bi-level model without the solar system 6645.461 243.67

4. Bi-level model with the solar system 6684.246 574.56

level model, the SDNO is the owner of the PL, so the price of the energy sold to the
EV owners is equal to the price of the energy sold to the customers (see Table 4.9).
Also, the maximum limit of the price of the energy purchased from the EV owners is
140 $/MWh, i.e. the minimum electricity price of the WM. In the bi-level model, the
price of the energy sold to the PL owner is the same as Table 4.10. The price of the
energy purchased from the PL owner (in the bi-level model) is calculated by solving
the problem. The maximum profit of SDNO, the charging/discharging power of the
EVs and the power purchased from the WM are examined in both models. It should
be noted that the customers’ demand is the same as Fig. 4.13.

1.

The maximum profit of SDNO

Table 4.17 shows the maximum profit of the SDNO in the single-level and
bi-level models. In the single-level model, the SDNO gains more profit than the
bi-level model. The reason can be seen in several factors. In the single-level
model because of the power generated of the solar system, the SDNO purchases
less power from the WM at the on-peak hours. Another reason is the price of the
energy sold to the EV owners. In the single-level model, this price is equal to the
price of the energy sold to the customer; however, in the bi-level model, this price
is lower than the price of the energy sold to the customer. Moreover, in the
bi-level model, the owner of the PL due to the minimization of cost purchases less
power from the SDNO and therefore, has less power for selling to the SDNO
during the on-peak hours. According to Table 4.18, the price of the energy
purchased from the PL owner in the bi-level model is also lower than the
single-level model. In addition, the solution times are presented in Table 4.17.
With the presence of the EVs on the system, the solution time raise. Of course, in
the bi-level model, due to the complexity of the problem, this time will be greatly
increased.
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Table 4.18 The price of the energy purchased from the EV owners and the PL owner ($/MWh)

Hour EV owners (single-level model) PL owner (bi-level model)

13:00-18:00 140 133

Table 4.19 The power charged of the EVs in the single-level model (MW)

Total charging power | Charging power of the EVs | Charging power of the EVs by
Program | of the EVs by the SDNO the solar system
1 21.199 21.199 —
2 20.610 19.131 1.479
3 20.139 20.139 —
4 18.174 16.658 1.516

Table 4.20 The discharging

5 Program Total discharging power of the EVs
power of the EVs in the 1 7048
single-level model (MW) :
2 7.444
3 7.001
4 6.505

2.

Charging/discharging power of the EVs

Due to the charging/discharging schedule of the EVs, during the off-peak and
mid-peak hours, the EVs are charged and at the on-peak hours are discharged. As
previously mentioned, the maximum power that can be imposed on the SDN for
charging of the EVs can be up to 5 MWh. The same amount of power during the
on-peak hours is available due to discharging power of the EVs. In this regard, the
charging/discharging power of the EVs, as well as its cost and benefit are
presented in Tables 4.19, 4.20, 4.21, and 4.22. The power generated of the
solar system is also used for charging the EVs and supplying the customers’
demand. According to these tables, In the bi-level model, the aim of PL owner is
influenced in the charging/discharging power, and therefore, less power is
exchanged between the SDNO and the PL.

The Figs. 4.19 and 4.20 show the total charging/discharging power of the EVs
through the SDNO in the single-level model. According to these figures, the
charging/discharging schedule is properly done. At the off-peak and mid-peak
hours, the EVs are charged and at the on-peak hours, the EVs are discharged.
Since the discharging of the EVs occur at the on-peak hours, firstly, the EVs are
fully charged, then they are discharged, and finally are again charged to achieve
the desired SOE in the departure time. In accordance with Fig. 4.19, at 9:00 and
10:00 since the difference between the electricity price of the WM and the price of
the energy sold to the EVs are high, so at these times, the SDNO sells more
power. Also at the on-peak hours, the EVs do not charge. At 19:00, unlike the
controlled charging mode, since most of the EVs participate in the discharging
schedule and according to Table 4.4, about 50% of the EVs leave the PL, more
power is sold for meeting the desired SOE. After that, considering the existing
EVs, less power is sold for charging of the EVs.
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’[[‘lable 4.21 T;le regenél\e/ of Program EV owners or PL owner
the energy sold to the
owners and the PL owner for 1 2444.292
charging of the EVs ($) 2 2233.900

3 1927.175

4 1826.865
Table 4.22 The cost of the Program EV owners or PL owner
energy purchased from the EV | 1112.806
owners and the PL owner ($) :

2 1042.281

3 931.012

4 865.213

Charging power of the EVs (MW)

B Single-level model without the solar System

B Single-level model with the solar System
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Fig. 4.19 The charging power of the all EVs by the SDNO in the single-level model

The discharging of the EVs occurs at the on-peak hours according to Fig. 4.20.
Based on this figure, at 13:00, EVs do not discharge because at this time the
discharging energy price is the same as the electricity price of the WM. In fact, the
SDNO purchases the power discharged when the electricity price of the WM is
very high, i.e. 17:00 and 16:00. At these times, the electricity price of the WM is
200 and 195 $/MWh, respectively.

Also, Fig. 4.21 shows the sharing of power generated by the solar system for
charging of the EVs and feeding the customer in the single-level model. Based on
Fig. 4.21, during the on-peak hours, the SDNO uses most of this power for
feeding the customer due to the high electricity price of the WM.

Figure 4.22 shows the charging power of the EVs in the bi-level model.
Because of the aim of the PL owner, i.e. cost of minimization, the PL owner
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Fig. 4.20 The discharging power of the all EVs in the single-level model
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Fig. 4.21 Sharing of power generated by the solar system for charging of the EVs and feeding of
the customer in the single-level model

purchases more power from the SDNO when the electricity price of the WM is
low, i.e. at 7:00 and 8:00. Figure 4.23, also shows the discharging power of the
EVs in the bi-level model that is the same as the single-level model. Also,
Fig. 4.24 shows the sharing of power generated by the solar system for charging
of the EVs and feeding the customer in the bi-level model.
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Fig. 4.22 The charging power of the all EVs by the SDNO in the bi-level model
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Fig. 4.23 The discharging power of the all EVs in the bi-level model

3. Power purchased from the WM (Table 4.23)
Table 4.25 shows the power purchased from the WM and its cost. Also, Figs. 4.24
shows a comparison between the power purchased from the WM in the single-
level and bi-level models. Until the arrival of the EVs, i.e. 7:00, the power
purchased from the WM is the same. Of course, this amount is slightly higher
than the customers’ demand due to network losses. From 7:00, with the arrival of
the EVs, this power will increase and will continue until 11:00. In these hours,
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Fig. 4.24 Sharing of power generated by the solar system for charging of the EVs and feeding of
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customer in the bi-level model

Table 4.23 The energy purchased from the WM as well as its cost

Program The energy purchased (MWh) The cost of the energy purchased ($)
1 194.572 18628.570
2 193.409 18435.302
3 194.503 18607.342
4 193.356 18344.192

purchasing the power from the WM in the single-level and bi-level models is
slightly different. From 13:00 to 18:00, discharging power of the EVs or power
generated of the solar system are used for meeting the customers’ demand. For
this reason, at these hours, the purchasing power from the WM is reduced, so that
the lowest power purchased from the WM is at 17:00. From 19:00, due to the
departure of 50% of the EVs from the PL and the satisfaction of the desired SOE,
this power is increased. The power purchased from the WM after 19:00 is
continued due to fewer numbers of the EVs in the PL and the customers’ demand
(Fig. 4.25).

. Evaluation of risk level

In order to investigate the risk level, the system with the solar system is consid-
ered in the single-level and bi-level model. The revenue and cost of the SDNO are
presented in separate sections in each of the three models of risk in Table 4.24. In
the risk-seeker model, the SDNO purchases more power for EVs’ charging in
order to get more profit, but in the risk-averse model, purchase less power for
EVs’ charging. Also, in the risk-seeker model, the SDNO by using discharging
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Fig. 4.25 The power purchased from the WM in both models

power to meeting the customers’ demand at the on-peak hours, purchase less
power from the WM. For this reason, in this model, the power purchased’s cost of
the EVs is the highest. So, in the risk-seeker model, the SDNO gains the most
profit. Furthermore, Fig. 4.26 illustrates the maximum profit of the SDNO by
changing the risk aversion parameter, i.e. f. Increasing this amount leads to a
reduction in the profit of SDNO.

5. Sensitivity analysis

Finally, for investigation the affecting factors on the maximum profit of the
SDNO in the risk-neutral model, sensitivity analysis is carried out by changing
some parameters such as the number of the EVs, the EVs’ battery capacity and
rated power of the solar system in 6 modes for both models, i.e. single-level and
bi-level model with the solar system according to Table 4.25. Based on
Table 4.15, increasing the EVs’ battery capacity, number of the EVs as well as
the rated power of the solar system will bring more profit to the SDNO due to
increasing the energy sold to the EVs.

Also, for evaluating the effect of the PL sitting on the maximum profit of the
SDNO, Table 4.26 is presented. In this regard, three buses are randomly selected
considering the situation of first and sixth sensitivity analysis. With the changing
of the PL sitting, the difference between maximum profit occurs in the single-
level model and bi-level model.
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Table 4.24 The revenue and cost of the SDNO in the three models of risk ($)

Model Bi-level model | Single-level model

Income

Energy sold to customer Risk-seeker 24256.64 24256.640
Risk-neutral | 24256.64 24256.640
Risk-averse 24256.64 24256.640

Energy sold to the EV owners Risk-seeker — 149.803

by the solar system Risk-neutral | — 171.676
Risk-averse - 282.169

Energy sold to the EV owners or Risk-seeker 1906.865 2300.071

the PL owner by the SDNO Risk-neutral | 1826.865 2233.900
Risk-averse 1807.415 2223.475

Cost

Energy purchased from the WM Risk-seeker 18154.402 18191.885
Risk-neutral 18344.192 18435.302
Risk-averse 18326.522 18431.262

Battery depreciation Risk-seeker - 243.123
Risk-neutral - 223.345
Risk-averse - 249.266

Energy purchased from the EV Risk-seeker 955.103 1134.576

owners or the PL owner Risk-neutral | 865.213 1042.280

(discharging power) Risk-averse | 936.124 1163.243

Energy purchased from the PL owner | Risk-seeker 215.413 -

(power generated of the solar system) | Risk-neutral 189.853 _
Risk-averse 170.093 -

Profit

Profit Risk-seeker 6838.587 7136.930
Risk-neutral | 6684.246 6961.287
Risk-averse 6631.316 6894.798

4.6 Conclusions

With modeling the EVs and the solar system and considering the private owner for
the PLs (with two programs, i.e. controlled charging mode and smart charging/
discharging mode), a new non-linear bi-level model was suggested for the opera-
tional scheduling of the SDN. The profit maximization of the SDNO and minimizing
the cost of the PLs owner were the objective functions of each level. By using of
KKT condition and the dual theory as well as the Fortuny-Amat and McCarl
linearization method, the non-linear bi-level model was converted to single-level
and linear models. Further, by supposing that the SDNO is the owner of the PLs, the
single-level model was also proposed with the goal of profit maximization of the
SDNO. Also, due to the uncertainties, three different strategies for risk management
were introduced to evaluate the effect of the risk on the operational scheduling of the
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Table 4.25 Sensitivity analysis of the affecting factors on the maximum profit of the SDNO

Maximum profit
Battery Rated power of the Single-level Bi-level

No EVs no. capacity (kWh) solar system (kW) model model

1 500 50 400 6961.287 6684.246
2 500 24 400 6564.702 6303.117
3 500 50 500 7016.687 6751.966
4 1000 50 400 7662.344 7440.848
5 1000 24 400 6961.061 6693.670
6 1000 50 500 7721.598 7490.227

Table 4.26 Evaluation of the effect of the PL sitting on the maximum profit of the SDNO

Sensitivity analysis No.

The bus of the PL

Maximum profit

Single-level model

Bi-level model

1 20 6961.287 6684.246
1 4 6999.619 6707.128
1 24 6943.316 6645.155
6 20 7721.598 7490.227
6 4 7813.149 7549.778
6 24 7237.194 7150.823
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SDN. By introducing a Conditional Value-at-Risk (CVaR) index, the risk-based
model was defined.

After presenting these models, the simulations on the IEEE 33-bus distribution
system were tested over a 24-hours for proving the effectiveness of the model. The
maximum profit of the SDNO, the customers’ demand, charging/discharging power
of the EVs and the power purchased from the WM were evaluated in each mode.
Also, for investigation of risk level, the amount of revenue and cost of the SDNO in
three models of risk were presented. Finally, the sensitivity analysis was performed
by changing some parameters. The main results were achieved from the case studies
as follows:

1. The maximum profit of the SDNO in the single-level model was higher than the
bi-level model. The reason in controlled charging and charging/discharging
schedule can be seen in several factors:

* The higher price of the energy sold to the EV owners in the single-level model
(in both section)

* More revenue from the energy sold to the EV owners during the off-peak/mid-
peak hours due to power generated of the solar system in the single-level
model (in both section)

* More revenue from the less power purchased from the WM during the on-peak
hours due to power generated of solar in the single-level model (in the
charging/discharging schedule)

* Less revenue from the energy sold to the PL owner in the bi-level model due to
minimizing the cost (in the charging/discharging schedule)

2. The charging schedule and even charging/discharging schedule of the EVs were
correctly done. So that the EVs’ charging happened during the off-peak/mid-peak
hours. Moreover, the EVs’ discharging occurred during the on-peak hours. Of
course, during the off-peak/mid-peak hours when the difference between the
electricity price of the WM and the energy sold to the EV owners or the PL
owner was negative or zero, discharging did not happen. Also, during the on-peak
hours, the electricity price of the WM and the purchasing energy price from the
EV owners or the PL owner were the main reason for the decision of the SDNO
for purchasing energy. Therefore, most of the energy purchased from the EV
owners or the PL owner was performed at 16:00 or 17:00. At this time, the energy
purchased from the WM was the highest value.

3. By increasing the level of risk, the SDNO was more conservative done the
charging/discharging schedule, so the SDNO was obtained the lowest profit in
the risk-averse model. In fact, in the risk-averse model, since the EVs were less
involved in charging/discharging schedule, the SDNO more power was pur-
chased from the WM, and less profit was achieved.

4. Increasing the EV’s battery capacity and increasing the number of EVs as well as
the rated power of the solar system was brought more profit to the SDNO. Also,
with the changing of sitting of PL, in some cases, there was a difference between
the profit of the SDNO.
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5. The results of the single-level and bi-level models were proved the effectiveness
of these models. For solving the bi-level model, the dual theory, the KKT
conditions, and the Fortuny-Amat and McCarl methods were applied. So, the
non-linear bi-level model was transformed into a single-level and linear model
that can be easily solved by the optimization solver.

Appendix A: Linear Power Flow

In this chapter, a linear power flow is used based on [20, 30]. This power flow is used
only in radial distribution networks. For this purpose, a term is considered as a block
to avoid nonlinearities. Note that the EVs in the PLs act as a source at the on-peak
hours and as a load at the off-peak or mid-peak hours. The active and reactive power
balance in this power flow is shown in Egs. (4.A.1) and (4.A.2). Of course in the
single-level model, instead of the expected value of the charging/discharging power
and the output power of the solar system in Eq. (4.A.1), their scenario values are
replaced.

" ~Solar ~dch ~ch B
P:Z’_’,ZG « ”T;ans +Ppr, + ) Pprpy,— Ppr gy, — Z [(P;b,m — Phyb,_m) +Ryy ]zb’b,m]
EV EV »
- L
+Z (P;—’,b,t,s - Ph',b,z,s) - Ph,t =0 Vt, S
b
(4.A.1)
Wh2G 4 _
Qins — Z [(Qb,b’,t,s - Qb,b’,t,s) + Xb,b’lzb,b’,z,s}
b/
-+ — L,
+ Z(Qb/,b,t,s - Qb/,b,t,s) - Qb,t
b/
=0 Vs (4.A2)

Note that 12 refers to an auxiliary variable linearly representing the squared
current flow 12 in a given branch. At most one of these two positive auxiliary
variables, i.e., Py s and Qp 1, ¢ s, can be different from zero at a time. This condition
is again implicitly enforced by optimality. Moreover, Egs. (4.A.3) and (4.A.4) limit
these variables by the maximum apparent power for the sake of completeness.

0< (P lj,b’,t,s +P l:b’,t,s) < yRared o bl (4.A.3)

0= (QZ,b',t,s + Qz?,bz,,s) < yRated o pmax bl (4.A.4)
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Equation (4.A.5) is presented for the balancing of voltage between two nodes. It
should be noted that V2 in Eq. (4.A.5) is an auxiliary variable representing the
squared voltage relation.

2 + —
Vzh,t,s - V2b’,z,s - Zb,b’lzb,b’,t,s - 2Rb,b’ (Pb,b’,t,s - b,b’,zJ)

—2Xp (QZ s Qlj,b’,t,s)
o (4.A.5)

Equation (4.A.6) is employed for linearizing the active and reactive power flows
that appear in the apparent power expression.

Vzgatedlzb,b’,t,s — Z [(Zf — 1)A5b b’APb b’,fts]

Z (2f = 1)AS,y AQyy 4.4 (4.A.6)
7

For the piecewise linearization, Egs. (4.A.7), (4.A.8), (4.A.9), (4.A.10), and (4.
A.11) are represented. The number of blocks required to linearize the quadratic curve
is set to 10 according to [20], which strikes the right balance between accuracy and
computational requirements. Further descriptions, justifications, and derivations of
the network model used in this chapter can be found in [30].

P Zb’,r,s Py = ZAP bb fit.s (4.A.7)
f

QZb',t,x + Qb—,b’,t,s = ZAQb,b',f,z,x (4A8>
f

0< APy sis < ASpy (4.A.9)

0<AQyp 15 < ASpy (4.A.10)

yRated  pmax b.b

ASb,b’ - f

(4.A.11)

Appendix B: Converting the Bi-Level Model
to the Single-Level Model

The presented non-linear bi-level model by using the KKT conditions and the dual
theory is converted into a linear single-level model. Firstly, by using of KKT
optimization conditions (which a series of equal and unequal constraints that are
inherently non-linear) a single-level model will be achieved. The presence of



4 Optimal Charge Scheduling of Electric Vehicles in Solar Energy. . . 117

complementary constraints is caused by the model to be non-linear. These series of
constraints by the Fortuny-Amat and McCarl method which include binary vari-
ables, and a very large positive integer will be linear. Then, by using dual theory, the
non-linear objective function becomes linear. When the bi-level model is converted
to a single-level model, the main objective function of the final model is the linearly
objective function of the upper level. Also the constraints of this model are the upper
and lower level constraints, KKT’s optimization constraints and linearly KKT’s
complementary constraints.

Converting Controlled Charging the Bi-Level Model

to the Single-Level Model

At first, the constraints of the lower-level are described as Egs. (4.1.1), (4.1.2), (4.1.3),
(4.1.4), (4.1.5), (4.1.6), (4.1.7), (4.1.8), and (4.1.9):

Ci = SOER — SOEp gy, >0 VPLEV, s A by (4.1.1)
C, =P ;ﬁjg‘;{fmid/vﬂ'fpeak’s + P ;‘)]}‘Tg\(/)’l?rgid/offfpmkys
>0 VPL,EV, " /lrek g 08 o it (4.1.2)
Cs = P = Py oo = P st e
>0 VPL.EV. lyidjoff—peaks S Ao gy pidson-pec s (4.1.3)
Cy =Py 3 ey >0 VPLEV, 7PN s A1 by jon e s (4.1.4)
Cs = P™ — P sl iy >0 VPLEV, 1”7 s Aty oy (415)

ch—grid ch—Solar ch
SOEp kv, s — SOEpLEV 1,5 — ((P PLEV.s T P PL,EV,t,s) Xn )

=0 VPLEV,t>t"",s A5 pypns (4.16)

arv h—grid h—Solar
SOEpLEv,s — SOEg, — ((P;‘L,EV,t,s + Pf)L,Ev,t,s) X ’7ch)

=0 VPL.EV,t"",s A} pyung (4.17)

SOEpypv.s — SOEf) =0 YPLEV.t*7s 15 Ly (4.1.8)
ZP;thg‘V’{g; — PP =0 VPLEV,t,S A3 gy (4.1.9)
EV

So, the Lagrangian function can be achieved by Eq. (4.1.10):
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Ns Npy  Ngy

§ : § : E : § : ch—grid G2PL
L ps PPL,EV,lmid/”ff”’e‘lk,s X Prtmirl/ujj—peuk

s=1 PL=1 EV=1 =1
max 1
—(SOER — SOEpLEv.15) App gy s

ch—grid ch—solar 2
- (PPL,EV,Z’"id/”ff”’e“k,s + PPL’EV’th/Q/f—pmk’s) APL,EV,t”‘id/”ﬁ’F”“",S

- (P " —P ;’Zg‘%nrdmf/‘—pm,y P ;JhL bfxaflrm'd/vff ~peak 3) AS’L,EV,W"W‘W*I’”",S
- (P;]}‘Tga{il’;”’f"k,s) /?'PL EV ton—peak g (Pmax P;;;jEvehtl"r” peak s) A’PL EV ton—peak g
- <SOEPL,Ev,z,s — SOEpLEV—1,s — (P;}l < ) (Por sy x ))ﬂpL EV it 5
—(SOEppv.s — SOER, — (PULETL xn™) = (P 1) ) 2y s

dep ch—solar olar
- (S OEpLEv 15 — SOE )’1PL EV,tder s E P PL.EV t.s P}VDL 1,8 ;LPL EV.ts
EV

(4.1.10)

Due to the decision variable in this model, KKT conditions are explained in
Egs. (4.1.11), (4.1.12), and (4.1.13):

aL G2PL 2 3
48P0h7 erid Prtnzid/uﬁfpeak - lpL,Ev,tmrd/r?/f—pmk,s + lpLyEvylmid/aﬁ‘—pmk!s
PLEV s (4..11)

+(’7ch X /116>L,Ev,t,s |t>t*‘w) + ('Tch X )“;L,Ev,t,s‘t:t“”’) =0
oL 2

3
aPCh solar - PL.EV tmid/a[f—pmkys + )'PL,EV,l’"i‘]/”ff’I’E[’k,S /1PL EV, ton— peak S + )’PL EV, ton— peak S
PL.EV ts

h oo 16 h oo 7 9
‘*‘(’f X APLEV.1s |t>tuw) + (’YL X }'PL,EV,t,s|t:t""') — ApLpves =0
(4.1.12)

oL

= AL Evis ALV tslt-ter — ADLEV (-t
SOCpLEV.Ls e e e (4.1.13)

7 8 —
_APL,EV,[,Sh:[arv - /IPL,EV,[,S|[:[dep =0

The dual variables of unequal constraints are equal or greater than zero, and the
dual variables whose constraints are equal to zero are unrestricted in sign. For
Egs. (4.1.1), (4.1.2), (4.1.3), (4.1.4) and (4.1.5), the complementary constraints are
as follows, i.e. Egs. (4.1.14), (4.1.15), (4.1.16), (4.1.17), and (4.1.18).

0 < SOER-SOEpy py 15 LA pyes > 0 (4.1.14)
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ch—grid ch—solar 2
O S PPL’EV’trmd/o//’—pmk’s + PPL’EV’tmuI/()fffpeak’sJ-j'pL,EV’[mid/Uﬂ'fpeak’S 2 O (4115)
max ch—grid “h—Solar 3
0 S P —P PL,EV gmid/off —peak =+ P;L,Ev,;mz‘d/o/fﬂzeak,SJ-/IPL,EV,tmid/afffpeak,s Z 0 (4'1' 16)
h—solar 4
0 < Pop gy onpeak s L App gy s = 0 (4.1.17)

0 < P — P ol et LA pyas = 0 (4.1.18)

,EV,t”"’l’e“k,s

The linearization of complementary constraints is performed by Fortuny-Amat
and McCarl linearization method by Eq. (4.1.19) [21]. Then, Egs. (4.1.20), (4.1.21),
(4.1.22), (4.1.23), and (4.1.24) are obtained.

0<F LF, >0
0<F <UxM

(4.1.19)
0<F,<(1-U)xM
Ue[0, 1]
max 1 1
0 < SOEy" — SOEpLEv.is < Up gy, X M
1 1 ; (4.1.20)
0 < Appvas < (1= Upppy,) x M
ch—grid h—solar 2 1
0 S PPL,EV,tm"d/”ﬁﬂ’”"k,s + I);L’Ev’tmid/q[/'—peak’x S UPL’EV’[mid/(gff—peak’s X M
o P ) (4121)
O = }'PL?EV’[mi(//njf—peuk’S = - UPL,EV,t’”'d/‘W.’P““k?‘\' X M
max ch—grid h—solar 3 1
0 < P - PPL!Ev!tmid/aﬁ7]1euk,s = L PL,EV mid/off—peak g < UPL,EV’[’”"J/QV*PMI‘,X xM
3 3 2
O S A’PL’EV‘tmiLl/ujffpeak‘s S <1 - UPL,EV,I;’”“‘I/”ﬁ’/’e"k,s) X M
(41.22)
ch—solar 4 1
0 S PPL’EV’lnnfpeuk‘s S UPL,EV,t"”’p"“k,S X M (4 I 23)
4 4 5 A,
0 S APL,EV,l"”*I’f"",s S (1 - UPL,EV,t””*I’f"k,s) xM
0 < pmax _ Pch—xolar < US % Ml
= PL,EV,t"”’I’”“k,S = PL,EV,t"”’F””k,S
(41.24)

5 5 2
0 S /’{'PL,EV,t""’P""k,S § (1 - UPL,EV,t"””’“‘",s) X M

The obtained model is a non-linear single-level model, which must be linearized
using the dual theory. So, firstly, the dual objective function of the lower-level model
is formed as Eq. (4.1.25):
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Maximize

max 1 max 3
—(SOER) X Apppy1e) — (P™ X ’IPL,Ev,tm,-d/fof,mk,s>
Ns NPL NEV 24

300 S8 S5 S () (SOBR )

=1  PI=1 EV=1 1=
dep 8 Solar 9
+(SOEEV X App gy e g ) + (PR X ApL v is)

(4.1.25)

According to the strong dual theory, the objective functions of the original and
dual problems are equal at the optimal point of the decision variables of the two
problems; therefore, the non-linear section of the objective function is linear
according to Eq. (4.1.26).

Npp N
E E § ch G2PL
ps PPL n, [mxrl/u/] —peak s X Prtmid/uﬂ—pmk -

PL=1 n=1 t=1
Npp  Ngy 24

~ch—grid G2PL
E E E ( PL.EV pmid/off—peak X Prtmxd/off —peak | =

PL=1 EV=1 t=

max 1 max
o (S OELy" X APL,EV 1,5 ( pL EV tmid/off ~peak S)
Ns Npp  Ngv

= pr Z Z Z (Pmax X Ap gy gy, ) (SOEY X Ap1 gy ers)

s=1 PL=1 EV=1 1=
dep Solar 9
(SOEEV PLEV ter s ) + PPLts X APLEVts)

(4.1.26)

Converting Charging/Discharging Schedule the Bi-Level
Model to the Single-Level Model

At first, the constraints of the lower-level are described as Egs. (4.11.1), (4.11.2), (4.
11.3), (4.11.4), (4.11.5), (4.11.6), (4.11.7), (4.11.8), (4.11.9), and (4.11.10):

Ci = SOEpLpv.s — SOER) >0 VPLEV,ts Ay gy (4.11.1)

Cy = SOERX — SOEprpy.s >0 VPLEV,tS A% py.s (4.112)
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C;=P g}f&i‘,{nmww,S + P ;’}Zgﬁfﬂl/fﬁ*ﬂfﬂk,s
>0 VPLEV, " rek s 030 o it (4.11.3)
Ca = P — P s = P asor v s
>0 VPL,EV, "ol pek s Jh o it g (4.11.4)
Cs = Pl ey >0 YPLLEV, 7Pk 0 23 o (4.1L5)

Co =P™ — PYpy vy =0 VPLEV, 7% s A0 by onpearg  (4116)

Poiy
SOEpLEv1s — SOEpLEV 15 + o
n

ch—grid ch—Solar dch
- ((P pLEV.s T P PL,EV,t,s) X1 )

=0 VPLEV,t>t"",s A pyeums (4.117)

Pdch
arv PL.EV t.s ch—grid ch—Solar ch
SOEpLEv,is — SOEgy + <—'7d6h ) - ((P PLEV.s T P PL,EV,t,s) Xn )

=0 VPL.EV,t"",s A pyons (4.11.8)
SOEpgvss — SOER) =0 YPLEV,t*".s 10 1y s (4.11.9)
S P g sy~ P
EV
=0 VPL,EV,"/elreak g 3D o pittor-peat s (4.1L.10)

Based on the previous part, Eqs. (4.11.11), (4.11.12), (4.11.13), (4.11.14), (4.11.15),
4.11.16), (4.11.17), (4.11.18), (4.11.19), (4.11.20), (4.11.21), (4.11.22), (4.11.23), (4.
11.24), (4.11.25), (4.11.26), and (4.11.27) is showing the single-level steps:
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Npr  Ngy 24 ’ i GIPL
ch—gri
Ns 2 : 2 : z :PPL,EV,I”’""/”ﬂ’P""k,s X Prtmid/frﬁfpmk

Zp PL=1 EV=1 t=1
=t s SIS PL2G cd
+ Z Z Z PL EV fon-peak g (OSPI‘[ —+ C )

PL=1 EV=1 i=1
- (SOEPL,EV,t,v SOEmm) /111>L,Ev,t,s
—(SO e SOEPLEVH) /1123L,Ev,t,s

ch—grid _’_Pchf&)lar 13
PL,EV ,gmid/off —peak g PL,EV mid[off —peak g PL,EV,tmid/off —peak g
max ch—grid h—Solar 4
- (P - PPL’EVJmid/Qﬁ—pmk’b P;L EV, tmzd/of/ —peak Y) j'pL’E\/’tmiai/oﬂ—peak,s
o ch /1 _ (pmax _ ch /1
PLEV jon-peak s | APLEV on-peak s PL,EV jen-peak s | AP EV on-peak g
. (41L.11)
ch—gri
SOEpLEv,s — SOEpLEV +—1.5 — (P PLEV s XM )
_ e A
Ci arv
pch—Solar ch) PPL»EVJ,S PLEV.G=17s
—(Prreves X1) +
Nach
arv ch—grid ch
SOEPL,EV,t,x — SOEEV — (PPL,EV,t,x xXn )
_ 28
o Sol . pich . PL.EV,ts
ch—Jyolar Ci AR
—(P PLEV.s M )+ ypdch
dep
- <SOEPL,EV,M SOE )APL .
§ ch—Solar olar 10
PPL’EV’tmid/aj]—pmA,S PiL mid [off —peak .S lPL,EV,tmid/ojf—peak,s
EV
oL pyG2PL 23 .
aPChign-d - [mid/oﬂ'—pmk PL.EV tmid/ujffpeuk,s PL,EV,t”‘id/”lcf’l’”“k,s (4 II 12)
PLEV ts Al
ch 7 ch 8 _
(1" X Ap gy g o) + (17 X AL gy li=sen) =0
oL
_ 3 7
O pch—Solar — ’1PL EV,vmid/off ~peak + ’1PL EV,vnid/off ~peak g + (’7ch X APL,EV,t,s |t>lax-v)
PLEV t.s
ch 8 —
+(77 X )'PL,EV,l,s t:t’"“) j’PL BV, pmid/off—peak § — 0
(411.13)
7 8
BL _ 0 SPI'PLzG + Ccd _ )'PL,EV,t,s | _ J’PL,EV,t,s |
pdch ton—peak dch C=tary dch =lary
PLEV.t,s n n (4.11.14)

6 _
“IRLEV 4 s T APLEY et s = O
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e = syl ~ Bievash — Bevad
SOCPL,EV,t,S — ZPL,EV,t+1,sIt-tary PL,EV,t,s |t-tarv PL.EV.t,s |t=tary

9 1 2 —
_ﬂ’PL,EV,l,sh:tdcp - ﬂPL,EV,t,s + )“PL,EV,t,s =0

0 < SOEprgv;s — SOE%“VI‘ J-/111>L,EV,1,S >0
0 < SOER — SOCpp kv s LA pyys =0

ch—grid ch—Solar 3
0< PPLvEV-tmid/nff—peakvs + PPL,EV,l"""’/"ﬁc 7”“’25J_APL’EVvtmid/q_/f—peak!S >0

max ch—grid ch—Solar 4
0 S P - PPL,EV,t"’id/‘?ff’l’e”k,S - PPL,EV,t”‘id/’W’T’E“k,sJ')VPL,EV,t””d/”ﬂ’P"“k,s Z 0

ch 5
0 S Pld)L’Ev’tonfpﬂak’SJ—lPLyEV’[(mf]!Eak‘S 2 O

max dch 6
O S P - PPCL’EV’[on—peak’S J‘)’PL,EV,t"”’l’wk,s 2 O

0 < SOEpyv,s — SOEN' < Upy py,y X M'
1 1 2
0< APL,EV,t,s < (1 - UPL,n,z,s) x M

2 2 2
0<Aprpvss < (1 -U PL,n,t,s) XM

0 < SOERS — SOEpLpys < Uppppy X M'

0< Pchfgrid +Pch7Solar < U3 X Ml

PL,EV,["‘id/"[f'—F”k s PL,EV,[”’"d/”ff””’“k,s = PL,EV,t”’id/”ff”’e"k,s

3 3 2
0< )vPL,EV,tmid/ojffpeak,s < (1 — UPL,n,tmfd/o/f—peak’x) X M

max ch—grid h—Solar 4
0= P = PoLiViyiajop peuss — FpLeymition-rea s < Upp py piajor-peat

0< i <<1—U4 )xM2

PL,EV,t"""I/"»ﬁ’p”“k,S = PL’EV,tm[tI/qﬁ'—pfak’X
dch 5 1
O S PPLL,EV,t"”’l’e“k,S S UPL,EV,tﬂn—peak’S X M

5 5 2
0< APL’EV,tmx*peak,s < (1 - UPL,EV,t””’P““k,s) xM

max dch 6 !
0 < pmax _ PPLL,EV,t"”*P”"",S < UPL,EV’ton—peak’S x M

6 6 2
0 S lpL,EV’[on—peuk’s S (1 - UPL’EV,ton—pmk’S> X M

123

(41L15)

(4.11.16)
(411.17)
(4.1118)
(4.11.19)
(4.11.20)

(411.21)

(411.22)

(411.23)

(4.11.24)

x M!

(4.11.25)

(4.11.26)

(411.27)

The non-linear part of the objective function can be converted to a linear part with

two equations i.e. (4.11.28) and (4.11.29).
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Maximize
(SOEmm PL EV.t, v) - (SOEmaX PL EV.t, v)

max max
Ns  Np Nay (P /1PL EV,pnid/off ~peak s) (P x /1PL EV,on—peak s)

ZﬂsZZZ

s=1  PL=1 EV=1 =1 (SO X lPLEv tar s) (SOEdep x APLEV tdeﬁs>

Solar
+ (P I/md/n/f peak s X )"PL EV, mid /off —peak s)

(4.11.28)
ch—grid G2PL
Ns Ne, N ( PL . gmid/off—peak g Prtrnid/(rﬁfpmk>
IDIDD
- — = = h PL2G d
=1  PL=1 n=1 1=1 +<P¢Zn,ﬂm*w’“hs x (0.5Prbi2%, + ¢ ))
mln max
(SOE X APLEV! y) - (SOE X lPLEVz:)
max max
Ns  Ne Ny (P X ﬂpL BV, gnid foff—peak S) (P X A0y ,m,ks)
=20 >, > T o
=1 e Bvsr =7 | +(SOERY X Apppv,ems) + (SOEg ><’11)L1~:VW
Solar 10
+<P PLgmid/off peak g X jvpL EV tmld,/oﬁffpeuk‘s>
So :
Ns Np, Npy 24 Np,  Nev _deh
h 12G G2PL
Zps SN ZP;{;WO,, iy X PP, = 3 Z Z( o oy e X prlm,d/(,ﬁ,m) _
s=1 PL=1 EV=1 1= PL=1 EV=1 =1

| 2
(SO B X APL,EV,t,S) - (SOE?SX x }“PL.EVJ’S)
<Pmdx X /IPL EV tmid/off pmk’s) - (P X ’1]6>L,EV,1"”*/’E“‘,S>
Ns Np.  Ngy arv dep
23,30 3 Z +(SOE&y X 28 pyans) + (SOE X AL gy s )

s=1 PL=1 EV=1 t=1
Solar cd
+ (PPL mid [off —peak s X /IPL EV, trmd/(jf peak S) (PPL EV ton= peak S C )

G2PL
mid [off —peak

Lh— grid

pL' EV, pmid/off ~peak g x Pr

(4.11.29)
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Appendix C

The nomenclature is shown below.

Indices

b, b’ Index for branch or bus

EV Index for EV number

F Index for linear partitions in linearization

s Index for scenarios

sb Index for slack bus

t, t Index for time (hour)

Parameters

c Cost of equipment depreciation ($/kWh)

| Upper limit of branches’ current (A)

max. b, b/ Maximum current of branch b, b’ (A)

M Sufficiently large constants

pr The demand of customers (kW)

pmax Nominal rate of charging/discharging of EVs (kWh)
pSotar Power generated of the solar system (KW)
pr- Electricity price for the customer ($/kWh)
prVh2e The wholesale market electricity price ($/kWh)
Ry v Resistance between branch b, b’ ()

Q- Customer’s reactive power (kVAR)

SOE™ Initial SOE of the EVs (kWh)

SOE%® Desired SOE of the EVs (kWh)

SOE™* Upper limit of SOE (kWh)

SOE™n Lower limit of SOE (kWh)

v Arrival time of the EVs to the PL

9P Departure time of the EVs from the PL

y Rated Nominal voltage (V)

ymax Maximum allowable voltage (V)

ymin Minimum allowable voltage (V)

X b, v Reactance between branch b, b’ (Q)

Z Impedance ()

neh Charging efficiency (%)

e Discharging efficiency (%)

ptrans Transformer efficiency (%)

P Probability of each scenario

a Confidence level

p Risk aversion parameter

AS Upper limit in the discretization of quadratic flow terms (kVA)
Variables

B Profit in each scenario

L2 Current flow (A), squared current flow (A2)

(continued)
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Indices
peb-grid Charging power of the EVs by the SDNO (kW)
peh-solar Charging power of the EVs by the power generated of the solar system (kW)
pelerid The expected value of charging power of the EVs by the SDNO (kW)
polar The expected value of the power generated of the solar system (kW)
pdch Discharging power of the EVs (kW)
plet The expected value of discharging power of the EVs (kW)
pross SDN’s losses (kW)
pWh2G Purchasing power from the wholesale by the SDNO (kW)
P* Active power flows in downstream directions (kW)
P~ Active power flows in upstream directions (kW)
pro2PL Charging tariff of the EVs ($/kWh)
prP26 Discharging tariff of the EVs ($/kWh)
QWh2G SDN’s reactive power (KVAR)
Qr Reactive power flows in downstream directions (kVAR)
Q Reactive power flows in upstream directions (kVAR)
SOE State of energy (kWh)
U Binary variable
A Dual variable ($/kWh)
n Auxiliary variable for calculating CVaR
& Value-at-risk
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Chapter 5 )
Optimal Utilization of Solar Energy s
for Electric Vehicles Charging in a Typical
Microgrid

Mohammad Saadatmandi and Seyed Mehdi Hakimi

Abbreviation

AER All electric range
BCG Binary conventional generation

CG Conventional generation
ECPM  Energy consumption per mile
EV Electric vehicle

HEV Hybrid electric vehicle

HGC Home general controller

PEN Percentage of energy needed

PHEV  Plug-in hybrid electric vehicle

PNNL Pacific Northwest National Laboratory
SOC State of charge

TGC Transformer general controller

V2G Vehicle to grid

5.1 Introduction

The modernization of power grids has been the chief issue for power industry in
different countries. As well as, the lack of energy and the growth of the electrical
energy consumption are the major threats to the countries’ economy. Thus
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increasing grid security during use of renewable energy, reduce the greenhouse gas
emissions, and reduce losses in power transmission are the effective ways in order to
be a smart power grid [1].

There are three main purposes of the smart grid: (i) improved reliability,
(ii) optimal usage of distributed production resources, and (iii) energy efficiency.
Demand response is one of the most important program in the energy efficiency
issue, which is designed to change the pattern of consumers’ consumption and load
management. On the other hand, using demand response program and raise the
generation efficiency by assuming creating smart grid will be reduced the load and
the pollution caused by energy generation [2].

The used PHEV that is one of the electrical devices with charging feature through
grid connection. The PHEV’s batteries have high capacity, so needed to much
energy to recharge them. It causes a peak load in the distribution grid and reduces
the penetration of renewable resources into residential distribution grid. Demand
response programs, PHEVs charging management can be solved such challenges.
The aim of load managing is to change the PHEVs charging into other hours that
decreases the received power from the conventional generation and increases the
renewable resources consumption.

Additionally, the chapter is examined a residential grid model to optimize the use
of renewable resources through of the plug-in vehicles charging & discharging
management on 24 h. The residential grid consists of 5 smart houses which each
of them has 14 photovoltaic panels to produce require power for houses. The loads of
these houses are divided into static loads and Flexible loads. The smart home is
equipped with the planned intelligent charging device for PHEV with able to
exchange energy into a distribution grid through two ways [3].

Due to the static loads time of residential consumers the meteorological data are
extracted of one-year period for renewable resources modeling. In addition, the cars
features are derived from the manufactures cars as the flexible loads. so, the
researcher used of Monte Carlo simulation algorithm with taking into account the
uncertainty the mileage by the car owners during daytime, the initial capacity of the
battery, and the time of the vehicle usage at different hours of the day; as well as used
of the (PSO) algorithm to optimize the issue.

The aim of conduct this chapter is to increase the use of renewable energy
resources by consumers. Hence, the objective function defined through minimized
potential received from the conventional power grid. The results showed that, the
received energy from conventional power grid is reduced significantly of control
charging by use of the proposed method through transfer the time of the vehicle
charging to hours with maximum renewable resource access. Moreover, the cost of
consumers had decreased significantly by adding V2G and discharge control without
reducing the comfort of the car owners, which indicates the effectiveness of this
method.
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5.2 Renewable Energy Resources

Since the beginning of the design and construction of power systems has always
been raised the issue of uncertainty in the failure of units and equipment or the error
in forecasting of demand. Nowadays with the advent of renewable energy especially
solar energy, the uncertainty in the utilize of power systems has intensified. Hence
the energy policy makers hope that the new energies will have a significant impact in
supplying needed human energy. There has been proposed solar energy more than
other types of energies, thus must take be considered an important role for planning
and operating power systems. The uncertainty in output is one of the most important
features of this energy so it must be considered properly in the planning of power
systems generation; A smart home with solar panels, smart appliances and an electric
vehicle shows as Fig. 5.1.

5.2.1 Solar Energy

In recent year, the process of using solar energy has been growing and evolving, in a
way that technology has become more advanced in use of solar energy and it has an
acceptant efficiency. The generation of solar systems depends on the amount of solar
radiation. Some of the advantages of using solar panel as follows:

Fig. 5.1 Residential smart grid
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1. Simple technology

2. The conversion of solar radiation into electrical energy directly

3. Low noise

4. Low cost and high efficiency through the advancement of science

5.2.2 Math Model of Solar Energy Output Power

The output power of solar panels is obtained by Eq. (5.1) [3]:

G
PPV:NxWmepV (5.1)

Where PPV is the output power of solar panels (w), Pmpv is the nominal power of

each panel in terms of G, = 1000, N is the number of solar panel, and Gt is the solar
radiation intensity (w/;2).

5.3 [Electrical Vehicle

Due to the reduction of fossil fuel resources and high environmental pollution by the
high consumption of the vehicles as cars, motorcycles, and etc., that has attracted
more attention to the use of equipment that use of other energy sources. The result of
studies has shown that if the energy consumption continues to exist, the emission of
carbon dioxide rate will be expected to double by 2050 than in 2005 which is not
acceptable in terms of environmental perspective. According to global plans by
2050, this rate must be halved in the level of CO, in 2005.

To this end, the safest methods as the use of distributed generation of energy,
simultaneous generation of electricity and warm, and use of motor vehicles that their
driving forces supplied from electric power grid or batteries. The use of motor
vehicles has been more important in all countries especially in developed countries
such as united states and japan, or China and India that have made significant
advances in this regard.

PHEVs are the electric vehicle whose use at least two types of energy resources
to drive. The new generation of hybrid vehicles, two fuel and electric motors
provide the required driving force to drive. But why used of two engines to drive
these vehicles? The internal combustion engine (gasoline or gasoil) generates a bit
power in the low engine rpm engine that has the higher efficiency, in contrast, the
electric engine generates high torque with high efficiency in a low engine rpm.
Therefore, simultaneous use of both engines can be reduced fuel consumption
meanwhile achieving enough power to drive and accelerate. One of the most
important features of an PHEV is that if the internal combustion engine generates
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Fig. 5.2 The components of a hybrid vehicle

more force driving than needed, its battery will recharge by utilizing power engine
directly during braking or moving downhill then provide the required power. All
PHEVs have three factors: management, electronic and smart balance of engines
connection. Hybrid vehicles are the progressed pure-electric vehicles that have
modified somewhat defects of pure-electric vehicles and internal combustion
engines vehicles. The main benefits of these vehicles than the internal combustion:
(1) the function in the stable load and rpm and operating at the optimal point, which
will be caused raise the engine efficiency, reduce pollution, and reduce fuel
consumption; (ii) the energy store electrically in the battery during braking or
negative accelerating which will be reduction of the combustion engine efficiency
and thus reduce pollution and reduce fuel consumption, for instance, the Toyota
Prius consumes 2.4 L fuel on per 100 km with the capacity of 1500 cc and four-
cylinder engine; (iii) high mileage per battery charge. Although hybrid vehicles
have different structures, but they must include of a power transmission system, a
power generation unit, and an energy storage system. The initial choices for the
energy storage system are the batteries, capacitors, and flywheels. Batteries are the
first energy storage device due to their cheapness, being commercial, and lack of
movable parts, but the major shortcoming is their short lifespan. However, the
batteries are very expensive in new technology but today they are developing. So
due to the fact that batteries are the major choice in this field, the research has
started on other energy storage fields. The components of a hybrid vehicle are
shown in Fig. 5.2.
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5.3.1 The Components of a Hybrid Vehicle
5.3.1.1 Gasoline Engine

The nature of the gasoline engine in this car resembles to ordinary gasoline engines
with two main differences: the higher technology and the smaller engine which
reduces pollution and increases performance.

5.3.1.2 Electric Engine

Electric engine is very progressed in hybrid vehicles so it can operate as a generator
and engine. For instance, whenever the engine is required, it will be able to provide
the desired acceleration by using batteries and when the electric engine is not
required (moving on a downhill) be able to restore the power to the battery as a
generator.

5.3.1.3 Electric Generators

The engine and the generator are almost similar in the construction, but the generator
just has the duty to provide the electricity required by the engine. The generator is
used series in most hybrid vehicles.

Types of the hybrid systems were explained in more detail in the next sections.

5.3.1.4 Battery

The batteries are an energy storage device for the electric engine in the hybrid
vehicle. Not only electric engine can be transferred fuel to the gasoline engine
such as the gasoline in the tank (a one-way transfer from the fuel tank to the gasoline
engine), but it can be restored energy to the battery which the gasoline engine cannot
do that.

5.3.1.5 Comparing of the Efficiency of the Pure-Electric Vehicles
and Hybrid Vehicles

Although electric vehicles have been introduced as the first way to reduce pollution,
but due to the fact they did not succeed in long driving cycles thus was a failed
product. The hybrid electric vehicles have such advantages than pure-electric vehi-
cles. Due to the use of two sources of energy for the stimulus driving system
generation has been minimized the pollution and fuel consumption issues and
resolved the problems caused by pure-electric vehicles.
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5.3.2 Performance of Hybrid Electric Vehicles

The gasoline engines of vehicles have a main problem. In order to drive at high
speeds on highways, the cars have been designed to maximize their power. So the
cars efficiency decreases when they barely move in heavy traffic. To this end, dual-
engine hybrids vehicles are designed to use of the low-power electric engine in
situations that low power is required, and use of the gasoline engine where needs to
high power. The engines switching is automatically.

The gasoline engine simply turns off in the red lights and is often designed to
operate on a limited range of power, thereby increasing its efficiency. The vehicle’s
battery is recharged by a gasoline engine. The generators are connected to the brake
for convert some of the braking momentum (which is usually lost as heat) into
electricity in order to recharge the battery.

5.3.3 Introducing Electric Vehicles

Electric vehicles are generally divided into three categories:

1. Electric vehicles (EV)
2. Hybrid electric vehicles (HEV)
3. Plug-in hybrid electric vehicles (PHEV)

5.3.3.1 Electric Vehicles (EV)

These vehicles have an electric engines and some batteries to provide electric energy
that the energy of the batteries is used as the propulsion of the vehicles’ electric
engine and to provide the necessary energy for other equipment. The batteries could
be recharged through power grid connection, the vehicle’s braking power, and even
of off grid electrical resources like solar panels.

The main advantages of electric vehicles:

e Completely free from greenhouse gas emissions

* very low-noise pollution

* Much higher efficiency than internal combustion engines

* Cheaper electrical engine

¢ The main defect of these vehicles is dependence on the battery (whose capacity
and energy density is not comparable to fossil fuels)

5.3.3.2 Hybrid Electric Vehicles (HEV)

The vehicles have both fuel and electric engines with the proper battery capacity
(1-3 kWh) that has the energy storage capability from the engine and the brakes.
At the time of need, vehicles’ batteries aid to generate the auxiliary force power or at
low speeds by shutting off fuel engine provide vehicle propulsion.
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In the past decade almost 1.5 million hybrid electric vehicles were sold. In
developed countries including United States, the hybrid electric vehicles account
for around 3% of all vehicles.

The disadvantages of these vehicles:

* Non-rechargeable batteries of the power grid
* Dependence on the fossil fuels engine (inability to move the vehicle by using only
the electric engine)

5.3.3.3 Plug-in Hybrid Electric Vehicles (PHEYV)

PHEVs are designed to eliminate the defects of hybrid electric vehicles so
rechargeable from the grid thus need to more batteries than HEVs (about 5x).
PHEVs have a complete fossil fuel engine system. The main difference between
PHEV and HEV’s batteries is that the PHEV batteries must have rapid dis/charging
capability, while HEV batteries are usually keep fully charged and are rarely
discharged.

The cost of PHEV batteries ranged between 1.3 to 1.5 times than EV batteries
which due to fewer batteries, the total cost of PHEVs’ batteries will be less than EVs.

The following can be mentioned for these vehicles:

* With the abundant battery production, the costs of battery may be reached to
750 dollars per kilowatt-hour so the total of its cost will be about 6000 dollars for
each all electric range vehicle (40 k with 8 kWh battery capacity).

o If the car’s life span is 200,000 km, the amount of the savings in the cost of fuel
would be about 4000 dollars which is less than the cost of battery.

* Reducing the cost of the battery to 500 dollars per kilowatt-hour will be created
the competition between plug-in hybrid electric vehicles and gasoline vehicles.

5.3.3.4 Comparing PHEV and HEV

The HEVs is a good start for changing the fuel of electric vehicles, but the mileage
possible on one charge is limited. Hence, the PHEVs were raised which have the
ability to connect to grid at the point where the electrical energy output is embedded.
They have a battery and internal combustion engine. In general, most of PHEVs
provide the required energy through electrical energy, but the internal combustion
engine is also used when battery is not enough.

5.3.3.5 The Effect of PHEVs Performance on the Power Grid
Whenever the PHEVs are not used, the energy be received from the power grid to

recharge them. The widespread use of PHEVs will bring challenges to the power
grid because they have high electrical energy consumption and could be
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Table 5.1 Consumption and battery capacity of various PHEVs

Vehicle type ECPM (kWh/Mile) PHEV (33-mile Battery) (kWh)
Compact Sedan 0.26 8.6
Mid-size Sedan 0.30 9.9
Mid-size SUV 0.38 12.5
Full-size SUV 0.46 15.2

connected to the distribution grid at any hours to charge. As well as, the distribu-
tion grid is usually used at their maximum capacity then the stability of the
system will be compromised by the added load caused by improper use of electric
vehicles.

In other words, the PHEVs should be charged at non-peak times or at other times
such as energy storage devices.

5.3.4 Mathematical Model of the Electric Vehicles Battery

The battery capacity is the main factor to determining the mileage by a PHEV in the
electrical mode. The PNNL' Institute has shown the power consumption per mile for
all types of PHEV with a capacity of 33 miles and AER® = X in Table 5.1.

As it mentioned that AER determines the probable distance with the PHEV and
the battery with fully charged. So the battery capacity is obtained of ECPM’
multiplication in AER.

C = ECPM x AER (5.2)

Where C is the applied capacity of PHEV [4].

The Table 5.2 is shown the battery capacity for PHEVs with 30, 40, and 60 miles
AERs based on the above-mentioned equation. Due to the table, there can be said
that the PHEVs have the domain size of batteries from 7.8 to 27.6 kWh. Since the
required energy to charge the PHEV depends on the capacity of the battery, so
determining the types of AERs and PHEVs to analysing the impact of such vehicles
is essential [5].

"Pacific Northwest National Laboratory
2All electric range
*Energy consumption per mile
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Table 5.2 The size of PHEV batteries with various AERs [5]

PHEV 30 mile PHEV 40 mile PHEV 60 mile
Vehicle type AER (kWh) AER (kWh) AER (kWh)
Compact Sedan 7.8 10.4 15.6
Mid-size Sedan 9 12 18
Mid-size SUV 11.4 15.2 22.8
Full-size SUV 13.8 18.4 27.6

5.3.5 The Stored Energy in PHEVs’ Batteries

SOC* is the amount of stored energy in the battery. Although it is assumed that
PHEVs use of the charging system on the electric mode, but the combination of the
function of the electric engine and the internal combustion engine is appropriate.
Thus, PHEVs can be operated at any mode based on their required energy so they
receive some part of energy from the battery at the lack of energy in the battery
mode. In order to analyse all functions of PHEVs battery is used of the parameter A
for each PHEV. A is the maximum mileage of a PHEV in the electric mode so
A = AER. Then SOC o a PHEV is obtained through of the Eq. (5.3).

(”;%d) « 100 d<2
SOC = (5.3)

0 d>Ax

Where A is the AER and d is the total mileage by the car, hence the usable
capacity of the battery is completely consumed in d > A mode and the SOC is
zero [6].

Whenever the vehicle has travelled all the distance in electric mode the Eq. (5.3)
be applied. In order to determine the battery capacity (SOC) in simultaneous use of
both electrical and internal fuel consumption, a parameter should be introduced to
determine the vehicle’s mileage percentage in electric mode. There is assume that o
represents this issue, in this case SOC is obtained of Eq. (5.4) [5].

od
1—)*100 ad < AER
SOC = < AER (5.4)

0 ad > AER

“State of charge
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Table 5.3 Electrical specification of vehicles of various companies
Full Maximum
Vehicle Type of | Battery charge Power | electrical Electrical
name battery capacity | time charge | distance function
Chevy Volt | Lithium- | 16 kWh |4 h- 3.3 kW |64 km-40 miles |0.25 kWh/km
ion 240V 0.4 kWh/mile
Renault Lithium- |22 kWh |6-9 h- 3.5kW | 185 km- 0.11 kWh/km
Fluence Z.E |ion 240 V 115 miles 0.19 kWh/mile
Toyota Prius | Lithium- |4.4 kWh |1.5h- 3.3 kW |23 km-14 miles |0.19 kWh/km
ion 240V 0.31 kWh/mile
Ford C-max | Lithium- |7.6 kWh |3 h- 3.3kW |32 km-20 miles |0.23 kWh/km
ion 240V 0.38 kWh/mile

5.3.6 The Amount of the Energy Required to PHEVs’ Battery
Charging

PEN? is the percentage of energy needed to fully charge the battery. The percentage
of energy required to PHEVs’ battery charging after the last time span is determined
based on the SOC.
Such energy is obtained through the Eq. (5.5) to fully charge the battery.
PEN = 100 — SOC (5.5)
The PEN is the energy needed to fully charge the battery.
As regards the efficiency of the converters to charge the battery is not 100% so the

amount of energy that the grid should provide to charge the battery is achieved by
follow equation.

PEN

PENgr = —— 5.6
R=0 (5.6)

The n_is the efficiency of the battery converter charger and PENR is the actual
energy needed to fully charge the battery which should be transferred from the grid
to the battery. In References [7-9], the battery efficiency is assumed to be 88%, 90%,
and 90%, respectively.

In other words, there supposed that a PHEV is a type of mid-size SUV with
AER = 40 (mile). As Table 5.3 shown that a PHEV battery capacity must be equal
to 2.15 kWh. If the vehicle mileage is 6.25 per day, then the SOC is calculated
through the formula (5.4) 36% and the PEN should be equal to 73.9 kWh.
According to Eq. (5.6), if assumed that the charging efficiency is 88%, PENg
will be equal to 11.06.

SPercentage of Energy Needed
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5.3.7 Required Time to Fully Charge

The required time to complete the vehicles battery charging depends on the amount
of SOC battery at time t and the battery’s efficiency. Due to the battery specification
can be calculated required time through Eq. (5.7).

capacity x PENg

T — charging = charging power

(5.7)

The capacity and the vehicle charging power is shown in the Table 5.3.

5.3.8 Technical Specifications of Electric Vehicle Battery

The private vehicles are often used to commuting miles between home, work,
shopping, and entertainment. In Table 5.3 presented some of the vehicles’ features,
such as charging specifications and AER. However, it is possible to charging a
vehicle in the home, work place, and large public places such as theatres or chain
stores, but assumed that consumers charge their vehicles at home.

The energy demand of each PHEV depends on the specification of the vehicle’s
battery and the driving habits of each user in the vehicle charging process. Generally,
the battery determines a maximum level “e,,,” and a minimum level “e.;,” of
energy. The level of energy is a part of the full capacity of the battery at the initial
charge mode and the vehicle connection to grid which depends on the vehicle
mileage. Furthermore, the initial mode of vehicle charging can be provided as
Eq. (5.8) which is the function of the vehicle mileage [3].

Cmax D=0
E(D) = { emax — (D§) 0 <D < dmax (5.8)
€min D Z dmax

dax 18 the maximum distance that the PHEV can travel based on their electrical
specification. D is the vehicle mileage before connecting to grid, & is the electrical
performance of the vehicle (the energy consumption of the battery per unit of
mileage).

In this research investigated Chevy volt with the specified features in the
Table 5.3 [10].
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Table 5.4 Voltage values and the authorized current for two level 1 and 2 of charge

Charging method Nominal voltage power supply Highest current rates
AC Level 1 V AC 120- single phase Al6-A12
AC Level 2 V AC 240- 208- single phase A 80>

Charge Level 1 }

Controller
— Batt ery

Charger

Charge Level 2 |
| Data |

{ Power |

Fig. 5.3 Schematic of charge battery by two levels of charge

5.3.9 PHEYV Charge Battery

The battery charging rate determines the speed of filling the battery that it depends
on the charging place and the user. The various mode of the battery was discussed in
the next sections. According to SAE J1772, in charging an electric vehicle connects
to the power grid in order to energy transfer to charge the battery and for exchange
the control information between vehicle and source. Generally, the charging process
has three operations: one mechanical and the rest electrically. The electrical grid
sends the electrical energy at different nominal voltage. The electric vehicle battery
is a DC device that can operate based on the nominal voltage of the battery and the
dis/charging rates at the variable voltages.

In the first electrical operation, AC is converted to DC, which is known as a
rectifier. The second electrical operation, control and regulate of the source voltage
in that the battery charge rate is compromised to the battery specification (voltage,
capacity and other parameters). The mechanical operation is the physical coupler as
it performs by the user.

Home charging system with charge rates shown in Table 5.4 which can be used in
accordance Fig. 5.3.
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5.3.9.1 Charge Level 1

The charge level 1 uses a standard single-phase-120 V, 12 A or 16 A. In fact, this is
the lowest voltage level in residential areas in the United States. In the level 1 pro-
vides a less power (1.44 kW) to charge the battery so the batteries with a capacity
greater than 10 kWh are charged at the over longer time which causes customers
dissatisfaction. Therefore, Level 1 is just a basic voltage level and not the ultimate
solution to the battery charging issue.

5.3.9.2 Charge Level 2

The charge level 2 uses a single-phase voltage 240-220 V with a maximum current
80 A and it is preferred due to the less charging time than the previous method. Due
to the small size of the existing vehicles batteries, some chargers are limited to the
level 2 with 15 A which the maximum charge power is 3.6 kW.

5.4 Related Study

In reference [3], the researchers presented a charging management program based on
the availability of PHEVs in the distribution grid due to the renewable energy
resources. The results show that the proposed program in addition to prevent of
transformer overload, but also increase the dependence of subscribers on the use of
renewable sources.

Paper [11], Modifying PEV parking behaviour due to exchange with solar energy
sources. In this paper, a model has been proposed to illustrate the effects of different
RERs on the profit and behaviour of PEV parking. Parking participation in different
markets was modelled by considering energy and energy sources, as well as the
uncertainty of PEV behaviour. Numerical results show that the parking behaviour
changes in the participation in the electricity market by using different RERs [12].

In a study [13], the planning of a micro grid in the vision of EV was studied. The
purpose is to decrease the electricity costs and optimize the charging of EV. The
article [14] was aimed at intelligent grid optimization features that included renew-
able energy sources, which were carried out by a large number of EV parked in
intelligent parking that has a V2G capability. In another study, the use of a Monte
Carlo simulation to reduce the cost of consumers in managing the charging of PHEV
is used to obtain charging patterns without vehicle management [15].

In the research [16], PHEV charging introduced as a way for Demand Side
Management (DSM) problem and the researchers have proposed the methods to
solve this problem: Multi-Agent Systems (MAS) and Quadratic Programming (QP).
The second degree of planning has able to smooth the peak load optimization and
appropriate charging vehicles, but not scalable; however, MAS solution is scalable
adapted to complete and unanticipated information. The researchers are investigat-
ing the impact of the cars on micro grids with renewable resources [17].
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The research [18] proposed that a home energy management system with the aim
of reduce electric energy consumption, Peak to Average Ratio (PAR) and increase
the consumers’ welfare. The researchers used of an optimization Hybrid Bacterial
Harmony algorithm (HBH) that consists of two algorithms: Bacteria Foraging
Algorithm (BFA) and Harmony Algorithm Search (HAS). Their findings showed
that it is possible to reduce the price of electric energy for consumers and increase the
consumers’ welfare by provide a coordinated program and in line with the generated
electrical energy information of grid in order to use of appliances.

The researchers in article [19] proposed an Intelligent Residential Energy
Management System (IREMS) for smart residential buildings that its benefits
showed in a case study. The main object of IREMS was decrease in electricity,
costs while less than the maximum power demand is limited to the various param-
eters such as the operation of residential loads and renewable energy resources.
Moreover, the researchers used the battery as a suitable solution to reduce the loss of
the power generation of renewable resources.

The research [20] provided an optimal overall framework for energy efficiency
management and its components, which include a smart house with storage, the
PHEV and photovoltaic. The aim of the researchers was to increase home profits
provided that demand response and supply the energy required for PEV. in addition
to that, the Battery Energy Storage System (BESS) is used in this model. In this
project, according to different optimization times analysed the cost of the home
battery energy storage system, the types and various modes of PEVs control, the
parameters of the BESS and the electricity costs of in a systematic way. Their results
showed that with the implementation of the CP (Convex programming) control
program in V2H and H2V modes, the houses with a battery energy storage system
will not purchase electricity at peak load hours.

In research [21], a home energy management system including photovoltaic
panels and battery energy storage system was investigated. The researchers have
examined the following items: (i) the effect of the electricity price mechanism using
the Time-Of-Use pricing (TOU), the Real-Time Pricing (RTP), and the Stepwise
Power Tariff (SPT); (ii) the impact of solar panels; and (iii) the variability of solar
panels in different seasons. The management plan presented in this study was also
programmable in the GAMS.

Research [22] examined the use of the Fuel Cell as an energy carrier to use in off
grid mode. In this research, an Energy Management Algorithm (EMA) is used for
Alternative Energy Sources (AES) in smart home systems. The fuzzy control logic is
used to this purpose and is simulated in MATLAB.

5.5 Smart Charge

Normal charge is a mode where the vehicle is connected to the power to supply to
fully charge the battery with the maximum power possible, or charge it until it is
plugged in. The required time to charge a battery 10 kWh will be between 2 to 5 h
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based on the infrastructure of introduced charge. Since such vehicles don’t need to
much time to charge and most of them are charged at night so timing flexibility can
be used to reduce the peak grid along with providing the vehicle owner’s needs
which is the smart charge. In fact, the smart charge not only is charge transfer to
low-load times but is proper control charge per vehicle in order to provide the
vehicle owner’s needs (for example, prevent a high increase in peak distribution
grid). There is a fact that a PHEV can be used of fossil fuels except the batteries so
it has a high flexibility in the charging. Because it uses of fossil fuel when the
vehicle is required and the battery is not fully charged.

Whenever the vehicle charging is carried out by the controller, the charge rate is
unstable and the battery can be charged at various times and levels.

5.6 Determine the PHEV Specifications for Study

The PHEV specification is derived from reference information [23] and depends on
the vehicle owner’s usage which consists of mileage per day, start charging time, the
number of appliances in each house and its type. The reference [24] assumes that
PHEV owners charge the vehicle immediately upon arrival to home so the start
charging time is the completion of driving and arrive to the destination. The data and
arguments is needed to analyse this issue include the level of PHEV penetration,
AER, daily load profile, home grown load. All data is needed to investigate the
impact of PHEV on the distribution system in this model [5].

5.6.1 PHEYV Charge Specification
5.6.1.1 Estimate the PHEVs Load Charge on a Large Scale

The charge and PHEVs capacity should be thoroughly investigated in order to
coordination of the PHEVs large-scale. There is supposed that 1 day is evenly
divided into T time and the number of considered PHEVs is N that each of them
is independent. Thus, it is possible that the charged PHEV loads per day is equal to
the total of each PHEV charge. As is shown in Eq. (5.9).

LpHEv(t) = ZN P; (t) (59)

i=1

LPHEV(t) is the total charged loads (N) of PHEV at t time and Pi(t) is the power
of each PHEV that is obtained through Eq. (5.10).

PEH(t) = CRi(t) x Pi(t) (5.10)
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Pi(t) is the charging power that used to charge the PHEV, CRi(t) is the PHEV
charging mode that can be zero or one (assumed that each PHEVs charge at their
nominal power). The charging method is usually determined in accordance with
the power grid of each country or region which includes predetermined voltage and
current parameters. For instance, the authorized charging method in the Chinese
government network has three main levels: level 1 (slow charge), level 2 (regular
charge), and level 3 (fast charge). The period starts charging until its completion
(tstare tO teng) 18 the charging process. There assumed that a PHEV requires to K
times per day recharged, the PHEV arrival time to charging process is recognized
by t] «tart and the ending time of charge by tl end Which K =1,2,3,.. .k so charging
mode of SOC at the tf,, and tf_ , time are SOC1 start and SOCEend respectively. The
various charging modes including un/coordinated charge will be estimated in the
following.

5.7 Random Charge

In the uncoordinated charge mode supposed that each PHEV enters the charging
process at a desired time or immediately after entering the home so each PHEV
charged based on SOC1 «are OF the battery (tf istare) and the plug of PHEV is discon-
nected of the power grid at their SOC1 ena OF at (&5, )) time. The time of PHEV
dis/charging recognize by its nominal power Each PHEYV is connected to power grid

for start charging process at tf,, < t < tf, , time and disconnected at t < t1 starr £

g time.

1 tl start S t < tl end
CRi(t) =

0 t <t t >t

istart ° i,end

The charging time shows as d{‘ that can be obtained by the Eq. (5.12):

SOCk

—SOCk, ) x B;
dk_< i.end tan) X Bic k=12 ...,k i=12....N (512

! P; x Neh

B;, . is the battery capacity of each PHEV and ng, is the charge efficiency. The
uncoordinated charging scenario has two modes: full charge which each PHEV is
fully charged and the charging is constantly increasing.

sock, , = sock

1,en

(5.13)

1, max

SOCK s for the time that the charge is completed. The ending time of charge is

1, max

obtained through Eq. (5.14).

£ +d¥ (5.14)

iend — 1 stan
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In the continuous charge increase mode, the PHEV is charged at the
predetermined constant time by the consumer. The start charging time should be
predetermined and be available on the charge pattern chart. The charging process
stops at the ending time of charge regardless of whether the PHEV is fully charged or
not. The probability distribution functions of random variables in this field of the
study can be derived from the official traffic reports.

5.8 Managed Charge

In order to investigate and control the status of PHEV loads, the coordinated
charging scenario is provided that is based on the relationship between domestic
load consumption and the amount of the renewable resources generation. The
PHEVs is considered as the main factor of overloads and the penetration of renew-
able resources controller in this research. Hence, the coordinated charging scenario
and time management of vehicle charging are presented to change in charging time
to other times to the balance between load consumption and renewable resources
generation. In this scenario, the priority of charging vehicles is possible in two ways
that in accordance to their account and the load profile: (1) fast charge, (2) delayed
charging.

The fast charge belongs to vehicles that when enter into the charging process the
difference between renewable resources generation and load consumption is at the
lowest level. Since, due to the fact that the urban power grid may be used to provide
part of the required vehicles energy then the cost of consumers may be increased.
This option is listed as the charging with priority time.

The second way delays charging time to hours with high renewable resources
generation and to avoids of extra charge that can be lead to further financial savings;
although, the vehicle will be charged in a longer time. This option is listed as the
charging without priority time.

The choice of one of the two modes depends on whether consumer desire to save
money through preventing of charging the vehicle at the times with a shortage of
solar energy resources than consuming or trying to finish as soon as possible the
process of charging battery and increasing the costs of energy.

The coordinated charging scenario relies on two basic subsystems:

* Home general controller (HGC)
e Transformer general controller (TGC)

Basically the HGC’s performance is as follows: (i) increase demand energy of
home loads to the demand energy of existing vehicle at a fixed time; (ii) checking the
generated energy by renewable resources (solar), combination of two sources of
generation, and estimate the amount of generated energy; (iii) calculating the
differences in the total generation of the total consumption in which if the demanded
energy exceeds of the amount of generation, the power grid will be compensated its
shortages, otherwise their residue will be transferred to the power grid; (iv) after
processing, all HGC’s data will be presented as a report.
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HGC

v

Energy demanded of
home appliances

<G> <>

Total energy demanded by
a home
Eh=Ep=EH

En

¥

Energy generated by
Renewable sources

<G> >

E

> Ei=Eh'Er <

NO

YES

Feed-in difference
to the grid

Report to transformer
*Energy demanded by the PHEV’s
*Current energy in PHEV’s battery
*PHEV current Y/N
*Priority in charging PHEV’s: Y/N

TGC

Fig. 5.4 the flowchart of the vehicle charging management by HGC [3]

This report contains some information on PHEV’s terms:

e Whether connected to the grid or not?

* Demand energy by PHEV
* Energy in the PHEV battery

e Whether the PHEV has the priority for charging?

The HGC implements the coordinated charging scenario through this

information.

The function of HGC is presented as flowchart in Fig. 5.4.
E, represents the demanded energy by the vehicle and Eh is the energy of the
home loads. E, shows the total renewable resources generation (solar), Ed is the

energy of vehicle discharge.
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The HGC grid sends the report to the TGC, then TGC combines the report with
the total available loads seen by the current transformer in order to determine the
conditions of the residential grid.

There is a comparison between overall load and the nominal power of the trans-
former then if not exceed this capacity, the transformer provides the required energy of
each home. On the other hands, if the overall load is greater than the nominal power,
the TGC will enable coordinated charging algorithm in order to recognize vehicles and
delay to charging them or discharging battery of some of the vehicles at a time interval.
Charging vehicle causes overloads so this load should be managed and transferred to
other time. The flowchart is the coordinated charging scenario on the TGC as it
presented in the Fig. 5.5, (The target grid is supposed for 5 houses).

HGC 3

( HGC2 \, ( HGC4 )
v v

Total required energy of Total renewable power generation
a transformed per hour per hour

= Z Ehi P:E Eri
T

Supply of the energy
for each home

Activate the coordinated mechanism by using the adopted policy:
The load of the total energy in the transformer

The energy in the PHEV’s battery
PHEV Charge priority: Y/N
PHEV Discharge priority: Y/N

Output: vehicles must stay awaits to charging priority
v

Provided report to home:
Energy cost devoted energy to home
Allow to charging PHEV: Y/N

( HGCH1 \,1 =( HGC5 )

—
HGC 3

Fig. 5.5 the flowchart of the vehicle charging management by TGC [3]

A
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5.9 The Coordinated V2G Mode

In managed V2G mode, the PHEV can be considered as a grid energy storage unit
and a controller. Each PHEV has three modes: charge, deactivated and discharge that
the optimal coordination PHEV dis/charging modes can be reduced the peak load as
well as increases the penetration of renewable resources in the grid.

In any mode, the require to the charging and discharging PHEV should be
considered.

The aim of this project is respond to consumer needs and minimize the total peak
load through controlling CR(t) and DCR;(t).

The subject has such limitations:
There is no charge and discharge in the outside of the dis/charging period. For

example, dis/charging mode should be zero:

CRi() =0  t¢ [t tend] i=1,2,...,N; k=12,...,K (515)

DCR(t) =0  t¢ [t 0t

i,start> Hi,end

] i=1,2....N; k=12,...,K (5.16)

Charge power should be as:

CR(t) € {0,1} t€ [tpptiena) 1i=12,....N; k=12 ....,K (5.17)

i,start> “i,end

Charge power should be as:

DCR;(t) € {0, =1}  t € [t tend] (5.18)

i,start> “i,end

The PHEV mode could be charging, discharging, or deactivated, as a result
CR;(t) and DCR;(t) cannot be active at the same time.

|CR;(t)| 4 [DCR;(t)| < 1 t=1,2,...,T, i=12...,N (5.19)

And SOC should not be less than the specified value:

SOC;(t) > B, (5.20)

The Bj is the lower limit of the SOC which it is set to 20% in this program.
In the V2G mode, the car is not allowed to discharge when the battery capacity
reached to this value.
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5.10 Mathematical Model of the Issue

The aim of this project is to increase the renewable resources usage in the smart grid
and to reduce the use of the conventional generation (CG). To this end, there should
be obtained the power differences between the required energy for PHEVs charging,
the amount of consumers’ consumption, and above all the renewable energy
resources. For doing this, the Eq. (20.3) is used.

So, the V2G process and discharge mode are considered to reduce the peak load
in this equation.

B0 =Po(1) = Y (PI(1) x (CRi(t) + DCR;(1)))

: (5.21)
— PLi(t) t=1,2,....T; j=12,....m

The variables that used in the Eq. (5.21):

* The EXt) is the energy differences between renewable resources generation and
consumption at t time.

* “j” represent the considered house Vj € (1, m)

e The PGj(t) is the total of the renewable resources generation, which equal the

generation of the solar resources, it obtains through below equation:

PGi(t) = Ppy (5.22)

e PJ(t) x (CRi(t) + DCRy(t) expresses the amount of consumption of PHEV
charging power or V2G in discharging mode. Therefore, due to the Eqs. (5.17)
and (5.18) equations, the value may be positive or negative.

« P_)(t) is static load consumption by consumer that include all furniture, regard-
less vehicle energy.

According to Eq. (5.21), if Ej(t) is obtained a positive value so the renewable
resources more than of the consumer consumption which the load response is
completed without any problems in the distribution grid. Otherwise, if E/(t) is
obtained a negative value, the power should be transferred of conventional genera-
tion (CG) into the house in order to supply required energy of consumer which the
received energy from CG is obtained by Eq. (5.23):

Cai(t) = PyI(t) + i (Pi(t) x (CR;(t) + DCR(t))) — Pgl(t) Ei(t) <0
0 Ei(t) >0
(5.23)

The difference in consumer demand energy is equal to the renewable resources.
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5.10.1 Optimization of the Issue

The minimizing the received power from conventional generation is the main factor
of the objective function which contains such limitations:

T m
Min CGy; 5.24
)
t=1 j=I1

1. The value of E’ (1) must be smaller than zero, otherwise CG, ; is equal to zero.
El(t) <0 (5.25)

2. In order to completing load response, the total resources generation that consist of
renewable resources and conventional generation should be higher than or equal
to the total consumer load.

PGl (t) + CGt,j-ZiN:1 (Pi(t) x (CR(t) + DCR;(t))) — Pi(t) > 0 (5.26)

3. The received energy of the power grid has the following limitation. BCG® is a
binary number that indicating whether the energy is received of the conventional
generation or not CG € {0, 1}.

CGin.BCG < CG < CGpax .BCG (5.27)

4. The vehicle capacity i at t time is equal to the vehicle capacity i at (t — 1) time and
the amount of received power for charge or discharge [6].

SOC;, = SOC;,_1 + (Pi; x (CR;(t) + DCR;(t)) (5.28)

5. The limitation of the charge and discharge power are determined by the
Eq. (5.29) [6].

DCRi,t.P S Pi,t S CRi,t'Pi,tmax (529)

L,tmin

6. Finally, the battery capacity has some limitations [6].

SBinary Conventional Generation
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20% < SOC;i, < 100% (5.30)

The SOC; , is considered 100% in the Eq. (5.30) and there is not allowed to
discharge the vehicle with the capacity of less than 20%. This limitation is consid-
ered to increase battery life.

5.11 Multiple Results of Exploitation of the Studied Grid

The main purposes of this research chapter are discovering a suitable, automatically,
and optimized way to managing PHEV charging, for minimize received energy from
CG, and to increase energy consumption from renewable resources by using of PSO
algorithm. In addition to Monte Carlo simulation used to obtain random variables
and probability function. The result of PHEV charging program is generally seen on
the grid for every home. As maintained above regarding smart homes, the houses
equipped with the planned smart charging devices for their PHEVs and consumers
declare the allowed time for their PHEVs charging. The allowed charging time for
each of PHEV is assumed which is equal to time of return to home after the last travel
and the start of first trip on the next day.

In the previous section provided an objective function which related to the
operation of the proposed network, and all components were modelled separately.
Then, the uncertainty mileage by cars during the day, the battery capacity of the
vehicle at the first time, and also the absence of cars in the house is described. It is
necessary to achieve optimum operation conditions of this grid by use of suitable
tool. For do this, PSO algorithm is selected to optimize objective function. This
algorithm optimized scenarios generated scenarios by Monte Carlo method.

It is simulated in the MATLAB program. A grid of solar and wind units with
PHEVs as flexible loads also a transformer with the identified capacity to exchange
houses energy with upstream grid is considered. Figure 5.1 Indicates sample grid of
this work which consists of five smart houses with equipment for the renewable
generation [3]. Next, is considered the effect of PHEVs charging in three modes:
unmanaged charge, managed charge, and managed charge V2G, then the study will
analyse the results of the simulation.

In order to managing energy is provided an initial scenario as well as used of
Monte Carlo simulation to find a consistent driving pattern with current situation.
For doing this, it is assumed that each house has a PHEV. The houses 1 and 2 use of
their vehicle for commuting to workplace while the houses 3, 4, and 5 use of public
transport vehicles and do not have a timing plan to use of their vehicles.
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Fig. 5.6 The household consumption curve

5.11.1 Charging without Vehicle Management and V2G
Capability

A distribution grid consists of five house with specified features. The loads of the
houses are divided into two categories: static loads (such as lighting, cooling and
heating systems; household appliances like washing machines, dishwashers, and
electrical appliances) and flexible loads (such as electric vehicle battery). The
Fig. 5.6 shows the static loads per house [25].

As it shown in the Fig. 5.6, the static load curve of the distribution grid represents
the all of five houses, regardless of the loads of charging vehicle. The investigated
grid is powered by a transformer that has the power 22.75 kW and is a ranged
between 25 to 75 kVA per phase. (it is a standard power to supply between 4 to
7 houses) [3].

In Fig. 5.7 the daily generation of renewable resources with household consump-
tion regardless of the load of charging PHEV were compared. In charging mode
without management, vehicle owners are connected to the grid regardless of the grid
status and the amount of the generation of renewable resources at the return time to
home. This charging method has some problems: charging a large number of vehicle
at the same time and creating a peak load in the distribution grid, which will be
increased the load and consumers’ cost. The lack of the amount of available
renewable resources leads to a loss of electricity generated resources and increasing
the conventional generation usage. The load curve without vehicle charging man-
agement shown in Fig. 5.8.

In Fig. 5.8, the amount of the generation of renewable resources with the curve of
the household load were compared by take into account to PHEV charging. As it can
be seen in the figure, there is no charging at the time with the maximum generation of
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Fig. 5.7 The ratio of the generation of the renewable resources to static load consumption in the
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Fig. 5.8 The curve of household load without charging management

the renewable resources that increases demand energy of power grid and increases
consumers’ cost so the importance of PHEV charging management is revealed.

In Fig. 5.9, the use of photovoltaic panels and high-temperatures of the sun at
8—18 PM, the renewable resources generation is at its highest level which decrease at
night. It is not taken into consideration in unmanaged electric vehicle charging so the
vehicles enter to the charging process at the minimum level of renewable resources
generation, which increases the demand energy from the power grid.
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Fig. 5.9 The curve of the comparison of the generation of renewable resources and unmanaged
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Fig. 5.10 The amount of received energy of the power grid in the unmanaged charge scenario

The Fig. 5.10 presented the house demand energy of power grid. There is
indicated that the vehicles enter to charging process at late in the day with low
level of renewable resources generation which increases peak load in the distribution
grid and the costs. It’s assumed that when two vehicle go back to home will be
connected to the grid, but in order to complete the capacity of the battery, some of the
vehicles enter to charging process at the end of day. For this reason, the rate of the
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renewable energy permeability drastically reduces at this time moreover the received
energy from conventional generation increase to 80 KWh during 24 h. The effect of
the management on the amount of received energy from the conventional generation
before and after the managing will be discussed by applying vehicle charging
management program.

5.11.2 Vehicle Managed Charging without V2G Capacity

In order to investigate and control the status of PHEV loads, the coordinated
charging scenario is provided that is based on the relationship between domestic
load consumption and the amount of the renewable resources generation. The
PHEVs is considered as the main factor of overloads and the penetration of renew-
able resources controller in this research. Hence, the coordinated charging scenario
and time management of vehicle charging are presented to change in charging time
to other times to the balance between load consumption and renewable resources
generation. In this scenario, the priority of charging vehicles is possible in two ways
that in accordance to their account and the load profile: (1) fast charge, (2) delayed
charging (Sect. 5.7).

According to Sect. 5.9, the curve of the load of the grid is presented in Fig. 5.11
through implementing the vehicle charging management program.

In Fig. 5.12, the loads compered in random and managed charge with the curve of
generation of the renewable resources. The effect of charge management on the more
efficiency of renewable resources is recognized.

1 23 45 6 7 8 22 23 24

10 11 12 13 14 15 16 17 18 19 20 21
Time (Hour)
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S N A N 0 O

Fig. 5.11 The curve of the grid load with vehicle charging management
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Fig. 5.13 The comparison of generation with domestic load curves in two managed and random-
ized modes

According to Fig. 5.13, the charging process of some of vehicles that are not in a
priority of charge is transferred to 9 and 18 PM. through implementing charging
management. As well as due to the high level of the renewable resources generation
at these hours, the demanded energy from conventional generation is reduced to
58 kWh which the majority of this energy was cheaper-rate electricity at 3-5
A.M. Certainly, charging management program diminishes the consumers’ charges.
Figure 5.14 shown received energy from the power grid.
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Fig. 5.15 The difference in received energy from the grid before and after charge management

Figure 5.15 is shown the difference in received energy from the power grid with
vehicle no/charge management.

5.11.3 Managed Charge with V2G Capacity

In V2G mode, the PHEV may be considered as a grid energy storage system. Every
PHEV has three modes: charge, deactivated and discharge that the optimal PHEV
dis/charging modes can be reduced the peak load as well as increases the renewable
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resources penetration in the grid. The main purpose of current project is to minimize
the received energy from conventional generation respond in accordance with the
consumer needs. The curve of the load grid by use of this feature is presented in
Fig. 5.16.

There is compared the new load curve with the amount of renewable generation.
After adding V2G to the grid, some of the vehicle’s owner are desire to participate in
the discharging process at the times with the lower renewable resources generation
which increases the penetration of the renewable resources in load response. Fig-
ure 5.17 is shown the functionality of the program through comparing generation,
load, and V2G capability.

There can be discharged the vehicles depending on the time constraints and the
consumers’ welfare in use of vehicles which not only reduces received energy from
conventional generation, but also increases financial saving for costumers. Consid-
ering the vehicle power transmission to grid, the conventional energy generation
reduce to 29 kWh. Figure 5.18 shown the conventional generation ratio in two
managed and unmanaged modes with V2G capability.

In order to represent the effect of charging management and V2G capability in
grid on randomized charge, the graph of the received energy of grid is divided into
three modes: (1) unmanaged vehicle charging, (2) managed vehicles charging
without V2G capacity, (3) managed cars charging by consideration of V2G capacity
with other and the generation of renewable resources curves (Fig. 5.19).

The correlation is used to indicate accuracy of the applied management. Corre-
lation is the statistical indicator which describes the relationship between two
dependent variables in other word, it is an statistical indicator that determines various
degree of relationship between two dependent variables in a fixed and limited scale.
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Fig. 5.18 The difference of received energy of grid before and after load management

The Eq. (5.31) indicates correlation between two set of statistic data x and y. The
correlation between renewable generation and all household loads in both random-
ized and managed modes increased from 0.29 to 0.74.
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Fig. 5.19 The comparison of the received energy of conventional generation in vehicle charge
management modes

hy = cov(x,y) _ anm - (¥> <¥> (5.31)

The increased correlation confirms the performance of the vehicle charging
management program.

Corr (Renewable Energy, Load Unmanaged) = 0.29
Corr (Renewable Energy, Load managed) = 0.6821
Corr (Renewable Energy, Load managed with V2G) = 0.7474

5.12 Conclusion

Due to optimize the use of the renewable energy resources, a model to more efficient
of the residential grid usage through the managing PHEV dis/charging during 24 h
was provided. The grid consists some smart houses which has photovoltaic panels
for generate needed home power. The loads are divided into static loads and flexible
loads. As well as, the houses equipped with the smart charge planning system for the
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PHEVs that has double-sided energy exchange capabilities with distribution grid. It
worth mentioning that a 25 kV transformer powered to the homes.

In the modelling of renewable resources generation, meteorological information
was extracted over a period of 1 year based on the time of information used of the
static loads of residential consumers’ information. On the other hand, the used
specifications of the vehicles as the flexible loads in this modelling are extracted
from the relevant automotive companies.

The considerable points in this research are the uncertainty on vehicle mileage per
day, the use of vehicle at the different time, and the initial capacity of the battery.

For this purpose, used of Monte Carlo simulation algorithm to cover a variety of
probable situations then provided a probabilistic variable for each of the decision
variables. Additionally, particle swarm optimization is used to optimize grid utili-
zation in this research. In the depend environment, the performance of the issue with
the high number of decision-making variables was acceptable and in a relatively
short time reaches to the optimal point. The problem with the high number of
decision variables and function well in a relatively short time is relative to the
optimal point.

* In order to optimize the grid utilization, various scenarios and plans have simu-
lated and is examined that the model presented in this research.

e Carrying out a charge and discharge management plan to cover renewable energy
changes that can be reduced consumer costs.

e Decrease the costumers’ cost and reduce their dependency to conventional
generation through administrating the PHEV discharging and charging
management.

* Due to the dependence of this program on people’s driving patterns, the use of a
definitive planning method is not appropriate and the possible method should
be used.

* Drastically decrease the costumers’ dependency to generated energy of fossil
fuels which is essential for the environmental.

* Increase the grid security through preventing the creation of peak-loads in the grid
and transferring the vehicles charging time which prevents of the overload on a
distribution transformers and power grid outage.

Acknowledgments Special thanks to department of research and technology of the Islamic
Azad University, Damavand branch for their valuable support throughout all the phases of this
research.
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Appendix

Indexes

N

Number of solar modules

J

Considered house

1

Considered car

t

Time interval (24 h)

CR(1) Charging mode

DCR((t) Discharging mode

BR((1) Binary of charge sum discharge

Constants

P,

v Solar generation (kW/mz)

Py max power of solar module (kW/mz)

G,

solar radiation intensity (kW/m?)

SoC State of charge (%)

A

maximum distance mileage in electric mode (mile)

d

total distance mileage by the car (mile)

PJ®) total generation of renewable resources (kW)

1210) Power consumption of PHEV charging or discharging (kW)

1740 static load (kW)

CG/(1) conventional generation (kW)
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Chapter 6 )
Integration of Electric Vehicles and Wind sz
Energy in Power Systems

Morteza Shafiekhani and Ali Zangeneh

6.1 Introduction

The most important task of EVs is to meet transportation requirements of their
owners. Besides, these vehicles can be used as energy storage units. By optimal
charge and discharge of the EVs, energy can be stored in their batteries in some
hours (usually off-peak hours) not only to be used as the prime mover of the vehicles
but also to discharge energy to the grid in the necessary conditions (usually peak
hours).

Many changes will occur in the load profile of distribution systems with the
increasing number of the EVs. Various charge strategies and their impacts at load
profile of Australian electricity grid are assessed in [1]. The obtained results denote
that the appropriate management of EVs charge increases the distribution network
capacity. There is no need to install new power plants to supply the additional power
for EVs charging if the EVs are coordinately charged during off-peak hours. Similar
results are presented in [2] that shows the load curve changes with the variation of
the charge pattern.

Tarroja et al. define various scenarios to investigate the effects of EVs charge
strategy on the load profile [3]. They indicate that how non-intelligent charge of EV's
can increase the power demand in peak hours and intensify the distribution network
stress. On the contrary, the coordinated charge of EVs smooth the load curve by
filling the valleys. Authors of [4] address the management of EVs in the presence of
renewable-solar and wind-powered units, and have shown that by applying the V2G
feature of the vehicles, the operation performance of the distribution network has
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been improved in the presence of renewable generation uncertainties. In [5], the use
of renewable energy sources in the presence of electric vehicles has been explored.
The results indicate that although the use of electric vehicles as a storage unit
requires many costs, there are a lot of benefits to supporting renewable energy in
the power system.

By increasing penetration level of EVs in power systems, their effects cannot be
ignored. As an example, replacing a quarter of US vehicles with the electric ones
would increase the power demand beyond the capacity of existing US power
plants [6].

The impact of the transportation system in the presence of electric vehicles has
been investigated using the data available in the transportation system. It has been
shown that V2G technology has led to an increase in the flexibility of the power
system and more optimal utilization of the wind unit [7]. In [8], four different models
of charging EVs have been investigated. The obtained results indicate that the smart
charging and discharging of EVs lead to increased capacity and reduced costs.

Kiviluoma and Meibom [9] assess the impact of smart and non-smart charging of
EVs in the future power system using a model that optimizes the scheduling of EVs
participation. The results indicate that the smart charging of EVs is economical in
comparison with the non-smart charging.

Furthermore, the coordinated charge and discharge of EVs have some technical
benefits such as loss reduction, peak shaving, frequency regulation and load follow-
ing. The impact of electric vehicles on investment and distribution network losses
are investigated in [10]. The results of the study on two different urban and rural
areas indicate that the charging of EVs in peak-hours will increase the expansion
investment costs of the distribution network by 19%, while charging EVs in other
times reduce costs by 70%. In the worst-case scenario, charging EVs increased the
loss of distribution network by 40%. It has been shown in [2, 11, 12] that the use of
EVs batteries to save energy and deliver it back to the network at some hours along
with renewable energy has resulted in more flexible operation of these units. As
shown in Fig. 6.1, EVs can be used as consumer (in charge mode) alongside other
consumers. On the other hand, they can generate electric power (in discharge mode)
and be considered in the power producer side with renewables and non-renewables
producers.

(R

ANNNN

Fig. 6.1 Integration of EVs and wind units
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6.2 Problem Formulation

Stochastic programming of dispatchable units with the goal of maximizing profits in
the presence of wind and electric vehicles is in the form of the following equations.
Equation (6.1) represents the final profit of the problem, which is obtained from the
revenue minus the cost. Equation (6.2) represents the revenue obtained by
dispatchable units, wind and electric vehicles. Equation (6.3) represents the opera-
tion cost, which includes the fuel cost of units, start-up and shut-down cost. The
operating cost function of units is a nonlinear expression, so the linear equivalent of
that is described as follows:

Max, Profit = ZZE,,W(Revenue(t, w) — Cost(t,w)) (6.1)
t w

Revenue(t,w) ZPg,w/l, Pm"dﬂ + Revenuefx (6.2)

Cost(t,w) ZFCg i+ SUCqs0y + SDCyy (6.3)

6.2.1 Linear Equivalent of the Cost Function

For this purpose, the cost function, which is a second-order expression, is approx-
imated in a number of lines as shown in Fig. 6.2. The equations related to the
linearization of the cost function are Egs. (6.4, 6.5, 6.6, 6.7, 6.8, 6.9, 6.10, 6.11 and
6.12). The higher the number of lines, the better approximation will be. z represents

Fig. 6.2 Cost function FC,, =c, +b,P, +a P},
linearization A

Cost;:“ <

_ Cost; , —Cost,,

Cost, ing
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the number of cost function intervals that indicate the number of these lines, too.
Each interval has an initial power and a final power, which is represented by P ;, and
P, ; respectively. Py, represents the generated power in each of these intervals. The
expression AP represents the ratio of the power variations of each unit to the
number of desired intervals. H represents the ratio of cost variations to power
variations in each interval [13].

0< P, <APagw,Vz2=1:n (6.4)
) Pglax _ Pglin
AP = 5 (6.5)
¥4 _ 4 Min
Py, = (2= 1)AP, + P (6.6)
L= AP P (6.7)
Pyt =PlMag 0+ P, (6.8)
z
. 2
Costsy, = ag (Pn) + bePls + o (6.9)
2
Cost, ; = ag (P;ﬁ) +bePy s+ (6.10)
Cost: . — Cost .
fi Jin
8
.\ 2 )
FCyun = ag (Pgl) + P g+ Y HIP,, (6.12)
z

6.2.2 Problem Constraints

There are various constraints in this problem, including technical and economic
constraints, which are described as follows:
¢ Ramp rate constraints:

The production capacity of units has a minimum and a maximum at any time
interval. Bg’t and Fg,t represent minimum and maximum, respectively, which are not
necessarily equal to P’g}”"" and Pgl‘”. Equations (6.13, 6.14, 6.15, 6.16 and 6.17)

represent the ramp-up and ramp-down constraints of dispatchable units.
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Py, < Py <Py, (6.13)

Poi < PY[aguw — Vgriiw] +SDgVriiw (6.14)
Pyy < Pgi1y 4+ RUgags 1, + SUgB, ., (6.15)
P> PlMag,, (6.16)

Py, > Pyy1y — RDyatg sy — SDgl g1 (6.17)

In the above equations, a, ; ,, shows the on/off status of the unit g at period  and
scenario w. B, , ,, and y, , ,, also indicate start-up/shut-down status of the unit g at
period f and scenario w.
¢ Minimum up and down time constraints:

ﬁg,t,w - 7g,t,w = Ogtw — Ogr—1w (618)
Boiw +Vorw <1 (6.19)
Botows Vo Agaw € {0, 1} (6.20)

The minimum up time (MUT,) and the minimum down time (MDN,) of unit g are
described as Egs. (6.21) and (6.22) [14].

MUP
> @i — 1= MUTYB,,, =1 (6.21)
=1
MDN
> 1= agii1w = MDN,Vy,,, = 1 (6.22)

t=1

¢ Start-up and shut-down cost:

The start-up and shut-down cost of the unit g at period ¢ and scenario w are
Egs. (6.23) and (6.24), respectively. The values of CS, and SD, are given in
Table 6.1.

SUCy 10 = CSeBgsn (6.23)
SDCyyy = SDg g 1o (6.24)

* Power Balance constraint:

The total power produced by the dispatchable units, the wind unit and the
discharge of EVs should be equal or greater than sum of the charge of EVs and
loads per hour. This Equation is represented as Eq. (6.25).
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, P
D Popw + Pl 4N TPAR i, =D > ppen (6.25)
g ev

o MNev

6.2.3 Modeling of Wind Unit

The Weibull probability distribution function [15] is used to model wind speed as
shown in Eq. (6.26). In this Equation, k is the shape parameter, C is scale of the shape
and v is wind speed. The information about related parameters and wind speed are
provided in [16].

SFwina(V) = IC( (E)kil exp <( g)k),o <v<oo (6.26)

Based on Weibull function 10 scenarios are produced for hourly wind speeds and
accordingly, hourly wind outputs are determined based on Eq. (6.27).

00 < Vaw < Vei

Vaw — Vei
Wind P rated . Vei S Vaw S Vr
pYind — Ve = Vei (6.27)
aw
P rated Vr S Vaw S Veo
0 Veo < Vaw

6.2.4 Modeling of Electric Vehicles

Electric vehicles are as a consumer in charge mode and as a producer in a discharge
mode. As long as these vehicles are present in the parking lot, their equations are
Egs. (6.28, 6.29, 6.30, 6.31, 6.32, 6.33 and 6.34). Equation (6.28) shows the
revenue/cost of electric vehicles in the parking lot. Equation (6.29) shows the
amount of energy stored in batteries of vehicles, which depends on the energy of
the previous hour and the amount of charge and discharge of the vehicle. The
charging and discharge limits of vehicles are modeled according to Egs. (6.30) and
(6.31). Equation (6.32) shows the minimum and maximum charging limits of
vehicles. Equation (6.33) indicates that charging and discharging do not occur
simultaneously, and Eq. (6.34) indicates that vehicles have their maximum charge
at the departure time from the parking lot [17].
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Revenuefx = ZPgﬁwzlfh — Pfﬁf;,wﬂ;kh (6.28)
ev
EV EV h h
Eev,t,w = Eev,tfl,w + sz,l,w - P(eii,l,w (629)
h h,M h
Poiw < Poyy iy, (6.30)
et < Poy )] (6.31)
BT < B, < ESV (032
a4l < 1 (6.33)
t=DT
h h EV EV
Z ng,t,w - Pg\it,w + Eev,O = Eev,cap (634)
t=AT

6.3 Simulation Results

Generation scheduling of dispatchable units are studied in the presence of wind
turbines and electric vehicles in three different case studies. The typical distribution
system includes 10 dispatchable generation units presented in Table 6.1 as well as a
wind farm, which its aggregated power is obtained through Weibull distribution
function in 10 scenarios. Moreover, 1000 EVs are considered in the distribution
network with some simplified assumption as follows:

The arrival and departure time of the EVs to/from the parking is 5:00 pm and
7:00 am respectively. The capacity of each EV is considered 10 kWh and it is
assumed that all EVs arrive to the parking with the state of charge equal to 40% of
their maximum capacity. In order to encourage EVs owners to participate in V2G
mode, the cost rate of charging as shown in Fig. 6.3 is considered 2% higher than
their charging price that is equal to electricity market price. The maximum and
minimum permissible energy stored in each EV are assumed to be 0.9 and 0.3 of its
capacity, respectively. Furthermore, the battery charge and discharge rate of each EV
is considered 10% of its stored energy capacity. The amounts of network load and
day ahead market price are assumed as a parameter. Figure 6.4 depicts the power
demand of distribution network. The values of v, v, and v, in wind unit modeling
are 5, 15 and 45 m/s, respectively.

The stochastic behavior of the aggregated wind turbines is modeled in 10 scenar-
ios using Weibull distribution function shown in Fig. 6.5. The scenarios of WTs
power generation are presented in Fig. 6.6.

To investigate the effect of the stochastic generation of WTs on EVs, three
difference case studies are defined as follows:
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6.3.1 Case Study 1: The Stochastic Generation of WTs
Without EVs Participation

In this case, there are only dispatchable generation units and wind turbines, while no
EV is considered in the generation scheduling problem. The problem is solved for
10 generation scenarios of wind turbines. To compare different case studies with
each other, the output of all case studies are investigated in the fifth scenario.
Figure 6.7 shows the output of the dispatchable generation in the fifth scenario.
As shown in this figure as well as Table 6.1, only units 2—5 are generating power at
the beginning of the planning period. According to the cost coefficients presented in
Table 6.1, the third unit is the most expensive unit among the four generating units.
Thus, it will be turned off after its minimum continues working time (3 hours). The
first unit has been off at the beginning of the scheduling period and is started
5:00 am. Since the marginal cost of wind turbines are approximately zero, the output
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Fig. 6.6 Scenarios of WTs power generation

generation of dispatchable units are reduced by increasing the generation of wind
turbines. For example, by significantly increasing the output of wind turbines in the
fifth scenario on 8:00 am, the power generation of the fourth dispatchable units
reduces. The dispatchable generation units have the largest participation from 7:00 to
13:00 due the peak load conditions of the demand curve. Since the second generating
unit is the cheapest one, it generates power at its maximum capacity all day.
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wind turbines in scenario 5 of the case study 1
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Fig. 6.8 The net values of the uncoordinated charge and discharge of the aggregated EVs

6.3.2 Case Study 2: The Stochastic Generation of WTs
with the Participation of the Uncoordinated EVs

In this case, the total number of EVs are considered 1000 with the uncoordinated
charge and discharge characteristics. Figure 6.8 shows the net values of the EVs
charge and discharge that are considered as known parameters in the generation
scheduling problem. Moreover, it is assumed that EVs are in the parking from 7:00
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Fig. 6.9 The output power of the dispatchable generating units and the aggregated generation of
wind turbines in scenario 5 of the case study 2

to 17:00. The uncoordinated behavior of EVs disrupts the optimal generation
scheduling of the dispatchable units and reduces the total profit.

Figure 6.9 shows the output generation of the dispatchable units and aggregated
wind turbines in scenario 5 of the second case study. Since approximately 18 MW
are discharged at the first hour into the system, the unit 4 starts with a lower
generation value with respect to the previous case study. At the second hour, the
unit 8 starts its generation due to the 10 MW power demanded by the system to
charge EVs. However, this unit did not have any generation all day in the previous
case study. Since at hours 5 and 6 much power is required in the system, the
generation of most dispatchable units has increased. From hours 7:00 to 17:00, the
EVs are out of the parking and thus there is no need to charge or discharge, therefore,
the generation of dispatchable units are significantly decreased. The high discharge
rate at 18:00 as well as the increasing generation of the wind turbines lead to a sharp
decline in the generation of the unit 4. In the contrary, the generation of the units are
increased at hours 22 and 23 due to the high power demanded to charge EVs.

6.3.3 Case Study 3: The Stochastic Generation of WTs
with the Participation of the Coordinated EVs

In this case study, EVs are charged and discharged based on the coordinated
scheduling program. The aggregated power in the charge and discharge mode is
significant so that it may affect the generation of the dispatchable units. Since the
power demand is low at the hours 1:00 and 2:00, the amount of power generation by
dispatchable units is also low and the EVs are charged as shown in Fig. 6.10. On the
other hand, when EVs arrive at the parking lot at 18:00, the power demand is low
(shown in Fig. 6.4) and EVs starts charging. At the end of the day (hours 23:00 and
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Fig. 6.11 The output power of the dispatchable generating units and the aggregated generation of
wind turbines in scenario 5 of the case study 3

24:00), EVs start discharging due to no generation of the wind turbines and low
amount of the power available at the power system.

The hourly power generation of the dispatchable units as well as aggregated wind
turbines are shown in Fig. 6.11. In the first 2 hours, the units 4 and 5, which are
cheaper than the others, increase their generation to provide required energy for EVs
charging. By slightly increasing the output power of wind turbines and EVs
discharging after that time, the unit 4 reduces its generation. In the mid-day, most
units reduce their generation because all EVs are out of the parking lots as well as the
output generation of wind turbines are high. At the hours 18:00 and 20:00, the unit
4 increases its generation to participate in charging EVs. Eventually, in the last
2 hours, all units either reduce or stop their generation due to the significant amount
of EVs discharge. Table 6.2 summarizes the cost, income and profit of the system
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Table 6.2 Comparing Case 1 Case 2 Case 3

different cases Revenue ($) 51174.098 51460.191 53608.679
Cost ($) 43901.241 44576.020 44767.097
Profit ($) 7272.858 6884.172 8841.582

operator in the three case studies. As it can be observed in the table, the profit and
efficiency of the power system are increased in the presence of EVs, operating in the
coordination with the other units, i.e. dispatchable generation units and wind tur-
bines. Contrarily, the un-coordinated operation of EVs imposes the addition cost to
the system operator. The dramatic increase of the cost in the case study
2 (un-coordinated EVs) is such that the profit of the system operator in this case is
even lower than the case study 1 (without the presence of EVs). This indicates that
un-coordinated charging of EVs can add operation cost of the system as well as the
need to build new generation plants, which in turn will increase the pollution.

Wind units generate different powers in different scenarios. When generated
power is low, vehicles with discharging power cause adjusting load curve and
maximizing their profit. This process is evident in the third scenario at 23 and
24 hours. On the other hand, at hours 18-20, when wind power generation is high,
EVs are heavily charged to adjust the load curve and increase their profit. The effect
of vehicle coordination with the wind unit on profit is shown in Table 6.2. As it can
be seen from this table, the amount of profit in the third case where there is a
coordinated charge is much higher than in the first case. In the first case, there are no
EVs in the structure.

6.4 Conclusion

In this chapter, a model is presented for optimal operation of electric vehicles in the
presence of wind turbines and dispatchable generation units. EVs can be charged/
discharged in two ways: coordinated and un-coordinated. The stochastic generation
of the wind turbines are modeled using Weibull probability distribution function in
10 different scenarios. The generation scheduling of the dispatchable units in the
presence of the wind turbines and EVs are conducted in three case studies. In the first
case study, it is assumed that no EV is connected to the power system and the
dispatchable units are scheduled under the stochastic generation of the wind tur-
bines. The obtained results show that increasing generation of wind turbines
decrease the generation of the units. In the case study 2, it is assumed that there
are some EVs connected to the grid but they are not coordinated in the operation with
other units. The lack of coordination led to an increase in the generation of
dispatchable units, an increase in the costs and eventually a reduction in the profits
of the system operator. In the last study (case study 3), EVs are charged and
discharged in coordination with the other units of the system. The coordinated
scheduling of EVs led to the charging at times that the generation of wind turbines
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are large or the power demand of the system is low. Contrary, in the peak hours when
the power demand is high or power generation is low, the stored energy is discharged
into the grid. The coordinated charge and discharge increase the system efficiency
and reduce the total cost. An important point is that the un-coordinated operation of
EVs not only does not increase the profit but also can increase the power system
stress.

Appendix A

Nomenclature

Indices

t Index for time period

w Index for wind scenario

g Index for dispatchable units

ey Index for Electric Vehicles in parking lot
Parameters

Pz‘fi,"d Wind power generation in scenario w of period ¢
s, Probability of scenario w in period ¢

Vaw Average wind speed in scenario w

Paread Rated power of wind unit

Vei Cut-in wind speed

Ve Rated wind speed

Veo Cut-out wind speed

A Day-ahead Market price

At Charging price in period ¢

Jdeh Dis-charging price in period ¢

Nev Efficiency of EVs

MUT, Minimum up time of unit g

EEVMin Minimum allowed energy stored in EV

P‘efi’;M‘”‘ Maximum allowed energy stored in EV

EEY Remained stored energy in EV at arrival hour
MDN, Minimum down time of unit g

SUC,, ¢ Start-up cost of unit g in period ¢ and scenario w
SDCyq 4 Shut-down cost of unit g in period ¢ and scenario w
Pgli" Minimum limit of power generation of unit g

Pgm Maximum limit of power generation of unit g

P, Minimum time-dependent operating limit of unit g in period ¢
P, Maximum time-dependent operating limit of unit g in period ¢
ppen Demand power in period ¢

Variables

Py v Power produced by unit g in day-ahead market in period ¢ and scenario w

(continued)
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Nomenclature
Pg’vl - Power Charge of EV in period ¢ and scenario w
ng,f;‘w Power Dis-charge of EV in period ¢ and scenario w
FCy 1 v Cost of unit g in period f and scenario w
Cost(t,w) Total cost of problem in period ¢ and scenario w
Revenue(t,w) Total revenue of problem in period ¢ and scenario w
Profit Total profit of problem
fv‘,/cap Stored energy in EV in period  and scenario w
afﬁv Binary variable for EV related to charge status in period ¢ and scenario w
a;fﬁwh Binary variable for EV related to dis-charge status in period ¢ and scenario w
Qg 1w Binary variable, 1 if unit g is on, O otherwise
Be t,w Binary variable, 1 if unit g starts up
Yot w Binary variable, 1 if unit g shuts down
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Chapter 7 ®)
Distributed Charging Management s
of Electric Vehicles in Smart Microgrids

Reza Jalilzadeh Hamidi

7.1 Introduction

The unmanaged connection of Electric Vehicles (EVs) into power grids possibly
results in several problems such as overcurrents, undervoltages, growth in power
losses, reduction in power quality, and so forth [1-4]. The mentioned problems
occur mainly due to the fact that Distribution Networks (DNs) were designed to
supply a specific amount of load. However, the connection of EVs provokes a
substantial increase in the aggregate demand, which cannot be readily supplied.
Hence, control and management systems are indispensable for governing EV inter-
action with DNs to reduce their adverse effects. For the formation of EV-charging
control and management systems, various control methods have been utilized that
can be broadly divided into two groups as,

(1). prediction-based methods in which the time of EV connection and disconnec-
tion, electricity demand, etc. are predicted according to different data such as
the driving patterns of the EVs. Then, proper times and perhaps charging rates
for the charging or discharging of the EVs are determined [5-20]. Scholars
have utilized various parameters to predict different aspects of EV charging.
The most common input parameters, objectives, and methodologies for pre-
dictions are summarized in Table 7.1 based on [3-20]. Different devices and
technologies, including smartphones, The Internet, power line carriers (PLCs),
and GPS trackers are often used for collecting the data used for predictions.

(i1). non-prediction-based control methods are essential in Smart Microgrids
(SMGs) since, despite the advances in the prediction-based methods, the pre-
dictions are still far from high precision, considering that the number of EVs
with different features is increasing [17]. At the same time, the technologies for
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Table 7.1 The usual inputs, objectives, and prediction methods for prediction-based EV-charging
management

Input Parameters Prediction Objectives Prediction Method
Daily driving distance Minimization of load vari- | Time series analysis (e.g.,
Driving cycle (vehicle speed pro- | ance ARIMA?)
file versus time) Peak shading Monte Carlo simulations
Road grade cycle (road grade pro- | Valley filling ANNP forecasting algorithms
file versus time) Charging cost minimiza- Hierarchical or
Traffic flow data tion non-hierarchical model pre-
Electricity price profile (temporal | Household electricity-cost | dictive controls
variations of electricity cost) minimization k-nearest neighbor (kNN)
Electricity demand profile (tempo- | Optimal dispatch schedule | and weighted kNN
ral variations of electricity con- Lowering electrical asset Nonparametric diffusion-
sumption) decay based kernel density estima-
Local generation profile (temporal | Temporal EV availability | tor (DKDE)
variations of local electricity Aggregate Power Capacity | Stochastic dynamic pro-
production) (APC) gramming method

Probability distribution

functions for EV’s state of

charge

Prediction of space-time

distribution of EVs’ charg-

ing load

YARIMA stands for Auto-Regressive Integrated Moving Average
®Artificial Neural Network

Photovoltaic- (PV) and wind-based generation developed into a mature stage,
and they are commercially available to domestic customers.

As a consequence, the renewable generation capacity in residential areas is
increasing, and the homeowners often install the small-scale distributed generations
(DGs) without alerting the utility operator. The main drawback of renewable-based
DGs is that their output powers are in nature variable and unpredictable to some
extent. This raises the uncertainty level in SMGs and exacerbates the predictions.
Furthermore, contingencies (e.g., faults, generation outage, transmission line outage,
etc.) are rarely predictable. Thus, although the prediction-based methods are bene-
ficial in the long run [3, 21, 22], they fail to protect the DNs against contingencies
and prediction inaccuracy. Accordingly, a control framework must be capable of
managing unpredictable situations [23]. Thus, real-time (also referred to as non-
prediction-based or myopic) controllers have been designed and introduced in the
prior literate. The real-time or semi-real-time control and management systems only
consider the present-time state of the system. The real-time controllers do not rely on
predictions (i.e., preceding state in the system) although predictions might be
valuable for finding optimal or more preferable solutions.

Referring to Fig. 7.1, control frameworks can be broadly divided into the
following three categories with respect to their architecture as follows:

(i). Centralized (Central): A single control center governs all the EVs in the DN to
charge or discharge according to the data coming from the power network as
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Centralized Decentralized Distributed
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O Control Center \, Communication Link @ Station /Agent

Fig. 7.1 Control architectures

(i).

(iid).

well as EVs, as shown in Fig. 7.1. This control architecture demands reliable
and advanced communications. The control center requires managing all the
received information in a reasonable time. Therefore, it must be computation-
ally able. If communication links disconnect, the corresponding agents will no
longer follow the control objectives, and the entire system may collapse.

Decentralized (Decentral) Controllers: In decentralized control methods, sev-
eral smaller control centers collaborate on achieving the system goals. Each
group of the EVs is under the jurisdiction of one small control center, and the
control centers communicate with one another, as depicted in Fig. 7.1. The
charging or discharging rates are determined at each control center based on
the received data from the neighboring centers and EVs. In this type of
controllers, intelligence is dispersed throughout the network to some extent,
and if the link between two centers is cut, the whole system may be able to
continue functioning toward fulfilling the control objectives as two separate
smaller systems [1]. Less computation-ability and less complicated commu-
nications are needed in comparison to the centralized control architectures. It is
noteworthy that hierarchal decentralized control methods are widely in use and
belong to a subcategory of decentralized controllers. In hierarchal control
methods, the centers are ranked and the centers of a higher rank can send
control signals to the lower rank centers. However, the inferior centers can
only send information to their superiors, but do not commands [24, 25].

Distributed Controllers: In distributed control systems, the intelligence is fully
shared among all the agents (also referred to as stations). A small portion of the
system is observable to each agent (i.e., an EV charger). Then, an agent makes
its own decision solely based on the observable portion and the received data
from the neighboring agents as Fig. 7.1 shows. Thus, the control system
requires only sparse communications to enable each agent receiving its neigh-
bors’ information [1, 22]. If communication links are cut, there is a good
chance for the distributed controllers to keep following the control goals. Each
station should be equipped with a local controller; however, the local control-
lers are far less able in terms of computation and communications compared to
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the control centers. The connection of the new stations to the whole system is
most facilitated in distributed control systems. Thus, they are largely-scalable,
and well-suited for SMGs as a random number of DGs and EVs connect to and
disconnect from the SMG at any given time. Moreover, the characteristics of
EVs and DGs can be widely dissimilar that highlights the plug-&-play feature
of distributed controllers, in that diverse types of EVs and DGs can readily
connect to the SMG regardless of their different specifications.

Table 7.2 qualitatively compares the foregoing control architectures, and it is
concluded that the features of distributed control systems fit the needs in the SMGs.
Additionally, they can be established at minimal costs. Therefore, distributed con-
trollers seem to be a promising choice for SMGs and a significant body of research
looks into decentralized and distributed EV-charging management methods.

In decentralized charging and discharging control methods, an aggregator
receives the information from the DN and EVs. It decides whether EVs charge or
discharge, considering Distribution System Owner’s/Operator’s (DSO) suggestion,
Transmission System Operator’s (TDO) suggestion, and the electricity market, as
shown in Fig. 7.2. The aggregator broadcasts its decision throughout the DN, and
each EV finds out its operating mode taking into account the aggregator’s decision.
Figure 7.2 depicts a general schematic for decentralized control methods. It is
noteworthy that each EV must be equipped with a local decision-making unit. The
communications between the EVs and the aggregator can be either unidirectional or
bidirectional. Some examples of decentralized controllers in the previous literature
are as follows: The authors of [26] proposed a controller which relies on the
Lagrangian decomposition for scheduling EV charging. This method also compen-
sates the total reactive power demand in the SMG. This method is decentralized
since a coordinator or aggregator finds the optimal solution and the EVs using the
solution and local data determine their operating modes. Some other decentralized
methods are proposed in [27-30] in that EVs send their demands to the aggregator.
The aggregator may also receive some information about the voltages and currents in
the DN. Then, the aggregator solves an optimization problem and finds an optimal or
approximately optimal solution to the EV-charging problem. The outcomes then will
be sent to all the EVs, and it is up to the EVs’ local controllers to select their
operating modes among charging, discharging, and idle modes. This method is also
decentralized since the aggregator together with the local controllers find the appro-
priate answer to any given situation in the SMG. In [31], it is assumed that the
charging rates of all the EVs are identical. Then, the aggregator determines the
number of EVs to charge and announce it to all the EVs in the SMG. At this moment,
any of the EVs makes its own decision to charge or become idle. In some of the
decentralized methods, such as [23, 32], the aggregator along with EVs solve an
optimization problem in an iterative way. In that, EVs’ data transfer to the
aggregator, and the optimization problem is solved for one iteration utilizing the
most recent data. Then, the results are sent back to the EVs to update their operating
modes accordingly. These methods are able to find the optimal solution gradually
while the EVs contribute to solve the problem and adjust their modes in step with the
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Fig. 7.2 General setup of aggregators for EV-charging coordination

Fig. 7.3 General structure
for distributed EV-charging ((.))
management
‘ Data broadcaster

LC: Local Controller

convergence of the optimization problem. However, sophisticated and reliable
communications must support the management system as a tremendous amount of
data transfers between the aggregator and EVs in every single iteration.

With reference to Fig. 7.3, there is no aggregator(s) or control center(s) in
distributed charging control systems. All the intelligence, calculation, and decision-
making-ability are shared among the EVs in the DN. Each and every EV must be
equipped with a local controller, which transmit the data between the EV and its
neighbors. The local controllers may also receive sensory data from the DN. It is
possible that critical data such as the occurrence of an emergency or electricity price
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is broadcasted throughout the DN for local controllers. The local controllers are able
to process the received data and determine whether the related EV charges, dis-
charges, or becomes idle.

Less number of publications addressed the distributed architecture for
EV-charging management compared to the decentralized methods. The authors of
[33, 34] developed distributed game theory-based control systems that minimize the
charging costs to EV owners. In some works such as [35], the contribution of
renewable energies in EV charging is maximized. In [36], a cooperative control-
based method is proposed to minimize voltage deviations and balance the generation
and demand of distributed generations and EVs in DC grids. The authors of [37]
proposed a distributed control method that enables EVs to serve as emergency
supplies in islanding mode. The charging or discharging rates of EVs are coordi-
nated by a distributed controller to minimize the power flow at the Point of Common
Coupling (PCC) in [38, 39]. Therefore, the power flow fluctuations caused by VERs,
loads, and EVs at the PCC will be mitigated [40]. Besides, the SMG becomes
independent of the bulk power system, to some extent. The main grid’s power
quality enhances, as well. Moreover, SMG’s ride-through-ability rises since during
the islanding mode, the contribution of EVs to supplying the demand becomes
maximum. Hence, EVs together with the energy storage system (ESS) will be able
to respond to the electricity demand in a DN for a longer time.

In the rest of this chapter, firstly, the need for electric vehicles, as well as their
battery and chargers are described. Secondly, the challenges toward the pure
renewable-based supply of SMGs are addressed. Thirdly, the control objectives
are elaborated. Fourthly, the control design and requirements are explained, and
finally, the conclusion is provided.

7.2 Electric Vehicles and Electrical Networks

An electric motor, as an alternative to an internal combustion engine, powers up
electric cars. Mostly the limited driving range and long charging time historically
inhibited the proliferation of electric cars (also referred to as EVs or Battery Electric
Vehicles (BEVs)). As the battery technology continuously improves, the capacity
and charging speed drastically increases, while battery cost substantially decreases.
Considering the current trend, together with several Socio-Techno-Economic-Polit-
ical (STEP) factors, the number of commercially manufactured EVs is significantly
growing. The main STEP parameters are as follows:

¢ Performance benefits: Electric motors, instead of gas engines in conventional
cars, function quietly and smoothly, while providing stronger acceleration and
requiring less maintenance compared to the gas engines [41].

* Energy efficiency: EVs are able to convert 59-62% of the electrical energy to
power at the wheels, while the conventional cars are able to convert as low as
17-21% of the gas energy [41].
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¢ Environmentally friendly: EVs emit zero exhaust pipe pollutants [42]. However,
the controversy has arisen that the electricity generated at the power plants for
charging EVs is environmentally pollutant. In response to the argument, EVs can
be charged based on clean energy resources such as wind, hydro, and solar. Thus,
the net pollution caused by EVs is far less than conventional cars if green power
plants largely supply power systems [42, 43].

* Energy dependence: The U.S. alone used almost nine billion petroleum barrels
in 2018. Two-third of such a massive fossil fuel utilized for transportation.
Therefore, oil shortages and oil-price spikes make economic growth vulnerable.
Accordingly, EVs help reduce the reliance on fossil fuels since they can be
supplied by renewable energy resources [44].

* Technical aspects: EVs are beneficial to the power system resilience and energy
efficiency on condition that an expert control and management system coordi-
nates the charging and discharging of EVs in a DN [44].

In the rest of this section, technical features of EV batteries and chargers are
elaborated.

7.2.1 Batteries

It is preferable that EV batteries are light, unexplosive, environmentally safe, and
inexpensive. They should be also durable, reliable, high-capacity, and able to
provide a high power rate if high-acceleration is needed. Lead-acid, NiMH, and
Li-ion are commonly utilized in EVs. Zero Emissions Batteries Research Activity
(ZEBRA) batteries (also known as Sodium Nickel Chloride or molten salt) are also
limitedly used in EVs since it requires an operating temperature as high as 270-350
degrees Celsius. Although Nickel Cadmium (NiCd) and Nickel Metal Hydride
(NiMH) batteries provide a higher power and energy density, their high internal-
or self-discharging makes them improper for EVs. The life-cycle of batteries shows
how many time a battery can be fully charged and discharged. As a study by
Department of Energy’s (DOE’s) National Renewable Energy Laboratory (NREL)
shows EV batteries typically last 12—-15 years in moderate climates, but they only
last for 8—12 years in adverse climates [41].

The other parameter that affects the charging and auxiliary applications of EVs is
the charge and discharge rate of the batteries, which is indicated with current rate or
C-rate. The batteries with a higher C-rate are able to participate more flexibly in
charging coordination. The battery C-rate is effective on its life. Therefore, several
methods have been proposed for canceling out the negative influence of high-rate or
inconsistent charging. In this regard, Battery Management Systems (BMS) are
introduced, which are electronic systems interfaced between the charger and the
batteries in EVs. They are recently equipped with large supercapacitors for accepting
high charging currents, and then feeding each battery cell with the optimal current
rate according to its features, state of charge, temperature, etc. as shown in Fig. 7.4.
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Fig. 7.4 Onboard and off-board chargers and EVSEs

7.2.2 Chargers

Several different types of chargers compatible with different distribution voltage
levels and with different output powers have been developed. The breakthrough in
EV charging is EV Supply Equipment (EVSE), which is a sophisticated external
(off-board) charger station. As shown in Fig. 1.4, it communicates via specific
protocols with the EV to determine the maximum current that the EV can receive.
On the other hand, the EVSE is able to communicate with DSO and power market to
find the optimal charging rate. An EVSE maintains the EV safe during charging
since it checks if a charger cable is correctly plugged into the EV. It also ensures that
there are no hardware faults. Therefore, EVSEs not only charge the batteries
optimally fast, but they also prevent electrical short circuits and damages to the
batteries.

The chargers are categorized in several different ways. One way of categorization
is their output current in terms of being AC or DC. In this way, the chargers are
divided into AC and DC groups.

¢ AC chargers: The output current of AC chargers is AC and as Fig. 7.4 shows, an
onboard charger/rectifier is required for converting the AC current to DC current
to be compatible with batteries. As the size and weight of onboard chargers are
restricted, their capacities are limited.

* DC chargers: As the output of the charger is DC, an onboard charger/rectifier is
not required, and it can be directly used for charging the batteries. As shown in
Fig. 7.4, DC chargers are external and can be advantageous of communications
and smart technologies. They are capable of adjusting their charging rates based
on the EV, DN, and power market parameters.

The installation location of the chargers is another basis for categorizing them
into household chargers and charger stations.

e The output power of household chargers is mainly limited by the distribution
transformer secondary configuration. In the US, the households are supplied by
split-phase transformers that provide two 120-volt lines with a 180-degree phase
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Fig. 7.5 Split-phase Line 1
topology
120V 240V
l Neutral
120V
_ l . Line 2
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Table 7.3 DOE’s description of charging levels and their characteristics
Input
Installation Voltage Required DN Output Power Output Voltage
Level Location [V] Topology up to [kW] up to [V]
Level-1 Household 120 US 1-pP° 1.4 120 AC
Level-2 Household/ | 240 1-Por SPP-P° | 9.6 240 AC
Station
Level-3* | Station 480 3-p¢ 62.5 600 DC
DC Station NF NF NF NF DC
Super-
Fast

#Also known as DC Fast Charger or CHAdeMO charger
°1-P means single phase
Split-phase, phase to phase connection

93P indicates three phase

difference, as depicted in Fig. 7.5. Therefore, it is capable of supplying the loads
at 120 or 240 V. The household outlets are connected to one line and neutral that
produces 120 V. However, larger appliances such as ovens and air conditioners
are connected to lines for being supplied at 240 V. Thus, the maximum power of
household chargers is limited to less than 10 kW.

* On the other hand, charger stations can be fed by different transformers connected
to DN that enables them to charge EVs at considerably higher rates.

Several different institutions (e.g., DOE, Society of Automotive Engineers
(SAE), and International Electrotechnical Commission (IEC)) categorized the char-
gers into three main groups.

* DOE, as one of the most well-known institutions, categorized the chargers as
provided in Table 7.3, [45, 46].
e SAE J1772 Committee developed J1772-plug or J-plug definitions with the
specifications given in the below table. It divides the chargers based on their
output currents into two main groups, AC and DC charging systems. In AC
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Table 7.4 SAE definitions and terminology

AC DC
Charging | Specifications Charging | Specifications
Level-1 Input: 120 V, 1-P AC Level-1 Input: 200-450 V DC
Output Current: up to 16 A (typically lim- Output Current: up to
ited to 12 A) 80A
Output Power: up to 1.9 kW. Output Power: up to
36 kW
Level-2 Input: 240 V, 1-P AC Level-2 Input: 200-450 V DC
Output Current: up to 80 A (typically lim- Output Current: up to
ited to 32 A) 200A
Output Power: up to 19.2 kW. Output Power: up to
90 kW
Level-3 Input: 3-P Level-3 Input: 200-600 V DC
Output Current: More than Level 2 Output Current: up to
Output Power: up to 43 kW. 400A
Output Power: up to
240 kW

Table 7.5 IEC definitions and terminology

Charging

Mode Description

Mode 1 slow charging, household-type socket-outlet

Mode 2 slow charging, household-type socket-outlet with an in-cable protection device

Mode 3 slow or fast charging, specific EV socket-outlet with installed control and pro-
tection functions

Mode 4 fast charging, external charger

charging systems, there must be an onboard (internal) charger for rectifying AC to
DC. However, in DC chargers, the charger is off-board (external) and supplies the
car with DC current, [47] (Table 7.4).

e The International Electrotechnical Commission (IEC) also provided a standard
and terminology for the EV chargers as given in Table 7.5, [48, 49].

7.2.2.1 EV Charging Future

It is anticipated that nearly 500 million EVs will be in use until 2030 [50]. Therefore,
efficient infrastructure for EV integration is the key factor to make this transition
smooth. To this end, the following technologies are coincidently developing:
vehicle-to-grid (V2G), renewable charging, and on-road charging. Bidirectional
EV chargers are necessary for V2G concept in that EVs are mainly utilized for
stabilizing the power grid, improving the power quality, and reducing electricity
costs. EV renewable charging paves the way for sustainable and net zero CO2
emission in e-transportation. On-road EV charging alleviates range anxiety issues
[51, 52]. California leads the way in the US with 5% of brand-new vehicle sales,
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while 58% of new cars are EVs in Norway and the situation is almost the same in the
other European countries. Hence, the US adopts EVs relatively slowly. Considering
the fast-growing use of EVs in Europe, the future transportation is electric-based in
Europe. However, the US needs to pass a long way to this end mostly by investing
on on-road charging, which is proper for long travel distances in the US [53].

7.2.3 Aggregators

Aggregators are recently-introduced entities in electrical utilities or networks that
perform as mediators among end users, smart components (e.g., smart meters,
switches, chargers, etc.), and the utility operator or owner. Aggregators possess the
software and hardware technologies necessary to perform their tasks. A wide range
of duties have been defined for aggregators in different areas such as demand-
response management, electricity market, network voltage and frequency stability,
EV charging management, renewable generation, and so on [54, 55].

7.3 Auxiliary Services for EVs

The proliferation of bidirectional chargers along with advanced charging manage-
ment algorithms provide great potential for addressing the challenges in SMGs.
However, before defining the control objectives for solving the issues in SMGs, the
undesirable situations in SMGs, and reasons for employing the EVs as an Energy
Storage System (ESS) are described.

7.3.1 Stand-Alone Micro-Grids

SMGs must be able to work in both

* Grid-connected mode: when an SMG is connected to the main grid.
* Islanded mode: when an SMG is not connected to the main grid.

In grid-connected mode, the voltage and frequency of an SMG are governed by
the main grid, and there is no need for stabilizing them. During islanded mode (also
known as stand-alone or autonomous) the voltage and frequency of SMGs must be
locally controlled to be in the normal range. If EVs are supposed to contribute to
supplying the loads during islanded mode, their output should not unstabilize
the DN.
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7.3.2 Variable Renewable Energies

The SMGs heavily supplied by VREs, such as wind or solar generation, are
unreliable since it is not guaranteed that the loads are supplied at any given time.
In addition, large shares of VREs in SMGs result in power system instability and low
power quality due to the fluctuations in VREs’ outputs [56]. One of the most
effective ways for solving such unpreferable issues is to utilize ESSs as they,
canceling out the fluctuations, can make SMGs reliable.

7.3.2.1 Electric Vehicles as Distributed ESSs

Although ESSs improve the resilience of SMGs, it seems that DSOs are reluctant to
install ESSs due to their high prices. Fortunately, EVs are equipped with batteries
and all the battery capacity is not necessarily required all the time. Therefore, the
surplus battery capacities can be utilized in line with enhancing DNs as
distributed ESSs.

7.4 Charging/Discharging Management of EVs

As one of the promising control methods, the applications of the cooperative control
to myopic, technical, and economical EV-charging coordination is addressed in this
section. The successfully achieved control objectives are listed and discussed. Then,
in the next chapter, the control design and requirements for fulfilling the objectives
are detailed.

The cooperative control is selected for setting up the distributed control frame-
work since it is fully distributed, in that each EV receives only local and neighboring
data [4, 22], and determines its charging rate accordingly. Figure 7.6 shows a typical
SMG with EVs. All EVSEs are equipped with a local controller, which will be
elaborated in details later, that receives

* local and neighboring data

* electricity price for reducing charging costs

» voltage, current, and frequency measurements from some places in the DN for
stabilizing the DN as well as increasing its power quality and ride-through-ability.

However, particular note should be taken that the DN measurements are sent to at
least one of the EVSESs, and it does not make a critical difference which EVSE
receives it. The EVSEs utilize the received measurements to determine their charg-
ing rates that can be positive, negative, and zero for charging, discharging, and idle
operating modes. Also, the measurements are used by EVSEs for adjusting their
output frequencies and voltages in discharging mode.
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Fig. 7.6 A typical SMG with necessary components for establishment of the cooperative control-
based EV-charging management

7.4.1 Fair Charging/Discharging Rate

As mentioned above, there are various charger types with different powers (e.g.,
Level-1, Level-2, DC Fast Charging, etc.). It is wise that the charging rates of EVs
decrease in case of a shortage in the generation or vice versa. It is also reasonable that
every single charger changes its output proportional to its capacity. For example,
when there are only two 1.4 kW and 6.6 kW chargers (8 kW in total) in the system
and the power supply reduces in half from 8 kW to 4 kW, then both chargers are
responsible for reducing their charging rates. Therefore, if they cut their charging
rates in half, which are respectively 0.7 kW and 3.3 kW, it will be fair. This concept
is called “Fair Charging Rates” [4, 37-39], in that the ratios of the “preferable”
outputs of the chargers to their maximum capacities will be identical after the system
has reached to its equilibrium. This fair charging concept is mathematically defined
below, [4, 21, 37, 57].

pifax — pifar — piax — :pMax’V‘:LZ,i.--,m (7.1)
Q%LXZQ%%:Q%M:...:Q%;XM:1,2,3,...,m (72)
1 2 3 i

where P; [pu] and Q; [pu] are the i-th EVSE’s preferable active and reactive output
powers, respectively. PY [pu] and QY* [pu] indicate the capacity (maximum
output power) of the i-th EVSE, and m is the total number of the EVSEs in the DN.
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7.4.2 Reducing SMG Dependency on the Main Grid

One of the objectives that can be realized utilizing the cooperative control is to lower
the dependency of an SMG on the main grid and to raise its dependency on the local
renewable generation. With reference to Fig. 7.6, the power at the Point of Common
Coupling (PCC) should be ideally negative, Ppcc < 0, where Ppcc [W] is the power
flow from the main grid to the SMG at the PCC. Then a negative Ppc¢ denotes that
the SMG sends power to the main grid, and zero Ppcc shows that there is no power
flow between the main and smart grids. However, this objective is not always
possible due to the intermittency in renewable generation. Yet, it is preferable to
decrease the unnecessary EV charging in SMGs in case of an electricity shortage in
the main grid. To this end, the Boolean variable LD and the following objective are
defined.

Pl“)PjZPpCC SO,V(I,]) = 1,2,3, ...,mifLD:’On' (73)

where LD becomes ‘on’ when the DSO detects a shortage in the generation.

7.4.3 Improving Power Flow Fluctuations at PCC

The volatile output of VERs causes deviations in the power flow at the PCC that is
shown in Fig. 7.6 with Ppcc. A change in Ppcc can be detected by the derivative of
Ppcc with respect to time, dPpc(f)/dt. The charging rates of EVs can be changed to
suppress the power flow deviations. This objective is mathematically defined as,

P, — by Precl)

—0,Vi#£j,V(i,j) =1,2,3,...,m (7.4)
where the symbol ‘—’ indicates that the left side approaches the right side, and the
symbol ‘:> means ‘such that’.

7.4.4 Frequency Stability

The frequency of an SMG must be locally controlled during islanded mode since the
main grid no longer governs it. Therefore, the output frequencies of all EVSEs
should be adjusted to match the reference for the frequency . [rad/s], which is set
at the distribution substation.
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wi - wMainGridaVi = 1727 3’ st 7m (75)

where w; [rad/s] denotes the output frequency of the i-th EVSE.

7.4.5 Voltage Stability

The same as the DN frequency during islanding mode, the voltage must also be
controlled to stay in the acceptable range. In addition to that, if a large number of
EVs are charging at the same time even in grid-connected SMGs, the ends of the
feeders are vulnerable to experience an undervoltage. Therefore, the EVSEs reactive
power consumption or generation must be adjusted to retain the system voltage as,

0 — Q: VM <V S VMRV £ (i) =1,2,3, ... m (7.6)

V; [pu] is the output voltage of the i-th EVSE. V™ [pu] and V"** [pu] are the
minimum and maximum acceptable voltages in the DN, which are usually 0.95
[pu] and 1.05 [pu] in most of the standards, respectively.

7.4.6 Prevention of Overcurrents

When a significant number of EVs are simultaneously charging, the sending ends of
the feeders may experience an overcurrent. The commonsense solution to that is to
reduce the charging rates of the EVSEs as expressed below,

P — P I < Vi#ji.j)=1,23,....mVk=1,23,....n  (7.7)

where I, [pu] is the measured current passing through the k-th location, 72/* [pu] is
the maximum allowable current at the k-th location, and »n is the number of current
sensors in the DN.

7.4.7 Consideration of Minimum SoC

EV owners will not participate in ancillary services if it results in becoming charged
less than a preferable level. Thus, no EV should discharge to the SMG when its SoC
is less than the minimum required. Either the EV owner or an intelligent system can
determine the minimum required SoC (SoC™"). The charging coordinator must
secure the SoC against falling less than SoC™™. This control objective is
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P; > 0if SoC; < SoCM" Vi=1,2,3,...,m (7.8)

where P; > 0 indicates that the EVSE’s output-power direction is from the SMG to
the EV, Son””’ [%] is the minimum acceptable SoC for the i-th EV.

7.4.8 Emergency Charging

In addition to stopping discharging when the SoC of an EV is less than SoC"™, if the
EV is in need of charge for functioning, it might be allowed to charge regardless of
the DN’s situation. This type of charging is defined as emergency charging and it is
obvious that the owner should compensate for that. In regard to this objective, the
Boolean variable EC is defined and the EV owner is able to set it on or off. The
objective of emergency charging is defined as,

P; = PM™ if EC; ='On’ and SoC; < SoCM", Vi = 1,2,3, ...,m (7.9)

where PM* is the capacity of i-th charger, EC; is the emergency charging option for
the i-th EV that can be set as on or off since it is a Boolean variable.

7.4.9 Increasing System Ride-through-ability

Referring to Fig. 7.6, the EVs can contribute to supplying the loads together with the
SMG’s ESS when the SMG is islanded. To this end, the EVSEs start to reduce their
charging rates, and if possible, start discharging to the SMG until the output of the
ESS becomes zero.

Pi — Pj : Igss — 0if Ppss < O,Vi#j,(i,j) =1,2,3, ....m (7.10)

where Igs [pu] is the output current of the ESS and Pggg < 0 shows that the ESS is
supplying the SMG.

7.4.10 Decreasing Charging Costs

It is possible to decrease the charging costs to the EV owners utilizing distributed
control methods. In essence, the myopic methods for reducing the charging costs
compare the current electricity price with the present charging cost. If the present-
time electricity cost is less than the present charging cost, then the EV starts charging
and vice versa. As the participation of an EV in the power market may not be
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attractive to its owner, therefore, another Boolean variable RCC (abbreviation for
‘reduce charging costs’) is defined that enables or disables the EV to take part in the
electricity market. Regarding economical charging, the following objective is
defined,

ACC,(t) < ACCi(t),¥(ty > t1,i) if SoC; > SoCM™ (7.11)

where ACC(?) is the i-th EV’s average cost of charge at time ¢, and it is explained in
the next chapter. This economic objective not only reduces the charging costs, but it
also results in valley filling and peak shifting, and if enough aggregate surplus charge
is available, it leads to peak shaving as well.

7.5 Controller Requirements and Design

The special needs and requirements for the establishment of the controller are
described in this section. First, the control requirements and then cooperative control
design and formulation are detailed.

7.5.1 Control Requirements

The cooperative control is mainly structured on sparse and intermittent communi-
cations. Each agent (i.e., EVSE) must be able to exchange data with its direct
neighbors. As the system manages the discharge rates of the EVs, the chargers
must be bidirectional with a controllable charging and discharging rate. As shown in
Fig. 7.7, if the reduction of charging costs is considered as a control objective, the
EVSEs should be equipped with a receiver to become aware of the electricity price.
This can be realized using a unidirectional price signal, which is announced
throughout the DN once a while by the DSO or utility owner.

Furthermore, every EVSE must be equipped with a droop controller to respond to
sudden changes in generation and demand in a DN to secure the generation-demand
balance as depicted in Fig. 7.7. The droop controller is formulated as,

{ a)f = Cl)ref". - Kpi (P0; - Pref,») (7 12)

V;k = Vref,- — Ko, (QO,- - quff)

where o [pu] and V;[pu] are respectively the frequency and voltage commands to
the i-th bidirectional EVSE when it is discharging. Pp, and Q,, are the measured
active and reactive power outputs of the i-th EVSE, respectively. w,.s, and Vs, are
the references for frequency and voltage that are updated via the cooperative control-
based controller for stabilization of the DN. k,, and kg, are the droop gains.
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Fig. 7.7 The high-level structure of the local controller

7.5.2 Cooperative Control Formulation

The state equation of the cooperative control is generally presented as [22],

X=—-Lx+Bu (7.13)
In that, x indicates the state vector, () is the first derivative with respect to time, B
is the control input matrix, u is the control input vector, and L = [/;] is called the

Laplacian matrix, which is built premised on communications between the agents
as [37],

—1,Yj €N;
L=< [|Ni|,j=i (7.14)

0, else

where N; is a set comprising the i-th EVSE’s neighbors (i.e., the EVSEs that directly
send their data (i.e., state) to the i-th EVSE). IN;l denotes the in-degree of the i-th
EVSE (i.e., the incoming communication links). The value of each state is updated
through an integrator as x = k [ xdt, and k is the gain factor for the integrator that
must be between zero and one, 0 < k < 1).

Active power, reactive power, frequency, and voltage each must be separately
controlled through different communication links, sensory measurements, and con-
trol inputs as shown below.
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xp =k, /X}J dt, xp = —Lyxp + Bgssugss + Bruy + Brycttpie + Brpurp (7.15)
xo =ko /)éQ dt,xg = —Loxg (7.16)

X, = kg /)éw dt, x, = —L,x, + B,u, (7.17)

xy =ky /x'vdt, Xy = —Lyxy + Byuy (7.18)

where k,, ko, k,, and ky are the gain factors smaller than one for updating their
corresponding sates. L,,, Lo, L,,, and Ly are graph Laplacian matrices based on the
communication topology for active, reactive, frequency, and voltage. xp, x, X,,, and
xy are the state vectors defined as follows:

T
P, P, P P;
= , , 7.19
R 7
T
0 0, 0O 0 }
Xg = ax ’ ax ’ ax’ * " ax (720)
¢ [Qﬁ”' o g oY
T
Xp = [a)refl,wrefz, .. .,a)refj (721)
T
xv = [Viers Viegys - Vier,| (7.22)

where (.)” means matrix transposition. The other variables are previously defined.
The inputs to the above state equations are detailed as follow,

— IAI;;_S‘S( if Prgg < 0
UESS = IESS (723)
0if Pgss > 0
e —1
H i (> )
u = h (7.24)
0if (I < I'™)
S
UFe = = o Ppcc (7.25)

TR if (1 > 1))
up =14 Prce (7.26)
0if (LD = 0)
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Uy = OMainGrid (727)
VM _ v if (V> M)
Uy =

(7.28)
vV — VMax if (V S VMax)

where IZIS“S" [pu] is the maximum current of the ESS, w, [rad] is the cut frequency of
the low-pass filter that supresses the noise in PCC power. The rest of the variables
are defined before. The control input vectors related to the state equations are
presented as follows,

Brss = [bss1» bissas DEss3s - - - » brssi] (7.29)
By = [byy, by, by, ... by)" (7.30)

Brie = [bruc,» brucss brucss - - - brue) (7.31)
Bip = [bip,. bip,. binys -, bip)" (7.32)
Bruc = [bruc,» brucss brues - - -+ Drue,]” (7.33)
By, = [buy» Doy b - - b (7.34)

By = [by,,by,,by, ....by)" (7.35)

In all of the above control input vectors (B’s), if any EVSE receives a control
input (), the corresponding element () in the input vector is one, or else the element
is zero.

In order to decrease the charging costs to the EV owners, the variable ACC was
defined in [4] as a new property of EVs. ACC stands for Average Charging Cost, and
it indicates the cost which is already paid for the present amount of charge (i.e., SoC).
It is calculated by the moving average of the electricity price and mathematically
expressed as below [4],

ACCi(t1) x SOCi(ty) x BC; + [, Pi(z) x EP(r)dz
SOC;(t;) x BC; + 1 f,’l Pi(t) x dt

, for charging

ACC(1) =
ACCi(ty) x SOC;(t1) x BC; — [, Pi(z) x EP(t)dt

SOCi(t1) x BC; — (1/n) [, Pi(z)dz

, for discharging
(7.36)

where ACCi(t) [$/kWh] is the i-th EV’s ACC at a given time ¢, ¢; shows the beginning
of a charging/discharging, BC; [kWh] is the capacity of the i-th EV’s battery, P{(7)
[kW] is the charging rate, EP(f) [$/kWh] is the electricity price that is announced by
the DSO or electricity market as shown in Figs. 1.6. and 1.8. Finally, # indicates
EVSE efficiency. The below numerical example is provided for the elaboration of
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Table 7.6 The situation and parameters for a typical EV

Charging Process Discharging Process

ACC(0) [$/kWh] 0.120 ACC(2) [$/kWh] 0.105
ACC(2) [$/kWh] 0.105 ACC(3.62) [$/kWh] 0.102
SoC(2) [%] 19 S0C(3.62) [%] 10
SoC(0) [%] 10 SoC(2) [%] 19

P [kW] 1 P [kW] 1

EP [$/kWh] 0.080 EP [$/kWh] 0.120
1. [%] 90 14 [%] 90

the ACC concept. Please assume that an EV is connected to a DN. Its features are
given in Table 7.6. The EV’s battery capacity is 20 kWh (i.e., BC = 20 kWh). The
charging process starts at #{ = 0 and takes long for 2 hours. Utilizing the parameters
given in Table 7.6, ACC(2)=0.12 x 0.1 x 20+ f021 x 0.08 dt/0.1 x 20 +
0.9 foz 1dt =0.105 $/kWh, [4]. Therefore, the EV’s ACC lessens by
0.12 — 0.105 = 0.015 $/kWh. Now, EP rises by $0.004 and becomes 0.12 $/kWh.
Therefore, as the SoC of the EV is greater than its SoC"™, it is able to discharge and
sell electricity for making financial benefits. After 1.62 hours of discharging, the
EV’s SoC decreses to 10% which is identical to its SoC?™. At this moment, the EV
stops discharging since it is not desired to deplete the batteries to a level less than the
minimum acceptable amount (SoC*™). During this charging and discharging cycle,
the EV started charging from an SoC equals 10% and again discharged to the
same SoC. However, the new ACC is

ACC(3.62) = 0.105 x 0.19 x 20 — [;*1 x 0.12 dt/0.19-

x20 — (1/0.9) ["*1 dr = 0.102 $/kWh. As the new ACC is less than its initial
value (at #; = 0) for the same amount of charge, the EV contribution in the electricity
market was economically beneficial to its owner.

The active-power output equation of the controller is
P, = hy(x,S0C,SoC"" EC,P"* EP,LD) (7.37)

where P; = [P,ef] B P,efl.] r is the control output vector for active power,
which consists of the power references for the local droop controllers. The active
power references are determined by the function £,,(.) that is described in Table 7.7.
SoC = [SoC,,S0C,,.. .,SoC,-]T is a vector that consists of all the EVs’
SoCs. SoCM" — [SoC’f’””,SoC%’”", ...,SoCﬁ”i"]T is a vector comprising the mini-
mum SoCs of the EVs in the DN. PM® = [p}fax, plfax pMax pHax] T is the vector
of all the EVSEs’ capacities. The control output function (h,) is formulized in
Table 7.7.
The reactive-power output equation of the controller is
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Table 7.7 The control output

. : if (EC;= ='0n' & SoC; < SoC¥™)
function for active power - !
Pyy; = PY*; % Charging Mode %
elseif (EC; = ='Off or (EC;= ='0n' &

SoC; > SoClin))
if (LD = 'On’ & SoC; > SoCMi)
P,y; = —PY**; % Discharging Mode %
elseif (LD = 'Off & SoC; < SoCMim)
Py, = x; X P4, % Charging Mode %
elseif (LD = 'Off & SoC; > SoCMi")
if (ACC; > EP)
Py, = x; X P}, % Charging Mode %
elseif (ACC; < EP)
Pyr; = —PY*; % Discharging Mode %

endif
else
else
Prs; = 0; % Idle Mode %
end
M
Qref = hQ (x’Q ax) (738)
T . .
where = s y ey | 1is the control output vector for setting the
ref ref | refn ref i p g

reactive-power references in the local droop controllers, ip(x) = xo O @ is the
control reactive-power function in which () means elementwise matrix
multiplication.

The output equation of the controller for the voltage and frequency are respec-
tively V,or = xyand @, = X, Where Vi = [Vyer s Viergs - - - Vrer] "is the control
output vector for the voltage references that are applied to the local droop controllers.
Wyof = [a)refl, Orefyy - - » Oref 1] " is the control output vector for the frequency
references which are applied to the local droop controllers.

7.6 Conclusion

As an enormous number of Electric Vehicles (EVs) will be in service in future, the
current electric networks should be developed in a way that they can host EVs. This
chapter, having compared prediction-based and myopic (also referred to as real-time
or non-prediction-based) EV charging coordination methods, focused on the myopic
methods for EV charging as the predictions are to some extent inaccurate and also
the fact that contingencies are hard to predict. The control architectures are divided



206 R. Jalilzadeh Hamidi

into the following three categories in terms of communication topology: centralized,
decentralized, and distributed. These architectures were compared in this chapter and
the pros and cons of each were discussed in line with the Smart Microgrids’ (SMGs)
requirements. Accordingly, it is concluded that the distributed control architectures
are well-suited for SMG setups since they are:

* Highly scalable

¢ Plug-&-playable

e Less costly

e More robust against communication failures and cyber attacks

Among the distributed architectures, greedy (e.g., Game Theory) and consensus
algorithms (e.g., Cooperative Control) are compared. As the parameters such as the
Distribution Network (DN) frequency are identical throughout SMGs, all the agents
must follow the same objective. In addition, the objectives such as increasing the
system ride-through-ability are realized only when all the EVs recognize the control
objectives prior to their individual benefits. Thus, consensus algorithms are proper
for EVs’ ancillary services. Hence, the cooperative control was selected for the
establishment of the controller. The control objectives, including technical and
economic ones, were defined, considering the abilities of the cooperative control,
EVs, and EV Supply Equipment (EVSE). Then, the requirements for setting up the
control framework were discussed. Finally, the control design was elaborated.

Appendix A

The nomenclature is shown below.

P; i-th EVSE’s preferable active output power

P; j-th EVSE’s preferable active output power

pHax Maximum active output power of the i-th EVSE
0O; i-th EVSE’s preferable reactive output power

0, j-th EVSE’s preferable reactive output power
QM Maximum reactive output power of the i-th EVSE
m Number of the EVSEs existing in a DN

w; i-th EVSE’s output frequency

Opaincria | Main grid frequency

yMin Minimum acceptable voltage in a DN

yMax Maximum acceptable voltage in a DN

\Z Output voltage of the i-th EVSE

I Measured current passing through the k-th location
M Maximum allowable current at the k-th location

n Number of current sensors in a DN

SoC; i-th EV’s state of charge

(continued)
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SoCﬁ."I"" Minimum state of charge for the i-th EV

EC Emergency charging

Iss Output current of the energy storage system

Prss Output power of the energy storage system

ACC; Average cost of charge

o Frequency command from the i-th local controller to the i-th charger

Dref, Frequency reference for the i-th droop controller

Kp, Droop gain for active power-frequency

Py, Active power reference for the i-th droop controller

Po, i-th EVSE measured active output power

Vi Voltage command from the i-th local controller to the i-th charger

\ Voltage reference for the i-th droop controller

KQ, Droop gain for reactive power-voltage

Opef, Reactive power reference for the i-th droop controller

Qo, i-th EVSE measured reactive output power

L Laplacian matrix

X State vector

B Control input matrix

u Control input vector

N; i-th EVSE’s neighbors

IN| Indegree of the i-th EVSE

Ppcce Active power flow at PCC

k Integrator gain for updating controller’s states

Pllax, Maximum active power flow at PCC

LD Boolean variable defined for reducing the SMG dependency on the main grid

Xp State vector for active power

X State vector for reactive power

Xg State vector for frequency

Xy State vector for voltage

L, Laplacian matrix for active power

Ly Laplacian matrix for reactive power

L, Laplacian matrix for frequency

Ly Laplacian matrix for voltage

k, Integrator gain for active power

ko Integrator gain for reactive power

ke Integrator gain for frequency

ky Integrator gain for voltage

W, Cut frequency of the derivative of the power flow at PCC

WOpainGria | Frequency reference for the grid in islanded mode

EP Electricity price

P, Control output vector composed of active power references for the local droop
controller

SoC Vector consisting of all the EVs’ SoCs

SoCMn Vector consisting of all the minimum acceptable EVs’ SoCs

(continued)
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EC Vector comprising the EVs’ emergency charging choice

pMax Vector of the maximum active power output of EVSEs

Qe Control output vector of reactive power references for the local droop controller
oM Vector of the maximum reactive power output of EVSEs

Vier Control output vector consisting of voltage references for the local droop controller
@,f Control output vector containing frequency references for the local droop controller
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Chapter 8

Optimal Energy and Reserve Management
of the Electric Vehicles Aggregator

in Electrical Energy Networks Considering
Distributed Energy Sources and Demand
Side Management

Mehrdad Ghahramani, Morteza Nazari-Heris, Kazem Zare,
and Behnam Mohammadi-ivatloo

Nomenclature

Indices Index for:

t Time

J DG

i PHEV

k WT

Parameters

P The supplied power of kth WT at the rated speed of the wind
P"W’ The supplied power of kth WT at time ¢

V’C‘ The lower bound of speed for kth WT

vk The nominal speed of kth WT

V. The upper bound of speed for kth WT

Vv The predicted speed of wind at 7th time

Py The manufactured power of PV p at tth time
n’ Arrays efficiency for PV

sP Surface size of PV
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Indices Index for:

T, Temperature of ambient of the PV

G Radiation on the surface of PV

a’ b’ The coefficients of supplied power cost of DG j

PjLD 6. max The upper bound of power supply of DG j

Pju) G min The lower bound of power supply of DG j

MUT/MDT; | Minimum up/down-time for DG j

t’;';’N, ﬂgFF Time interval of continuous on/off status of the jth DG at time ¢

UDC/ Startup Cost of the jth DG

RD’,RU’ The rate of increase/decrease of the jth DG

,/,JL’D " The spinning reserve cost of DG j at time ¢

wh, The spinning reserve cost of EV i at time ¢

TU” "/TD*" | The minimum on/down-time of jth DG

Ty The energy cost of UG at time ¢

Ng, The amount of EVs parked in the EVs aggregator

Py The exchangeable energy between the DN and the UG

At Time for computing available EV in the EVs aggregator

PiCh, max/ The maximum amount of charge/ discharge of charger i

P i)ch, max

SOCfnax/ The max/min amounts of SOC for the EV i

SOCin

ASOC! ax The upper bound of allowable charging/discharging rate of EV i

T; Estimated time of presence EV i in the EVs aggregator

;r’d’EV The optimal EV charging price in the EVs aggregator

ﬂ'iDCh,EV The optimal cost of discharging for ith EV in the EVs aggregator

Nv2G The efficiency of discharging EV battery

NGa2v The efficiency of charging EV battery

Socg’m.ml The initial SOC for ith EV at leaving from EVs aggregator at time ¢

Nmax The upper restriction for switching among the states of charge/discharge

ww The forecasted error of wind speed

wp, The forecasted error of solar radiation

load, The base load at time ¢

M- A binary variable that is equal to 1 if the EV i is in the EVs aggregator at time
t otherwise it is 0

a The ratio of the EV discharged power participating in spinning reserve market

# Approximate entrance time of ith EV to EVs aggregator

t Approximate leaving time of ith EV from EVs aggregator

Variables

Pl Power exchange between DN and UG

Cﬁ) " Power supply by DG j

SCJitD G Startup cost of DG j

SR% " Scheduling of spinning reserve of DG j at time ¢

(continued)
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Indices Index for:

Pic’th,Ev The charge power of EV i at time ¢

chhva The discharge power of EV i at time ¢

SRIE”V The scheduling of EV i spinning reserve at time ¢

P/Z’D G The scheduled power of DG j at time ¢

soc*' SOC of ith EV at tth time

ASOC™! Energy change between two consecutive time intervals

SOC}-)’eparmre Final SOC of the EV i when leaving the EVs aggregator

Up;, ¢/Dnj, ¢ Auxiliary variables for linearization modelling of DG j minimum up/down-time

load The load considering effect of DRP

DR’ The participation value of DRP at time ¢

idr' Shifted demand from a time to another one

load,, The value of increased demand at time ¢

inc' The size of increased demand at time ¢

U Binary variable that is equal to 1 if DG j is on at time ¢ otherwise it is 0

W'atl Binary variable that is equal to 1 if the EV i in the EVs aggregator is in charging
mode

Wgch Binary variable that is equal to 1 if the EV i in the EVs aggregator is in
discharging mode

SRS™* Binary variable that is equal to 1 if the EV i participates in spinning reserve at
time ¢ otherwise it is 0

8.1 Introduction

The power generation and transmission companies were legislators of the electricity
industry in traditional power grids. In fact, electricity consumers were only interested
in getting electricity at fixed prices without considering the volatility of the electric-
ity market. In addition to the reduction of efficiency and system performance,
environmental pollution and an increase in the average global temperature forced
policymakers to restructure the power systems [1-3]. Some strategies have been
selected in the field of restructuring electricity industry to performance modification
and the environmental pollution reduction, which can be noted as practical ways in
making smart DNs and PHEV parking lots [4, 5].

DRP is known as an effective instrument to create the possibility of load-side
coordination in optimal scheduling of the electricity grid. It has facilitated the
involvement of loads in critical condition in order to decrease network load in a
short time [6]. Two types of DRP used in this chapter are incentive-based programs
[7]. Incentive DRPs offer money to consumers for decreasing their consumption or
shift it to none-peak periods.

A series of challenges such as the increasing requirement for power demand and
reduction of fossil-fueled power plants increase utilization of RESs [8, 9]. By
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modifying the structure of the power network and moving to make smart electric
networks, smart DNs have a significant characteristic in providing energy consump-
tion [10]. The presence of distributed power plants in the DN will create important
benefits such as higher efficiency, fewer environmental challenges, and lower
economic problems. The presence of distributed units like WT [11], PV [12, 13],
MT [14, 15], FC [16, 17] are studied through various studies.

There are valuable studies done by researchers in the field of PHEVs aggregator
energy scheduling with the aim of sufficient charge/discharge of EVs. For example,
in [18] the parking lots make a connection between grid and EVs. The authors have
proposed a game theory-based model for charging EV in the parking lot in [19]. In
[20], the optimal charging schedule of EVs is investigated in two scenarios, where
one of them is related to the parking lot service on the day and besides the
commercial consumers, and the other service at night and besides the residential
consumers. In [21], a scheduling system for EVs in the parking lot is presented by
using the real movements and park patterns of the EVs with a focus on the personal
parking lot. In [22], an optimal energy and reserve scheduling model is presented for
EVs, where DRP and the satisfaction of the EV owner are considered. A method
based on probabilities is presented in [23], which uses the estimated points to specify
the optimal placement of EV parking lot in the DN and obtain the optimal capacity of
the EVs parking. In [24], a fuzzy method is presented for coordination of EVs in
DN. In [25], a parking lot with a PV roof is studied by a mathematical method, where
the aim is estimating discharge capacity of parking. In [26], EVs battery in the
aggregator is taken into account as a source of the energy storage in the
multifunctional networks. Optimal placement of the EVs aggregator in DNs is
studied in [27], where the objective function is decreasing costs, decreasing losses
and increasing reliability of the DN. In [28], a common parking lot is converted to
the EVs aggregator and therefore, charging and discharging of EVs will take place in
huge amounts. For enhancing the sales of the stored energy in batteries of the
PHEVs, some proceedings have been studied such as aggregator settings,
disconnecting laws, free charging, and other conditional laws, which are obtained
from scientific publications and experimental observations [29]. In [30], a model of
energy resources of the DN management is proposed considering energy supply
constraints in the DN and constraint of EVs and EV owners. In [31], a model of
scheduling and intelligent management for an EVs aggregator considering con-
straints of the EV battery and capacity of EV batteries is presented. A stochastic
planning model is proposed for charging and discharging of PHEVs inside the
aggregator. Two optimizations are done in [32], where the first optimization is
related to the optimum size and location of installed distributed generators in the
DN and the second optimization is related to the optimal size of the combined RESs
and the appropriate number of the decision variables. A multi-objective approach is
presented in [33] to ascertain the best location and the optimal size of the EVs
aggregator while contributing to supplying the demand of the DN. In [34], a multi-
objective algorithm is proposed to specify the optimum number, location and size of
the EVs aggregator in DN and determine the produced power by each energy source
in the DN.
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In this chapter, an energy management model for a DN is presented, in which the
EVs are coordinated in energy and reserve providing of DN, and an aggregator is a
connection between DN and EVs. In addition, DRPs is used for decreasing the
performance cost of DN. The proper amount for charge and discharge scheduling of
EVs, as well as contribution amount of DGs, FC, WT, and DRP are solved in various
cases for showing the advantages of the EVs aggregator contribution in energy and
reserve providing and decreasing costs.

To sum up, the innovations of this chapter are as:

. Integrated modeling for DGs, WT, FC, DRP and EVs aggregator in a DN.

. Utilizing the EVs aggregator to comfort connection among the EVs and DN.
. Using the DRP in order to reduce operation costs.

. A full mathematical scheme for EVs aggregator and energy networks.

. A novel scheme for simultaneous energy and reserve planning of a DN

[ O I S

The structure of this chapter is organized in four sections. A mathematical scheme
has provided in Sect. 8.2. The proposed method is applied to a 33-bus DN and their
results were compared with each other to analyze the role of the EVs aggregator in
Sect. 8.3. Section 8.4 as the last section makes the main conclusions.

8.2 Formulation

The proposed DN in this chapter includes various distributed sources such as WT,
DG, and EVs aggregator. To increase the reliability of the network, DN is connected
to UG to supply energy according to necessities of the DN. The EVs aggregator has
an important role in decreasing costs, and it has the characteristic of a power plant
with discharging EVs. When EVs arrive in the aggregator, some of the information is
received from their owners. Then, EVs aggregator sends the received information to
the operator in order to reach optimal scheduling and reduce the costs.

8.2.1 Objective Function

The main goal of this chapter is reducing the operation costs of the DN, and the
objective function is mathematically modeled as follows:
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(8.1)

i

Equation (8.1) consists of four parts. The first and second parts include the
exchanged power cost between DN and UG, and the start-up and operation costs
of DG in the DN. The third part is the cost of DRP including industrial large loads
(LIL) and demand response aggregators (DRA) in supplying energy and reserve.
Also, the fourth part is the charging/discharging cost and exchange power between
DN and EV. The costs and constraints of the costs will be discussed in the following.

822 WT

The mathematical formulation of the WT power is based on air speed as [35]:

0 Vi< VEorv! > vk
vi— vk
Py = prﬁg vE<vi < vk (8.2)
R Ve
P% VE <V < VE

823 PV

The relation between PV and solar radiation and temperature is as [36]:

P =G x & x o % (1 —0.005 x (T, —25)) (8.3)

824 DG

The operation and start-up costs of DGs are as follows:
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Cire =d x U + 1 x P} (8.4)
SCihg > (UM — UF'1) x UDC (8.5)
SCihe >0 (8.6)

Constraints (8.7, 8.8, 8.9, 8.10, 8.11 and 8.12) covers the DG restrictions, which
are formulated as follows:

P]ZDG + SR]&)G < PjLDG, max X U (8.7)
PILJDG Z P]iDG,min X Uj,t (88)
Pl — Pioa < RU x U (8.9)
P it < R ] (8.10)
Ui — il < it Ui (8.11)
Uit _ it <1-— [:t+Dnjg (812)
< MUT;
70 f>MUT
< MDT;
pny — {7 L =MPT (8.14)
70 f£>MDT

Power supply by each DG should be limited to its restrictions as (8.7) and (8.8).
Equations (8.9) and (8.10) indicate the constraints of increase/decrease of power
production of each DG in consecutive time intervals. Also, the minimum up/down-
times of each DG are as (8.11) and (8.12), respectively. Linear models of minimum
up/down-times of each DG are as (8.13) and (8.14), respectively.

8.2.5 The Constraint of the UG

Equation (8.15) restricts the power exchange between DN and UG.

Pyl < PP& (8.15)
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8.2.6 EVs Aggregator of the EVs

EVs in the aggregator should consider the following constraints for exchanging
power with the EVs aggregator. Constraints (8.16) and (8.17) are used to limit the
highest rate of charge/discharge of each charger.

Pié‘th,EV S PiCh,max X ch’;l X Mi,l (816>

it it ]
PDch,EV + SREV < P,

Dch, max X W;’)tch X Mi!l (817>
Constraint (8.18) aims to avoid charge and discharge of EV batteries
simultaneously.

Wi+ WH <1 x M (8.18)

Equation (8.19) allows operators to consider restrictions for changing from
charge state to discharge state and vice versa.

Iy
> Wi+ Wiy, < Nona (8.19)

1=t

Constraints of the spinning reserve of the EVs, which only participate in dis-
charge mode, are presented in (8.20) and (8.21).

SR, < ax P

— Dch, max

x SRS™ x M™ (8.20)

SRY, < ax P x Wit x M"™ (8.21)

ch, max
At each period of the time, the stored energy of EV obtains from the EV charging
and discharging plus the efficiency of the EVs charge/discharge as (8.22).

SOC = SOC™"™" + ngay X Py py — 1/Mvag X Py (8:22)

The amount of stored energy in the EV should be limited to its lower and upper
bounds as (8.23).

< SOCH < SOC!

max

soc: .. (8.23)

Constraint (8.24) allows the operators to consider the charge/discharge limits of
the EV through the operation. Accordingly, the difference between the speed of the
charge and discharge for various EVs are considered by using the following

equation.
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—ASOC! < SOC™ — SOC™"™ ' < ASOC! (8.24)

Constraint (8.25) specifies the SOC of the EVs at leaving time from the
aggregator. Also, constraint (8.26) specifies the amount of EV energy when EVs
enter to the aggregator.

SOC}Dteparture = SOCinax (825)
socH > soci . (8.26)

8.2.7 DR Program

The proposed methodology considers two types of programs for consumers to
involve in DR programs. DRAs in the first type creates an opportunity for the
participation of small consumers. So, the small consumers will be connected to the
DSO for cooperating in DR programs and receiving rewards by such cooperation,
which can be modeled as (8.27, 8.28, 8.29 and 8.30). DRAs are responsible for
aggregating the responses of consumers and delivering it to the DSO.

Mg < H <1 (8.27)
0<H{<(n, —n) Vk=23,... K (8.28)
PPAS(d, 1) ZH” (8.29)
costoasE(d, 1) ng%A x HY (8.30)

Equation (8.27) provides the limitation of the accepted amount of decrement by
Ith aggregator (hl) between lower bound of the decreaseable amount (hinm) and the
proposed reduction by aggregator in the first step (H'). The presented acceptance of
the Ith aggregator can be between zero and the amount of load decrement proposed
in each of the other steps, which is satisfied by (8.28). The sum of decreased power
by Ith aggregator at time ¢ (Ppg4) is the same with the sum of whole reducing offers
accepted at that time, which is formulated in (8.29). In addition, the load reduction
cost through the aggregator is computed by (8.30) based on the cost of reducing
energy consumption (a)DRA) in the accepted reduction of the consumer d. The total
value of energy scheduled (Ppr4) and reserve scheduled (Rpga) will be restricted to
the upper bound of accepted demand decrement (Pp%, ), which is satisfied by (8.31).
Equation (8.32) computes the cost of providing reserve by DRAs based on the cost
of each reserve unit KRpgy.
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Ppra(d. 1) + Rppa (d,1) < Ppii (d. 1) (8.31)
costom®(d, 1) = REAS (d, 1) x Qpra(d, 1) (8.32)

Decrement of load by LILs is the second classification of DR utilized in this
chapter, which can reduce their load when required by the DSO. Equation (8.33)
derives the limitation of reserve and energy schedule, and (8.34) and (8.35) calcu-
lates the cost of energy and reserve supply.

PL (i) + R (i,1) < PR (ive) (8.33)
costttSE (i, 1) = PPAS(i1) x wp(ist) (8.34)
costPASR(d, 1) = RPAS (i, 1) x Q. (i, 1) (8.35)

The sum of the energy (PP/*%) and the reserve (RP/%) supplied by LILs should be
lower than the maximum decreaseable value (P}}*) as mentioned by (8.33). Equa-
tion (8.34) states that the cost of decreasing energy by LILs (CE};) is the product of
the decreased energy consumption of the LILs (P;;) and the power reduction cost

per unit (KR ;).

8.2.8 Spinning Reserve of the DN Constraints

If any problem occurs and wind turbines are not capable of power injection to the
distribution system or the predicted load change from prediction, DGs, EVs
aggregator, LILs and DRA should provide electrical energy to the distribution
system and cause balance between produced power and power consumed in the
distribution network, for which (8.36) is expressed. This constraint guarantees that a
20% variation in load and wind will be addressed by the distribution network.

L N G 1
> Rora(L1) + Y Run(n.t)+ > SRjpg+ Y SRy
=1 n=1 j=1 i=1

> (0.2 x Py +0.2 x load") (8.36)

8.2.9 Power Balance

The balance between generated energy and load of the DN, which is mathematically
modeled by (8.37).
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8.3 Case Study

(8.37)

In this chapter, an objective function is proposed for investigating the effect of the
EVs aggregator on a DN and the obtained results are compared through the two
cases. The main aim of this chapter is reducing operation costs of the DN considering
constraints of DGs, LILs, DRAs, EVS aggregator and UG.

8.3.1 Input Data

Table 8.1 provided the required information for WTs and PV [37]. The required data
of the DGs are provided in Table 8.2, which contains MT and FC. The prediction of

Table 8.1 WT and PV data
Photovoltaic system Wind turbine
Parameter Value Unit Parameter Value Unit
n 15.7 % Py 500 MW
s 1500 m’ Ve 3 mls
T, 25 c Ve 12 mls
wpy 20 % 1 30 mls
ww 20 %
Table 8.2 DGs data
Minimum | Maximum
a; |b; c; Startup | up/down ramp up/down | Pmax | Pmin
Unit | ($) | ($MWh) | ($/MWh2) |cost($) | time (h) rate (MW/h) MW) | (MW)
MT |27 |87 0.0025 15 2 1.8 3.5 1
1
FC |25 |87 0.0035 25 1 1.5 3 0.75
1
FC |28 |92 0.0035 28 1 1.5 3 0.75
2
MT |26 |81 0.184 26 2 1.8 4.1 1
2
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Fig. 8.2 Predicted UG price

the demand curve and upstream day-ahead power price are presented in Figs. 8.1,
8.2, 8.3 and 8.4 are related to WTs and PV [38]. The spinning reserve cost of the ith
EV is considered as 10% of the ith EV desirable discharge price. The spinning
reserve cost of the jth DG is considered 10% of the open market electricity prices at
each period of the time. The capacity of the EVs aggregator is 220 EV and the SOC
of EVs at leaving time from the EVs aggregator are considered a random value
between 0.15 and 0.75. The charged and discharged price of EVs in the aggregator
are surmised accidentally from 0.1 to 0.4. Some other required parameters of EVs are
mentioned in Table 8.3. Exchanged power between the DN and UG is also limited to
1000 KW. DRPs have the capacity of shifting 20% of the demand for 24 hours.
Exchanged energy among the DN and UG is also restricted by 100 MW.
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Table 8.3 Parameters of the EVs
a T;’ P’Ch max P;)ch max SOC;.nax SOCinin ASOCinax NG2v nv2G Ninax
02 [2~8 |5~10 5~10 10~20 0 5~10 0.9 0.8 10
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Table 8.4 Bid-quantity offers of power decrement by LILs

LIL1 LIL 2

Maximum Decrease Cost Maximum Decrease Cost
Hour MW) ($/MWh) MW) ($/MWh)
10 0.85 43 0.40 18
11 0.90 77 0.40 30
12 0.90 122 0.45 53
13 0.95 108 0.45 43
14 1 273 0.45 79
15 1 122 0.45 43
16 1 404 0.50 79
17 1 304 0.50 73
18 1 126 0.50 67
19 1 118 0.45 47
20 0.95 84 0.45 40
21 0.90 104 0.45 33
22 0.90 318 0.40 32
23 0.85 72 0.40 16

Table 8.5 Bid-quantity offers of power decrement by DRAs

DRA The covered area by DRA 1 The covered area by DRA 2

Buses 26, 27, 28, 29, 30, 31, 32,33 9,10, 11, 12, 13, 14, 15, 16, 17,18
Quantity of 0-0.1 {0.1-0.7 |0.7-1.2 |1.2-1.5 |0-0.3 |0.3-0.8 |0.8-1.3 | 1.3-1.8
reduction (MW)

Cost of reduction |9 68 102 136 20 51 88 108
($/MWh)

The day-ahead offers of reduction for the power of the LILs and DRAs are
proposed in step-by-step status that is provided in Tables 8.4 and 8.5. The reserve
cost accepted by responder demands is 10% of accepted maximum decrement of
power.

8.3.2 Simulation Results

To evaluate the influence of EVs aggregator in power and reserve supply of DN, two
case studies are selected for testing the presented framework. Through the first case,
the model has been investigated regarding the constraints of the UG, DGs, LILs, and
DRPs. In case two, the EVs aggregator participates in the energy and reserve
management of DN while constraints of the UG, DGs, LILs, and DRPs are consid-
ered, and operating costs of the DN have been investigated. The output power of the
PV and the WTs are shown in Figs. 8.5 and 8.6. It should be mentioned that because
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the short-term operation of PV and WTs has not cost, PV and WTs are working in
their maximum capacity in both cases.

Also, purchasing power from UG is getting lower in comparison with the first
case. In other words, less power purchasing at high price hours cause a decrement in
operation costs. Decreasing the provided energy by the first FC and increment of the
power supplied by the second FC lead to a reduction in operation costs. In the second
case, the presented objective function is investigated considering the aggregator for
observing the participation influence of the EVs on the operating costs of the DN. It
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Fig. 8.7 Charge/discharge of the EVs

is admitted that spinning reserve increases the operation costs of DNs lead to
reliability costs. These increases in the operation cost is due to considering 20%
error in the predicted weather conditions and the probability of reducing the pro-
duced power by the WT. By comparing cases 1 and 2, it is observed that the
contribution of the aggregator in spinning reserve releases the capacity of DGs and
help them to contribute to energy supply at market high price hours. In general, the
aggregator had reduced the operation costs of the DN. In addition to its advantages, it
has increased the flexibility of the DN.

Figures 8.7 shows the discharging and charging of the EVs in the aggregator. As
it can be observed, the price of the upstream grid is high at some time intervals and
this means more discharging occurred at these time periods. In addition, there is
more charging in aggregator at low price hours, which helps the operator to reduce
the operation costs of the DN.

Figure 8.8 shows the energy exchange between the DN and UG. In the second
case, the aggregator purchases power from the UG at off-peak periods with low
price, and it utilizes this power for charging the EVs. In addition, it utilizes the
purchasing power for providing the required energy of DN during on-peak periods
when the price of UG is high. Accordingly, this process causes a reduction in the
operation costs of the DN.

The power output of the DGs is demonstrated in Figs. 8.9 and 8.10, respectively.
By comparison of Figs. 8.9 and 8.10, it can be known that considering the presence
of EVs in case 2, the capacity of DGs is released, and such plants are capable to
generate more electrical energy at on-peak hours with respect to case 1, and hence
less power has been supplied from the main grid. In addition, the reserve participa-
tion of DGs in cases 1 and 2 are shown in Fig. 8.11. It is clarified that the
responsibility of reserve supply is given to EVs in case 2, where the reserve
cooperation of DGs has been decreased.
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Fig. 8.12 The participation of DR program in energy management of the distribution network

Table 8.6 operation costs

Case 1 Case 2
Costs 62819.6 57414.637
Decrease cost compared to case 1 - 8.6%

The participation of DR program in energy management of the distribution
network is shown in Fig. 8.12. In fact, the presence of EVs in case 2 was effective
in releasing the capacity of DR programs in energy supply.

The determined optimal results of studied cases are provided in Table. 8.6. As
shown in this table, in the first case, where EVs aggregator did not participate in the
energy market and the reserve market, the operation cost was $62819.6. In case
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2, the model has been investigated to examine the impact of the aggregator on
reducing the operation costs of the DN. By comparing the first and second cases, it
can be seen that aggregator Causes 8.6% reduction in costs.

8.4 Conclusion

In this chapter, optimal scheduling for operation of the EVs aggregator is presented,
which has two various performance as a load and power source for the DN. The main
aim of the model is reducing operational costs of the DN, which contains EVs
aggregator and RESs such as MT, FC, WT, and PV. In this chapter, the effect of EVs
aggregator are studied, and the results are compared to show that EVs had a positive
influence on decreasing the costs and realizing the capacity of DGs. Additionally, by
investigating the simulation results, it can be observed that EVs aggregator plays a
collector role, which prevents the system from occurrence the overload and
decreases the risk of increasing demand in peak hours by managing charging/
discharging of the EVs. Also, the aggregator may produce power balance and cost
challenges for DN.
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Chapter 9 M)
An Interactive Model for the Participation sz
of Electric Vehicles in the Competitive
Electricity Market

Mohammad Reza Fallahzadeh and Ali Zangeneh

9.1 Introduction

Over the last century, consumedly emission of green gases produced by the factories
and internal combustion engines lead to significant changes in earth climate. Global
warming may be the most crucial change, which endangered herbal and animal life
on the planet. Also, fossil fuel energy is a limited energy source whose price
fluctuated during the time by several factors. From the last decade, governments
and environmental advocates have been working to reduce air pollution and its
extensive harmful effects on climate. Some part of these efforts is to use less internal
combustion engine vehicle and replace them with electric vehicle [1, 2].

Undoubtedly, having a trustworthy source of energy, which obtains reliably is an
integral part of the current and future needs of societies. Endangered human life is
another motivation that leads scientists to do research and develop another source of
energy instead of using fossil fuel, especially in transportation. Transportation is a
significant and central part of consuming oil and its derivatives. Instead, electric
energy is a good, accessible, and clean alternative for fossil fuel, which can also be
used in transportation effectively.

Nowadays, the electric vehicles have less acceptance in public views due to the
high purchase price of electric vehicles, lack of charge and discharge infrastructure,
and high cost of batteries [3]. Besides, low distance traveled by a fully charged
battery in comparison with conventional vehicle is another essential factor, which
leads to reducing their public satisfaction. On the other hand, it is usually difficult for
people to change their regular customs, for example, using EVs instead of fossil-
fueled vehicles. However, there are plenty of ways to persuade them to use EV and
reduce the harmful effects of the current vehicles. To this end, economic incentive
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will be an excellent characteristic to encourage people covering the cost of EVs
charge and earn money.

One way to persuade people to use electric vehicles is to show their advantages.
For instance, the participation of EVs in the power market with the ability to store
energy and release it in the required times, help them to earn profit [4].To this aim,
EV battery can be considered as a load with an elasticity that has positive energy
consuming (charging mode) and negative energy consuming (discharging mode).
Therefore, it is possible to use the stored energy in an appropriate time. This feature
is known as vehicle to grid (V2G), which capable EV to take part in the energy,
regulation, and reserve market, and some other ancillary services. On the other hand,
it is helpful for the distribution system to permanently change its generating and
consuming energy as well as provide some financial and technical benefits for the
other market participants [5, 6].

If each EV wants to connect to grid uncoordinatedly in its favorite time and start
charging/discharging, the distribution system may be faced with challenges and
limitations. With the increasing number of the EVs, this individual behavior could
have destructive impacts on distribution system such as load profile, line overload,
increasing grid losses, and exceed bus voltages. Thus, the lack of an effective
scheduling program to manage charge and discharge of the high number of the
EVs may have irreparable damages to the grid [7-9].

To solve these problems, a coordination method for the charging and discharging
of electric vehicles has been investigated to shift the load charging to non-peak hours
by setting multi-tariff prices [10]. In this method, the EV owner is free to charge
her/his vehicle at any time and this behavior could face grid with its limitations. In
[11], an online scheduling strategy is presented using categorization of EVs in
priority groups and coordinate their charging at non-peak hours to reduce costs.
However, the energy derived from V2G has not been studied in [11]. Askari et al.
[12] have examined the role of an EV parking lot to participate in an ancillary service
market and propose regulation up/down in the day-ahead and spot market. However,
they do not consider the behavior and interactions with the aggregator.

Although an individual EV does not have a considerable effect on the distribution
system, the aggregated impacts of numerous EVs are significant. Therefore, existing
an agent to coordinate many EVs are quite substantial to avoid disruptions in the
distribution system. EV parking is a new agent to provide offers for aggregator to
inject/absorb energy and ancillary services. It is assumed that, EV parking act as a
distributed generation (DG) which have both positive and negative energy consum-
ing. This fact enables parking owner to purchase energy during off-peak hours and
sell it in the peak hours at a higher price and consequently earns more profit.

Due to the advent of the retail markets and the existence of various agents, it is
necessary to consider a decentralized decision-making model that includes the
behavior of various market players, such as EVs parking with the ability to buy
and sell energy under the supervision of the aggregator [13, 14]. In this chapter, the
market interaction between aggregator and EVs parking is formulated as a bi-level
programming model. It consists of a parking with many standby EVs and an
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aggregator. In this model, the price offered by EVs parking and the amount of energy
that aggregator purchases from EVs parking could be determined.

9.2 The General Framework of the Bi-Level Programming
Approach for EV Parking Price Bidding

The bi-level scheduling model is presented in Fig. 9.1, which shows the competitive
interaction between two market players in distribution networks: EVs parking and
aggregator. At the upper level, the EV parking aims to maximize its profit by optimal
scheduling the charge and discharge of vehicles. It purchases energy during off-peak
hours and stores it in EV batteries to sell it back during peak hours in the offered
price, which is usually higher than off-peak hours. The schedule is influenced by the
market price, the initial SOC of vehicles and the arrival and departure time. At this
level, the EV parking has an objective function, which determines two factors: V2G

v parking

Maximize :profit

Determine: contract price

¢ Aggregator

Minimize :profit

Determine: Energy purchased from
wholesale market
and

Energy purchased from EV Parking

|
|
|
|
|
|
|
|
|
|
|
| :
T P;(i,h) :prize(h)
|
|
|
|
|
|
|
|
|
|
|
|
|

—_——— e e e L

Wholesale market

Fig. 9.1 The bilevel framework to model the interaction between aggregator and EV parking



236 M. R. Fallahzadeh and A. Zangeneh

bidding price and required energy for EVs charging per hour. These variables are
considered as parameters in the lower level. On the other hand, at the lower level, the
aggregator is the sole of the distribution system, which is responsible for providing
energy for subscribers and minimizing its cost. Aggregator can purchase all its
required energy from either the wholesale market or some part of it from the
wholesale market and the remaining through the EV parking. The lower level
determines two variables according to the wholesale energy price and the parking
-bidding price: the amount of energy purchased from the wholesale market and the
EVs parking. As shown in Fig. 9.1, purchasing energy from EVs parking variable
(V2GQ) is sent as a parameter to the parking at the upper level. The advantage of the
scheduling model is to consider the behavior of both players based on their view-
points. This model helps each player to make a more accurate decision.

In this compromise, the parking should offer the optimal V2G price to aggregator
to maximize its profits. If the proposed price is high, the aggregator does not accept it
and provides all its required energy through the wholesale market. Contrariwise, if
the proposed price is low, the parking cannot earn maximum profit. The equilibrium
point represents the accepted bidding price of EV parking and quantity of energy
purchased by the aggregator. This process continues until the optimal balance point,
which is accepted by both entities become stable. The bi-level program is very
similar to the Stackelberg game theory. The Stackelberg leadership model is a
strategic game in economics in which the leader firm moves first and then the
follower moves sequentially. The Stackelberg leader is sometimes referred as the
market leader. The leader takes the first move and waits for the follower’s response.
The follower then proceeds to understand the movement of the leader [15]. In the
scheduling model, the EVs parking is in the leader’s position, and offers the V2G’s
optimal price to the aggregator hourly, the aggregator accepts or rejects the proposed
price, in terms of the amount and time of the purchase from the parking owner or the
wholesale market to minimize its cost.

9.3 Mathematical Model of the Bi-Level Scheduling Model

9.3.1 Upper-Level: Maximizing the EVs Parking Profit

Each market participant wants to increase its profit, by cutting costs and maximizing
revenue. Thus, the objective function of the EVs parking is presented in Eq. (9.1)
based on the maximizing the EVs parking profit. This function consists of three
terms: two revenues and a cost. The first term is the revenue achieved by selling
energy to the aggregator at an optimal price (V2G). The second is the revenue, which
obtains from charging EV’s battery at a contracted price and finally the last one is the
cost of purchasing energy from the aggregator to feed EVs batteries and other
consumptions such as lighting and so on.
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wherePs, (i, h) is the discharging power from ith EV at hour h and scenario s,
P (h) is the bidding price for V2G at hour h, P!, (i, h) is the required power for
charging ith EV at hour h, scenario s, p?_(h)is the contracted price for charging EVs
which is assumed in three values (35-45-50 $/kw) for non-peak, mid and peak hours
respectively. N is the total number of the EVs under the control of the parking and
H is the number of the hours in a planning horizon (24 hours). The parking is
responsible to keep the state of charge (SOC) of the batteries on a satisfying quantity
(for instance 85% of the EV battery) when EVs want to departure the parking (9.2).

departure
[ch®(i,h) — dch’ (i, h)] + soc) (i) = 0.85 x Cgy(i) Vh e H,Yie N (9.2)

h=arrival

where ch’(i, h) and dch’(i, h)are charge and discharge of the ith EV at hour h
respectively, socj (i): is the initial SOC of the EVs when they arrival to the parking
and Cgy(i): is the capacity of the ith EV.

It is supposed that charge, discharge and SOC of EVs at each hour should not
exceed from a certain amount. The maximum value of SOC must be equal to the
battery capacity and its minimum value depends on the type of the battery that is
usually considered to be around 5% of battery capacity. In the simulations, the
battery capacity is considered 32 kWh and the charging and discharging rates are
same and equal to 3.2 kW/h. Due to the operational constraints of the battery, there
are three constraints for the battery charging and discharging behaviors (9.3, 9.4, and
9.5):

0 < ch*(i,h) < ch(i,h)¥h € H,Yi € N (9.3)
0 < deh* (i, h) < deh(i,h)¥h € H,Yi € N (9.4)
$0Cmin < soc*(i,h) < Cgy(i)Vh € H Vi € N (9.5)

where ch(i, h) and dch(i, h)are the upper level of charge and discharge respectively
and soc,,;, is the minimum amount of SOC.

It is essential to obtain soc. in each hour and has to be checked which not overstep
its limit. Therefore, Eq. (9.6) represents the vehicle’s SOC at h, which is computed
using the SOC of the previous hour, plus (minus) charging (discharging) of ith EV at
hour h. Converter which transfers energy from EV to grid or vice versa has a specific
efficiency. Equations (9.7) and (9.8) state charge and discharge power regarding the
efficiency ().
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soc®(i,h) = soc*(i,h — 1) + ch’(i,h) — dch’(i,h)Yh € H,Ni € N (9.6)
Piy(ish) = cl*(i,h) /n (9.7)
soalis ) = ek (i, 1) ©8)

9.3.2 Lower Level: Minimize the Cost of the Aggregator

The objective function of the aggregator is represented in Eq. (9.9), which is
optimized in the lower level of the problem. It consists of two cost terms: cost of
purchasing energy from the wholesale market for 24 hours and EVs parking as V2G
program for all presented EV according to their present time. In Eq. (9.9), there are
two decision variables: the amount of energy purchased from the wholesale market
(P;,(h)) and amount of energy, which is bought from the parking (P, (i, h)) in an
acceptable price.

H

N
flower : MlnPZLh P}, Z Z})csich l h pVZG(h) + ZP;,(h)ﬂfv(h) (99)

i=1 h=1

where pf (h)and P} (h) are the price of the wholesale market and amount of the
power purchase from it respectively.

The balance between power generation and consumption in the distribution
system is shown in Eq. (9.10). This means that all generated energy must be equal
with consumed energy. In this equation, generation have to parts including P}, (i, i)
and Py, (h), on the other hand, the consumption parts are Pj,(h) and PS, (i, k). Since
the distribution system is modeled as a single bus, and the network is not modeled,
power losses are not included in Eq. (9.10).

N
Py(h)+ Y [P (i.h) = Py (i.h)] = P()Vh € HNi € N : 6*(h)  (9.10)

i=1

where P}, (h) is the total demand of the distribution system at h, and ¢°(h) is the
Lagrange coefficient related to this constraint.

Equation (9.11) indicates the constraint of the upstream transformer capacity to
feed distribution network Pr(h). This power purchased from the wholesale market
(P}, (h)) is limited, according to Eq. (9.11). &'(h) is the Lagrange coefficient regard-
ing this constraint.

P (h) — Pr(h) <OVh € HVi € N (9.11)
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9.3.3 Single-Level Equivalent Problem

There are various methods to solve bi-level problems. One of the most common
ways is using the Karush—Kuhn—Tucker (KKT) optimality conditions which trans-
form bi-level optimization problem into an equivalent single-level problem [16—
18]. In this method, the lower-level of the optimization problem is replaced by its
equivalent KKT conditions. So, the model is transformed into a single-level optimi-
zation problem [19]. The KKT conditions are applied if the lower level of the
optimization problem is convex in the continuous variables. To implement, all
unequal constraints have to transfer to ‘equal to zero’ form with its proportional
Lagrange coefficient (9.13) and (9.14). Afterwards they are added to the lower-level
objective function; finally differentiate the manufactured equation according to its
variables (9.15) and (9.16). In this level of optimization, variables are P, (i, h) and
Py, (h) which considered as input parameter in the upper-level.

fupper:prqﬁl of parking

N
Max P, Pyage Z Zl e (i 10)-Pya6 (h) + Py (i h).p, (h) — Py, (i, h).pj, ()]
deh(ih),Po(h)
(9.12)

Subject to Egs. (9.3, 9.4, 9.5, and 9.6) and (9.10 and 9.11) and KKT condition as
follows:

i=1

55'(h)~{P°b(h)—va(h)+i [Phen(is 1) — Py (i, h)]} 0 (9.13)

&.{Pr(n) Piv(h)} =0 (9.14)
Pyag(h) — &°(h) = (9.15)
p,(h) — &'(h) + &(h) =0 (9.16)

9.4 Numerical Results

It could be assumed that optimal placement of EV parking has been done, and charge
and discharge actions have no harmful effects on distribution network busbars. Also,
it is proposed that network losses are small and have no considerable impact on the
usual functions. Based on these assumptions and to avoid Complexity and
nonlinearity of the bi-level problem, it has skipped to Utilizing power flow and
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considering distribution network losses. With regarding drivers’ habits, the daily
distance which is traveled by each vehicle and arrival and departure time are vary
during days. Thus, the soc. of vehicles and time needed to charge EVs fully are
changing by vehicle to vehicle (Scenario 4). Although the proposed model is
simulated for fixed arrival and departure time and daily traveled distance (Scenarios
1-3). Three different EV penetration (100, 300, and 500) are used to show the
effectiveness of the proposed model.

To analyze the performance of the proposed model, the distribution network is
modeled as a single bus connected to the power grid via a transformer. The total
equivalent demand of the distribution system and EVs parking are connected at this
bus. The parking has a maximum capacity of connecting 500 EVs. Each EV is
equipped with a battery, which has 32 kWh capacity. The maximum charge and
discharge rates of all EVs are assumed 3.2 kW/h, and the converter efficiency is
considered 90% in both charge and discharge mode [12]. Other input data such as
arrival and departure time, initial SOC at the moment of arrival, the amount of
distribution system demand, the market price and the number of EVs in the parking
in each hour are introduced as different scenarios. Data related to demand and energy
price are extracted from Nordpool market data [20].

Four different scenarios are defined to analyze the scheduling model. Each
scenario is simulated for three separate days (with a different price of the wholesale
market and network demand) and a different number of vehicles (100, 300, and 500).
These typical days are characterized using off-peak, mid and on-peak hours, and
consequently, the market price has three different curves. Demand curve of the
distribution grid and the wholesale market price curve are shown in Figs. 9.2 and 9.3,
respectively based on three different days from the NordPool market [21].

Scenario 1: The arrival/departure time of EVs to/from the parking and the initial
value of SOC at the time of entrance are other vital parameters to determine the

55
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Fig. 9.2 The daily curve of distribution network demand in three different days without the parking
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Fig. 9.3 Wholesale market prices in three different days

strategy of charge and discharge. In this scenario, the arrival and departure time of all
EVs are considered equal at 4:00 p.m. and 8:00 a.m., respectively. It is also assumed
that the traveled distance for all EVs is 25 km on a specified day.

Scenario 2: This scenario is similar to Scenario 1, but the arrival and departure
time are 8:00 p.m. and 10:00 a.m., respectively. The initial SOC for all EVs is 16.3
kWh and traveled distance is 25 Km.

Scenario 3: The arrival and departure time of EVs are at 11:00 p.m. and 12:00 p.
m., respectively. The initial SOC is 16 kWh, and traveled distance is 35 km.

Scenario 4: Arrival and departure time and initial SOC of EVs are random
variables that depend on EVs’ behavior. In this scenario, they are chosen randomly
using a normal distribution function.

The EV parking decides how to plan for the optimal charging and discharging of
EVs to maximize its profit. This decision is made by using the initial SOC of EVs,
the arrival and departure time, the battery capacity of each vehicle, the time needed
to fully charge of EVs’ battery and the price of energy. By introducing the parking as
anew entity to gather the capacity of the small distributed generation/storage units, a
rebate in peak hours Will be observed, and valley areas can also be filled and
smoother. Figure 9.4 illustrates this issue very well in the first scenario. In the second
and third scenarios, the load profile of the distribution network improves due to the
length of time that EVs are available. In the second scenario, the demand decreases
in peak hours; it is approximately near 3 MW; while the valley areas have been filled
by 3.6 MW. In the third scenario, the demand in peak areas reduced by 2.9 Mw and
increased by 3.56 MW in the valley.

Figure 9.5 shows the demand curve of the distribution network with the presence
of a parking with a capacity of 500 EVs for different days in the first scenario. The
parking predicts the peak and valley area of distribution demand and accordingly,
the maximum and minimum price hours have been obtained. Then plan to purchase
and sale energy at peak and valley areas, respectively.
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Fig. 9.4 Energy purchased from the wholesale market in two cases with and without parking with a
capacity of 300 EVs in the first scenario
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Fig. 9.5 Daily demand curve of the distribution network in three different days with the presence
of the parking with 500 number of EVs and in Scenario 1

By appropriately scheduling EVs in the distribution network, not only the peak
load of the distribution network did not increase, but also the peak and valley areas of
the power demand curve are improved and smoothed. Comparison between Figs. 9.2
and 9.5 show that the load profile of the distribution network has better feature after
the presence of EV parking. It can be realized that since by adding the great number
of EVs, the power demand curve will be increased, so need an entity that coordinate
EVs charge and discharge is quite indispensable. Table 9.1 shows the load factor in
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Table 9.1 Load profile in

dif ¢ 14 Scenario Day 1 Day 2 Day 3
ifferent scenarios and days
(with 500 EVs) No EV 1.11 1.18 1.20
Scenario 1 1.10 1.11 1.11
Scenario 2 1.15 1.24 1.23
Scenario 3 1.16 1.23 1.22
Scenario 4 1.17 1.20 1.18
Eday 1l
50 mday 2
mday 3
40
3
S 30
z
=
£ 20
3
10
0
h19 h20 h21 h22 h23
hour

Fig. 9.6 The parking proposed bid price to aggregator at different times and days, and in Scenario 4

different scenarios and typical days. The first row shows the load factor with no EV
while, the second row (Scenario 1) shows this factor, which has the desired reduction
in comparison with the first row. In other cases (Scenarios 2 to 4), there is a small
increase in the load factor values due to the time of arrival and departure, in other
words, parking does not have enough time to fill all valley area. Therefore, the load
factor will have a slight increase.

Based on the interaction between aggregator and the parking in the bi-level
model, the proposed optimal V2G price is accepted, and the parking will sell energy
from discharging of EVs to the aggregator. Figure 9.6 shows the parking -bidding
price at some hours of three typical days, in scenario 4, with a total number of
500 EVs. Given that on the first day, the cost of the wholesale market is more than
other 2 days. Consequently, the parking -bidding price will be more than the other
2 days. Therefore, the parking-bidding price depends on the wholesale market price,
and it must be less than the wholesale price due to aggregator goal to minimize its
total cost. Parking follows the wholesale electricity price and offers an optimal rate
in the peak hours. This bidding is lower than the wholesale price and makes an
incentive scheme for consumers to buy energy from the parking.

This biding price is a vital factor that directly affects the parking profit. As it can
be shown in Fig. 9.6, parking bids its proposed V2G rate in peak hours; while in
other hours, parking tries to buy power for filling up EVs battery at minimum cost.

The parking tends to maximize its profit by buy and sell energy among EVs. This
issue can be observed in Fig. 9.7. When an EV enter the parking, it has some initial
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Fig. 9.7 SOC of a sample EV during the first day in Scenario 4

Table 9.2 Aggregator operation cost in different scenarios with a total number of 300 EVs ($)

Day 1 Day 2 Day 3
Scenario 1 with V2G 157943.5 116176.0 93889.2
without V2G 163854.2 120521.3 98526.4
Scenario 2 with V2G 166136.2 120266.3 96512.7
without V2G 173235.5 126352.6 103478.6
Scenario 3 with V2G 167084.9 120090.6 96762.5
without V2G 173894.3 125698.5 102422.8
Scenario 4 with V2G 174799.3 127078.4 101899.9
without V2G 180329.2 132211.3 108566.9

SOC; if the entrance time is during off-peak hours, the parking tries to purchase
energy and store it in EV batteries to sale it back in the peak hours with a higher price
to obtain more profit. Otherwise if the entrance time is in the peak-hours, and also if
the EV battery has enough SOC, parking decides to sell its’ V2G power.

Also, the repetitive charge and discharge action are harmful to EV batteries, and it
may have destructing effect and cost. The lower price for charging the vehicles is a
beneficial factor, which encourages EVs to participate in the program.

Table 9.2 shows the cost of aggregator in different scenarios and different day
patterns in two cases: with the presence of V2G and without V2G. Because of the
lower price in the second and third days, aggregator operation cost in the first day is
more than the other 2 days. In Scenario 1, EVs are more available. Thus, the parking
will be more likely to use the V2G capabilities of EVs. In this scenario, the
aggregator reduces its costs by purchasing more energy from the parking at a price
lower than the wholesale market price. By smoothing the demand curve (cutting the
peak hours and filling the valley area), aggregator can minimize its total cost and thus
maximize its benefit. It can be observed that in all cases, aggregator cost will be
reduced with V2G capability. With the presence of the EV parking, all market
players such as aggregator and customers benefit financially. This helpful feature
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Table 9.3 Aggregator operation cost with different number of EVs ($)

Number of EV V2G capability Day 1 Day 2 Day 3
100 EV with V2G 58527.1 42401.7 33984.1
without V2G 59832.2 43510.6 34125.5
300 EV with V2G 174799.3 127078.4 101899.9
without V2G 180329.2 132211.3 108566.9
500 EV with V2G 291394.8 211749.9 169787.0
without V2G 298455.8 221654.9 175087.2
Table 9.4 Parking profitin  Nymber of EV Day 1 Day 2 Day 3
(cihfferent EV penetrations and S00EV 796.8 7673 6833

ays ($)

300 EV 471.5 459.4 408.9
100 EV 156.4 152.3 137.8

is a professional privilege that leads to better performance and postpones the
restructuring of the distribution system.

Due to the reduction of the wholesale market price in the second and third typical
days, aggregator costs will decrease accordingly. If the number of EVs increases,
aggregator has to spend more to purchase energy for EVs charging. Thus, if EVs do
not support the V2G ability, the addition of EVs to the distribution system, acted as
an extra load for the network and the aggregator cost increases. Table 9.3 shows the
effect of these factors in forth Scenario.

Scenario 4 is more similar to a real status that EVs arrival and departure time and
traveled distance are randomly simulated and applied in the simulation. The parking
profit of this scenario is presented in Table 9.4 for different typical days. In the first
day, despite the higher price of the wholesale market, the parking profit is more than
the second and third days. Given that, the offered V2G rate is floating; because it is
strongly depends on the wholesale market price. The V2G price, in the first day is
higher than other days, and consequently the parking profit in the first day is more
than the rest. According to the availability time of EVs, the gain may vary, and if this
time is more during off-peak hours, the parking can earn more profit. In this table, the
contracted price for charge EVs is close to the average rate, of the wholesale market.
This feature is a motivation for the EV to charge its EV under the parking-scheduling
program with lower price. Besides, the parking uses EVs battery to store and release
energy in the desired time. By increasing the number of EVs, the parking profit rises
accordingly, because of the parking sale more power to aggregator (discharging
mode) and EVs (charging mode). For maximizing the benefit, the number of EVs is
an essential factor that can be obtained by persuading the owners of the EVs to
charge their vehicles in a particular place.
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9.5 Conclusion

In this chapter, a distributed decision-making model based on a bi-level program-
ming approach, including a parking and aggregator, is presented. Parking decides
about the optimal time of the EVs’ charging as well as choosing an optimal bidding
strategy according to the aggregator reaction to the price and V2G rate. The purpose
of this chapter is, modelling the behavior of the parking and aggregator in an
interactive and competitive market. By adding lots of coordinated EVs through a
parking in a distribution network, not only better features such as improved load
factor and reliability are obtained, but also the concern of adding EVs as an extra
load is reduced.

Appendix A

The nomenclature is shown below.

Supper The upper-level objective function

P, (i h) Discharging power from ith EV at hour h in scenario s
Piac(h) Bidding price for V2G at hour h

P, (i, h) The required power for charging ith EV at hour h in scenario s
pi,(h) Contracted price for charging EVs

N The total number of the EVs under the control of the parking
H The number of hours in a planning horizon (24 hours)

i EV number

h Hour number

SOC State of charge of EV battery

ch’(i, h) Charge of the ith EV at hour h

dch’(i, h) Discharge of the ith EV at hour h

50Co(i) The initial SOC of the EVs when they arrive to the parking
Cry(i) The capacity of the ith EV

ch(i, h) The upper-level of charge-discharge

dch(i, h) The upper-level of discharge

SOCmin The minimum amount of SOC

n The efficiency of charge and discharge converter

iy (h) Price of the wholesale market

Py, (h) Amount of the power purchase from the wholesale market
Pj,(h) The total demand of the distribution system at hour h

&°(h) Lagrange coefficient related to its constraint.

Pr(h) Upstream transformer capacity

E(h) Lagrange coefficient related to its constraint.
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Chapter 10 M)
Optimal Scheduling of Smart Microgrid e
in Presence of Battery Swapping Station

of Electrical Vehicles

Mohammad Hemmati, Mehdi Abapour, and Behnam Mohammadi-ivatloo

10.1 Introduction

According to global reports, a significant share of air pollution is due to the use of
fossil fuels in the transport fleet [1, 2]. One of the solutions to this challenge is the
utilization of electrical vehicles (EVs) and development of them in transport fleets.
Despite the development of EVs in recent years, the challenge of long charging time
of EV’s battery failed to attract the satisfaction of consumers [3]. Furthermore, the
use of EVs in the power network, due to the uncertainties at the arrival time of them,
will face the electrical network with several technical issues. One of the new ideas in
this field is a fast charging station that reduces battery charging time for EVs
[4]. However, the fast charging station is not widely used for emerging technology
[5]. Also, these stations cannot overcome the uncertainty and the high power
consumption challenges that occur at peak times.

In recent years, the idea of battery swapping station (BSS) has been presented as a
convenient way to manage the charge of EVs. The basic of BSS is to replace the
depleted battery with full-charge ones. The BSS can be considered as a bank of
batteries, which purchases the power at off-peak times and charges batteries to be
ready at any moment to serve EV’s owner. Therefore, any consumer which faced
with the depleted battery, referring to the BSS and in return for a fee, swap a depleted
battery with a full one at the shortest time [6].

In [5, 7], the charging of electric buses is scheduled by BSS. Using the BSS for
this purpose is much more efficient than the method that each EV’s owner charges
EV in different parking lots. In [8], stochastic programming based on Monte-Carlo
simulation was proposed for modeling the intermittent change of energy consump-
tion of BSS. In [9-11], BSS scheduling problem by considering power market is
studied. In [11], an operation model for BSS is presented. In this model, BSS is
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scheduled in day-ahead clearing process for profit maximization goal while the
market price is considered as an uncertain parameter and robust-optimization is
implemented to model it. In [12], a dynamic operation strategy for scheduling of
BSS to participate in power market in short term is proposed. The proposed model
tries to maximize the profit of BSS, considering the uncertainty of power market. In
[5], the scheduling of BSS by considering the energy efficiency and emission is
studied. This project was investigated in China and implemented on electric taxies.

The Microgrid is a small/medium-scale distribution network consists of multiple
loads (controllable and non-controllable), generation units (dispatchable and
non-dispatchable) and energy storage systems (ESS) that are working under the
master controller supervision [13, 14]. Despite the fact that the attention to the BSS
has increased for various purposes, in recent years, the development of this idea in
microgrid is rarely studied. In the other worlds, if the BSS can be considered as a
new service that can support the microgrid in emergency conditions, besides the
serving the EV’s owner, it would have different benefits for microgrid.

The BSS can operate as an agent between EV’s owner and MG. When the stored
energy in EVs battery does not sufficient for the next trips, BSS by providing the
swap service, helps the driver to continue their trips by changing the empty battery
with the full one at the short time. The empty batteries will be charged and
appropriated to participate in the swap service or reserve, for the next periods.
Briefly, some of the main advantages that BSS follows can be summarized:

* Enabling drivers to drive long distances due to the high-speed swapping of the
battery.

* Reduction of replacement cost and battery life cycle issues.

* Reduction of power congestion and causing peak shaving due to operation as an
energy storage system.

 Utility support in an emergency condition.

* Management of microgrid by centralizing the charging process at night that can
provide technical and economic benefits.

In [14], a multi-objective model of optimal charging management of EVs,
through BSS is proposed. Minimizing the power loss and battery charging cost
with voltage profile flattening are the main objectives of this work. In [6], optimal
scheduling of islanded microgrid with BSS considering demand response programs
is presented. While the operation cost of islanded microgrid and profit maximization
of the problem are formulated as a bi-level model, no exchanging between the
microgrid and upstream network leads to the unrealistic operation of the proposed
approach. In [15], the operation of the microgrid in both connected and islanded
modes in presence of BSS is investigated. In the grid-connected mode, the proposed
model is intent on reducing the BSS charge cost, in other words, tries to maximize
the profit of BSS, in islanded mode, fuzzy control model is used to determine the
price of serving to the microgrid. The scheduling and operation of BSS in active
distribution networks and reliability analyzing are studied in [16, 17]. According to
[16, 17], for reliability improvement purpose in presence of BSS, firstly, the behav-
ior of EV’s owner must be extracted.
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Given that microgrid separates from the upstream network in an emergency
conditions, need support in islanded mode, so it could continue to the operation at
a minimum load interruption. In this situation, BSS as a bank of batteries can be
considered as a reserve and support the microgrid in an emergency conditions. Then
the microgrid operator and BSS owner are interacting and exchange the power to get
their goals.

One of the unique features of microgrids is islanding operation. Microgrid can
spate from the main grid in faulty and emergency conditions. In this situation, the
need for a suitable reserve that guarantees the local load is a critical challenge for
microgrid owner [18]. Due to operation of BSS as an energy storage system,
microgrid owner have new option that can rely on it for successful islanding
operation. Although microgrid scheduling with different types of uncertainty is
reported in the literature, there are few research works, which consider the schedul-
ing of microgrids with islanding capability. In [19], a chance-constrained energy
management model for an islanding microgrid is developed following the objective
of minimizing the generation cost, ESS degradation cost and emission cost. Gener-
ated power by RES is considered as an uncertain parameter and novel ambiguity set
is proposed to capture the uncertainty. In [20], microgrid scheduling with multi-
period islanding constraints is proposed. To identify the microgrid capability in
operating in islanded condition, the 7 — 7 criterion is introduced which also
facilitates the scheduling process for multiple hours during the examined mode.

Probabilistic nature of RESs often leads to power fluctuations. Therefore, the
accurate scheduling of renewable-based microgrids becomes much more difficult,
especially in islanded mode [21]. Therefore, reliability and load shedding problem
will be the critical challenges in islanded operation. Authors of [22] stated that load
variation and high penetration of renewable resources raise the instability of islanded
microgrid. Therefore, in this chapter, for the coordination of responsive loads and
distributed energy resources in islanded microgrids, a two-stage stochastic model is
proposed. The proposed method optimized by considering the voltage and frequency
security constraints. To quantify the probability of microgrid meeting local loads and
to maintain an adequate reserve in islanded mode, the probability of successful
islanding (PSI) criteria is proposed in [23]. The proposed strategy is developed
with chance-constrained islanding capability to ensure successful islanding of a
microgrid with a specified probability. In [21], to demonstrate the microgrid capa-
bility for operating in islanded mode, a probability-based concept is proposed. The
proposed method is analyzed in presence of forecast errors of demand and wind
power generation. In [24], by considering the uncertainties of load demand, the price
of electricity and renewable energy, a risk-constrained stochastic framework for
autonomous microgrids is proposed. By using conditional value at risk (CVaR), the
risk of low profits in the worst scenarios is modeled. In [25], a robust optimization—
based model is developed for optimal scheduling of microgrid operation with
islanding capability constraints. With the proper robust level, the proposed microgrid
scheduling model with islanding constraints ensures the successful off-grid opera-
tion with minimum load shedding. Therefore, we consider new constraint shows the
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successful islanding operation of microgrid for multiple hours. Actually, BSS beside
other resources can guarantee the successful islanding.

In this chapter, a novel microgrid operation with BSS is proposed. The problem is
formulated as bi-level model. In the upper-level, microgrid operation costs including
generation cost, the cost of purchasing power from upstream network and purchas-
ing cost, BSS to participate in reserve market is minimized. In the lower-level, BSS
profit by maximizing the revenue from day-ahead and reserve markets and mini-
mizes charging cost is formulated. Beside the BSS, microgrid have wind, PV and
micro-turbine as local resources. Wind and PV power generation and arrival time of
EVs are considered as uncertain parameters and to address them, scenario-based
approach is implemented.

The rest of this chapter is organized as follows: Sect. 10.2 describes the compo-
nents of MG. In this section, modeling of the uncertainty is proposed. Section 10.3
provides the problem formulation, the MG scheduling in presence of the BSS is
formulated by bi-level model. The formulation of upper/lower levels with
corresponding constraints is presented. In addition, in this section real-time pricing
based demand response program is presented. Simulation results of the proposed
method on the 10-bus MG test system are presented in Sect. 10.4. Finally, the
chapter is concluded in Sect. 10.5.

10.2 The MG’s Component

10.2.1 Uncertainty Modeling

As mentioned, the penetration of renewable energy resources (RESs) into MG
effects on the operation and planning of the power system. PVs and WTs are useful
RESs in active distribution networks and MGs. The generated power by PVs and
WTs are caused by solar irradiation and wind speed as a prime energy source,
respectively. Because of probabilistic nature of wind speed and sun irradiance,
generated power of those resources sustains significant uncertainties. Furthermore,
daily load behavior and arrival time of EVs in BSS are considered uncertain
parameters. The probabilistic analysis at presence of multiple uncertainties is a
powerful tool for scheduling and operation of power network. To address the
uncertain parameters, a new probabilistic scenario-based framework is presented in
this section. In addition, the operation of BSS is presented in this section.

10.2.1.1 Wind Power Output

The generated power by WT depends on wind speed. To model the uncertainty of
wind speed, we assume that the wind speed variation is subject to a Weibull
distribution. If V.., and ¢ are mean and standard deviation of forecasted wind
speed, respectively, the parameters of Weibull distribution are calculated as:
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According to the Weibull parameters (r,c), the Weibull probability distribution
function (PDF) is calculated as:

-2 s [-]

Monte Carlo simulation (MCS) generates a high number of scenarios subject to
the Weibull distribution which each of them is assigned a probability that is equal to
one divided by the number of generated scenarios [26]. In each scenario, random
wind speed is considered for each hour. Because MCS generates a large number of
scenarios, the variance of scenarios is too much. Latin hypercube sampling (LHS) is
an adequate technique, which can reduce the number of runs for MCS to achieve a
precise random distribution. Furthermore, LHS can reduce the variance of MCS
scenarios [26]. To demonstrate the effect of LHS for the variance of MCS sampling
reduction, an example is presented for wind speed subject to Weibull distribution
with V.0, = 12 m/s and o = 4 m/s. Figures 10.1 and 10.2 display the ordinary MCS
and the MCS with LHS respectively. In both simulations, 1000 samples are
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considered. According to Figs. 10.1 and 10.2, LHS can approximate the accurate
Weibull PDF much better than the ordinary MCS.

According to the assigned PDF, in each scenario, hourly random wind speed is
generated, therefore, according to the random wind speed, WT power generation is
calculated as [27]:

00 < Vv < chtfin

P (V) — (kl + k2V + k3Vz)Pmed VCMf*in < 14 < Vraled (10 3)
v a P W rated thed S Vv S cht—out '
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10.2.1.2 PV Power Output

The generated power of PV depends on air temperature and solar radiation. To
model the uncertainty of irradiation and air temperature, we assume those parameters
are subject to normal distribution. If 4 and ¢ are mean and standard deviation of
forecasted irradiation (air temperature), respectively, normal distribution PDF for
irradiation (Gyyg) or air temperature (7)) is calculated as:

2
f(Gio, 7)) = —=— 7[1 ——exp (— —((G'Ng’: ’32 2 ) (10.4)

As wind speed simulation, a large number of scenarios are generated by MCS and
LHS is employed to decrease the variance of MCS samples. Figures 10.3 and 10.4
show the generated irradiation example for ordinary MCS and MCS with LHS
subject to Normal distribution, respectively. In both of simulations, 1000 samples
are considered with y = 800 W/m?* and o = 150 W/m?.

As can be seen, LHS can obtain accurate Normal PDF much better than
ordinary MCS.

&)
x 10~

T
Normal PDF
MCS simulation =

[S]

Probability density

o = t
(=) W —_ W (e ] W (%)
T

=1

400 600 800 1000 1200 1400
Solar irradiation (W/m2)

Fig. 10.3 Normal PDF fit by MCS
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Fig. 10.4 Normal PDF fit by MCS with LHS
According to the assigned PDF, in each scenario, hourly random air temperature

and irradiation are generated. Therefore, PV power generation output is calculated
as:

P,, = Psrc X GinG (1+K(T.—T,)) (10.5)
Gsrc

where Gy is hourly irradiation, Ggrc is standard irradiation (1000W/m?), T, and T,
are cell and air temperature, Pgrc is rated power of PV and K is maximum power
temperature coefficient [28].

10.2.1.3 Load Demand

Due to load variation during the day, the probabilistic behavior of load should be
considered as the uncertain parameter. The uncertainty of load demand is subject to
the normal distribution [29] like Eq. (10.4). Therefore, MCS generates a large
number of scenarios and LHS reduces the variance of MCS samples. As previous
uncertain parameters, according to the assigned PDF, in each scenario, hourly
random load demand is generated.

10.2.1.4 Arrival Time of EV Model

In line with former researches, Poisson distribution is used for modeling the incident
of waiting events. In the other word, the number of EVs that arrive at " time at BSS
follow the Poisson distribution. The probability of arriving of N numbers of EVs can
be formulated as following [6, 30]:
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eflwt (/16‘} .t)nev
Ney!

Prb{N,(t) = ne,} = (10.6)

Where A, is a rate of arrival of Poisson distribution at /* time at BSS, N,.(f) denotes
the number of EV that arrive at BSS at " time.

10.2.2 BSS Operation

BSS as a stand-alone unit provides battery swap service for its consumers during a
day. When the stored energy in EV’s battery is not sufficient for next trip, battery
swap option provides for EV’s user to replace the empty battery with full one in the
least possible time through BSS. The empty battery is delivered to the station. When
the delivered battery charged, in addition to being ready for swapping in the next
period, provides reserve capacity for the MG. To simplify the analysis in this
chapter, some assumptions are considered:

1. The time of battery swapping is not considered. In addition, we assume that the
empty batter will be charged at the next period.

2. The capacity of battery of station is constant and each battery can charge/
discharge with constant power.

3. To relieve the computational burden, we assumed that EV’ user can accomplish
battery swapping operation by swapping only one battery at each period.

Figure 10.5 shows the proposed model of MG contains of renewable energy
resources, dispatchable units and loads, which exchange the power with BSS.
During low price times, BSS purchases the power from MG, named grid to BSS
(G2B) mode. During high price times, BSS sells power to MG, named BSS to grid
(B2G) mode. In addition, BSS serves the consumers, in return for a fee. Whole of the
system is in connection with upstream network. It should be noted that MG central

)

: P 4 . L NN
.MJ‘_ -: E \ TN \d .\nﬁﬁtmﬂ

= N
e RET) Win
A Battery Swapping Station . ] =
- it Sontrll
Consumer controller % Controller gt L
LN = Y~

T T <
b Loads

Micro-grid by different resources and $ oads

bidirectional connection with BSS PV panel

Fig. 10.5 The schematic of proposed model of MG with BSS while in connection with upstream
network
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controller and BSS controller are interacting with each other and any exchanging
between MG and BSS are determined by these two central controllers.

10.3 Problem Formulation

As previously discussed, the MG scheduling with BSS problem is formulated as
bi-level model. In the lower-level problem, the operation of BSS to get maximum
profit under real-time pricing mechanism as [6, 31]. In the upper-level, MG opera-
tion cost is minimized. In this section, based on real-time pricing mechanism, in the
lower-level problem, the schedule of charging/discharging process of BSS is deter-
mined, then, it will give feedback to upper-level problem. Then, the real-time
electricity price is determined by upper-level.

10.3.1 The Upper-Level Formulation

As previously discussed, in the upper-level, MG operation cost is minimized. The
MG cost consists of fuel cost, startup and shutdown cost of MTs, purchasing power
cost from the main grid, exchange power cost with BSS during charging/discharging
and spinning reserve cost. It should be noted that MG can sell power to main grid as
well as BSS during charging. Therefore, the MG revenue must be subtracted from
total cost. The upper-level objective function can be formulated as follows:

T
Fy:min Y N (F(Pi)Uss + SUic + SDit) + > pPus+ Y &P,
t t

+ 1Y APssi+ (1= 1)) APy, (10.7)
t

The first term of Eq. (10.7) represents the MT cost beside startup and shutdown
cost, where N, is the number of MTs, P; ,is generated power by " MT. F (P;, ) is the
cost function of i MT, which is calculated as following:

F(Pi) = ai+b; x Py +¢; x P, (10.8)

Where, a, b and ¢ are cost coefficients of i”* MT.

The cost /revenue of purchasing /selling power from/to main grid, is presented in
the second term. Py, ,> 0 is exchanged power between MG and main grid, when MG
purchases the power from main grid, Py, , > 0, otherwise, P, , < 0 to appear as
revenue and minus from MG cost, p, is the power exchanged price between MG and
upstream network. The third term shows the spinning reserve cost for i MT as
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[6]. The fourth term shows the exchange cost between MG and BSS. Pggs , is power
exchange which is charged (purchase by BSS owner from MG) or discharge (sell to
the MG) at /" time. During charging Pgss. <0 and MG get revenue, otherwisePggs,
> 0. In the fourth term, 4, is the power exchanged price between MG and BSS that is
obtained as a real-time pricing mechanism and will be calculated later. r is binary
variable that describes the BSS operation. When BSS service the EV and MG
through charging/discharging » = 1, otherwise, when BSS participate in reserve
r = 0. The last term of Eq. (10.7) represents the cost of reserve provided by BSS and
J; is the price of reserve when the BSS participates in the reserve market.

10.3.2 Constraints of Upper-Level Problem

The upper-level problem has multiple limitation which described as following:

P < Py < P teT, i€N, (10.9)
MUT(Xiy — Xig—1) < T}" teT, i€N, (10.10)
MDT (X, —Xi,) <T?  teT, ieN, (10.11)
P, — Pi; 1 < UR; teT, i€N, (10.12)
Py — Py < UD; teT, i€N, (10.13)
0 < Py, <Py teT (10.14)
Prob{P/, + Py, > P- — PV — Py} (10.15)

Nx
> " Piy+ Py & Ppgs, = PO (10.16)

i=1

Constraint (10.9) represents the region of /" MT power output which limited by
minimum and maximum power output, where Pz}in and P are the minimum and
maximum power output of i MT, respectively. The minimum up and down time
constraints are represented in Eqs. (10.10) and (10.11), where 77" and Tfﬁ are the
number of hours when i MT is on/off, respectively. X; , —  and X; , are the " MT
status at 7-/th and " periods, respectively. The limitation of how much the power
output of /" MT may be increased or decreased between two consecutive time
simples like 7 and t-1 are described in Eqs. (10.12) and (10.13), where UR; and
UD; show the ramp up and ramp down value of i" MT, respectively. Constraint
(10.14) represents the limit of power exchanged between MG and the upstream
network, where Py’f is the maximum power exchanged between MG and upstream
network. Constraint (10.15) shows the probability of successful islanding operation.
If the sum of the reserve provided by MTs and BSS is more than forecast error of
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uncertain parameters, that means MG can operate in islanded mode. Constraint
(10.16) represents the power balance limitation, means that the sum of power output
of MTs, power exchange with the upstream network and power exchange with the
BSS must be equal to the equivalent load of system. PTOTAL in Eq. (10.17) represents
the equivalent load that defined as a minus of the load and power output of renewable
units (PV and wind) that is calculated as follows:

PIOTAL _ pL _ pPV _ pWT (10.17)

10.3.3 Lower-Level Formulation

In the lower-level, BSS profit consist of minus of revenues and costs is maximized as
follow:

T T
Fy : max Ag, X Cpar X ZNEV, +(1-7) Z hsse + 7Y AP

t=1 t= t=1

BSS,t Cb

T
— 8> Neve x P (10.18)
t=1

The first term of Eq. (10.18) represents the revenue from serving the EV’s, where
Cpar shows the rated capacity per battery (kWh), Ngy, ; shows the number of EVs that
arrived at BSS at /" time and 4,,, is swap price. The second term of Eq. (10.18)
shows the revenue of participation in the reserve service. The third term of (10.18)
represents the revenue/cost of BSS caused by exchanging power with MG, when
BSS sells the power to MG, this term considered as revenue, otherwise, considered
as a cost and subtracted from the total BSS incomes. The last term of Eq. (10.18)
shows the depreciation cost, where, & is depreciation coefficient of discharge-charge
schemes of a battery [6].

10.3.4 Constraints of Lower-Level Problem

W Py
Chssir1 = Chss + NassPoss, X At — ”ﬁfj L x At (10.19)
BSS

0 < Pois, < Poe™ (10.20)
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Pissy" < Phsse < Phss ™ (1021)
PrBSS,t S ’TZH ( B At 5SS, mm) vt S Treserve (1022)
Nbat,ful,t + Nbat,emp,t + N;C,Zm + NZ;SM - Nbat (1023)
Pigss
Chsss = Chssi—1 + NgssPigs, — o (10.24)
BSS

Constraint (10.19) shows the capacity of BSS at ¢ + Irh time, where, Py, and
Pglgs,r are charged and discharged power of BSS, respectively. ’7163}35 and nﬁigs are
charge and discharge coefficients of BSS. The limits of the rate of charged and
discharged power at 7 time are given in Eqgs. (10.20) and (10.21), where Pg_’g’s’f‘tax and
Pldgg’sf’;ax are maximum rate of charge and discharge power, respectively. It should be
noted that, BSS can be charged and service to the EV’s owner, simultaneous.
Constraint (10.22) shows the reserve capacity of BSS. For this reason, the reserve
capacity in all times when BSS participate in reserve process, power output of BSS
should not exceed the BSS capacity, where T is all times that BSS participate in
reserve, Cgss. 1, Crss, min are capacity of BSS at /" time and minimum level,
respectively. Constraint (10.23) represents the battery constraint, means that sum
of the full batteries (Npa:, 5,1), the empty batteries (Npar, emp) and number of charged
and discharged batteries (N", + N{i) at # time must be equal to total number of
BSS batteries. Constraint (10.24) shows the state of charge constraint of BSS
batteries.

10.3.5 Determination of Power Exchanged Price Between
MG and BSS Based on Real-Time Pricing Mechanism

We describe the mechanism of real-time pricing, and then the formulation of upper
and lower-levels is presented. To consider the real-time pricing mechanism based on
demand response, two principles are considered as follows:

* When the BSS participates in reserve, there is not any exchanging between MG
and BSS. In such situation, the MG owner should pay a certain wage to BSS.

e When the power exchanged between BSS and MG through charging and
discharging process, power price is determined based on the amount of
exchanged power between BSS and MG, and MG’s loads. If we consider the
sum of the power exchanged amount and MG’s loads as total demand level, two
modes are imaginable. If total demand is greater than the load of MG’s loads the
power price is greater than reference price, otherwise, power price is lower than it.

To determine the exchange price that is denoted by 4,, we consider the reference
price to separate the two above principles:
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Ppss. + PO . TOTAL ~, pTOTAL
— promar X Py 1T Pessi+ P =2 Py
A= d (10.25)

—Ppgs, + PTOTAL P pTOTAL  pTOTAL
P§0TAL X Prf i Ppsse + P >0y

Where p,; shows the reference price and P}TfOTAL is the reference power of the
equivalent load of MG.

Based on real-time pricing mechanism, in the lower-level problem, the schedule
of charging/discharging process of BSS is determined, then, it will be feedback to
upper-level problem. Then, the real-time electricity price is determined by upper-
level.

10.4 Simulation and Results

10.4.1 Case Study

The proposed scheduling in the previous section is implemented on 10-bus
microgrid test system with BSS that can exchange the power with upstream network.
The schematic of the case study is shown in Fig. 10.6, where SS allocated on bus
6. The characteristics of MG components consist of MTs, wind turbine, PV panel
and BSS are given in Tables 10.1, 10.2, 10.3, and 10.4.

The price of swapping is 1.4 $/kWh and §is 3 $, p,is 1.2 $/kWh and reserve price
for all three MTs is 0.04 $/kW, as [32]. The number of batteries in the BSS is
30 batteries. The curve of exchanged power price between MG and upstream
network is given in Table 10.5. Computer simulations and required coding are
carried out in MATLAB software and using CPLEX 11.2 solver.
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«»
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] |—1mr
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[ e
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The path of the EVs to the BSS - - - - - - -

Fig. 10.6 The schematic of 10-bus MG test system in presence of BSS
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Table 10.1 The characteristic of MTs
Min power Max power Startup/shut a b
Unit | generation (kW) generation (kW) down cost ($) ¢ | BKW) | c ($/kw?)
MT1 |15 75 4.5 1.3 |0.0304 |0.000104
MT2 |25 80 2.5 0.38 |0.0267 |0.00024
MT3 |25 80 2.5 0.38 |0.0267 |0.00024
Table 10.2 The characteristics of PV panels
T’C P STC GSTCW/”I'I2 K P rated(kw)
PV 25°C 250 kW 1000 0.001 400
Table 10.3 The characteristics of wind turbine
chr — in ch — out Vrated P w;:d P {3,3,’; kl k2 k3 P mted(kW)
WT |3 25 12 0 200 0.123 | —0.096 |0.0184 |250
Table 10.4 The characteristics of BSS [6]
§ p Cass, Cass, ) )
00" kW) | inkWR) | Pt e (kW) | PS5 (KW) | P i (kW)
BSS |80% |80% |19 2 7.5 12 2
Table 10.5 Hourly exchanged power price [33]
Hour Price ($/kW) Hour Price ($/kW)
1 1.1 13 1.7
2 1.1 14 1.7
3 1.1 15 1.95
4 1.1 16 1.8
5 1.1 17 1.8
6 1.1 18 1.6
7 1.1 19 1.3
8 1.1 20 1.3
9 1.3 21 1.25
10 1.3 22 1.3
11 1.3 23 1.2
12 14 24 1.1
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Fig. 10.7 The curve of power generation of renewable resources, load and equivalent load
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Fig. 10.8 The number of batteries that are replaced when the EVs arrived at the BSS

According to the uncertainty modeling that was presented in Sect. 10.2, based on
the corresponding PDF of uncertain parameters, PV and wind power output, as well
as, load demand are shown in Fig. 10.7. In addition, as discussed in Eq. (10.17), we
consider the equivalent load as minus of load of MG and PV and WT power output
to calculate the real-time exchanged power price, that is depicted in Fig. 10.7.

The number of EVs that arrived at the BSS, which is modeled in Eq. (10.6), is
depicted in Fig. 10.8.

10.4.2 Results and Discussion

The proposed bi-level scheduling of MG in presence of the BSS, which proposed in
Sects. 10.2 and 10.3, is implemented on 10-bus MG test system.

In this case, the price of power exchanged between MG and BSS follows the
power exchanged price between MG and upstream network as given in Table 10.5.
Figure 10.9 shows the charging/discharging scheme of BSS, where the negative
values denote the charging mode. As can be seen, in the early hours of the day, when
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Fig. 10.9 Charging/discharging scheduling of BSS in

the price is low according to Table 10.5, BSS purchases the power from MG and
charged. At the high prices (13- to 16-hour) BSS sells the power to MG and get
revenue. At other times of the day, this trend has been repeated.

In this condition, BSS does not participate in reserve. Table 10.6 shows the results
of MTs power dispatch and power exchanged between MG and upstream network.
Figure 10.10 shows the BSS profit and MG cost for 24-hours.

During the hours that BSS purchases the power from MG or MG sells the power
to upstream network, the cost of MG becomes negative that means MG get profit in
these times. From BSS profits point of view, according to Fig. 10.8, when BSS
provides swapping service for EVs, the profit is greater than the other periods.

Another striking point in Fig. 10.10, is the proportion of MG costs and equivalent
load. According to Fig. 10.7, for hours 12-16 and hours 20- to 22, while equivalent
load reaches its maximum value, MG needs to provide the balance between demand
and supply, therefore, there are three options to provide this balance: (1) turn on all
of the MTs, (2) purchase the power from upstream network and (3) purchases the
power from BSS. It should be noted that we assumed that no load-shedding can
occurred in the scheduling. Hence, the total cost of MG is greater than other periods.
As can be seen, MT1 because of more expensive than the other two MTs, is
committed only at peak hours (12- to 16-hour and 19- to 21 hour). In this case, the
reserve capacity provided by MTs is 67.5 kW.

10.5 Conclusion

In this chapter, optimal scheduling of microgrid in presence of the battery swapping
station was presented. Significant growth of utilization of EVs requires new method
for exploitation. BSS in one of the suitable methods that can mitigate the integration
of EVs with the power system by providing the swap service in a short time.
Therefore, EV’s driver can replace the empty battery with full one in shortest
possible time and continue to travel. The problem of MG scheduling operation
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Table 10.6 Results of MTs power dispatch and power exchanged between MG and upstream
network in

Power dispatch (kW) Power exchange (kW)
Hour MTI1 MT2 MT3
1 0 0 60 23
2 0 0 33 0
3 0 0 33 0
4 0 0 25 43
5 0 0 25 —-50
6 0 80 80 200
7 0 80 80 165
8 0 80 80 361
9 0 80 80 321
10 15 80 80 314
11 75 80 80 7
12 75 80 80 17.5
13 75 80 80 235.5
14 75 80 80 134.5
15 75 80 80 163
16 75 80 80 96
17 15 80 80 60
18 15 80 80 24
19 75 80 80 —57
20 75 80 80 435
21 75 80 80 317.5
22 15 80 80 195
23 0 80 80 90
24 0 0 80 -5
600 100
0or MG cost 7%
. 0 BSS profit 1%
< 300 140 2
3 £
% 2007 20 g
g 1o 40 2
or /] 1%
R S -{-40
-200 - -60
0 5 10 15 20 25
Time (h)

Fig. 10.10 The cost of MG and profit of BSS during the day
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with the BSS, was formulated as a bi-level model, in the upper-level problem, MG
operation cost minimized, while the lower-level problem maximizes the BSS profit.
After simulation of the uncertain parameters consist of load, PV and wind power
generation, as well as, arrival time of EVs to the BSS, real-time pricing mechanism
as one of the demand response program is implemented to calculate the power
exchange price between MG and BSS. The proposed model was implemented on
the 10-bus MG test system. The presented results show the effectiveness of the
proposed model. It should be noted that increasing the islanded operation time,
causes the increase of the MG cost while guaranteeing the operation in the islanded
mode, without any interruption.
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Chapter 11 ®)
Risk-Based Long Term Integration of PEV <z
Charge Stations and CHP Units Concerning
Demand Response Participation

of Customers in an Equilibrium

Constrained Modeling Framework

Pouya Salyani, Mehdi Abapour, and Kazem Zare

11.1 Introduction

Difficulties with delivering power from generation and transmission sector to the end
users and the associated pollution problems encourage the distribution companies
(DISCOs) to utilize the distributed generators (DGs) like wind turbines (WTs),
photovoltaic cells (PVs), fuel cells (FCs) or combined heat and power units
(CHP). In addition to this, voltage profile improve-ment and loss reduction can be
accounted as the other goals of the DISCO owners. By this way, a portion of required
energy in distribution sector can be supplied by DG units and the remainder is
provided by the upstream network.

On the other hand, air pollution problems stem from existing vehicle cars as one
of the important factors, environmental sensitivities and their dependence on the
price of fossil fuels, directs the authorities and organizations to expand the usage of
plug-in electric vehicles (PEVs) by preparing various kinds of incentives. However,
the increase in the number of these PEVs implies the placement of PEV charge
station to give service to the PEV owners. In addition to grid to vehicle (G2V)
capability, their recent vehicle to grid (V2G) technology gives the possibility to the
charge station owners to incorporate in the improvement of network electric indices
and act as an energy delivery source.

The PEVs enter into the charge station usually tend to charge their PEVs in
off-peak hours of the day in which the energy price is lower enough and acceptable
for PEV owners. Also they can use from discharge facilities provided for them in
order to sell their extra energy of battery to the grid in the peak hours of the day that
DISCO deals with power shortage. This pattern of charge/discharge is economical
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for the PEV owners, however for many reasons some of them may be not able to
follow this pattern and choose other hours for getting service from the charge station.

Long term integration of CHP units and PEV charge stations is the main purpose
of this chapter. However, the size and location of these sources are directly affected
by the total demand of network and the hourly price of energy that is purchased from
the upstream grid. Hence participation of a number of customers in demand response
(DR) can be cost-saving for the DISCO. Nevertheless, these customers should be
economically justified and DISCO has to provide a long term contract which highly
ensures that they benefit by participating in this program. The demand response
program that is implemented herein is incentive-based. So what is done by the
DISCO is to determine the optimal 24-hour incentives, penalties and the consump-
tion profile for these customers through the predefined horizon.

But the main problem here arises from the contract between the profit of DISCO
and customers eager to participate in demand response. Since it is desirable for
DISCO to sell the energy with the highest price as it is possible for the consumption
reduction of customers interested in demand response, these two variables should be
determined in a way that is satisfactory for both the DISCO and each of the interested
customers. Therefore the problem is modeled in a leader-follower Stackelberg
framework in which the leader objective function as the upper level is the DISCO’s
payoff and the followers are the DR customers that their objective function is
formulated in equilibrium constrained model with concerning the Kurash-Kuhn
Tucker (KKT) condition. Furthermore, due to the inherent uncertainties in the
consumption of customers and charge/discharge pattern of PEV charge stations, all
the follower players of this game can offer their preferable risk strategy in order to
model their profit in the form of CVaR function.

11.2 Literature Review

To have a brief review of previous literature, microgrid planning is studied in [1-4]
in which optimal placement of distributed generators (DGs) and their sizing is the
main goal. In the context of PEV parking lot planning in the distribution network,
authors in [5] have first determined the uncertain parameters of PEVs arrival time,
departure time and the mean traveled distance. Then the optimal location of parking
lots is achieved in a reliability-constraint optimization. In [6], distribution network is
partitioned into several zones candidate to the allocation of parking lot. After that,
the optimal site and size of each parking lot are found by determining the probabi-
listic behavior of plug-in hybrid electric vehicle (PHEV) and their aforementioned
uncertain parameters.

In [7], using Monte Carlo simulation to deal with uncertainties in PEV behavior
and load pattern, the problem of optimal siting and placement of charge stations
under demand response program is solved. The aim here is to maximize the profit of
distribution system manager considering the time of use (TOU) demand response,
optimal charge and discharge procedure and reliability issues. Optimal placement
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and sizing of renewable resources and PEV charging station are discussed in [8]
under a deterministic environment with the objective of reducing power loss, voltage
fluctuations, car battery maintenance costs and energy purchasing cost. Energy
tariffs are specified for both the day-ahead market and the real time pricing. In [9],
simultaneous placement of parking lot and renewable energy resources is studied
within a two- stage stochastic programming considering the benefit of both the utility
decision-maker and parking lot owner. In first stage candidate buses for parking lot
allocation are introduced by the investor based on induces reliability, bus attraction
and land price. Then considering the distributed resources capacity and loss mini-
mization, optimal number of parking lots and their probabilistic model are obtained.
Authors in [10] have implemented a two-step screening method and the modified
primal-dual interior point algorithm and [11] has applied analytical hierarchical
process to solve the charge station planning.

However it must be reminded that the energy is sold to the customers with
different tariffs. This tariff or energy price is almost fixed in each hour for customers
not accepted the demand response program while it is variable for customers
participated in the demand response program. There exists several mechanisms for
demand response program such as real-time pricing (RTP) which is used in this
paper, incentive-based or TOU as another one [12—19]. What is important is that the
tariff in any mechanism can be defined by DISCO within a contract however its
optimal value along with the related demand can be determined through the
optimization.

In [20], Stackelberg game theory is implemented to model the existing interac-
tions in two level. The interaction between the electricity market and demand
response aggregator (DRA) and the interaction among the DRA and its dependent
consumers. DRA as the leader of the game reduces the demand bid and generators as
the followers try to maximize their profit due to the bid reduction. Then in the second
level, customers inconvenience have to be minimized by DRA while lowering of
demand bid must also be served.

Virtual electricity-trading process is used in [21] to determine the optimal 24 hour
consumption of customers participated in RTP demand response program. Virtual
retailer that is energy management center acts as the leader player and offers the real
time prices to the devices as the followers of the Stackelberg game. Authors in [22]
have proposed the Vickrey-Clarke-Groves mechanism in order to maximize the
social welfare in which consumers seek to maximize their total utility by receiving
the optimal real-time price and company has the aim of minimizing the total
generation cost. In [23], the best trading between the existing DRAs in the network
and DISCO is found through the cooperative game based on bargaining Nash
equilibrium, so optimal real-time tariffs that each DRA offers to its customers and
also their consumption is achieved.

In [24], smart DISCO aims to optimally offer its bidding strategy with high
penetration of wind farm and PEVs. PEVs are coordinated based on the determined
real-time prices of customers so that the wind power imbalances be reduced.
Considering the at-home electric vehicle charging, [25] introduces a Stackelberg
game to maximize the benefit amount of both the retailer as the leader of the game
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and customers as the followers by setting the optimal real-time tariffs. Probabilistic
distribution network and renewable energy expansion planning under demand
response is proposed in [26] wherein by modeling the behavior of demands relative
to the selling energy price, the problem is solved within a bi-level framework.

What is aimed in this chapter is the planning of distribution network under
uncertainty in order to optimally siting and sizing of MTs and parking lots. In
addition a number of customers that are eager to participate in DRPs can declare it
to the DISCO, so the planning of distribution network is carried out under demand
response of customers. The demand response that is applied is based on a long term
contract to adjust the 24 hour selling energy price in a manner that becomes
beneficial for these customers. In other word customers participate in the demand
response program should get different and affordable tariffs rather than other
customers having their normal consumption. However, the important point that
should be noted is that reducing the selling energy price is not desirable for
DISCO, especially when the number of requestor customers to participate in DRP
is high enough. This is due to the fact that selling the energy to the customers with
much higher price is profitable for DISCO.

Therefore since each of these customers and also the DISCO seeks to enhance
their profit, interaction takes places between their strategies, the optimal planning
decision of DsiCo and optimal demand scheduling decision of customers adopted
DRP. One of the efficient ways to cope with this difficulty is to modeling the
problem based on the game theory framework. To this end, leader-follower
Stackelberg as the non-cooperative game is implemented in this chapter to give
the equilibrium point in which both the DISCO and customers beneficial objectives
are served. The leader of this game is DISCO that seeks to maximize its payoff. The
followers are the customers that are interested in adopting DRP and each of them
desires to achieve maximum payoff by implementing demand response.

After giving a general view about the abovementioned novel approach, the
following section represents the mathematical formulation of the distribution plan-
ning and demand response of customers. Section 11.4 explains the Stackelberg game
and its application in the planning problem, then elaborates problem modeling and
the iterative distributed algorithm used to reach the equilibrium point for the DISCO
and demand response customers. Section 11.5 discusses about the results obtained
from simulation and the last section is the conclusion of the chapter about this novel
approach.

11.3 Problem Formulation

With respect to the load growth rate in the distribution sector and considering the
incremental rate of electric vehicles, it is aimed to implement a long-term integration
of CHPs as dispatchable units and PEV charge stations. This long-term integration
can lead to a reduction in the cost of buying the energy from the upstream network
for DISCO besides the reduction in voltage anomalies and network loss. Starting
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with CHP and PEV charge station, their associated cost functions are given in
Egs. (11.1) and (11.2). One important point should be mentioned that is linearity
of the problem and its model which is mixed-integer linear programming, thus
binary variables that determine the location of CHP units and PEV charge stations
are not modeled in below cost functions but appear in the related constraints.
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As it is shown in Eq. (11.1), three terms are considered for CHP cost that are
capital cost, maintenance cost and operation cost. Energy provision in a reliable
manner and with the least of uncertainty is a prominent feature of CHPs known as
dispatchable units. Nevertheless, their operation cost is the main drawback in
comparison with the renewable ones like PV and WT. Maintenance cost could be
calculated based on an almost fix percentage, but here it is a function of annual
energy production.

Apart from CHP cost, associated PEV charge station cost constitutes three terms
of capital cost which includes buying land and establishment cost, repair and
maintenance cost and the third one that represents the expected payment and benefit
exposed to DISCO in the case of PEVs charging and discharging. These expected
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payment and benefit are dependent of charge/discharge output power of each charge
station, required time for charge/discharge of PEVs and energy price for both G2V
and V2G mode of operation in each scenario.

It must be mentioned that as an assumption, DISCO is the owner of overall charge
stations located in any bus of the medium voltage distribution network. For time
horizons that a part of PEVs within the charge station are in their V2G mode, DISCO
has to pay an amount to those PEV owners based on the price p/=”. In turn for the
charging mode periods, DISCO has to provide the power to the charge station in grid
energy price and receives a payment from those G2V PEV owners to charge their
battery of vehicles. It should be noted that the energy trading among the grid and the
PEV charge stations does not include DRP and take places within a certain amount.

Output power of a charge station (charge and discharge) can be obtained through
equations Egs. (11.3) and (11.4) which are based on the parameters vehicle capacity
of charge station, battery power rate of PEVs and the charge/discharge pattern of
PEVs defined by parameters ai’;land ald;h These parameters give the percentage of
PEVs that are present in hour / for the purpose of either charge or discharge service.
The required time for charge and discharge of PEVs are calculated through
Egs. (11.5) and (11.6), both depend on state of charge (SOC) and maximum capacity
of battery for PEVs. Parameter G is the hourly presence percentage of vehicles in the
charge station. Because the exact number of vehicles presented in the charge station
in such a long term integration level is uncertain, the presence percentage is used
instead to model the output power concerning its uncertain nature.

The expected energy purchasing cost Eq. (11.7) is another cost term that is
exposed to the DISCO which includes the consumed energy in the charge station
and the network demand. However, a portion of this energy can be supplied by the
CHP units located in the network or by PEVs in their V2G mode via charge station.
Note that the network demand is divided into those customers willing to participate
in DRP and other ones that are not interested in this program.
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Total expected cost that DISCO incurs over the planning period as the upper-level
problem is given in Eq. (11.8). However to minimize the total expected cost,
following constraints Eqs. (11.9, 11.10, 11.11, 11.12, 11.13, 11.14, and 11.15)
must be satisfied too. Applying an approximate linear power flow through
Eq. (11.9), the per-unit value of voltages in every bus of the network can be obtained,
so by Eq. (11.10) the network voltage is ensured to be in the determined permissible
range in each scenario. Considering the radial structure of distribution network, the
binary matrix ¢; ; ,is 1 if bus i covers the bus n up, (current can flow from bus i to
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bus n). Since the voltage of the first bus as the slack bus is 1 pu, the per-unit voltage
of other buses can be known by Eq. (11.9).

Inequalities Eqgs. (11.11) and (11.12) state that the output power of any CHP or
PEV capacity of any charge station is limited between a minimum and a maximum
value if it is selected in bus i. The constraint Eq. (11.13) indicates that every bus of
the network can be equipped with just one of the CHP unit or PEV charge station.
Also, the two last constraints refer to the fact that a limited number of CHP or PEV
charge station can be sited in the network.
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In the lower-level problem, there are several load points who are interested in
DRP and their motivation for participating in such a long term program is to increase
the net gained profit by electricity consumption. Each customer has its own benefit
function that has a general quadratic form shown in Eq. (11.16). The perceived
benefit in hour # depends on the normal consumption in the absence of DR d,
demand in the presence of DR d,, and the elasticity of the customer ¢;,. Therefor the
net profit that each participated customer in DRP obtains is calculated through
Eq. (11.17) where pj, as a variable is the energy selling price determined by DISCO.

Since one of the main goals herein is to model the overall problem in a linear
form, this nonlinear profit function is reformulated into Eq. (11.18) by its lineariza-
tion. The benefit function is linearized through the piecewise method Eq. (11.19).
But the nonlinear term, the bought energy from DISCO is replaced with bought
energy in network tariff plus a linear penalty/incentive function defined in
Eq. (11.20). This term has to be added to the cost function of DISCO.
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The above-mentioned equation Eq. (11.18) gives us the expected profit that any
of DR customer wants to maximize it. Indeed there is a DISCO that seeks to
minimize its related long-term integration cost and a number of customers that
seek to maximize their own profit. This issue results in a competition among the
DISCO and these customers, hence the bi-level leader-follower Stackelberg game
can help to modeling the problem in which the DISCO acts as the leader and the DR
customers act as the followers of the game.

The KKT condition method and using the Lagrangian method can be the best
option to convert this bi-level problem into a single-level problem. From another
aspect, these customers are willing to participate in a long term DRP which can
contribute to getting the preferable outcome with a high degree of uncertainty. Thus
in addition to the gained expected profit, the risk function is added to the objective
function of DR customer k which is based on CVaR assessment Eq. (11.21) with the
related constraints given in Eqgs. (11.22, 11.23, 11.24, 11.25, 11.26, 11.27, and
11.28).
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Inequality Eq. (11.22) refers to the CVaR constraint and Eq. (11.23) emphasizes
that ¢ is a positive variable. The constraints Eq. (11.24) and (11.25) give the demand
limitation of each block and Eq. (11.26) states that the daily expected energy
consumption must be lied within a specific range. Consecutive selection of blocks
for the consumption of customer k is ensured by Eq. (11.27) and the penalty/
incentive function is represented in Eq. (11.28). It is noteworthy that the binary
variable z is 1 for the first block and can take O or 1 for the other blocks. H is a large
enough number to set the binary variable in 1.

There exist several risk assessment methods but CVaR has a main and useful
feature that is its ability to keep the convexity of the function. Convexity is of
importance because it accounts as one of the essential and necessary factors for the
implementation of KKT condition. After constructing the Lagrangian function L and
applying the KKT condition, the following equations are obtained.
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However the inequality constraints impose nonlinearity to the overall problem
within the KKT framework but these terms can be linearized through the bigM
method for a linear example constraint J(x) > O that is as follows. Remind that
M should be large enough.

uI(x)=0, u>0 (11.33)
I(x) <uM, uw=1{0,1} (11.34)
u<(—uM, u=1{01} (11.35)

As it was discussed above, the parameters and variables i.e. the presence per-
centage of PEVs in the parking lot, initial SOC of PEVs arrived at the parking lot,
their power rate of batteries and the demand of load points either interested in DRP
or not are inherent to uncertainty. In this chapter it is assumed that all the uncertain
parameters are generated as presented in Eqs. (11.21, 11.22, 11.23, and 11.24). As it
is stated, for these parameters a mean value p and a standard deviation o is
considered. Then by a random number e between [—1, 1] and using the Monte
Carlo process, at each iteration an amount is assigned to these parameters.

Giyw = Hg + €s0c.0-0G (11.36)
SOCiy.0 = Hsoc + esoc.w-Osoc (11.37)
Priyo = bp + epro-opr (11.38)
Pl = Hp + €p00p (11.39)

Afterwards, the scenario generation is accomplished, due to the high number of
scenarios using fast forward selection and using the Kontarovich distance scenario
reduction technique the number of scenarios is reduced and the associated probabil-
ities are obtained.

11.4 Numerical Results

The problem modeling is performed in the GAMS software and the CPLEX solver is
selected due to its MIP model. To have a better and efficient evaluation on the
proposed method, IEEE 33 bus distribution test system [27] in Fig. 11.1 is chosen for
the long term integration problem. The load points {7, 14, 24, 31} are the medium
voltage customers who are interested in adopting long term DRP within about
10 years. Also five scenarios after scenario reduction is obtained with probabilities
of {0.30, 0.35, 0.25, 0.06, 0.04}.
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Table 11.1 Required data

Parameter Value Parameter Value
MT investment cost ($) 900,000 Parking lot investment cost ($/EV) 304
MT operation cost ($/kWh) 80 Minimum voltage (pu) 0.95
MT maintenance cost ($/kWh) 15 Maximum voltage (pu) 1.05
Power factor of MT 0.9 Inflation rate 9%
Maximum number of MT 2 Interest rate 12%
Minimum power of MT (kW) 100 Load growth rate 7%
Maximum power of MT (kW) 1000 Efficiency of inverter 90%

Required data to solve this problem are given in Table 11.1. Figures 11.2 and 11.3
depict the 24-hour energy price bought from the upstream subtransmission substa-
tion and demand factor of entire customers in the network respectively. The standard
deviation for all these uncertain parameters and also their mean value for this chapter
are extracted from [7, 28]. Furthermore the total installed capacity of PEV charge
station must be adequate to give charge/discharge service to PEV number equal to
500. It must be mentioned that for customers that have not participated in DRP, the
energy selling price is 0.095 ($/kWh).

It is assumed that each PEV of charge station has a battery with a capacity of
80 kW and a mean charge and discharge rate of 50 kW/h. Table 11.2 gives the charge
and discharge pattern of PEVs throughout the day in percentage that enter the charge
station. Also the PEVs enter to the charge station have to pay the price equal to
energy price represented in Fig. 11.2 for the purpose of 1 kWh charge of the battery.
However when the EVs are in the mode of V2G in order to deliver their battery
power to the grid, they can sell their energy with a price equal to 0.108 $/kWh.

Table 11.3 represents the risk strategy and the CVaR risk level of all the four
customers willing to participate in DRP. For the DISCO, the total expected cost of
31.571 million ($) is obtained. Four CHP units with optimal size and location in the
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Table 11.2 Pattern of
operation mode for PEVs in
charge the stations

Hours

PEV mode of operation 0-6 6-15 15-24
V2G 0 5% 90%
G2V 100% 50% 10%
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Table 11.3 Risk strategy and DR customer 7 14 27
risk level of DR customers A 001 0.99 0.01
Yk 0.99 0.98 0.93
Table 11.4 Optimal CHP Parameter Values
size and location CHP location 5 11 14
CHP size (kW) 980 1000 720
DR customer in bus 7 DR customer in bus 14
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Fig. 11.4 Consumption change in the second year for the DR customers in all the 5 scenarios

network given in Table 11.4 are selected. Also, two PEV charge station with the
capacities of 214 and 286 PEVs must be located in the busses 12 and 20 respectively.

Figures 11.4 and 11.5 demonstrate the amount of responded demand (consump-
tion change) for every four load points participated in DRP. This change in con-
sumption represented by ‘delP’ is depicted for two sample year of second and last
and for all the five scenarios.

As it can be seen, for most of the scenarios in the off-peak hours of the day, the
change in the consumption is negative and in the mid-hours of the day that are almost
the peak hours, these changes are positive and considerable. In other words in the
off-peak hours there is negative response while in the peak-hours DR customers
have captured a positive response for DRP in both of the second and last years.

Furthermore, the expected energy consumption of these DR customers in the
second and the last year are depicted in Figs. 11.6 and 11.7. Compared to the
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Fig. 11.5 Consumption change in the last year for the DR customers in all the 5 scenarios
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Fig. 11.6 Expected demand level of DR customers in the second year
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Fig. 11.7 Expected demand level of DR customers in the last year

expected consumption of these load points in the absence of DRP (do not participate
in the long term DRP), the main part of the load is shifted from the peak-hours to the
peak hours either the morning or mid-night in which the price for energy purchasing
from the upstream network is lower.

It should be noticed that the energy selling price has a fixed value for all the load
points within the distribution network, but the load shifting has taken placed in a
proper manner. This is due to the fact that for any amount of demand reduction,
DISCO has to pay an incentive to the customers participated in DRP. This incentive
absolutely depends on the hours of the day, means that in the peak hours its value is
high, unlike the off-peak hours that is low.

Thus it is beneficial for DR customers to reduce their consumption in the peak
hours in order to get a higher incentive from DISCO. One another important point
which may be hidden should be mentioned here is that DISCO seeks to lessen the
investment and operational related to this long term integration. Surely demand
reduction and peak shaving can help to reduce this considerable cost in the asset
management framework, especially such these customers that have a high and
considerable amount of consumption in comparison with other customers of the
network.
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Fig. 11.8 Expected penalty/incentive amount for the second year

On the other hand, since the penalty imposed to the DR customers is in direction
with the grid energy purchase price as well as the incentive price, it is preferable for
these customers to shift their consumption to the off-peak times of the day. For this
reason the negative response to the DRP (negative change in consumption) incurs a
less enough penalty amount to these customers. However it should be reminded that
the expected 24 hour energy consumption must not violate from its predefined range.
Figures 11.8 and 11.9 respectively represent the amount of penalty/incentive®, for
the second and last year that verifies this issue.

11.5 Conclusion

This chapter discussed about the long term integration of PEVs and optimal siting
and sizing of CHP units and charge stations in the distribution network. With
consideration of a long term incentive-based DRP, a leader-follower Stackelberg
problem was constructed in which the leader was the DISCO and the customers
interested in DR were the followers of this game. By linearization and applying the
KKT condition along with CVAR modeling of profit for DR customers, the bi-level
problem was converted into a single-level problem. The two sited PEV charge
station had the capacity of supporting about 500 PEV. In addition, these charge
stations were located in busses that from DISCO viewpoint can help to maintain the
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Fig. 11.9 Expected penalty/incentive amount for the last year

voltage profile of network within an acceptable range for all the scenarios. What was
important is that a successful DRP was planned for the customers willing to
participate. This was in a way that in the peak times of the day the DR customers
capture a positive response to DRP benefit from the provided incentive for them and
to help in long term integration cost reduction. While in the off-peak times they
should try to increase their consumption to compensate for the reduction in their
expected energy consumed throughout the day.

Appendix A

The nomenclature is shown below.

Q; Set of buses

Qg Set of scenarios

Ny Number of hours in a day

N, Integration horizon

oPr Binary parameter that is 1 if ith customer is participated in DRP
oPu Binary parameter that is 1 if ith customer is not interested in DRP

(continued)
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o Demand of ith DR customer in year y, hour / and scenario @
PiD,)I:h,w Demand of ith DU customer in year y, hour / and scenario @
CC® | Capital cost of CHP ($/MW)

MCHF | Maintenance cost of CHP ($/MWh)

FCCHP Fuel cost of CHP ($/MWh)

cces Capital cost of charge station ($/PEV number)

MCSS Maintenance cost of charge station ($/PEV number)

@iCS PEV capacity of each charge station selected to be installed in bus i
ECHP Binary decision variable that is 1 if a CHP is installed in bus i

&S Binary decision variable that is 1 if a WT is installed in bus i

PCHP Rated power of CHP in bus i (MW)

Vi, y.n, o | Voltage of bus i in year y, hour & and scenario @ (pu)

o Selling energy price to the entire customers in hour &

A Energy price bought from upstream network in hour i

E%‘” Minimum energy consumption of ith DR customer in year ¢

Eﬁ‘fy‘” Maximum energy consumption of ith DR customer in year ¢

Ty Probability of scenario @

PW, Present worth factor in year y

inf_r Inflation rate

int_r Interest rate

Tij Resistance between bus i and j

X Reactance between bus i and j

T, Total number of days in a year

pfi Power factor of CHP unit connected to bus i

Yk CVaR risk level of DR customer &

P Risk aversion strategy of DR customer k

@,y 1 o | Penalty/incentive function of DR customer k

Nk Value at Risk of DR customer k

i CVaR auxiliary variable of DR customer k&

Xy, b, y, n, | Piecewise demand of DR customer k, in block b, in year y, in hour /4 and in scenario @
Sk, b, v, n, | Piecewise benefit curve slope of DR customer k, in block b, in year y, in hour 4 and in
w scenario @

Pfy’h,w Active power demand of load point in bus i, in year y, in hour 4 and in scenario @
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Chapter 12 ®)
Modelling the Impact of Uncontrolled e
Electric Vehicles Charging Demand

on the Optimal Operation of Residential
Energy Hubs

Azadeh Maroufmashat, Q. Kong, Ali Elkamel, and Michael Fowler

12.1 Introduction

Global attention to sustainability in energy use and reduction of greenhouse gas (GHG)
emission has become a major driving force for the development and adoption of
renewable and low-emission energy technologies. In the on-going development of the
existing power grid towards a more sustainable energy future, the adoption of such novel
technologies introduces the opportunity to shift towards more advanced energy networks.
Under the smart energy network concept, the integration of distributed energy resources
(DER) into existing communities provides the potential for more efficient and economic
operation. These advantages may be achieved through the optimization of energy flows
and through the coordinated operation of various distributed energy technology compo-
nents within the network. With respect to its applicability to existing communities, there
are near-term benefits for adopting smart energy network principles, particularly in
consideration of the impacts of DER and mobility electrification on the residential sector.

12.1.1 Literature Review on Energy Hubs

The energy hub framework is an overarching concept for encapsulating the prin-
ciples of smart energy networks for optimized energy vector dispatch and for the
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coordinated utility of DERs, which have generally been studied via mathematical
modelling techniques. Most notably, the formulation of the energy hub model as a
mixed integer linear programming (MILP) problem was proposed by Geidl in
[1]. This model has been further developed in [2] by Evins et al. to more accurately
account for realistic operating characteristics of energy systems. The use of
probabilistic considerations to account for uncertainty is presented in [3] by
Alipour et al., which is implemented as a mixed integer non-linear programming
(MINLP) model. Meanwhile, an iterative approach is discussed in [4] by Batic
et al., which was aimed at addressing non-linearity in objective functions for
energy vector dispatch within the model. Multi-objective optimization have also
been considered, an example of which has been presented in [5] by Beigvand et al.
for economic and energy utility criteria. In consideration of the flexibility of the
energy hub model, it has been used as the basis for a number of energy hub
simulation studies, most of which have been investigative works for unique energy
systems or evaluative efforts that applied the energy hub model to examine various
operating and optimization strategies. For example in [6], Vahid-Pakdel et al.
applies the energy hub model to investigate a multi-energy vector system consid-
ering the presence of both thermal and electrical energy storage systems (ESS),
demand response programs, and markets, as well as wind-based renewable energy
resource (RES) adoption. In a study presented in [7], Moghaddam et al. applies an
adaptation of the model using a MINLP approach for a system containing com-
bined heat and power (CHP), electrical heat pump, boiler, absorption chiller, and
electrical and thermal ESS technologies. Lastly in [8], Maroufmashat et al. con-
sider an expansion of the energy hub to a network of interconnected hubs, in order
to study the potential for more optimized energy vector dispatch resulting from
diversity in energy consumption behavior and network size.

While the literature on energy hubs is fairly populated, there are particular
topic areas that are of significant relevance to the content of this work. Specifically,
the viability of RES integration for adoption into energy systems is critical for
their consideration as DER. This characteristic has been investigated in a number
of previous works, which have effectively concluded on their emission-reduction
and economic potentials within existing energy systems. In [9], a study was
conducted by Perera et al. to examine the potential for optimal integration of
non-dispatchable renewable resources into electrical energy hubs. The study
shows that optimal operation of the electrical energy hub can support RES inte-
gration to satisfy more than 60% of the annual electrical demand of the energy hub,
under a Sri Lanka context. In another study, Sharma et al. [10] evaluated a
centralized energy management system for residential energy hubs considering
solar PV availability. The study shows that their energy dispatch strategy can
potentially reduce energy consumption and costs by up to 8% and 17%, respec-
tively. In [11], Ha et al. investigated the optimal operation of a residential energy
hub implementing solar PV, solar-thermal, and battery ESS under a time-of-use
electricity pricing scheme. Zhang et al. [12] present a multi-energy vector
energy hub model implementing wind- and solar-based generation with hydrogen
as the core energy vector. Both studies investigate the applicability of distributed
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RES within the energy hub framework, while noting the need to address the
intermittent nature of renewable energy technologies for significant integration
into energy hub systems.

Also of significance to this work is the deploy-ability of CHP and ESS technol-
ogies, which have been studied in existing literature under the contexts of various
unique systems. These studies, however, were aimed at justifying the deployment of
such technologies and, as such, did not consider the relevance of EV adoption within
complex energy hub systems. In [13], Mohsenzadeh et al. evaluate the operational
and cost benefits of CHP implementation within energy hubs. Their study used a
simulated energy hub system with electricity and gas energy vectors to demonstrate
the potential total and operational cost savings of CHP implementation of up to 9.4%
and 10.8%, respectively, as well as improved network reliability and reduced power
losses of up to 15.4% and 16.8%, respectively. Similarly, Biglia et al. [14] examined
the applicability of CHP implementation in a hospital energy hub based on energy
and economic evaluation, under a Sardinia, Italy context. Wang et al. [15] explored
the implementation of CHP technology in an integrated energy hub system
containing heat pumps and electric boilers. The study investigated the effect of
CHP implementation on both heat and electricity networks and the optimal operation
of CHP technologies within the energy hub framework. Shams et al. [16] investi-
gated the optimization of a multi-energy vector energy hub model with the presence of
CHP technology, distributed renewable generation, and energy storage technologies.
The presence of CHP technology in the multi-energy vector system was noted to affect
the impact of electricity prices on the demand imposed on the natural gas network.

Meanwhile, the role of ESS technologies in energy hubs have been evaluated in
[17] by Thang et al., who notes the advantages of ESS implementation within
competitive electricity markets, highlighting the improvement in operational effi-
ciency and flexibility due to inclusion of an energy storage system. Gabrielli et al.
[18] discusses the role of both short-term and seasonal ESS technologies in
maintaining system efficiency and flexibility in an energy hub subject to significant
RES integration. Their study presents an optimized energy hub model incorporating
thermal, battery, and hydrogen ESS, along with solar-based generation technologies,
heat pumps, and power-to-gas systems. Another study, conducted by Maroufmashat
et al. in [19], also considered the potential of hydrogen as a core energy vector in an
energy hub containing renewable solar-based generation, hydrogen storage capabil-
ities, and power-to-gas systems. The role of energy storage within a network of
interconnected energy hubs has also been explored by Maroufmashat et al. in
[20]. Their work illustrates that consideration of energy storage capabilities in
combination with a variety of distributed generation technologies in large energy
hub networks provides yields lower overall system costs and increased opportunities
for integration of distributed generation resources into the network. In [21], Brahman
et al. investigates the roles of electrical and thermal ESS within a multi-energy vector
energy hub considering demand response programs in the energy vector dispatch
optimization problem. Similarly, Javadi et al. [22] presents a study on the optimal
operation of a multi-energy vector energy hub with the presence of battery ESS,
while accounting for cycling degradation costs of the ESS in the optimization. In
[23], Ye et al. incorporates both demand response programs and ESS functionality
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into an energy hub model and simulated the optimal dispatch of energy vectors
within the energy hub based on a cost objective function. The study indicates the
cost-cutting benefits of storage technologies in energy hubs that are subject to a time-
of-use electricity pricing scheme.

Across these studies, the applicability of various DER technologies have been
considered under a number of unique energy systems and conditions, which has
established the viability and benefits of different DER technologies within energy
hubs. However, recent market trends in electric mobility introduces EVs as another
potentially disruptive energy technology that should be considered in the context of
smart energy systems.

12.1.2 Plug-in Electric Vehicles in Energy Hubs

As an emerging technology, EVs have been developing at a rapid rate and has been
projected to make up to 47% of the total light duty vehicle fleet by 2050 [24]. In
comparison to traditional fossil fuel-based vehicles, EVs rely on grid-generated
electricity and battery energy storage technologies for fuel. This allows EVs to
incur significantly less GHG emissions during operation, particularly in energy
systems that can meet their charging demand with electricity derived from renewable
or low-emission energy resources. However, significant penetration of EVs into the
automotive market will consequently result in tremendous increases in electricity
consumption demand due to the charging behavior necessary to fuel EVs. This poses
a major challenge to the power grid, which must allocate appropriate generation
capacity to accommodate the additional demand. Realistically, much of the charging
demand of EV fleets will originate from the residential sector, which provides the
context for the adoption of EVs into residential energy systems as manageable
components. Most importantly, significant EV charging demands can negatively
impact the flexibility of the local energy system and, as such, must be appropriately
managed to maintain energy reliability.

Currently, several levels of EV charging rates are available for EV charging,
which can affect the shape of the electricity demand imposed on the energy hub by
uncontrolled EV charging behavior. In level 1 charging, the low charging rate
generally results in long charge durations, as well as in a flat charging profile. This
contributes to increasing the base load of the energy hub during EV fleet charging
periods. Meanwhile, the relatively higher rate of charging provided by level 2 charg-
ing will result in higher peaks in power demand, with a shorter charge period
compared to a level 1 charging scenario. Finally, DC fast charging provides a
significantly faster charge rate as compared to the other options. Thus, the charging
profiles imposed by uncontrolled DC fast charging will be composed of short but
significant power peaks during uncontrolled EV charging periods. However, EV
charging stations with DC fast charging capabilities are unlikely to be implemented
within residential energy hubs due to their high cost, and are therefore not considered
in this work.
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Within the existing literature, several forecasting efforts have been made to
evaluate the relative impact of large-scale EV integration on the power grid. These
works are often set in the context of unique power grid systems and broadly estimate
the effects of uncontrolled EV fleet charging via total annual and peak charging
demand criteria. For example, Clement et al. present in [25] a forecasting study on
the impacts of uncontrolled EV charting at the residential level, based upon historic
data of EV charging behaviors. A more recent evaluation of these impacts has been
conducted by Fischer et al. in [26]. Both studies, however, evaluate scenarios of EV
adoption within existing energy system conditions and do not consider how the
energy hub concept may be leveraged to mitigate uncontrolled EV charging behav-
iors. Other notable developments in literature include the work of Dias et al. in [27],
who compare impact scenarios between uncontrolled and controlled EV charging
strategies within the residential sector. This study, again, is set in the context of
conventional power systems and do not account for the role of DERs or for the
energy hub concept. Meanwhile, further research has been conducted by Ul-Haq
et al. in [28] to provide more realistic estimations of uncontrolled EV loads via
stochastic methods. Concisely, there is a gap in the literature in evaluating scenarios
of EV adoption into residential energy systems with uncontrolled charging behavior
under an energy hub context, which may prove to be the most effective means of
regulating volatile EV charging demands under medium to high market penetrations
scenarios of EV fleets into the transportation sector.

In response to the significant impacts of uncontrolled EV charging behaviors,
several strategies have been proposed to regulate EV charging. In one case, the
controlled or smart EV charging mode has been considered for managing EV fleets
as flexible loads via advanced communication and information technology. Sim-
ilarly, the vehicle-to-grid (V2G) charging mode considers the adoption of
bi-directional power flow infrastructure and intelligent centralized controls, in
order to integrate EV fleets into energy systems as mobile BESS grid components.
These two alternative charging modes have been discussed in a number of studies,
which have aimed to justify their operational or economic feasibility. For instance,
notable contributions to the feasibility evaluation of the V2G concept has been
made by Kempton et al. in [29, 30], who concluded that V2G may contribute
significantly to battery degradation in EVs and is consequently only economically
justified for the provision of high-value services such as peak shaving. In another
study, conducted by Locment et al. in [31], the coordinated dispatch of power is
studied for an EV charging station system, which aimed to leverage controlled EV
charging to improve the energy utility of local solar PV generation components.
Anastasiadis et al. proposed a harmony search algorithm in [32] for controlling EV
charging behavior in a microgrid containing mixed commercial and residential
loads, as well as various DER components. Yao et al. [33] considered a particle
swarm optimization approach for economic dispatch of power to a EV fleet with
V2G enabled. The energy hub considered for this study contained both renewable
and conventional energy technologies. In [34], Moeini-Aghtaei et al. presents a
framework for scheduling the charging demands of a EV fleet considering charg-
ing patterns. The coordination of EV fleet charging demands is addressed using a
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particle swarm optimization approach for multi-objective optimization, consider-
ing financial factors, RES utilization, and a convenience criterion for EV usage.
Alkahafaji et al. [35] considered the optimization of energy vector dispatch within
a system containing EV fleets, using a mixed integer quadratic programming
approach for the multi-objective optimization of financial and environmental
criterion. The study indicates the cost-cutting potential of discharging EV fleets
to maintain stability and reliability of the energy hub system. A scheme of
integrating EV fleets into smart buildings is simulated and discussed in [36] by
Wang et al. In [37], Liu et al. considers the economic and environmental optimi-
zation of an energy hub containing a EV fleet operating under both grid-connected
and islanded modes. The study presents a comprehensive learning particle swarm
optimization model for the coordinated dispatch of energy vectors within the
energy hub. Similarly, Khederzadeh et al. [38] investigates the effects of EV
fleet penetration in an energy hub operating between grid-connected and islanded
modes, with a focus on the roles of the EV fleet, ESS, and responsive loads for
maintaining islanded operation of the energy hub. In [39], Munkhammar et al.
examine the potential of home-charging of EVs considering solar PV implemen-
tation at the household level, using a case study of Westminister London. The
study notes the compatibility of solar PV generation and EV charging behavior,
both at the single household level as well as at the grid level.

While these advanced charging modes have been considered in detail in research,
they have yet to be successfully adopted in a real, large-scale energy system.
Meanwhile, current trends of increasing EV penetration into the automotive market
are likely to manifest in significant uncontrolled charging demands on existing
power grids. As such, there is an immediate research need to evaluate the realistic
impacts of uncontrolled EV charging behavior within energy hub systems, particu-
larly for high impact areas such as the residential sector. Furthermore, an under-
standing of how these uncontrollable charging demands interact with grid
components will provide insight into how best to implement available DER and
technologies to mitigate their impact on the grid.

12.1.3 Contributions of This Chapter

In this chapter, we aim to address the research need of evaluating the potential of
energy hubs for mitigating and regulating probable uncontrolled EV fleet charging
demands considering systems with complex DER technology configurations. Spe-
cifically, we consider a case study of residential energy networks with solar PV
arrays, CHP, electrical and thermal ESS, and conventional boiler heating technolo-
gies. This work employs an energy hub model based on [1] to simulate MILP-
optimized system operation via a multi-objective approach based on economic and
environmental criteria. The novelty of this study is the evaluation of realistic, near-
term impacts of EV adoption into residential energy systems under than energy hub
context. Furthermore, consideration of various scenarios of DER technology
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configurations provides insights into the planning and design of DER integration
into the residential sector in consideration of disruptive EV integration into existing
communities.

The contents of this chapter are structured as follows: the modelling approach and
the simulation scenarios are discussed in Sect. 12.2, followed by a description of the
examined energy hub system in Sect. 12.3. In Sect. 12.4, the results of the simulated
scenarios are shown, and environmental and economic analysis of the results are
presented. Lastly, concluding remarks for this work are made in Sect. 12.5.

12.2 EV Fleet Demand and Energy Hub Modelling
Approach

12.2.1 Energy Hub Model

The operation of the residential energy hub considered in this work is formulated as a
mixed-integer linear programming (MILP) problem and was modelled using the
GAMS software, which is a mathematical modelling tool designed for linear,
nonlinear, and mixed-integer optimization problems. The formulation of this
model is based on the energy balance concept and is as shown in (12.1). In this
approach, the operational flows of energy vectors within the residential energy hub is
modelled as a process of energy vector transformation, conversion, and storage,
beginning with grid feed and ending with consumption at the end-user. A holistic
diagram of this energy hub model is as shown in Fig. 12.1.

Using this model, the aim of this work is to simulate the performance of the
energy hub system under various energy technology configurations and loads, which
is set by specifying the coupling matrix and the outflow energy vector set,

Grid Feed / Residential Energy End User

Externals Hub Model Consumption
: Electricity : ¢ Electricity :
e R :
i Solar : ; :
: Radiation : z : :
: < Solar PV : BESS : :
: CHP | Thermal
: Natural Gas: Storage :
Heat :
: ; Boiler |-t 2. ; > :

Fig. 12.1 Holistic diagram of the residential energy hub model
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respectively. The coupling matrix is representative of conversion efficiencies of
implemented energy technologies while the outflow energy vector set represents
the various demand loads of end-users within the energy hub system. Furthermore,
technology constraints such as flow and capacity constraints, as well as operational
constraints, are accounted for by limiting the range of energy vector flows of the
inflow energy vectors, as shown in (12.2). Optimization of energy vector flows is
done using a weighted multi-objective MILP approach based on economic and
environmental criteria, which are evaluated in correlation to the inflow energy vector
set. The form of the overall objective function is as shown in (12.3). On the basis of
optimizing the objective function, simulation of the energy hub under various
scenarios is intended to reflect the optimal performance of the system under the
specified conditions of each scenario.

o(t) + Q%v(t) = Cyl(t) + E(1) (12.1)

Where:

O(?) is the energy demand load set of the energy hub
Opr(?) is the charging required for the EV fleet

egy is the efficiency of EV charging

C;; is the coupling matrix for input energy vector i to load j
I(?) is the inflow energy vector set

E(1) is the flow of energy into storage system

Imin < I(t) < Imax (122)

Where:
L. 1s the set of minimum flow capacities for the inflow energy set
L,.ax 1s the set of maximum flow capacities for the inflow energy set

Z=puZi+(1—p)2Z, (12.3)

Where:

Z is the overall objective function

Z, is the operating cost objective function
Z, is the emissions objective function

u is the weight factor

The individual cost and emission objective functions are evaluated as shown in
(12.4) and (12.5).

Zl - Costﬁxed + Z(COStoper,conv(t) + Costﬁ,tel(t) + COStuper,stor(t)) (124)
t

Where:
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Costixeq 1s the fixed cost of the energy technology systems

Costyper, com(t) 1s the operating cost of energy conversion systems
Costye((?) is the cost of fuels consumed in the energy hub during operation
Costyper sio(t) is the operating cost of energy storage systems

Zy =Y EF-I(1) (12.5)

Where:
EF is the set of emission factors associated with inflow energy vector set I(¢).

12.2.2 Energy Storage Model

Energy storage technologies are incorporated into the mathematical model differ-
ently as compared to the energy conversion technologies, which are represented by
the coupling matrix. Instead, energy storage technologies are constrained not only by
their energy conversion efficiencies and power flow limitations, but also by their
storage capacities and their temporal state-of-charge, which represents the current
amount of energy stored. As such, these technologies are incorporated into the model
as discrete temporal systems, where their performance are additionally constrained
by a steady-state energy balance, as shown in (12.6). The state-of-charge of the
technology is as calculated using a discrete temporal method as shown in (12.7).
Further constraints were specified to limit the storage capacity of the energy storage
systems, as shown in (12.8). Additionally, due to the bidirectional power flow of
energy storage technologies, a further operational constraint is placed such that
inflow and outflow of power cannot occur simultaneously.

Qdischarge,k (l)
Edischarge,k

Ek(t) = Qcharge,k(t) *Echargek — - Elosx(t) (126)

Where:

E; (1) is the flow of energy into storage system for energy vector k

Ochargejt)s Odischarge i) are the power charged and discharged to storage system &,
respectively

Echarge o Edischarge ar€ the charge and discharge efficiencies for storage system &,
respectively

E,ss(?) is the standby loss of energy from the storage system k

Ei(1)
Emax,k

SOCk(t) = SOCk(t — 1) + (127)

Where:
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SoC(?) is the state of charge of the storage system k at timestep ¢
SoCi(t — 1) is the state of charge of the storage system k at timestep ¢ — 1
E, ..« 1S the maximum storage capacity of storage system k

SoCr. min < SoCyi(t) < SoCr, max (12.8)

Where:
SoCy. min 18 the minimum charge capacity of the storage system k
SoCy. max 1s the maximum charge capacity of the storage system k

12.2.3 Monte Carlo Simulation of EV Fleet Charging
Demand

The fleet charging demand of the EV fleet used in this work is derived using a Monte
Carlo simulation, which considers stochastic elements affecting individual EV
charging behavior including arrival and departure times, daily travelled distance,
EV battery capacities, the efficiencies of EV charging nodes, and the non-linear
charging characteristics of EV batteries. The use of the Monte Carlo method in this
work is for the generation of representative fleet charging behaviors of hypothetical
vehicle fleets based upon realistic vehicle use behavior. As the basis of this approach,
2009 National Household Travel Survey (NHTS) data [40] was used to derive the
driving requirements of a fleet of light-duty vehicles in a residential context. A flow
diagram of the Monte Carlo simulation used in this study is as shown in Fig. 12.2.

Based on this Monte Carlo approach, the following EV fleet charging profiles
were derived for an EV fleet composed of 50 vehicles considering both level 1 and
level 2 uncontrolled charging behavior. Under the level 1 charging mode, EVs were
assumed to be able to charge at a power flow rate of 1.44 kW, whereas the level
2 charging mode was assumed to operate with a power flow rate of 7.2 kW. Under
each of these charging level scenarios, the EV charging impact was evaluated and
incorporated into the electricity consumption demand of the energy hub system, later
described in this chapter. The electricity demand profiles were assumed to be
consistent on a daily basis across the annual simulation, which represented the
average annual charging requirement of the EV fleet. These profiles are as shown
in Fig. 12.3. In the case of the level 1 charging scenario, an aggregate charging
demand of 436 kWh was consumed for EV fleet charging, whereas the level
2 charging scenario required 458 kWh.

12.2.4 Model Inputs

In this mathematical formulation, the inputs to the model consist of the end-user
energy vector consumption demands of the energy hub system, as represented by the
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Fig. 12.2 Flow diagram of Monte Carlo simulation for EV fleet charging demand
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Fig. 12.3 Simulated charging demand of EV fleet for level 1 and level 2 uncontrolled charging

outflow energy vector set. As well, environmental inputs must be specified with
respect to the relevant energy technologies, such as solar irradiation data for solar PV
arrays. The range of sizes, efficiencies, and operating capacities should also be
specified for each of the energy storage and conversion technology components in
the energy hub, as well as the operating cost and emission factors associated with the
operation of each energy technology. Lastly, relevant grid energy vector pricing
schemes and emission factors are also required to reflect the operating cost and
emission considerations with respect to grid-purchased energy vector consumed by
the energy hub system. These factors contribute to the overall operating costs and
emissions of the system and are thus relevant to the objective functions used in this
model.

12.2.5 Model Optimization and Solution Methodology

Using a weighted multi-objective optimization, the objective function considered in
the GAMS optimization account for both the operating costs and GHG emissions
resulting from energy hub operation. The overall model is implemented as a mixed-
integer linear programing problem, which is solved using the CPLEX solver. The
optimization results in optimized energy vector flows within the system and pur-
chases from the grid. The operating cost and emissions-related implications of these
power flows are determined under the economic and environmental factors that were
inputted into the model. The optimization is also dependent on the availability of
energy transformation and storage technologies, as well as the type of load demand
experienced by the energy hub. Thus, different optimized power flows will result
under different simulation scenarios due to the conditions that the energy hub is
subject to. A diagram illustrating the overall optimization process and optimization
criterion, variables, and constraints is as shown in Fig. 12.4.



12 Modelling the Impact of Uncontrolled Electric Vehicles Charging. . . 301

Optimization Phase

Constraint
Obj. function : Minimize o Energy hub flow balance
* Annual total cost of technologies o Operational restrictions
* CO, emission o Energy flow limits
o Technologies limits
o Energy storage limits

Decision Variables

Operation Variables

Operation Status Operation Status
Energy flow rate Energy flow rate
Stored energy Stored energy
Hour-1 Hour-2 Hour -8760
Result

Optimal operation planning
Greenhouse gas emission assessment

Fig. 12.4 Diagram of optimization process used in energy hub model

12.2.6 Simulation Scenarios

A total of 6 simulation scenarios were considered for the residential energy hub
system. These scenarios were selected to evaluate the effect of different EV charging
levels and the presence of distributed energy resources on the optimized operation of
the energy hub, under the implemented optimization approach. A summary of these
simulation scenarios is as shown in Table 12.1.

12.3 Residential Energy Hub System Case Study

In this study, the operational energy loads of a single residential complex were
modelled and optimized under various simulated scenarios regarding EV fleet size
and DER configurations. Within the energy hub model, the thermal and electrical
loads of a 10-story residential complex was considered as the base load of the energy
hub. The reference building model consists of 10 floors with a total floor area of
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Table 12.1 Summary of Scenario EV charging level DER adoption
simulation scenarios 1 (Base Case) No EV Fleet Without DER
2 No EV Fleet CHP and PV
3 Level 1 Without DER
4 Level 1 No CHP, only PV
5 Level 1 CHP and PV
6 Level 2 CHP and PV

400 -
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100

Heat Demand (kW)

Time (hr)

Fig. 12.5 Hourly profiles for heat demand of the residential energy hub system

7765 m>. The thermal and electrical loads of this building model have been consid-
ered to follow hourly profiles, which were assumed to vary monthly. The hourly
profiles for the thermal and electrical demands of the building are as shown in
Figs. 12.5 and 12.6, respectively.

The costs of grid-purchased electricity are evaluated using a time-of-use pricing
scheme, as reflective of Ontario, Canada conditions. Under this scheme, the cost of
electricity is evaluated in tiers that consist of off-peak, mid-peak, and on-peak prices,
which vary between summer and winter seasons and between weekdays and week-
ends. The values used for off-peak, mid-peak, and on-peak prices were 0.072 $CDN/
kWh, 0.109 $SCDN/kWh, and 0.129 $CDN/kWh, respectively. A summary of this
pricing scheme for seasonal weekdays is as shown in Fig. 12.7 [41]. The price for
weekends is valued consistently at off-peak prices. Meanwhile, the costs of natural
gas were evaluated at a rate of 0.22 $CDN/m’, based on Ontario conditions.

The emission factors used to evaluate the GHG emissions associated with
energy hub operation are derived based on the fuels and grid-purchased electricity
used to support energy hub operation. For grid-purchased electricity, a time-
averaged emission factor of 0.187 kg CO,/kWh was used to reflect Ontario,
Canada conditions, which produces most of its electricity using a grid mix as
shown in Fig. 12.8 [42]. Meanwhile, an emission factor of 1.9 kg CO,/kWh was
used for natural gas.
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Fig. 12.9 Summary of energy consumption loads from simulated scenarios

12.4 Results and Discussion

A summary of the overall energy consumption behavior of the energy hub system in
each of the simulated scenarios is as shown in Fig. 12.9. From these results, it is seen
that the presence of uncontrolled EV fleet charging contributes to approximately
17.1% additional electricity consumption in the energy hub in comparison to a
scenario in which a EV fleet was not considered. The significant increase in electrical
power consumption of the residential energy hub indicates the potential for escalat-
ing power demand on the electrical grid as a result of EV penetration into the
automotive market. Meanwhile, residential energy hubs must also adapt the neces-
sary charging and power transfer infrastructure to accommodate the integration of
EV fleets.

With respect to DER technology options in a residential context, the simulation
results also indicate the distributed energy generation potential of CHP
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implementation in a residential context, which is shown to be able to supply up to
70% of the residential energy hub’s overall consumption demand. This indicates the
contribution of CHP implementation to improving energy security for residential
energy hubs, as the overall system becomes significantly less reliant on grid gener-
ation for meeting its operational energy requirements. With respect to scenarios
5 and 6, in which CHP implementation was considered with EV fleet charging
behavior, the results indicate the effects of significant DER implementation on
alleviating the escalating demand of EV integration into residential energy hubs.
This is due to the increased self-efficacy of the residential energy hub system, which
in turn reduces the need for additional power transfer infrastructure and spinning
reserve capacities at the grid level. PV adoption, however, is seen to play a minor
role in meeting the energy hub’s consumption demand, meeting only 3% of the total
electricity requirements of the energy hub, considering the additional load of EV
fleet charging. This is a result of the system’s limitations for solar PV implementa-
tion in the target residential energy hub. Particularly, the lack of available rooftop
surface area for solar PV array installation in residential high-rises limits the overall
generation potential of solar PV technology, relative to the consumption needs of the
building.

12.4.1 Operating Costs Analysis

A summary of the total operating costs derived for each of the scenarios is as
shown in Fig. 12.10. As shown, adoption of fleet charging behavior into the
residential energy hub results in an increase in operating costs. This increase in
costs results from the additional electrical demand imposed onto grid generation
and corresponds to an increase of 12.6% of the total operating costs of a scenario
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without EV adoption. In comparison to the 17.1% increase in overall electricity
demand determined from the energy analysis, the relatively lower increase in total
operating costs results from the factoring of space heating costs as well as the time-
of-use costs for EV fleet charging. These costs are incurred largely during
mid-peak and off-peak periods, thus incurring a lesser impact on the operating
costs of the residential energy hub as compared to its overall electricity consump-
tion. A comparison between the two levels of EV fleet charging showed that level
1 charging results in lower operating costs for the system, due to the limitations in
the rates of power purchase from the grid. These limitations extend the charging
times of the EV fleet, thus constraining a larger portion of uncontrolled EV fleet
charging behavior to occur during off-peak hours, thereby incurring lower charg-
ing costs during these periods. This indicates the advantages of controlled charging
strategies, which can potentially schedule EV fleet charging to low-peak hours to
minimize the costs of EV fleet charging, while still meeting the charging needs of
the EV fleet.

With respect to DER implementation in the residential energy hub, scenarios
considering DER implementation incur significantly lower operating costs. In com-
parison to scenarios not considering DER implementation, this corresponds to a
reduction in operating costs of up to 34%. In particular, a significant portion of this
cost reduction potential results from the adoption of CHP technology, due to the
relatively cheaper costs of natural gas purchases in comparison to grid electricity
costs. In these scenarios, optimization of the objective function for energy hub
operation resulted in increased reliance on CHP operation, based on its economic
advantage over mid- and on-peak costs of grid generation in Ontario’s time-of-use
pricing scheme. Based on this comparison, it is evident that significant DER
implementation offers an economic advantage for residential energy hub systems,
particularly in grids with high peaking prices for electricity. Lastly, a comparison
between scenarios 3 and 4 indicates that solar PV implementation within the
residential energy hub contributes to reducing the operating costs of the system by
2.5%. Again, the low significance of its contribution to the overall costs of the
system highlights the low applicability of PV technology in residential energy hubs
with spatial constraints for PV implementation.

12.4.2 GHG Emissions Analysis

As shown in Fig. 12.11, the simulation results indicated that the adoption of a EV
fleet increases the operating GHG emissions of the residential energy hub, due to the
additional energy consumption of the EV fleet. This represents an increase in annual
GHG emissions of 11.3%. Meanwhile, it is also seen that the uncontrolled level
1 charging scenario resulted in higher emissions as compared to the uncontrolled
level 2 charging scenario. This was because the optimized energy vector flows in
the energy hub for the lower charging rate scenario satisfied more of its energy
demand from CHP operation, which has a higher emission factor than compared to
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Fig. 12.11 Summary of operating emissions analysis of simulated scenarios

grid-generated electricity. In this case, the charging limitations of the level 1 charging
scenario extended the charging demand of the EV fleet into a profile with a longer
tail, with a less significant charging demand during on-peak periods. In this com-
parison, the results highlight the tradeoff between economic incentive offered by
CHP operation and the environmental demerit incurred by natural gas consumption,
relative to a power grid with a large portion of low emission generation.

Considering the implementation of DER technologies, CHP implementation was
found to significantly increase GHG emissions resulting from energy hub operation.
This was due to the effect of increased natural gas consumption resulting from CHP
implementation, which has a significantly higher emission factor in comparison to
Ontario’s grid generation, which derives most of its generation capacity from low
emission resources. This corresponds an increase in emissions of up to 49% of the
scenario where DER implementation was not considered. These results indicate the
negative environmental impacts of significant CHP implementation as a DER
technology in a low emission power grid. Finally, comparison between scenarios
5 and 6 showed that solar PV implementation reduces the overall emissions of the
energy hub system by 2.1%.

12.5 Conclusion

In this study, the following contributions to the literature has been made:

¢ Primarily, this work addresses the research gap in understanding the impact of
realistic EV adoption scenarios into existing residential communities and the
potential applicability of the energy hub concept in mitigating the volatile energy
consumption behavior of uncontrolled EV fleet charging.
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» This work provides insight into the compatibility of different DER technology
configurations with uncontrolled EV fleet charging within residential energy
hubs, which should aid in the planning and design of DER implementation within
such systems.

* A case study of residential systems has been examined under an Ontario, Canada
context, in order to evaluate the relevance of the study to real-world systems and
conditions.

With respect to the results of the case study, analysis of the results based on
energy, operating cost, and emissions criteria showed the impacts of EV adoption
in escalating energy consumption, operating costs, and emissions at the residential
level. Considering these effects, additional power transmission and distribution
infrastructure, as well as spinning reserve capacities, may be necessary at a grid
level to accommodate the additional demand. As well, sufficient charging infra-
structure must also be adopted within residential energy hubs to accommodate the
integration of EV fleets. Results concerning DER technology implementation
indicated the benefits of significant DER implementation within residential energy
hubs. Particularly, increased self-efficacy due to DER implementation allows the
energy hub to address increasing EV fleet charging demand using its own DER
generation resources. This could largely reduce the need for additional power
transmission and distribution infrastructure, as well as the need for spinning
reserve capacities at the grid level. The results also indicated the tradeoff between
operating costs and emissions for the two levels of EV charging considered. The
differences in EV fleet charging behavior indicate the potential benefits of con-
trolled or scheduled charging behaviors, which could leverage time-of-use pricing
schemes to provide economic and environmental benefits for the residential
energy hub.

Appendix A

The nomenclature is shown below.

Nomenclature

BESS Battery energy storage system

CHP Combined heat and power

DC Direct current

DER Distributed energy resource

GHG Greenhouse gas

ESS Energy storage system

MILP Mixed integer linear programming
MILNP Mixed integer non-linear programming

(continued)
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NHTS National Household Travel Survey
EV Electric vehicle

PV Photovoltaic

SOC State of charge

V2G Vehicle-to-grid

Variables

Echarge. k Charge efficiency for storage system k

Edischarge, k

Discharge efficiency for storage system k

epy Efficiency of EV charging

u Weight factor

C; Coupling matrix

Cappaiery Capacity of plug-in electric vehicle battery

Costpiveq Fixed cost of the energy technology systems

Costyo((1) Cost of fuels consumed in the energy hub during operation

Cosraper, conv(t)

Operating cost of energy conversion systems

COStuper, Star(t)

Operating cost of energy storage systems

dyravelied Distance travelled

E(t) Flow of energy into storage system

Ey (1) Flow of energy into storage system for energy vector k
E (1) Standby loss of energy from the storage system k
Epnax. k Maximum storage capacity of storage system k

EF Emission factors associated with inflow energy vector set 1(f)
(1) Inflow energy vector

Lin Minimum flow capacities for the inflow energy set
Lnax Maximum flow capacities for the inflow energy set

i Index for inflow energy vector set

Jj Index for energy demand load set

k Index for energy storage technologies

npey Index for plug-in electric vehicle in fleet

Nyoral Total number of plug-in electric vehicles in fleet

o(r) Energy demand load of the energy hub

Qcharge, k(t)

Power charged to storage system k

Qdischarge, k(t)

Power discharged to storage system k

Orv(n)

Charging required for the EV fleet

SoCi(t) State of charge of the storage system k at timestep ¢
SoCy. min Minimum charge capacity of the storage system k
SoCr. max Maximum charge capacity of the storage system k
t Index for time

tarrival Time of arrival at energy hub

Ldepart Time of departure from energy hub

Y4 Overall objective function

Z, Cost objective function

Z, Emissions objective function
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Chapter 13 )
Optimal Operation of Electric Vehicle’s e
Battery Replacement Stations with Taking

into Account Uncertainties

Babak Mardan, Sahar Seyyedeh Barhagh, Behnam Mohammadi-ivatloo,
Ali Ahmadian, and Ali Elkamel

13.1 Introduction

Increasing the concern about climate change and global warming have conviced the
governments to solve these problems. In order to solve the mentioned problems,
they try to reduce pollutant emissions like CO,. One of the most consumed
sections is the transportation industry.Vehicles have a critical role in environmen-
tal pollution [1], since the main fuel of the vehicles is fossil fuel. According to
recent studies, 28% of CO, emissions in the United States and 20% in Korea are
produced by transportation systems. A lot of efforts have been made to provide a
suitable way to deal with these problems and despite many obstacles to the
production of EVs. Advancement of technology and propagation of EVs are
progressing quickly [2—4]. It is aimed that EVs will have a significant impact on
the reduction of pollutants from the transportation sector. In 2015, more than
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550,000 EVs were sold worldwide, so the number of EV reached to 1.26 million
[5]. In the future years, many European countries will decide to increase the
number of EVs, such as German government, which plans to increase the number
of EVs to 1 million by 2020 and reach 5 million by 2025. Accordingly, France has
two scenarios. In the first scenario, it plans to increase its number of EVs to
1 million by 2020 and to 2.7 million by the year 2025, and in the second scenario
it plans to increase the number of EVs to 3.5 million by 2020, and 7.6 million by
2025 [6]. The main challenges for buyers of these EVs are battery pricing, charging
duration, and driving range limitation so that 45% of the price of EVs is related to
their battery [7]. For solving the problem of battery replacement costs for con-
sumers, some companies increase sales, by replacing old batteries with new ones
with only a small amount of money and change their batteries. For example, in
Europe, Renault Company uses this scenario [7]. Also, these vehicles are a kind of
load on the network, each charging of the batteries of EV has many impacts on the
daily load curve of the network, and the uncertainty of consumer behavior can have
unpredictable effects on normal network performance [8]. The EVBRSs idea is
posed to solve EVs problems in (13.3, 13.4). These stations help to reduce
concerns about EV’s limit range and their long duration for charging batteries of
EV [9]. From the power grid point of view, the performance of these stations are as
a flexible load and from consumers point of view, these stations are the service
centers that can receive money and replace the batteries of EV. These services are
like gas stations for cars which are internal combustion engines [10]. One of the
EVBRSs targets is to increase profits by attending the market and providing
services such as demand response and energy storage. These stations increase
their profits by purchasing energy and storing them by charging EV’s batteries
when energy prices are low and discharge EV’s batteries and sell energy when the
price of energy in the electricity market is high [11]. Also, if renewable energy
such as solar energy is added to the station’s system, it can increase profits. In Ref.
[12], the utilization of battery replacement stations for buses and taxis has been
considered. This article focuses on the effects of driver behavior and load effects
on the power network. In Ref. [13], the optimal charging was modeled by using the
Marcov method and also dynamic programming was performed by taking various
assumptions such as the unification of batteries, chargers and discharging battery’s
uncurtains and other assumptions into account. In [14], the scenario based on
randomized optimization was used. The Monte Carlo method is used to create
scenarios and investigate uncertainties. The amount of load and wind resources
output were considered as uncertain variables. In Ref. [15], it was aimed to
motivate EVs users to go to battery replacement stations at desired times. This
was intended to provide discounts to consumers. In this chapter, consumer behav-
ior has been studied in various scenarios. One of the goals of this chapter is optimal
planning for increasing the benefit of EVBRSs. For proper decision making, the
station’s uncertainties are also modeled by (IGDT) method.
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13.2 Electric Vehicle Battery Replacement Stations
(EVBRSs)

13.2.1 Station Structure

Battery replacement stations are considered to be centers who provide services for
end-users. One of the major problems in purchasing EVs is their higher prices.
EVBRSs are responsible for the costs associated with batteries (costs of repair,
protection, and battery replacement), and this reduces the final price for the
end-users (approximately 20-35%) [16]. On the other hand, the costs associated
with procurement of chargers and ancillary facilities would not be paid by the
end-users, and the time for energizing the EV would be reduced [17]. To have a
fast charge, the end-users should refer to EVBRSs, and it takes approximately
20-30 minutes to have the EVs charged [18] while it takes 5 minutes or less to
charge the battery. From the electric netwoks viewpoint, EVs are extra loads that are
imposed on the system. EVBRSs can solve such problems. High-tech facilities are
installed in EVBRSs in which EV’s charge processes are optimally scheduled to
stabilize the network by discharging the batteries which gain profit for EVBRSs.

13.2.2 Station Performance

The overall duty of EVBRSs is to replace the EVs go to the station with empty or
half empty batteries of EV with fully charged ones and to provide service from the
station. It took about 5 minutes to change batteries in EVBRSs. Tesla Company has
made an effort to reduce this time up to 90 second, which is less than the refueling
process of traditional vehicles [19].

During batteries replacement, the amount of charge in each battery is one of the
major variables in station modeling. The amount of charged battery and the amount
of battery charge during replacement should be considered in planning and model-
ing. In Ref. [13], for charging less than 20%, the discount is considered for
customers, but for more charging, in the other word when the battery is less than
80%, the replacement is not done. It should be kept in mind that the charge levels of
batteries which delivered by customers to the EVBRSs, is a variable and can have
different values. In EVBRSs modeling, for planning the batteries should have the
maximum possible charge and also the EVBRSs should be able to respond to all
customers. In references [11], planning is carried out in such a way that the EVBRSs
will be fined if the EVBRSs is not able to supply EVs battery. According to the
description in the planning and modeling of the EVBRSs, all details for the
EVBRS’s performance and customer satisfaction should be considered.
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13.2.3 Combining the PV System with a Station

The presence of renewable resources, such as the PV system, will help us to reduce
the number of pollutants in the main target of EVs. If the EVBRSs need power for
charging EV, these resources will charge the battery at the EVBRSs. Otherwise, the
product will be sold directly to the network. This keeps the network stable in peak
times.

13.3 Uncertainties

Uncertainty in the parameters and decision variables is one of the main challenges in
any system that can remove the system from its optimal point. Therefore, it is
necessary to study these uncertainties for better decision making and proper plan-
ning. The market price causes the uncertainties, the amount of demand, the initial
charge rate of batteries, and the amount of PV production in the EVBRSs. Various
methods have been used to solve these uncertainties in different articles. In this
chapter, the IGDT method has been employed to investigate existing uncertainties.
Also, unlike the robust optimization method, this method does not need to determine
the maximum uncertainty limit for non-deterministic parameters in this regard, it is
more flexible.

13.3.1 Information Gap Decision Theory

IGDT method is one of the most powerful methods in describing the uncertainty
[20]. Unlike some methods such as Monte Carlo and random planning (scenario
based), this method does not require the probability density function of the uncertain
parameters in the problem; robust decision-making is used against the drastic
uncertainties. IGDT method is seeking to determine the maximum uncertainty
permissive limitation for non-deterministic parameters, till the objective function
doesn’t fall outside the scope which determined by the decision maker [19, 21]. If the
uncertain parameter value in the IGDT is different from what is anticipated, there are
two strategies for designers: Risk-taking strategy and risk-averse strategy, in this
chapter risk-taking strategy has been used. This strategy is about the state in which
the uncertainty of the non-deterministic parameter has an undesirable effect on the
objective function of the problem. In other words, the true realization of the
uncertain parameter causes to increase the objective function amount from its base
state. Therefore, this strategy seeks to find, which amount is specified and
predetermined for getting the worst objective function of its base state; the maximum
uncertainty limit for a non-deterministic parameter. The decision variables should be
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Fig. 13.1 Performance of IGDT

uncertainty

obtained in such a way that the actual objective function (f) is against the deviation
of non-deterministic parameter y than the predicted amount 7 is calculated optimally
when the objective function is rousted against the maximum uncertainty limitation,
robust decisions are gained. In other words, the decision maker will be sure that the
non-deterministic parameter changes in the uncertainty range, the amount of the
objective function won’t exceed from the limitation, which is intended to determine
the uncertainty range of the non-deterministic parameter. The mathematical formu-
lation of this strategy is as follows (13.1, 13.2, 13.3, and 13.4) (Fig. 13.1).

R, = Max,a
Hi(X.7) <0
Gi(X,7) =0

s

Y

fley) <A

Ae=fpXoy) x (1 +p)y €T

13.4 Problem Formulation

(13.1)
(13.2)
(13.3)

(13.4)

Different methods have been used to simulate EVBRSs in various chapters. In this
chapter, by using reference [10] and modifying it, EVBRSs is simulated. The

formulation and explanation of these are discussed below.
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13.4.1 Objective Function

The goal of this modeling is to maximize the benefits of EVBRSs as well as buying
and selling energy. It should be noted that this model is intended to penalize the
EVBRSs for inability to provide the demand of consumers. Also, in the case of the
lack of charging at the time of replacement, according to the price of the replacement
is reduced to the percentage of the lack.

Maxobj = profit = BSR x » > "Xi, — VOCD x Y _bat}""—

icl teT teT
BSR x > > "SOCH™™ — N ") x (em™ — PV})+ (13.5)
icl 1eT el '
> i x (em" + PVY)
teT

13.4.2 Constraints

The level of SOC in each gap time is given in Eq. (13.6). If the battery is replaced at
the desired time, the SOC value is equal to the initial charge of the battery, and in
case of non-replacement x = 0, the amount of battery charge is obtained from the
charge in the previous hour and the charge or discharge rate of the battery.

. bat®s
Soci; = Socgt x (1 —X;,)+ (Soci,z 1+ bat?’,’ x gt — —H )

L ;/ldlS
x (1= Xis) + Socli" x Xi, (13.6)
0 < Soc;; < Soci™ (13.7)
F x Socl™ < Soc" < D x Soc™ (13.8)

To meet the demand of the first hour, some fully charged batteries are considered,
which is shown with Socgl. The initial charge rate of batteries delivered by con-
sumers to the EVBRSs for recharging is shown by Soc!"

The following formula is used to obtain the value of bar"" in each time

S X+ bat! = N, (13.9)

NMin < N, < N (13.10)

short

The amount of lack of chargeSoc;;*" is gained from Eq. (13.11):
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Soci,—1 + Soc}" > BC™ x X;, (13.11)

This formula has maximum nature, and it causes to increase the amount of charge
and decrease Socfh”” of the battery during replacement.

To limit the charging and to discharge operation, the charging and discharging
capacity of the existing chargers should be taken into account. There is no possibility
of charging or discharging during the replacement operation.

bat™ < ™ x (1 - X,,) (13.12)
P,‘;’; <M x (1= Xiy) (13.13)

The amount of charging in each period of time should be between the minimum
and maximum of charger capacity.

u < < (13.14)
The amount of energy purchased and sold is modeled as follows:

em huv _ sall ZPch Pfl;s ( 13. 15)

To avoid charging and discharging and selling and purchasing simultaneously,
the following formulas are used:

bat™ <y, x a;, (13.16)
batffg <, x (1 —aj) (13.17)
em™ <M x ¢ (13.18)
em <M x (1—¢) (13.19)

13.5 Model Assumptions and Simulations

Simulation of the proposed model is done in GAMS software, and the DICOPT
solver for the MINLP model and the CPLEX solver for the MIP model are used in
this chapter. At the EVBRSs, there are about 500 batteries of 24 kWh and
130 chargers of 15 kWh. For each battery replacement, BSR $70 is considered.
The inability to respond to customer demand VoCD a fine of $200 is considered.
The energy price of the PJM electricity market for the date of 2017/05/01 is given
in Fig 13.2. The maximum Soc”“’” is considered 25%. Five fully charged batteries
are considered to meet the needs of the first hour in the model. In the EVBRS’s
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Fig. 13.2 Electricity Market price

uncertainty check section, a maximum of 10% reduction in the EVBRS’s profit for
the operator is considered (Fig. 13.2).

13.5.1 System Simulation Results

In this section, the base EVBRSs status is examined. The demand for different hours
is shown in Fig. 13.3. The initial battery charge level between 15% to 35% of the
battery capacity is altered. And also the maximum amount of energy in each battery
during replacement is considered 25% of battery capacity. If the demand increases,
the objective function will also increase. The results of the simulation are as follows.
The amount of the objective function is $38805.270. The total power purchased
during 24 hours is 15018.993 kWh, and the amount of power sold to the network is
3039.045 kWh. The amount of selling and purchasing power in each hour is depicted
in Fig. 13.4. Figure 13.5 shows the power generation of the PV system. During the
24 hours a day, the battery replacement was done 555 times for different consumers.
The amount of Socfft"’” and Soc;‘i"’” in this case and in each gap, times are zero.

By maximizing the uncertainty, caused by the initial charge rate of the batteries in
each period of time (a = 1), the objective function will decrease by less than 1%.
That reduction can’t exclude the objective function from the specified range by the
operator. In this case, the benefit of EVBRSs will be reached $38711.045. Also, by
maximizing the uncertainty range resulting from the production of the PV system,
the amount of EVBRSs profit will be reached $38,641,403. This reduction in the
objective function will be less than 1%. In this chapter, the uncertainty of market
price, decrease and increase in prices are investigated in two scenarios. By consid-
ering the scenario of market prices reduction, the profit of the EVBRSs increases.
This increase in profit improves the objective function. But by examining the market
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price rise scenario, with the maximum parameter range radius, the station’s profit
margin decreases. But by studying the market price rise scenario, with the maximi-
zation of the uncertainty parameter range, the profit of EVBRSs will be reduced.
However, due to changes in the way of EVBRSs schedule, this reduction in profits
will affect less than 1% on the objective function. In this case, the amount of
EVBRSs profit will be $38,750,038. Regarding the results obtained from the
investigation of the uncertainty caused by the demand, we find that the most impact
on the objective function is due to the planning of this uncertainty parameter.
Figure 13.6 shows the range of changes in demand. In this case, two scenarios of
decrease and an increase in demand have been examined. By considering the
scenario of decreasing demand and taking into account the permitted range of
objective function reduction of 10% (p = 0.1), the maximum demand reduction
range occurs from the amount of alpha at the same time interval on the system
stability boundary. In this case, the demand is as shown in Fig. 13.7 and the amount
of the objective function are $34,924,743 which decreased by 10% compared to base
station status. This is the worst scenario for the EVBRSs. By contrast, by examining
the scenario of increasing demand, we found that by maximizing the demand in each
time interval (e = 1), the revenue of EVBRSs increases significantly and equals
$45045.78. This scenario is the best mode for the EVBRSs.

13.6 Conclusion

According to the content presented in this work, the creation of appropriate infra-
structure for the development and creation of a suitable mark with the ability to
compete with internal combustion engines is based as one of the research interest in
this area. In this study, a suitable method for optimal operation of the EVBRSs is



13 Optimal Operation of Electric Vehicle’s Battery Replacement. ..

Demand (kW)

323

60
50
40 ‘/
30
20
10

1234567 8 9101112131415161718192021222324

Time (Hour)

o\ o—

Nbase

Fig. 13.7 Demand with the most uncertainty set

proposed, and the results indicate that planning can be profitable for the operator.

The station p

rofit in the base mode is $38,805,27. In addition, IGDT method is

utilized to address the uncertainties. With this risk management method, the effect of
each non-deterministic decision variable in the objective function is obtained, in

order to achie

ve robust planning against the maximum range of uncertainties.

Appendix A

The nomenclature is shown below.

Indices

T Index of the time period

1 Index of batteries

Weglineq Total constraints of equal and unequal
Parameters

y Non-deterministic parameter

A The critical amount of the objective function

o The deterministic amount of the objective function
p The degree of bearing increases the objective function
M A big integer number

BSR Battery replacement cost

VoCD The cost of customer dissatisfaction

0t Charge efficiency

s Discharge efficiency

Binary Variab

les

Xi, ¢

The binary variable of battery replacement

aj ¢

The binary variable of asynchronous charging and discharging of batteries

Ct

The binary variable of asynchronous purchasing and selling energy

(continued)
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Integer Variable

bmfh‘”’ The lack of battery numbers to meet the needs of customers in each hour
Variables

of Objective function

R, The non-deterministic parameter uncertainty range

X Decision variable

a Maximum range of non-deterministic parameter

r Uncertainties

Py, The amount of solar system production in each hour (kW)

PV! The amount of solar energy production used to charge the batteries of EV (kW)
PV? The amount of solar energy production used to sell to the network (kW)
Socff,’"”’% The percentage of energy loss in each battery per hour

A The price of energy in each hour ($/kWh)

emf“’v The amount of energy purchased in each hour (kWh)

emse!! The amount of energy sold in each hour (kWh)

Soc; The amount of energy in each battery per hour (kWh)

Socg, The amount of energy in each battery in the first hour (kWh)

bazz’; The amount of charge in each battery per hour (kWh)

batjff The amount of discharge in each battery per hour (kWh)

Sgcg;" Initial charge rate in each battery per hour (kWh)

e The amount of battery power per hour (kWh)
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Chapter 14 )
Participation of Aggregated Electric e
Vehicles in Demand Response Programs

Maedeh Yazdandoust and Masoud Aliakbar Golkar

14.1 Introduction

According to the report published by the international energy agency (IEA), about
30% of energy consumption and 61% of petroleum consumption is related to the
transportation system [1]. This increase in energy consumption rises economic and
political concerns, and by considering environmental concerns, EVs stand in the
center of attention as an alternative option [2]. The main reasons and motivations for
utilizing EVs are summarized as follow:

* their capability of increasing the energy security

* their capability of reducing the fossil fuels cost

* their capability of decreasing the greenhouse gases

* their capability of increasing the penetration of renewable resources [3]

* their capability of storing energy to compensate for the renewable energy uncer-
tainties [4]

* their capability of reducing the cost of establishing new power plant [5]

On the other hand, implementing Demand Response Programs (DRPs) as one of
the most important resources to mitigate the power losses by smoothing the load
profile, becomes widespread. In addition, DRPs provide lots of advantages for
consumers, aggregators, and utilities, that can be summarized as follow:

* Benefits from relative and absolute reductions in electricity demand

e Benefits resulting from short-run marginal cost savings from using demand
response to shift peak demand

* Benefits in terms of displacing new plant investment from using demand response
to shift peak demand or respond to emergencies;

* Reducing Network Losses

M. Yazdandoust (0<) - M. A. Golkar
Faculty of Electrical Engineering, K. N. Toosi University of Technology, Tehran, Iran
e-mail: golkar@kntu.ac.ir

© Springer Nature Switzerland AG 2020 327
A. Ahmadian et al. (eds.), Electric Vehicles in Energy Systems,
https://doi.org/10.1007/978-3-030-34448-1_14


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-34448-1_14&domain=pdf
mailto:golkar@kntu.ac.ir

328 M. Yazdandoust and M. A. Golkar

* Increasing reliability of power systems

* Better integration of renewable energy sources in power systems
» Reducing the cost of electricity generation

¢ Reducing emissions of greenhouse gases [6]

Due to the high price of fossil fuels and high CO, emissions, electric vehicles
could be widely used in future transportation systems to reduce both fossil fuels
consumption and CO, emissions. Many studies have been done considering the
impact of EVs on the power systems. Most of the research has expressed that the
impact of EVs is closely related to the schedule of charging and discharging process
and moreover the electrical tariffs [7, 8]. Soares et al. [9] evaluated the impacts of
EVs on the power systems by using a simulator. Furthermore, the effect of charging
process on bus voltage can be studied by the same method.

Besides the advantages of EVs mentioned above, the energy demand will be
increased due to required energy for charging a large number of electric vehicles.
This demand increase will lead to a significant new load on the existing energy
distribution systems when vehicles are being charged. Therefore, due to the limita-
tion of distribution system capacity and EVs that should be charged during the
specific period, the process of charging should be controlled. This control should be
done to prevent overload and increase the stability of the system. In [10], a demand
response strategy is proposed for identifying overloaded transformers and remove
the problem in case of using the electric vehicle with other loads. In this way, a
demand response strategy is used to reduce the loading of distribution transformers.
In [11] association of EVs in demand response program is proposed. The main aim
of this paper is to shift the specific loads from peak hours to off-peak hours and to
study the impact of V2G and G2V options.

To deal with this issue, smart charging and discharging of EVs is highly
recommended. In this way, by managing the charging process by shifting the
charging process to the off-peak hours, the load profile of the system will be smooth.
As aresult of this, power losses and operation costs of the system will be decreased
[12]. However, coordinated charging behavior of EVs should be considered. In the
presence of a large number of EVs, demand response flexibility of the whole loads
should be evaluated to design the smart charging scheme and the maximum charging
delay that each EV can stand should be calculated [13]. In [14], the natural charging
behavior characteristics of the large number of EVs is proposed through stochastic
simulation.

Another solution is the implementation of demand response programs. DRPs
cause changing in consumers behavior due to the different electrical tariffs or
incentives which is done during high wholesale market price and when the reliability
problem occurs [15].

Integration of EVs in DRPs has many advantages for utility, EV owners, and PL
operators. In [16], utility benefits consist of charging/discharging vehicle benefit,
increasing the reliability of the system, and loss reduction benefit was studied.

Although the penetration of EVs in power system leads to some problem men-
tioned above, they are in the center of attention due to their capabilities which help
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Fig. 14.1 the main

categories of DRPs Demand Response (DR) Programs
\i \
Insentive-based DR Price-based DR
1. Direct load control (DLC) 1.Time-of-use tariffs (ToU)
2.Curtailable load (CL) 2 .Critical peak pricing (CPP)
3.Demand side bidding (DSB) 3.Real-time pricing (RTP)

the power system. For example, their capability to behave as a shiftable load in peak
hours which can postpone the charging process and their energy storage capability
that helps the power system in this period [17].

With proper charging and communication infrastructure, EVs may eventually
either turn into Interruptible Loads (IL) when plugged in for charging or act as grid-
able storage responding to the pricing commands [18].

Since the generation of renewable resources has some uncertainties, the impor-
tance of using energy storage systems to manage these fluctuations becomes clear.
EVs, as one of the energy storage resources, could take part in this process by the
integration of EVs in DRPs [19].

Studies show that by the implementation of DRPs, greenhouse gases emission,
and cost of the power system in the presence of EVs have been reduced. In this way,
the two main goals of implementation of DRPs are fulfilled.

In this chapter, the main aim of implementing DRPs is described, and the benefits
of cooperative participation of costumer and utility in DRPs displayed. In order to
perform the DRPs in a different situation, various types of programs will be
presented. The main categories of DRPs are shown in Fig. 14.1.

The demand response capability of EVs will be described and analyzed in Sect.
14.3. This section is categorized in two main groups as follow:

¢ Charging and discharging behavior of EVs
* EVs as responsible demand

In Sect. 14.4, the optimization problem of the smart distribution system and
electric vehicle parking lots in the presence of EVs is formulated, and the constraints
and uncertainties are described.

Finally, the conclusion will be presented in Sect. 14.5.
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14.2 Demand Response Definition

Demand response (DR) has been widely documented as a potential solution for
several challenges the electrical power system is facing. Some of these issues are the
integration of intermittent renewable electricity generation and maintaining system
reliability under rapid and global electrification.

Electrical power systems are currently in a phase of transition. Part of this
transition is a paradigm shift towards more utilization of demand-side flexibility.
Traditionally, the balance between supply and demand is ensured by using supply-
side flexibility. The flexibility of consumers’ power demands is traditionally only
actively used for large industrial consumers at high power levels. With the advent of
smart distribution systems; however, there has been increasing attention for the
potential use of demand side flexibility for residential consumers as well. The
usage of demand side flexibility sources is what is usually referred to as demand
response (DR).

A demand response program tries to influence consumers to change their elec-
tricity consumption behavior in response to a signal such as dynamic prices or
incentive payments. These different types of demand response implementations
will be discussed [20].

As mentioned before, the implementation of DRPs has lots of advantages for
consumers, environment, and utilities, which can be summarized in Table 14.1 [21].

14.2.1 Types of DR Programs

A demand response program can be implemented in several forms. They can be
divided into two main groups based on how behavior changes are obtained:
incentive-based and price-based programs. In price-based programs, consumers
react to an electricity price signal, while in incentive-based programs, they receive
incentive payments independent from electricity price.

Table 14.1 advantages of DRPs implementation

Consumers

Environment

Utilities

Supply electricity demand
improvement

environmental degradation
reduction

Operational cost reduction

Electricity bill reduction

Resources consumption
reduction

System efficiency
improvement

Service quality improvement

Environmental protection

Electricity generation cost
reduction

Lifestyle improvement

Greenhouse gases reduction

System reliability
improvement
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14.2.1.1 Incentive-Based DR

Depends on the way in which the demand change is triggered, and the form of the
incentives this type of demand response programs can be categorized into three main
groups:

1. Direct load control (DLC): These programs usually involve an aggregator as a
third party, who is given direct control over some of the consumers’ appliances.
The aggregator can then offer the flexibility of a group of consumers on the
market and makes incentive payments to the consumers in turn.

2. Curtailable load (CL): Here, utilities also issue requests for decreasing or increas-
ing demand, but the end-user remains in control over their own appliances.
Consumers are rewarded with bill credit or participation fees for following
these requests. Failing to do so will typically result in penalty fees.

3. Demand-side bidding (DSB): In these programs, consumers can bid on load
reductions in a dedicated market. If their bid is cleared, they are obliged to change
load accordingly.

14.2.1.2 Price-Based DR

This type of program tries to influence consumption behavior by providing an
electricity price that varies over time. This price would be in contrary to a flat rate
model where the price is the same at every point in time and has three main groups:

1. Time-of-use tariffs (TOU): This market model divides the day into different
periods in which different electricity prices are applied. Typically, these periods
and prices are fixed over a longer time. A typical example of TOU is a different
tariff for day and night.

2. Critical peak pricing (CPP): This pricing is mostly used in the form of an extra
component to a flat rate or time-of-use tariff. The CPP component adds an
additional part during a limited number of peak hours per year.

3. Real-time pricing (RTP): This tariff scheme provides a price signal that varies
hourly, reflecting the changes in the electricity spot price. Consumers can be
notified of the price on a day-ahead or hour-ahead basis [22].

14.2.2 Customer Response: Electric Vehicle

The main purpose of the demand response program (DRP) implementation summa-
rized in two sections: (1) energy efficiency (EE) and (2) load shifting, by the aim of
load profile flattening.

In this way, EVs, as an electricity consumer, increase the total consumption of
energy. However, by using the smart charging capability of them, they could be an
excellent resource to achieve the second aim of DRP implementation.
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In power system operation, minimizing the fluctuation of the demand and satis-
fying electricity demand during peak load period are the primary concern. On the
other hand, by increasing the number of EVs in the system, these issues become
more important.

By considering the flexibility of demand on the customer side and EVs as
shiftable loads, implementation of DRP could be a wise approach to overcome
these issues [23].

14.3 Demand Response Capability of Electric Vehicle

By increasing air pollution and global warming crisis, the usage of electric vehicles
is growing all around the world. Therefore, the integration of EVs into the power
system and its impacts on the grid is not negligible in recent years.

Loading demands are various in different hours of a day. This difference means
the residential loads consume more power at nights, which cause peak demand in
these hours and light demand right after that. On the other hand, power losses and
overloading of transformers and line are the main concern in power system opera-
tion. In this way, demand response plays an important role in peak shaving and
valley filling by shifting some loads from on-peak hours to off-peak hours. More-
over, by smoothing the load profile, it can reduce power losses.

Studies show participating EVs in DR programs can have a positive effect on load
profile. This participation can occur during the charge and discharge process of EVs.

Cost reduction effects, the comfort of users, and power loss, as well as some
standards of these smart charging, should be considered as summarized below:

» Charging EVs without considering its impacts on the power system causes higher
peak demands. DR programs that focused on discharging during peak hours and
start charging just after peak hours, effectively helped peak shaving and valley
filling. As a result, the total electricity bill decreased in spite of the increase in
some of the off-peak hours.

* Using the DR capability of the EVs by managing the charging process in both
V2G and G2V modes is an effective way to reduce the operational costs of the
system and satisfying the electricity demand as well.

* In spite of the advantages provided by smart charging, power losses due to the
numerous charge and discharge process will be increased. Besides the required
infrastructures made these process more complicated.

* EVs can also operate in vehicle to grid (V2G) mode, in which they send power
back to the grid. In this situation, a central control system is needed to commu-
nicate between the utility demand and SOC of EVs battery. Some standards
indicate the infrastructures and requirements for this kind of communication [24].

By considering the massive penetration of EVs and advantage of the implemen-
tation of DRP in smart grid, integration of EVs in DRPs become an essential issue
nowadays. In this way, the role of EVs as a part of DRP in both smart grid and
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parking lots should be investigated. Besides this, the model of DR and types of DRP
that can be performed for EVs must be extracted, and for the last step, the perfor-
mance of EVs in each DRP should be analyzed.

For the implementation of DR programs for an electric vehicle, various informa-
tion should be gathered. Some of these data are as follow:

* Price of charge/discharge

* Time of charge/discharge

¢ Operation of parking lots

» Traveling distance of the vehicle

e Vehicle traveling time features

* Real amount of generation (based on the number of vehicles, state of charge and
owner’s permission)

By considering the availability of these data, the next step is finding appropriate
demand side management (DSM) programs for EVs participation. Among different
kinds of DR programs that explained in the previous subsection, the DSM schemes
that would be available for the electric vehicles will be discussed in the
following [21].

14.3.1 Charging and Discharging Behaviour of EVs

Electric vehicles as shiftable loads in charging period and as DGs
in the discharging period

Most of the times, vehicles are parked at homes, streets, parking lots, or garages;
hence, EVs battery capacity can be fully utilized during such times. Therefore, EVs
could serve as decentralized energy storage in a smart grid and can act as either a
load or a generator as needed.

Considering EVs as shift able load, make this concern about the time of the second
charging occurs. One of the technologies that can be used for this issue is basic
timers. In this way, EV owners connect their cars as soon as they arrived home.
However, the charging process could be postponed to the other time by considering
the cost of electricity. Otherwise, EV owners may start charging process as soon as
they arrive home since if they don’t, they may forget charging their vehicle.

In vehicle to grid operation, it should be considered that this process causes
battery degradation and decrease the efficiency of the system though, it provides
advantages both for customers and utility. In order to overcome the battery degra-
dation issue, advanced battery technology could be a reasonable candidate. Since
EVs as an important part of the system could be more effective if they operate in both
V2G and G2V mode and in the large numbers.

Beyond enabling technology, various rate structures can be used to provide
incentives for EV owners to take advantage of the enabling technology.
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Considering these capabilities of EVs mentioned above, and the benefits of
implementing demand response programs in smart grid, integration of demand
response using the electric vehicle in the smart grid would be a good idea.

Charging Scheduling Scheme in Parking lots

By increasing the number of EVs, establishing parking lots with enough poles to
cover this number of requests is not negligible. In this way, parking lot owners
introduced to manage the process of charging. In order to evaluate the operation of
parking lot owners, the power sent to parking lots from the utility (G2V) and the
power sent from parking lots to utility (V2G), should be calculated in both energy
and reserve markets. Actually, in the demand response events, the time that EV
owners parked their vehicle, and the expected SOC at the departure time, besides all
constraints and uncertainties should be considered [25].

As mentioned, establishing parking lots in a smart microgrid (SMG) to manage
and cover the large numbers of EVs is not negligible. By considering the energy
storage capability of EV, in the situation of over generation, energy could be stored
in EVs batteries and consumed in the peak hours. On the other hand, in the case of
day-ahead market notice, EVs could participate in both energy and reserve markets.

In the following, the operation of EVs in a residential area is investigated,;
however, EVs in parking lots due to the two main reasons are more important.
Actually, the main factor in parking lots is a large number of EVs that can be
controlled at the same time. By considering a large number of flexible loads can
participate in demand response programs, all the EVs could be charged, and all the
curtailments will be satisfied.

In order to evaluate the operation of different parking lots in DR events, types of
parking lots should be considered. There are three types of parking lot based on the
location.

* Residential parking lot
¢ Commercial parking lot
 Industrial parking lot

Each of these types is suitable for the specific mode of EVs operation (V2G or
G2V). For example, as the residential and industrial parking capacity is not available
during daytime, they more tend to operate in G2V mode. On the other hand, as the
commercial parking capacity is available during daytime, the EVs could operate in
G2V mode in these parking lots. In addition, due to the traffic in the commercial
parking lot, they are not a proper candidate for operating in V2G mode.

Studies show, participating in price-based demand response programs have cost
reduction benefits for parking lot operators. However, participating in incentive-
based demand response programs depends on the parking lot pattern, and they may
not have an acceptable operation in both G2V and V2G mode [26]. This problem
happens due to the different available capacity of parking lots.



14 Participation of Aggregated Electric Vehicles in Demand Response Programs 335

Charging Scheduling Scheme in Residential Area

Vehicle to building (V2B) is defined as exporting electrical power from a vehicle
battery into a building. V2B considers EVs batteries as a generation resource for the
buildings via bidirectional power transfer at certain periods, which could increase the
flexibility of the electrical distribution system operation.

It is expected that V2B operation improves the reliability of the distribution
system and provide extra economic benefits to the vehicle owners. Furthermore,
V2B reduce the home or building electricity purchase cost based on DSM programs
with customer incentives.

The objective of DSM is to improve the reliability of power supply for the
building and create revenue. For demand side management, the peak load shifting
strategy using EVs can reduce peak load demand and energy consumption. In turn, it
will reduce the electricity purchase cost for the customer and vehicle owner [21].

Due to the increase of EVs penetration and limitation of residential given
demand, consumers satisfaction become an important issue. Implementation of
demand response programs in residential level can be performed in two layers: the
neighborhood area network (NAN) and the home area network (HAN). Actually, the
main purpose of DR implementation in a residential area is to supply EVs charging
demand so that the satisfaction level of consumer do not disturb.

To evaluate EVs in a residential area, loads divided into two main categories. The
first group is shiftable loads that can be shifted to the other time due to their
flexibility and less importance. The second group is non-shiftable loads that cannot
be shifted to the other time.

The traveling duration of the EVs, the place, and the duration of the EVs parked
in that place are the important items in analyzing their charging profile. Since EVs
plug-in time follows a normal distribution curve, the normal PDF use to present the
EV plug-in time.

The main concern in the residential area is the peak hours that occur in the
evening due to the charging of arrived EVs and the peak demand of the system.

The layers of DR implementation are as follow:

A. Implementation of demand response through NAN strategy

In this strategy, to determine the impact of the presence of EVs in the distribution
system, the peak load of the system in the absence of EVs should be specified as the
maximum demand. Then each house determines its maximum demand so that the
summation of all the houses demands do not exceed the maximum demand level of
the system. Figure 14.2 shows the way in which the amount of demand dedicated to
each house is specified.

This strategy is explained as below:

All the houses demand sorted from maximum to minimum at first. Then the
maximum demand of the household section (DL;, dashed line) specified so that the
summation of all the houses demand do not pass the peak load in the absence of EVs.
As illustrated in Fig. 14.2 the houses which their consumption is more than the
maximum demand of the household section, including in the demand limitation.
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Fig. 14.2 Implementation 4
of demand response in NAN
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where D,,; and L,,; show demand of the m'™ house after DR (kW) and original
demand of the m™ house in time slot i respectively, and DL,,,,;; shows available
supply (kW) of the distribution circuit of interest in time slot i.

B. Implementation of demand response on HAN strategy

Loads in the residential area divided into two main categories. The first group is
shiftable loads that can be shifted to the other time due to their flexibility and less
importance. The second group is non-shift able loads that cannot be shifted to the
other time due to their importance. In this strategy, shift able loads are controlled by
HAN based on their determined maximum demand. For the implementation of DR
in a residential area, customers preset some of their loads as shift able loads that can
be controlled by HAN control center. In this way, if the demand of the household is
more than the determined limit, HAN control center do not support the specific shift
able loads in that time. Actually, in this situation, DRPs applied in the system. The
implementation of the DRPs in the HAN strategy has three steps that described as
follow:

Step (1) In this way, customers based on the importance of the loads and their
appliance, prioritize them so that some loads are the first priority and the other
will be in the next priority.

Step (2) In this way, customers organized and schedule their loads. For example, the
time of the washing machine job and temperature limitation of the room could be
scheduled in advance.
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Step (3) In the last step, based on the priority allocated in step 1 and the preset
schedule in step 2, the demand response program will be performed. Demand
response program in the HAN strategy will be performed as follow:

 In the situation that demand exceeds the determined limit, EVs will be stopped
charging

» If the HAN control center estimates that EVs need more time for charging, the
EVs charging resumed

it should be noted that in HAN strategy, customers can apply changes in both step
1 and 2 in different time of the day [27].

14.3.2 EVs as Responsible Demand

Modeling the Demand Response Programs

The main purpose of DR implementation is to change the customer’s behavior based
on the price changes. Actually, these price changes could be as a result of price-
based DRPs and their tariffs or incentive-based DRPs, and their incentive or penalty
applied to customers.

By considering that as a result of price changes, customer’s demand change from di,“i
to d; at hour ¢, so that the impact can be formulated as follow:

Ad; = d™ — d, (14.2)

The amount of incentive, {,, based on the rate of the incentive of reducing the
demand (Inc,) is expressed as:

¢, = Inc,Ad, (14.3)

Similarly, the amount of penalty, &, based on the rate of the penalty of not
reducing the demand (Pen;) can be formulated as:

&, = Pen, (df”’" — Ad,) (14.4)

where d¢”"" denotes the contract level for hour 7.
The customer’s benefit, B, at hour ¢ can be obtained as follows:

B, = Revenue; — d, A, + Inc;Ad, — Pen; (dt“”” — Adt) (14.5)

where, Revenue; is the customer’s revenue from consuming d kWh energy in #-th
hour. The second item of Eq. (14.5) refers to the amount of electrical energy
consumed by the customer. The cost of energy at hour # in addition, as mentioned
above, the third and fourth items are related to the incentive of reducing the demand
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and penalty of not reducing the demand at hour ¢, respectively. In this way, the total
benefit can be obtained through Eq. (14.6) presented as below:

T
By = Z (Revenue, — d,2; + Inc,Ad, — Pen,(d{" — Ad,)) (14.6)

t=1

Actually, the total benefit is a good factor that helps customer to decide how to
behave in case of price-based and incentive-based demand response [25].

EV in price-based DR Tariff

Time-of-use, critical peak pricing and real-time pricing are kinds of priced-based DR
tariff. In the time of use tariff, customers based on the different tariff that noticed by
utility companies can easily manage their consumption. In critical peak pricing,
tariffs are a bit higher in specific hours of a day, and in this way, customers decide
whether to participate in this type of DR or not. Actually, this type of DR is more
complicated than TOU due to the time limitation of applying tariff. In real-time
pricing events, electricity tariff announced by the utility in the day-ahead market and
based on this, customer manage their consumption behavior. Due to the limitations
and complication of CPP and RTP tariffs, TOU is more popular among residential
customers [28].

TOU and CPP tariffs are the most effective DSM schemes that usually use for the
participation of EVs in DR programs. In TOU tariff, EV owners and EV aggregators
charge and discharge based on different tariffs announced by utility companies.
Economy 7 and Economy 10 are differential tariffs available in the market. In
Economy 7 tariff, energy consumers get a lower price between 0:00 AM -
7:00 AM, and in Economy 10 tariff energy consumers get a lower price between
8 PM — 8 AM. In CPP tariff energy consumers noticed for higher energy rates for
selected hours/days.

The price changing event is a reasonable operator that encourage consumers to
shift the EV charging process. It is difficult for the utility to make a tradeoff between
the shift able loads and the incentive cost that should be paid to the customer in
exchange for this behavior.

Performance of EV in price-based DR programs

In order to analyze the performance of EV in price-based DR programs, the price
changing event and the motivation of EV owners to change their charging behavior
should be considered.

T0U

First of all, the time of use tariff is presented, and its assumptions and constraint are
formulated. In this way, by considering the evening as off-peak hours, T and 7, as
the beginning and the end time of this period, respectively; the maximum amount of
charging can be formulated as follow:
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where E is the maximum amount of charging in the evening, Pgy and 5 are the
charging power provided by the utility and charging efficiency, respectively. The
minimum SOC of EV at T, should be as follow to guaranty that vehicle battery is
charged up to the expected level at the departure time.

PEV~(Te — TS)T’]

SOCin =1 —
nin EEV

(14.8)

where SOC,,;, is the minimum SOC of EV at T and Efy is the battery capacity of
EV. Actually, in order to postpone the charging process, the SOC of EV should be
more than SOC,,;,. Otherwise, the charging process should be started before 7 to
guaranty that vehicle battery fully charged before the departure time. In this way, the
appropriate time to start charging can be achieved as below:

_ Egy.(1-50C1,,.))

L, =T. Pry.n

(14.9)

where SOC (T, en:) 1s the current SOC of the vehicle battery.

In the case of discharging, the process could be started if SOC(T,,,renz) > SOC i
If it is so, the economic aspect of the discharging process can be formulated as
follow:

Csale = Ccurrent-rlcha"/ldis (14 10)

where C,,,ren; and 74, are the electricity price at the current time and discharging
efficiency, respectively. Moreover, Cy,, is the sale price in the case of discharging
by considering EV efficiency.

Actually, the discharging process of EV should be started whenever the utility
couldn’t supply a large amount of demand.

According to the above, the discharge is implemented by considering the follow-
ing constraints:

{ Ceqsale > Cuverage (1411)

Ptolal > Pmax

where P, and P,,,, are the actual power demand and expected power demand by
the utility, respectively.

The discharge operation following the procedures in the Fig. 14.3.

The above-mentioned formulations are available for TOU and RTP events as
well [29].
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Fig. 14.3 Flowchart of Start
discharging process of EV
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CPP
In this part, critical peak pricing tariff is presented, and its assumptions and con-
straint are formulated.

The pricing of CPP by considering assumptions and constraint can be formulated
as below:

: M M+N
min [0 (PE, = PI) + 300 PY, < 80, (14.12)
EV PtC;Lm
AQ i = O, X 3 (14.13)
t+m
M M+N
Z,nzoAQl+m = Zn:m AQ iy (14.14)
MAQi”" <6 (14.15)
Zm:OAQhLm
Py >0 (14.16)
Orem = PrL,y, (14.17)
C

The objective function in this tariff could be modeled as Eq. (14.12), where P,
refers to the price in the critical peak situation at time ¢ + m in which m illustrate the



14 Participation of Aggregated Electric Vehicles in Demand Response Programs 341

length of CPP event, P}, and P}, refer to the price of the wholesale market at time
t+mand t + n, respectively. AQ, , ,, refers to the amount of EV energy that could be
shifted to the other time and AQ, , , refers to the amount of energy that could be
shifted to the ¢ + n time period.

For this objective function, some constraints should be considered that described
in Egs. (14.13), (14.14), (14.15), (14.16), and (14.17). These constraints illustrate the
connection between the price of CPP tariff and the amount of participation of EV

owners in CPP events [30].

RTP
In RTP tariff, every EV computes its willingness to defer charging through a
reservation price based on the remaining charge needed and the customer’s desire
to reach full charge and offers this price to the market operator. If the price is above
an EV buy price, it will forgo charging for the next period. If the price is above an EV
sell price, it will discharge energy back to the feeder during the next period.

The EV buy price is determined as:

Aty

Py =Py +PoK 3

(14.18)

where P,; and P, are the mean and standard deviation of the expected electricity
price over a time interval between the real-time and departure time. K is the
consumer comfort control setting, which enables the consumer to control its
charge/discharge behavior. The required time to fully charge is:

Atz = (1 — SOC) g (14.19)

where SOC is the battery state of charge, /3 is the battery capacity in kWh, and p is the
charging rate in kW. The available time until the departure is:

Aty = lgep — T (1420)

where 4, is the departure time, and 7 is the real-time.

Electric vehicles can also potentially discharge electricity to the power grid in
super peak times. Similar to the charge bidding strategy, every car can compute its
willingness to sell electricity to the grid based on the potential opportunity price of
recharging later. In the vehicle-to-grid case, an extra component is added to take the
battery degradation account. The EV sell price is:

ps=Xo i p, (14.21)
%y
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where # is the round trip efficiency and y accounts for battery aging. The cycling
cost, Pc, accounts for the additional degradation costs of using V2G, which for
SOC < 80% are estimated based on experimental data as:

Pc = %kz (14.22)
(SOC +0.4)

where k is battery capital cost in $/kWh; if SOC > 80% the cycle cost is zero. Py is
opportunity cost for discharging during the next time increment 6t [31]:

B Atgp + Ot
Po=Py+Ppk Aty — ot (14.23)

EV in incentive-based DR tariff

Direct load control, curtailable load, and demand-side bidding are kinds of the
incentive-based tariff. Among these three types of the tariff, DLC is more popular
between customers. In the case of peak load and increase in wholesale market price,
the utility companies have permission to control the specific load remotely by the
preset preference of customers. Actually, in this way, customers convinced to allow
the utilities to change their devices time of use or interrupt them [30].

Performance of EV in incentive-based DR programs

As mentioned before, DLC as a kind of incentive-based program has a basis of
implementation of EVs. When peak load anticipated, the operator looking for
interruptible loads and EVs as a flexible load can participate in DLC program.

For participation of EVs in DLC tariff some assumption should be considered that
summarized as follow:

» Itis assumed that all the EVs are plug-in in the case of DLC event are participated
in DLC program

e All the EVs by more than 1-hour charging duration, which connected to the grid
1-hour before DLC events, are suitable for DLC program.

e All the EVs by more than 2-hour charging duration, which connected to the grid
2-hour before DLC events, are suitable for DLC program.

¢ All the EVs which connected to the gird 3-hour before DLC events are considered
as uninterruptable loads [30].

14.4 Optimization

Optimization in the presence of EV investigated in the form of two subjects as
follow:

1. Optimization of a smart distribution company in the presence of EV
2. Optimization of parking lots
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Fig. 14.4 The Flowchart of
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Each of the items has its objective function, uncertainties, and constraints that
explained in following.

There are many optimization algorithms which are used in different papers such
as genetic [16], ARIMA [19], MILP [25, 34], etc. in following optimization process
presented in Sect. 14.4, MILP optimization algorithm is utilized.

To solving the optimization problem, the first step is defining the decision
variable and input parameters. Based on the [16, 19, 25, 34], the primary decision
variables in this phase are the number of EVs present in PLs, charging/discharging
schedule, and types of DR programs. Furthermore, the input parameters are mostly
SOC, arrival time, and departure time of EVs uncertainties, which expressed in
Egs. (14.24), (14.25), and (14.26), market uncertainties Eqs. (14.35) and (14.36),
PV, and Wind generation uncertainties.

In the next step, objective function and its items are calculated, which illustrated
in Eqgs. (14.27) and (14.37).

For the final step, after checking the constraints of optimization problem
Eqgs. (14.28), (14.29), (14.30), (14.31), (14.32), (14.33), and (14.34), conversion
investigated, and in this way, the optimization problem could be solved. The
flowchart of solving the optimization problem is presented in Fig. 14.4.
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14.4.1 Optimization of Smart Distribution System in Presence
of EV

To benefit the advantage of EVs operation in smart distribution systems (SDSs), they
considered as controllable loads. In this situation, by postponing the charging
process to off-peak instead of peak load period, the efficiency of smart distribution
systems will be improved. Actually, in this strategy, they consider a priority for
loads, and the one with less preference will be connected in off-peak hours. One of
the most important benefits of this charging mode is peak shaving that can be
occurred by implementing demand response problems in SDSs operation. By
increasing the penetration of EVs, the management and operation of the SDSs
become more critical. On the other hand, uncertainties of EVs and other elements
in SDSs such as renewable energy sources made it more complicated and should be
considered. Thus, optimal operation of SDSs by considering uncertainties and
constraint become an essential issue.

Both utility and EV aggregators try to reduce their cost. In the case of utility
companies, the operational cost will be reduced by the optimal operation of conven-
tional generation and renewable resources. Besides, in the case of EVs aggregators,
this goal will be ascertained by the optimal charging of EVs based on DRPs [26].

Uncertainties
Each part of the system based on their generation and operation have uncertainties.
In this section, the possibilities of EVs and RER generation are explained.

DGs Uncertainties
According to the topology of the system shown in Fig. 14.5, DGs are consist of PVs
and Wind power. Each of them has uncertainty due to the generation that depends on

Upstream Grid

Wind power PV unit

Fig. 14.5 Topology of the system [17]
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solar irradiance and wind speed, respectively. In order to model the impact of
uncertainties for these DGs, there are some standard probability distribution func-
tions (PDF) that can be used for each of them. These functions are summarized as
follow:

For wind power:

* Weibull PDF
* Rayleigh PDF
* Rice

* Lognormal

For PV:

* Weibull PDF
* Lognormal
* Beta PDF

Each of these PDFs has its characteristic and be chosen based on the specific
situation to approximate the nearest function to the real operation. Among the PDFs
mentioned above, Weibull PDF for wind power and Beta PDF for PVs are the most
common.

EVs uncertainty
As well as DGs, EVs have uncertainty due to some non-fixed items which are
summarized as follow:

* Type of EV from battery capacity and rate of charge point of view

¢ Routine traveling pattern from time of plug in and timespan of charging possi-
bility point of view

» State of charge of the battery at first and expected SOC when disconnected

e The schedule of charging/discharging process

There are some PDFs to estimate the timespan of charging possibility in PLs. One
solution to considering these uncertainties is Monte Carlo Simulation (MCS) which
presented in [32]. In the case of multi-variables functions that each of these random
variables has their PDFs, MCS used to obtain the PDF of this function. In this
method, the PDF of the function is estimated as a normal PDF with specific mean
and standard deviation. Presence possibility of EVs in PL i, in demand level of # and
each MCS, is estimated in Eq. (14.24):

ME = ufy 0.1 5 uly x A5 (14.24)

where My is presence possibility of EVs in PL i, in demand level of h, uf is
forecasted mean value of presence possibility of EVs in PL i, in demand level of
h and /lﬁ‘l/ is a random variable of EVs in PL i, in demand level of A.

In [16] to model the SOC uncertainty, the scenario-based approach is presented.
The distribution curve related to the scenario-based method is divided into several
areas and each area associated with the specific scenario. In this way, two central
values should be obtained from this distribution curve:
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Fig. 14.6 Initial SOC [33]

Fig. 14.7 Charging/discharging rates

1. Each scenario probability
2. Input variable average value

By considering five areas for initial SOC and three areas for charging/discharging
rates in the distribution curve and the scenario-based approach, the initial SOC and
charging/discharging rates can be calculated. The initial SOC and charging/
discharging rates illustrated in Figs.14.6 and 14.7, respectively.

To model the uncertainty of the charging/discharging process which is dependent
on the SOC, we have:

(SOCuax — SOC) x Egy

tcharge =
Pev (14.25)
(SOC — SOCmm) X EEV
Ldischarge = Pry

where Pgy is charging power provided by the utility, Egy is the battery capacity of
EV, SOC,,.. and SOC,,;, are maximum and minimum SOC, respectively.

In this way, the expected power of PL i in demand level of & and each MCS
obtained through Eq. (14.26):
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P = "N "CPix Pry x MY x SOC (14.26)

s=1 j=1

where CP; is the capacity of parking station i and SOC is the initial state of charge of
EV j in the scenario s.

Objective function

In smart distribution system consist of EVs, renewable energy resources (RERs),
parking lots, and customers, to manage peak load periods, all capabilities of the
component should be considered. RERs generation is one of the options that smart
distribution owners can count on them in peak periods to reduce the energy bought
from the wholesale electricity market. Customers, by participating in demand
response programs, can manage their consumption and shift their controllable
loads to off-peak periods. Besides this, intelligent PLs by scheduling charging and
discharging of EVs can play an important role in peak load periods. In this situation,
SDS should consider incentives for customers and EVs participating in DRP and
costs for EVs battery degradation in the recharging process as well.

Max OF = Revenue, + Revenue, — Costy — Costy — Costs — Costg  (14.27)

where:

Revenue;: This part related to the revenue earned in exchange for charging EVs

Revenue,: This part related to the revenue earned in exchange for customers
consumptions

Cost;: This part related to the cost paid for buying extra energy from the wholesale
electricity market

Costy: This part related to the cost paid to EV owners in the mode of V2G

Costs: This part related to the cost paid to EV owners in exchange for battery
degradation

Costy: This part related to the cost spent on DRP implementation

Constraints
For the above objective function, some constraints should be considered that
explained as bellow:

1. PV and wind power generation: as mentioned before, the amount of generation of
PV and wind power depended on solar irradiance and wind speed, respectively.
Therefore their generation is bounded by this issue.

2. Permitted voltage limitation: in optimal power flow, voltage drop, and overvolt-
age of all buses should be in permitted limitation.

3. Permitted line capacity: loading of each line should be under the nominal line
capacity and don’t be overloaded.

4. Power generation and consumption balance: equilibrium should be existing
between the power generated and the power consumed, and they should be equal.
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5. Constraints of DR implementation: by implementing DR programs, controllable
load during peak hours shift to another time. It should be considered that on
off-peak hours, another peak load not occurred.

6. Constraints of EVs: As indicated in Eq. (14.28), the charging and discharging

. . \h d‘h .
process cannot be implemented at the same time (X, and X7 are binary

variables show the status of charge and discharge, respectively). According to
Eq. (14.29), the total SOC of the EVs (SOC,,, ;. ;) is limited to the minimum and

maximum SOC (SOC™" | SOC™*). Also, according to Egs. (14.30) and (14.31),

nt,s? nt,s
the EVs hourly SOC is related to some factors like the SOC remains from the
previous hour (SOC,, ; _ 1, ), the amount of power exchanged with the SDS and
the PLs (P , P4"), the charge/discharge efficiency (", n%"), and the EVs

nt,s> " nt,s

initial SOC (SOC®” ). The amount of EVs power buy/sell from/to the PLs ((P<" )

n,t,s n,t,s

and (P4 ), are limited to their maximum value (see Eqs. (14.32) and (14.33)),
respectively. Finally, according to Eq. (14.34), the charging and discharging
procedure should be managed in such a way that the SOC reached the expected

level.

Xils X0y <1 Vs (14.28)
SOCy™ < SOC,; < SOCI™ Vn,t,s (14.29)
h " Pleh x At
SOCy5 = SOCpi15 4 (Pig x At x ™) — e I
> 175 (14.30)
ary ch ch P;fcths X At ar
SOCpss = SOC,Y + (P, x At x ™) — o Vn,t > 1", s (14.31)
0< P, <Xl xR V.t (14.32)
dch dch dch
0 <Py < X X BT Wnts (14.33)
SOC,15 = SOC, T, Yn, 1", (14.34)

The process of solving the problem

For solving this kind of problem, stochastic programming is usually used. Actually,
for problems with various uncertainties this kind of programming recommended
since Uncertainties, are considered as random variables which expressed in the
collection of scenarios. As mentioned before, to considering these uncertainties,
there are some PDFs which truncated Gaussian distribution, beta and Weibull are the
most common. In Fig. 14.8. The flowchart shows the process of solving the problem.
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Fig. 14.8 The flowchart shows the process of program solving

According to Sadati et al. [34], integration of smart charging/discharging of EVs
and implementation of DR programs have different results based on the kind of
DRPs. In this way, results show that PBDR programs have better performance, and
among PBDR programs, CPP programs give more profit to SDSs.

On the other hand, the best case for SDSs in terms of profit is the participation of
customers in DRP and smart charging and discharging of EV. In this way, by
discharging of EVs in peak hours, SDSs buy less power from the wholesale
electricity market and sell more power to EVs.

This type of integration gives profit to SDSs, moreover, can reduce losses and
have peak shaving affects.

14.4.2 Optimization of Parking Lots

In this part, EV parking lot optimization is investigated in which PL participate in
DRPs. Based on the operating schedule and by considering the DR capability of
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EVs, the PLs decided when to charge and discharge the EVs. By considering the
battery capacity of the EVs, expected SOC of EV at the departure time and the period
of EVs attend in PLs, the charging process managed by PL operators. The main
purpose of PL operators is to gain more profit by the integration of EVs in DRPs, and
the revenue resulted from customers. PLs participate in the energy market, more-
over, based on the type of DRP participate in reserve market as well, so that, by
considering the cost of buying energy from wholesale market and the revenue of
selling energy back to the wholesale market due to the V2G capability of EVs,
maximum profit achieved for PL operators.

Uncertainties
In this section, the uncertainties of EVs operation and the related market factors are
explained.

EYV uncertainty

In order to model the possibilities of EVs behavior, truncated Gaussian distribution
and normal PDF is widely employed for arrival, and departure times and the SOC at
arrival time.

In order to generate the scenarios of EVs, the behavior of each EV, and the
amount of energy stored in it should be modeled and formulated. The capacity of
each EV depends on the EV battery class.

One of the items in EVs uncertainties is the type of EVs due to its battery
capacity, which can be modeled by using probability distribution.

The details about the modeling of EVs behavior uncertainties are presented in
Sect. 14.4.1.

Electricity market uncertainty

The parking lots can be cooperated in the energy and reserve markets, to maximize
the profits. This cooperation requires accurate and reliable information about the
clearance level in the energy market and the activated spinning reserve in the reserve
market.

Since, the energy market is a dynamic procedure, and prediction of the player’s
behavior and contingencies are so difficult. Therefore, these uncertainties are
modeled probabilistically by PDFs like uniform distribution, Beta distribution,
normal distribution, etc.

In [35] through the scenario-based approach, the price electricity bought from the
grid in demand level of A, year ¢, and MCS is formulated in Eq. (14.35):

pen = ps X PLFY, (14.35)

where p; is the base price in scenario s and PLF; is the price level factor in demand
level of h, year ¢, and MCS. By considering normal PDF for price level factor, it can
be calculated as following in Eq. (14.36):
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PLF;, = iy, + 0 X A (14.36)

where /lf’ ,» and af , are the forecasted value of the price level factor and standard
deviation in demand level & and year ¢, respectively. /IZ , 1s a random variable for
electricity price, in demand level of A, year ¢, and MCS.

Objective function

The objective function is to maximize the parking lots profit, and as well as Sect.
14.4.2, to solve this problem, stochastic programming is used, and the objective
function is formulated in Eq. (14.37).

Revenue, + Revenue, + Revenue;+

Max OF = Z a; | Revenuey + Revenues — Cost|— +
i€DRPs

(14.37)
Cost, — Cost; — Costy

a;(Revenues — Costs — Costg — Costr)

where:

Revenue;: The revenue of selling energy to the wholesale

Revenue,: The revenue of participating EVs in the reserve market

Revenues: The revenue resulted from EV owners in exchange to charge of EVs

Revenue,: The revenue received from the use of parking tariff

Revenues: The revenue of participating in IBDR programs

Revenueg: The revenue resulted from supplying the amount of reserve

Cost;: The cost regarding the EV owners share due to the participating in DRPs in
the energy market

Costy: The cost of buying power from the wholesale market

Costs: The cost of battery degradation in the energy market

Costy: The cost of participating in IBDR programs in case of penalty

Costs: The cost of battery degradation in the reserve market

Coste: The cost of lack of supply the offered reserve

Cost;: The cost regarding the EV owners share due to the participating in DRPs in
reserve market

a;: The participation level of the EV parking lot in each DRP

According to Shafe-khah et al. [25], the participation of PLs as an effective load
in the main system in DR programs have different results based on the kind of DRPs.
In this way, results show that PBDR programs have better performance, and among
PBDR programs, TOU programs give more profit to PLs.

This type of integration gives profit to PLs, moreover, as PLs can supply spinning
reserve of system, power system benefits too.

Optimal charging scheduling
Besides the cases studied above, one of the most important issue in the operation of
parking lots are optimal charging scheduling of EVs. Although the number of
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Fig. 14.9 Communication way of PLs in DR event and utility [36]

parking lots and their poles cover numerous EVs, not all the EVs could be charged at
the same time. EVs that connected to the pole in this scale assumed as an effective
demand; therefore, the limitation of the distribution system in supplying them should
be considered.

In this way, the importance of charging schedule is determined. In spite of the
limitation of the distribution system, EVs connected to the poles should be charged
to the expected level. To achieve this goal, PL. owners should manage to charge by
optimal charging schedule.

As mentioned before, based on the type of EV, the battery capacity is different.
Besides this, the time that EV owners park their cars and in consequence, the time
that they leave the PLs are different. By considering these differences, PL operators,
prioritize all EVs present in PLs to achieve the two main goals. The goals are EV
owner’s satisfaction and observing the limitation of the system.

In addition to the items discussed above, one more thing that could be concerned
is the electricity bill. By participation of PLs in DRPs and considering the charging
schedule for EVs, electricity bill could be minimized. The charging of EVs could be
managed and based on the priority, shifted to the other time, which is one of the most
important factors for participation in DRPs. Charging management system (CMS) as
a center of communication can manage the connection of parking lots and utility. As
shown in Fig. 14.9 to achieve the goals, an infrastructure in which two-way
communication established between parking lots, the CMS and database is needed.
In this way, the utility sends the DRPs, and PLs send load profile to the CMS. The
utility observes the operation of parking lots in DRPs based on the received load
profile.
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By considering the DRPs defined by utility and number of connected EVs in PLs
and their priority, the CMS manages the charging schedule.

By considering many numbers of EVs in PLs and limitation of time caused by
DRP, on the other hand, the best way to charge more EVs in minimum time is by
charging with maximum power. The CMS monitors the charging poles and based on
the priority decide which EV should be charged in this way.

In the case of the day-ahead market, utility request the DRP and PL owners bid,
both through the CMS and based on internet communication. In this way and by
considering DRP, the demand reduction schedule presented by parking lot owners.

According to Leether Yao et al. [36], all the EVs in parking lots cannot be charged
at the same time. PLs assumed as a large load, and the limitation of the distribution
system should be considered. On the other hand, PL owners can manage the
charging process and based on the battery capacity of the EVs, and expected SOC
at the departure time, shift charging to the other time. Based on this capability of
PLs, they can participate in DRPs. DSB is one of the DR programs in which PL
operators can bid on load reductions in a day-ahead market. If their bid is cleared,
they are obliged to change load accordingly and in this way reduce electricity bill.

CMS as a connector, make communication between utility and PLs. Due to the
large number of EV that should be charged and distribution system capacity limita-
tion, CMS manages the charging pole. In this way, it connects the EVs based on the
priority and constraints of demand based on the DR events. In order to charge more
number of EVs, the maximum charging power method use to charge EVs in
minimum time.

The main object of the system, charging a maximum number of the EVs and
minimum electricity bill, could be achieved in this way.

14.5 Conclusion

In this chapter, the integration of EVs in demand response programs has been
studied. By increasing environmental concerns, the idea of finding an alternative
option for transportation systems receives special attentions. As a result, the electric
vehicles were chosen because of their advantages for the utility, EV owners and PL
operators. Furthermore, implementation of demand response programs due to their
advantages such as reducing network losses, increasing reliability of the power
system, and reducing the electricity generation costs, becomes widespread.

On the other hand, charging EVs without considering its impacts on the power
system, causes higher peak demands. DR programs which focusing on discharging
during peak hours and start charging just after peak hours, effectively help peak
shaving and valley filling. Using the DR capability of the EVs by managing the
charging process in both V2G and G2V modes is an effective way to reduce the
operational costs of the system and satisfying the electricity demand. In vehicle to
grid operation, it should be considered that this process causes battery degradation
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and to overcome this issue, advanced battery technology could be a reasonable
candidate.

By increasing the number of EVs, establishing parking lots in a smart microgrid
(SMQ) is inevitable. The main factor in PLs is a large number of flexible loads that
can be participated in demand response programs. All the EVs should be charged in
a suitable time, and all the curtailments caused by DRPs should be satisfied. To
evaluate the operation of PL, three types of PL based on the main occupied time
considered: residential, commercial, and industrial parking lots.

Due to the increase of EVs penetration and limitation of residential given
demand, consumers’ satisfaction becomes an important issue. Implementation of
demand response programs in residential level can be performed in two layers: the
neighbourhood area network (NAN) and the home area network (HAN). The main
purpose of DR implementation in a residential area is to supply EVs charging
demand so that the satisfaction level of the consumer does not disturb. In NAN
strategy, the houses which their consumption is more than the maximum demand of
the household section, are included in demand limitation. In HAN strategy, shift able
loads are controlled by HAN based on their determined maximum demand.

The main purpose of DR implementation is to change the customer’s behavior
based on the price changes. These price changes could be as a result of price-based
DRPs, their tariffs or incentive-based DRPs, and their incentive or penalties which
are applied to customers.

To achieve maximum profit through the integration of EV's in DRPs, optimization
of the smart distribution system and PLs usually are studied. In the case of the smart
distribution system in the presence of EVs, the operational cost will be reduced by
the optimal operation of conventional generation and renewable resources. In the
case of EVs aggregators, this goal will be ascertained by the optimal charging of EVs
based on DRPs. Thus, optimal operation of SDSs by considering uncertainties and
constraints becomes an essential issue. In order to solve the objective function, DGs
uncertainties, EVs uncertainties, and constraints related to the voltage limitations,
power balance and etc. should be considered. As results show, PBDR programs have
a better performance, and among PBDR programs, CPP programs give more profit to
SDSs. Actually, by participating of customers in DRPs and smart charging and
discharging of EVs, SDSs achieve the most benefit. In this way, by discharging of
EVs in peak hours, SDSs buy less power from the wholesale electricity market and
sell more power to EVs.

In the case of PLs, The main purpose of PL operators is to gain more profit by the
integration of EVs in DRPs, and the revenue resulted from customers. As results
show, PBDR programs have a better performance, and among PBDR programs,
TOU programs give more profit to PLs. Although the number of parking lots and
their poles cover numerous EVs, not all the EVs could be charged at the same time.
All the EVs connected to the poles should be charged to the expected level in spite of
the limitation of the distribution system so that PL. owners should manage to charge
by optimal charging schedule. Charging management system (CMS) as a center of
communication can manage the connection of parking lots and utility. By



14 Participation of Aggregated Electric Vehicles in Demand Response Programs 355

considering the DRPs defined by utility and number of connected EVs in PLs and
their priority, the CMS manages the charging schedule.

As the knowledge of authors, utilizing EVs and cooperation of DRPs are in a
transient phase from research to implementation. In this situation, providing confi-
dent electrical and communication infrastructure for the integration of EVs in DRPs
is necessary. Based on the studies, EV modeling, operational constraints, optimiza-
tion algorithm, PDFs and uncertainties modeling, and optimization problem solving
have been the primary concerns.

In this situation, considering below items can show the road map in this field:

1. In most of the studies, uncertainty modeling is considered for PLs. However,
more often, EVs have been parked in the city, not the PLs. On the other hand,
individual behavior uncertainties are different, and using a single PDF for all the
EV owners cause losing some of the EV owner’s behaviors. Therefore, using a
number of PDFs for modeling the EV owner’s behavior to model PDF interac-
tions is suggested.

2. Most of the customers do not participate in the spot market and ancillary services
individually, which cause a reduction in the participation of EVs in DRPs.
Therefore, investigating the effects of financial incentives for EVs participation
in DRPs seems necessary.

3. Study the impacts of different types of DRPs in the amount of EVs participation
can be the other issue.
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Chapter 15 )
Optimal Charge Scheduling of Electric e
Vehicles in Smart Homes

Arezoo Hasankhani and Seyed Mehdi Hakimi

15.1 Introduction

The electric vehicles (EVs) are developing in the today network, which has
significant effect on the network demand. Defining suitable energy management
system and demand response method is an inevitable issue in today networks. In the
first step, present demand response considerations in the presence of electric vehicles
should be addressed. It is additional important to review the EVs models and its
behavior in different studies. Charging management of EVs has been done consid-
ering different objectives in objective functions including cost minimization, power
loss minimization, frequency regulation, contamination minimization, flattening the
demand and etc.

In [1], the demand response program have been developed considering the
presence of residential EVs, and its effect on electricity market have been studied.
The charging and discharging of EVs can have important role in real-time
market and can diminish the diverse effect of intermittent resources by suitable
demand response programs. In [2], the real-time pricing based demand response
method has been proposed for the smart grid including EVs and photovoltaic
units, which consider forecasting price and developing a dynamic price vector.
The demand response program has been proposed for charging EVs, which has
been solved by binary optimization problem [3]. The energy transaction through
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neighbor smart homes for charging EVs has been considered as a solution for
efficient demand response in [4].

In [5], the EVs’ charging stations have been considered as smart loads, which
have been forecasted by neural network in demand response programs. In [6], the
potential of EVs participation in demand response programs in United kingdom has
been investigated, and different EVs’ manufactures have been interviewed. The
stochastic behavior of EVs as a load has been modelled by probabilistic modelling
of EVs, and its behavior in demand response programs has been studied in [7].

The EVs model has been addressed in different studies. In [8], the charging
demand of EVs has been modelled by an integrated dynamic method, which has also
been tested in different case studies. Modelling the demand of EVs based on
different criteria including driver behavior, location of charging station and electric-
ity pricing has been done in [9]. In [10], the charging demand of EVs has been
modelled in different locations and purposes. The charging demand of EVs has been
studied in New Zealand base on high penetration of EVs [11]. The EVs variable
demand has been supplied by wind-powered stations in [12]. In this study, the
intermittent behavior of wind turbines has been forecasted by autoregressive inte-
grated moving average method, so the accessible power for supplying EVs has been
determined.

Modelling the behavior of EVs has been addressed in different studies. In [13],
the stochastic behavior of EVs and its demand has been investigated. The EVs
demand has been forecasted considering real-data traffic data [14]. The EVs demand
has been predicted by mixed generalized extreme value model [15]. In [16], the EVs’
demand has been forecasted considering the behavior of consumers. The transport
and trip behavior of EVs have been studied in [17]. The EVs’ travelling behavior has
been forecasted by a novel artificial neural network, which improve the accuracy of
forecasting by 10% [18]. In [19], the location of charging stations has been identified
by studying the behavior of EVs and applying hybrid heuristic algorithm. In another
study [20], the demand of EVs has been forecasted and controlled by using it as
a storage unit. In [21], the day-ahead demand of EV has been forecasted at business
level.

Charging management of EVs have been done by different objectives. The
integration of EVs in the UK network has been investigated considering heating
systems in order to maximize system profit and minimize carbon dioxide emission
[22]. In [23], the produced power of photovoltaic units has been forecasted in order
to charge EVs in the workplace, and the main objective in this problem is
minimizing the charging cost. In [24], the controlled charging of EVs has been
done in order to flatten the demand profile and reach the acceptable level of charge
in charging timeout. In [25], the coordination between home energy management
system and grid energy management system has been studied in order to address
the EV considering photovoltaic unit, which has been tested by Japanese distribu-
tion system data. In another study [26], the effect of EV on grid by EV to grid view
has been studied, which has been applied in two different energy management
method.
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In [27], the charging of EV has been controlled in order to regulate frequency.
The stochastic optimization has been applied in order to increase the application of
photovoltaic units and minimize the charging cost in [28]. In [29], the optimization
problem in charging EVs has been defined by two objectives of cost and waiting
time minimization. The decentralized charging plan, in which the consumer can
decide locally about their charging plan, has been proposed in [30] based on
augmented Lagrangian method. In another view, the distributed controlled charging
has been applied in order to minimize the power loss [31]. The decentralized
controlled charging of EVs has been addressed considering three different socio-
technical issues including reliability, discomfort and fairness [32].

The demand response subject and its relation with EVs will be discussed in Sect.
15.2. In addition, the EV model will be presented in Sect. 15.3. Demand in smart
home in the normal condition will be addressed in Sect. 15.4. The charging man-
agement method will be proposed in Sect. 15.5. The comparison between
uncontrolled and controlled charging will be done in Sect. 15.6. Finally, the con-
clusion remarks will be presented and summarized in Sect. 15.7.

15.2 Demand Response

As defined by the US Department of Energy, demand response is the making the
ability for industrial, commercial and residential customers to improve the pattern of
electric energy consumption in order to achieve reasonable prices and improve
network reliability. In other words, demand response can change the shape of the
electric energy consumption in such a way that the peak of the system is reduced and
expenses are transferred to off-peak hours. Figure 15.1 shows the effect of load
response program on customer consumption curve.

Demand response programs are split into two main branches and several sub-
classes, which is shown in Fig. 15.2 [33].

According to the application of each demand response programs, they can be
applied in different timescales (Fig. 15.3). For example, direct load control is directly
applied for consumers. Whenever the network needs load decrease, the consumers
reduce their load which should be done in the 1-h period. However, ancillary
programs should be managed monthly in order to be efficient.

The presence of the customer in the market and using demand response programs
will lead to more competitive markets and ultimately reduce the price of electricity
on the market. On the other hand, using these resources will increase the reliability of
the system. Advantages of presence of customers in the market can be divided into
three major groups [34]:

e Customer benefits

These benefits include economic benefits such as not purchasing electricity in
expensive times and buying at cheap prices, which is due to participating in demand
response programs for participating loads.



362

7000

6000

5000

Total Load
4000

3000 DiscretionaryLogd

2000

Maximum Demand of
Enrolled Customers (MW)

1000

0

1 23 45 6 7 8 91011 1213 14 1516 17 18 19 20 21 22 23 24

A. Hasankhani and S. M. Hakimi

Hours of the day

Fig. 15.1 The effect of demand response on residential demand

Direct Load Control

Demand response
Incentive-based program

Demand Response Programs

Time-based Program

Fig. 15.2 Demand response categories [33]

-l Interruptible/Curtailable Service I

Demand Bidding/Buyback

Emergency Demand Response Programs

Capacity Market Programs

Time of Use

Real Time Pricing

Critical Peak Pricing

-I Ancillary Service Market Programs I




15 Optimal Charge Scheduling of Electric Vehicles in Smart Homes 363

Price-Based Demand Response

energy time-of-use /day—ahead hourly real-time hourly
efficiency rates pricing (RTP) pricing (RTP)/CPP
* ¥ - ¥
l l power &

load
L % reduction

delivery
commim’)ﬁi years months dyetiz=d oyt
timescales system planning operational planning economic scheduling ey
P
A
(umm\tmen1 dispatch T

|
capacity/ancillary demand bidding/ |emergency |interruptible
services programs buyback programs programs

Incentive-Based Demand Response

Fig. 15.3 Application timescale of demand response programs [33]

¢ Network benefits

Network benefits can be categorized into several general groups: short-term
effects on the market, long-term effects on the market, savings in investment and
operating costs and improving system reliability.

¢ Additional benefits

Additional benefits that result from the implementation of demand response
programs include increasing the strength of retailers and the retail market, providing
new tools for customer management, improving market operations, and market
competitiveness and proper supply and demand interaction. The market also has
an effective relationship between the retail and wholesale markets and the isolation
of subscribers and retailers as well as the environmental benefits of reducing the
generation of fossil generators, and the other benefits that customers have on the
market.

15.2.1 Demand Response Effects on the Network

The results of the survey conducted by the Federal Energy Regulatory Committee of
the United States from regional electricity companies show that the implementation
of demand response programs puts the following effects on the power system [33]:

* Impact on reducing the costs of electricity companies (55%)
» Effect on improving network reliability (52%)

¢ Effect on the reduction of subscriber bill (36%)

* Impact on reducing network black-out (28%)

» Effect on increasing electricity sales (22%)

» Effect on reducing environmental pollution (18%)
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The high presence of subscribers in the market and the use of demand response
programs and optimizing the use of electrical energy improve the competitive
market. On the other hand, the implementation of demand response programs has
important implications for reducing electricity prices in the electricity markets, and
also improves the reliability of the network to the optimum level.

A properly designed network considering the importance of demand response
programs must have at least the following features in order to meet requirements of
resources in the side of consumers and network side:

* Proper access of all customers to the network
» Establishing a reliable network

* Maximizing economic benefits

* Reducing costs

Demand response resources can be provided to the system operator as a virtual
resource. Capacity created by demand response, in addition to increasing system
reliability, can also be used as a replacement for supplying power at peak times. In
addition, demand response resources in terms of technical characteristics are also
superior to traditional ones, such as the absence of pollution and pollution, low
running costs and a very high rate of increase or decrease in load.

There are some constraints for utilization of conventional generators, such as the
minimum start-up time, the minimum shut-down time, and the minimum load. Other
constraints exist on the use of demand response programs:

e The number of times a load can be interrupted within a specified period
e Maximum operating time
e Accuracy in response

15.3 Electric Vehicles

In general, electric vehicles are divided into three categories:

¢ Electric Vehicle (EV)
* Hybrid Electric Vehicle (HEV)
* Plug-in Hybrid Electric Vehicles (PHEV)

Electric Vehicles
These vehicles have an electric motor with batteries for electric power supply, and
the energy of the batteries is used as a driving force for the electric motor and for the
supply of energy for other equipment. The batteries can be charged by connecting to
the power grid and the braking energy of the vehicle, and even from non-network
electrical sources such as solar cells.

The main advantages of these cars are:

* Absolutely free of greenhouse gas emissions.

* Generating very low noise.

* The efficiency is much higher than the internal combustion engines.
» The price of their electric motors is low.
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The main disadvantage of these cars is the full dependence on the battery (whose
technology still does not have the same capacity and energy density as fossil fuels).

Hybrid Electric Vehicle (HEV)
These vehicles have a fuel engine and an electric motor with sufficient battery life
(1-3 kWh) with energy saving power from the engine and the car’s brakes. Batteries
come at a time when they need help with the vehicle to produce auxiliary power, or
at the low speeds, by turning off the fuel engine, to provide the vehicle’s driving
force.

Over the past decade, about 1.5 million hybrid EVs have been sold. In developed
countries such as the United States, about 3% of existing cars are hybrid.

The disadvantages of these cars are:

 Failure to charge batteries from the power grid.
* Dependence on the fossil fuel consuming engine (inability to drive a car only with
an electric motor).

Plug-in Hybrid Electric Vehicles (PHEV)

These cars are designed to eliminate the disadvantages of hybrid electric vehicles,
and they can be charged from the network and hence require more batteries than
HEV are. In these cars, there is a complete fossil fuel engine system.

PHEVs have more batteries than HEVs (about 5 times more than HEVs).
The main difference between the batteries of these two types of EVs is that
PHEV batteries should be capable of rapid discharging and fast charging, while
HEV batteries operate in almost complete charge, and their discharge is
rarely done.

The cost of the PHEV batteries is between 1.3 and 1.5 times the cost of EV
batteries. However, because of the lower battery life, the total cost of batteries in
PHEVs is less than EV.

For these cars, the following points can be mentioned:

* With massive battery production, it costs $ 750 per kilowatt hour, which for a
mid-range car (40 km with a battery of 8 kWh), the total cost of batteries will be
about $ 6000.

o Ifthe car’s lifespan is 200,000 km, the cost of the saved fuel will be about $ 4000,
which is less than the cost of the battery.

e Reducing the battery cost to $ 500 per kilowatt-hour creates a competition
between the PHEVs and conventional gasoline vehicles.

In this study, the EVs has been applied, and its characteristics is explained in
this section. Since the development of electric vehicles in power grids is inevitable,
their management in the grid and the use of electric vehicles as an element in the
direction of load shading can play a significant role in accelerating the develop-
ment process.

The power consumption of an electric vehicle depends on the battery discharge
characteristic and the vehicle’s driving pattern [35]. In this study, Nissan Altra is
chosen as the sample electric vehicle, with its lithium-ion battery [36].
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15.3.1 Effect of Electrical Vehicles on the Power System

EVs connected to the network have a significant impact on reducing environmental
pollution and transportation costs, especially in large cities. Considering the current
trends in the use of this device, it is a good future for this, so the study of the
interactions between EVs and distribution networks is essential. With the wide-
spread use of EVs, the pattern of consumption has changed over and over again, and
many variables for planning, designing and operating power distribution networks
will change. On the other hand, considering the changes in the structure of distribu-
tion networks for the use of smart equipment, the study of the effects of these two
issues on each other seems necessary.

EVs with chargeable batteries must be connected to the power system to charge
their batteries. Therefore, with the widespread influence of these cars, the perfor-
mance of the power system will change especially in the distribution network.
Uncontrolled battery charging can result in undesirable effects such as overload,
overvoltage, power loss, unbalanced load, harmonic, and instability [37, 38]. By
applying demand side management, not only can such problems be prevented, but
the power curve is also flattened. As a result, the capacity of a network that is only
used to respond to peak power and is only used in a very limited period of the year is
better utilized [39].

Many studies have been conducted on the integration of electric vehicles with
power grids. In [40], the effect of charging PHEVs on the distribution system has
been evaluated. In this study, the optimal charging profile has been designed to
minimize losses, and since precise prediction of residential loads is not possible, a
statistical program is used to predict it. In [41], a new planning method for
charging EVs, considering network, voltage and power constraints, while
responding to the needs of individual consumers, has been proposed. The accuracy
of the proposed method by simulating on an electric network has been confirmed.
Another reference has investigated the effect of uncontrolled and controlled PHEV
charging on the calculation of power losses and voltage deviations in three
different scenarios. In this study, controlled charging has aimed to minimize
losses, and dynamic programming techniques have been used to solve this opti-
mization problem.

In the case of smaller networks, references [42, 43] have focused on aggregating
EVs with a distributed transformer that supplies a small number of home energy, and
has proposed new control methods to overcome the transformer overload problem.
In [44], a method based on the response to the cost of electricity at the time of
consumption has been proposed to control the charge of the EVs. Comparing the
optimum charging results with uncontrolled charging indicates that controlled
charging, in addition to minimizing charging costs, increases demand at off-peak
times, so the power curve becomes more flattened.
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Fig. 15.4 Electric vehicle demand characteristics based on Li-lon charging time (Nissan
Altera) [45]

15.3.2 Electric Vehicle Charging Methods

Electric Vehicle Power Curve

In the figure below (Fig. 15.4), the electric vehicle demand is shown in terms of
battery charge time [45]. As shown in the figure, the time required to charge the
battery is 5 h. The Electric Vehicle demand is dependent on the starting point of
charging and the initial SOC. The Eq. 15.1 defines the relation between charging
point and the electric vehicle demand.

0.413x, 0<x<15
0.02x+5.9, 15<x<30

x) = (15.1)
6.5, 30 < x < 270

—0.217x+ 65 270 < x < 300

Where, f(x) is electric vehicle demand (kW), and x shows charging point
(minute). As it can be seen in the figure, EV charging characteristics include four
different steps. At the first step, the electric vehicle demand sharply increases during
15 minutes, whereas this increase slow down in the next 15 minutes. The electric
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Fig. 15.5 Battery SOC based on charging time

vehicle demand remains constant 6.5 kW during next 4 h, and it decreases in the final
30 minutes.

Battery Charging Modelling
The Li-Ion battery SOC is shown in the figure below based on charging time. The
relation between charging point and SOC defines by Eq. 15.2.

0353x,  0<x<?255
50C = (15.2)
0.22x+34, 255 < x <300

Where, SOC shows the battery state of charge (%), and x is charging time. As it
can be seen in the Fig.15.5, SOC has a linear relationship with x, so SOC increases
from 0 to 100 by increasing x. Reversing Eq. 15.3 defines x based on SOC.

2.8350C, 0 <SoC <90

x= (15.3)
4.5550C — 154.55, 90 < SOC < 100

Equation 15.3 is the base of calculating x0 and SOCO, which show initial
charging time and initial state of charge respectively.
The initial SOC is modelled by normal distribution function [46].

1  (socg—1)*
socy, U, 0) = e 2’ 154
f( 0, M ) Gm ( )
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Where, p and ¢ are average and standard deviation of initial SOC. It has been
expressed in [47] that initial SOC has relation with the travelled distance by electric
vehicle, which is explained in the next section.

Modelling the Behaviour of Electric Vehicle with Probability Distribution
Functions
The behaviour of electric vehicle can be modelled by different distribution functions.
The behaviour of electric vehicles’ users should be analysed for two different
travelled distance, arrival time and departure time. In [48], the electric vehicle
behaviour has been studied for men and women separately. Modelling electric
vehicle travelled distance can determine the amount of remained charge in battery
when users receive to home. In addition, arrival time and departure time can
determine when electric vehicle is at home, which can be used for charging time.
As it is expressed in the previous section, p is average of initial state of charge
which is related to the travelled distance of electric vehicle [47].

__ Range — AverageDailyDrivingRange
#= Range

(15.5)

Where, Range specifies the travelled distance by electric vehicle which is fully
charged, and it is equal to 140 mile [45]. Average daily driving range was equal to
32.72 in 2001, which is assumed 35 mile in this study. By replacing these values in
(15.5), the value of p is obtained at 75%. Therefore, the normal distribution SOCO is
determined with mean values of 0.75 and a standard deviation of 0.1.

The arrival time of electric vehicles is modelled by normal distribution function
according to Eq. 15.6.

f(tarrival’,u’ 0) = e 207 (156)

oV 2r

Where t,.iva is the arrival time of electric vehicle to home. p and o for this
distribution function are equal to 17 and 2.8 respectively. As a result, according to
the number of electrical vehicles in the study system (1000 cars), the normal
distribution of arrival time is modelled between O and 24. On the other hand, times
between 0 and 10 are not acceptable due to the fact that they are not the usual time to
get home, and if they exist, the data will be replaced. The arrival time for different
1000 electric vehicles is shown in Fig. 15.6.

The leaving time of electric vehicle is also modelled by normal distribution
function as Eq. 15.7.

1 7(’Icuving’/‘)2
f(tleaving»/l, 0') = 6\/5]}6 207 (157)
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Fig. 15.6 Arrival time to home for different 1000 electric vehicles by normal distribution function
with mean of 17 and standard deviation of 2.8
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Fig. 15.7 Leaving time of different 1000 electric vehicles by normal distribution function with
mean of 7 and standard deviation of 1

Where, ticaving determines the leaving time of electric vehicles. The mean and
standard deviation of this distribution function are 7 and 1 respectively
[46]. According to the number of electrical vehicles in the studied system (1000
cars), the normal distribution is applied to determine the time to reach the home,
which is a number from 0 to 24. On the other hand, time greater than 10 or less than
4 are not acceptable due to the fact that they are not commonly used to leave the
house and, if they exist, will be replaced at a later date. The leaving time of different
1000 electric vehicles is shown in Fig. 15.7.

Electric Vehicle Charging Model
The electric vehicle demand in charging time is defined as follows. It is related to
charging time, battery charging point and initial soc0.
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Fig. 15.8 Daily residential load growth by increasing the EV penetration
P(t,x,s0c0) = f(x — )xg < x < 300 (15.8)

Where, P shows the electric vehicle demand, x is the battery charging point. t is
charging time and socO specifies initial state of charge. The charging time per day is
in the range of 0-1440 minutes, 24 h a day. Therefore, the function f (x — t) is the
same as shown in Fig. 15.1, as it corresponds to the time transmitted daily. This
means that at any time of the day, if the car is connected to the charger, the above
diagram, regardless of the connection time, requires 5 h of time for the full charge
according to the curve displayed. The battery charge status will fit the curve during
this time. x0, assuming soc0, is calculated from Eq. (15.3), where soc0 is obtained
from Eq. (15.4).

15.3.3 Effect of Electric Vehicles on Smart Homes’ Demand

The development of EVs has significant effect on demand in different places
including workplace, shopping mall, home area and charging stations, which has
been investigated in [49]. The EVs can be developed with high speed, which has an
inevitable impact on increasing the demand. In this study, the role of EVs growth in
the residential demand is analysed. It is an important issue to consider this effect
comprehensively, and determine the amount of its impact by different penetration of
EVs. Figure 15.8 shows the amount of increase in residential demand by increasing
the EVs in the smart grids. As it can be seen in this figure, it will have an increasing
trend by passage of time, which will be intensified in the future. As a result, the need
to the accurate demand response program and energy management system can be
confirmed through this rising trend.
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15.3.4 Vehicle to Grid (V2G) and Grid to Vehicle (G2V)
Effects

EVs can be applied in two different views base on their characteristics, so they can
have two direction relation with network. They can be applied in two different
modes vehicle to grid (V2G) and grid to vehicle (G2V). In G2V mode, the EVs
are applied as a normal load which are charged through connection to the network.
However, in the V2G mode, EVs can be used as an energy storage system and can be
discharged to the network.

Air pollution in large urban areas, reliance on fossil fuels, climate change, and
rising energy costs are all challenging in the current world. These significant issues
have been raised by the transportation system and electricity generation sectors as
major consumers of fossil fuels. In particular, in order to minimize reliance on
conventional energy sources, many of the research activities have been done.

V2G technology is an emerging solution to these challenges. EVs act as an
alternative to internal combustion engines, thus representing an attractive economic
approach based on the mainstream of transport and manufacturing sectors. Recent
studies have shown that EVs have a certain advantage over other conventional
energy-saving technologies. They are easy to implement and easy to maintain, and
they ensure environmental compatibility. As a result, with their higher efficiency,
these EVs are likely to significantly increase market acceptance, especially in urban
areas.

The V2G subject can improve the application of network in the efficiency,
reliability and load flow. EVs can be applied as a load and energy storage system
by the decision of energy management system. It can be applied especially in peak
hours in order to inject electricity to the network. Network reliability, supply and
demand balance, power transfer from source to buyer, all this can be maintained by
bi-directional services. When the system provides better voltage regulation and
frequency control, the grid can maintain peak power, manage load and do efficient
rotation of reserves.

Challenges to the V2G system include battery degradation, total infrastructure
changes, additional communication between electric vehicles and the supply
network, the impact on distribution systems and its parameters, energy losses,
and other technical barriers. The high number of overcharge cycles can reduce
battery life and storage capacity. These barriers can be solved by using an eco-
nomical and more efficient battery structure with an acceptable standard for
operators and makers. Battery degradation depends on the amount of power
drawn up, as well as the depth of discharge and the number of cycles it charges.
Estimating the cost of battery degradation is difficult due to the fact that technology
is constantly evolving. The only parameter that predicts battery life is its equivalent
series resistance. Smart control minimizes the power of battery degradation to
optimize time and demand.

In this study, the main aim is determination of demand of EVs on residential
demand. It is important to assess the direct effect of EVs on residential demand in
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the present network. Considering all mentioned barriers, V2G structure needs
comprehensive changes in the present infrastructure, so the G2V mode is consid-
ered in this study as the worst condition for EVs development in the residential
areas.

15.4 Demand in Smart Homes

In order to demonstrate the efficiency of controlled charging on the residential
demand and the benefits of intelligent energy management in the home for the
development of electric vehicle, the results are examined under two scenarios. The
profile of residential demand is shown in the following figure [23].

Demand in smart homes can be considered for two different seasons including hot
and cold seasons, which have different peaks. The electricity demand increases in
the hot seasons as it is demonstrated in the Fig. 15.9. In this study, the residential
demand in hot season is considered.

In both scenarios, 1000 homes with the same load profile are considered, with the
difference that in the first scenario the typical homes and in the second scenario are
smart homes equipped with smart energy management system. The basis for this
energy management system, as described in the second scenario, is based on
minimizing the cost of domestic electricity.

1500 LI B B BE B T T T T T r r r r r.r 1.1 117

1000 - B

P(KW)

500

0
01234567 8910111213 14151617 181920212223 24
Time (Hour)

Fig. 15.9 Demand in smart home
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In order to study the effect of the development of electric vehicles in these two
scenarios, electric vehicles with the penetration level of 10%, 20% and 30% are
added to the domestic system by 100, 200 and 300 cars.

The comparison index in this study is Peak demand and the standard deviation of
the demand values in 24 h. Peak demand is the maximum value of demand in 24 h
and demand’s standard deviation, which determines the standard deviation of the
data from the demand average in 24 h.

15.5 Charging Management

For hybrid vehicles, nightly battery charging is important at home, while electric
vehicles should be able to be charged throughout the day and the ability to charge
away from home is vital. The effect of a large number of electric vehicles on the total
energy demand and demand in specific hours as well as the production and capacity
of the lines should be well assessed. In this context, the ratio of charge per night to
the day has an important role, where electricity price policy can also be effective in
this regard.

The smart grid can play a key role in this area. All new charging methods (such as
electric vehicle to grid, daily and nightly charging rates, charging in peak hours, etc.)
are only possible with smart grids.

In this section, two different scenarios for charging an electric vehicle are
considered, which will be explained in detail below:

1. Instant charging: When the infrastructure required to run the demand response
issue is not provided, the consumer is reluctant to change the charging time of his
car. As aresult, the consumer charges his car as he arrives home from work. In the
first scenario, electric vehicles are charged when they arrive at home, and
charging time is not chosen based on energy management algorithm. In this
case, the charging start time is based only on when electric vehicles received
homes, so there is no optimal planning on it.

2. Charging with cost management: A cheap and simple way to postpone battery
charging is to use a timer to connect your car to network while the consumer is
charging, but starting a charging process with a time delay set by the timer. As a
result, the charging process changes from peak hours to non-peak hours. In the
second scenario, the time of charging an electric vehicle is selected based on the
electricity price, so that household electricity costs are reduced to the minimum.
In this case, it may not be necessary to start charging the car immediately after
reaching the house.

The electric vehicle demand of all added cars to the smart grid is calculated as
follows.
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k
Protal (1, X, s0¢o) = Zi:lPi(t,-, Xi, SOCO;) (15.9)

Where, k is the number of electric vehicles, and i shows the ith electric vehicle.
Piora1 specifies the total demand of electric vehicles.

Scenario 1 — Uncontrolled charging: In this case, there is no incentive to deter-
mine the time of charging an electric car; therefore, electric vehicles will be charged
when they arrive at home. Arrival time of electric vehicles is determined by Eq. 15.6.
In an uncontrolled vehicle charging scenario, once the vehicle is taken to the house,
the vehicle’s charging process will begin immediately according to the remaining
battery charge, as shown in the Nissan Altra battery charge characteristics (Lithium-
Ton). The results of this process are discussed in the next section.

Scenario 2 — Controlled charging: In this scenario, unlike the previous scenario,
which do not have a method for determining the time of vehicle charging when it
came to home, the main criterion for determining the charge time of an electric
vehicle is the time of use (TOU). This criterion, based on off-peak time, mid-peak
and on-peak, determines different prices for the consumer. Accordingly, the price for
these three periods in Iran is 150, 300 and 600 Rials per kilowatt-hour (this price is
based on the first stage of daily consumption, i.e., between 0 and 100 kWh) [22]. In
the first half of the year, short, middle and peak hours are defined as 23-7, 7-19, and
19-23, respectively; Similarly, in the second half of the year, the off-peak hours are
in the range of 21 up to 5, mid-hours are in the range of 5-17, and peak hours are in
the range of 17-21 [22].

In the smart grid and in a smart home, the energy management program is set to
minimize the cost of electricity consumed by the home, and this is important in
electric vehicles by determining the time of electric vehicle charging. Therefore, in
Eq. (, time should be chosen in order to minimize the cost.

min (iP(t)M(t))to <t<n (15.10)

Where, P(t) is the electricity cost, P(t) shows the electric vehicle demand. ty and t;
are initial charging time and charging timeout respectively.

15.6 Comparison Between Controlled and Uncontrolled
Charging Effect on Demand Curve
and Consumption Cost

In order to test the efficiency of proposed method, it is tested on the explained
household demand. The case study includes different smart homes which have the
various penetration level of electric vehicles. In order to study the effect of the
development of electric vehicles in these two scenarios, electric vehicles with a value
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Fig. 15.10 Comparison of the effect of increasing the electric vehicle’s penetration on household
demand in an uncontrolled charging — penetration level = 10%

of 10%, 20% and 30% are added to the smart homes by 100, 200 and 300 cars. As it
is explained in the previous section, the chosen comparison indices are peak demand
and standard deviation of demand.

Scenario 1 — Uncontrolled charging

In the development of electric vehicles in the first scenario, the results of the
development of 10%, 20% and 30% of the electric vehicles are shown in the
following figures. The peak demand for this scenario are 1027.8, 1120.1 and
1217.8 kW, respectively, and the standard deviation of data are 190.14, 220.28
and 252.52 kW, respectively. As it is clear from the following figures, with the
increase in electric car development, peak values and standard deviation increase,
and this has a significant negative effect on the development of an electric vehicle in
the absence of an electric energy management system.

As it is shown in Figs. 15.10, 15.11, and 15.12, the most significant effect on
residential demand in the case of electric vehicles development is between 17 to
20 h. As these are typical time for reaching home, the charging process will be
started in these hours. Although the peak time of each penetration level of electric
vehicles is different, the rising trend can be seen by increasing the penetration level.

It is additionally can be seen in Figs. 15.10, 15.11, and 15.12 that the dispersion
of data increases by raising the penetration level of electric vehicles. It is one of the
system objective to decrease the standard deviation between demand values and
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Fig. 15.11 Comparison of the effect of increasing the electric vehicle’s penetration on household
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Fig. 15.13 Comparison of the effect of increasing the electric vehicle’s penetration on household
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Fig. 15.15 Comparison of the effect of increasing the electric vehicle’s penetration on household
demand in a controlled charging — penetration level = 30%

flatten the demand pattern, which is not addressed by uncontrolled development of
electric vehicles.

Scenario 2 — Controlled charging

The demand of smart houses is shown in the following figures (Figs. 15.13, 15.14,
and 15.15) after the development of an electric vehicle with penetration level of
10%, 20% and 30%. Demand peak values for the three development factors are
960 kW, the standard deviation in these three modes is 139.42, 125.74, and
122.76 kW. As the values show, the peak value of these three scenarios is constant
for the three cases, and the standard deviation values decrease with increasing
development coefficient. The results indicate the superiority of the smart home and
the existence of an electrical energy management system.

15.7 Conclusion

Development of electric vehicles in the smart grid needs different trend in the
management of smart homes. The penetration level of electric vehicles increases
considering both controlled and uncontrolled charging view in this study. The peak
values and the standard deviation obtained from the two scenarios are summarized in
the following Table 15.1. The values of the peak and the standard deviation of the
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Table 15.1 The comparison between peak demand and standard deviation of demand in two
scenarios

Penetration level of EV | Peak demand Standard deviation of demand
Scenario (%) MW) (MW)
Without Without EV 0.96 0.17
scenario
Scenario 1 10 1.027 0.19
20 1.12 0.22
30 1.218 0.25
Scenario 2 10 0.96 0.14
20 0.96 0.13
30 0.96 0.12

demand. In this study, the comparison criterion is chosen for the operation of the
scenarios, which means that the lower of these values means more stability of the
network.

In the first scenario, with the increase in the number of electric vehicles, peak
values and standard deviations have increased, this is evident with regard to the
vehicle’s arrival time to a home that has a normal distribution of 17 and a standard
deviation of 2.8. Therefore, increasing the number of electric vehicles without an
electrical energy management system increases the possibility of system instability.

In the second scenario, with the increase in the number of electric vehicles, peak
demand has been fixed and, on the other hand, the standard deviation is decreasing.
The reason for this is the choice of TOU as the basis for determining the charging
time and aiming to reduce household electricity consumption; given that electricity
prices are minimum at off-peak hours, consumers are encouraged to charge their cars
in these hours, and this reduces the standard deviation and makes the system more
stable.
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