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Abstract

Power demands will increase day-by-day because of widely adopting of Plug-in
Electric Vehicles (PEVs) in the world and growing population. Finding and managing
additional power resources for upcoming demands is a challenge. Renewable power is one
of the alternatives. However, to manage and control renewable resources, we need suitable
Energy Storage System (ESS). PEVs have a large battery pack that is used mainly to
supply electric motor. Moreover, PEV battery could be used as an ESS to store power at
a certain time and use it at another time. Nevertheless, it can play the same role with
electric power grids, so it can store power at a time and return it at another time. This role
might help the grid to meet the growing demands. In this thesis, we propose a charging
and discharging coordination algorithm that effectively addresses the problem of power
demand on peak time using the PEV’s batteries as a backup power storage, namely,
Flexible Charging and Discharging (FCD) algorithm. The FCD algorithm aims to manage
high power demands at peak times using Vehicle to Home (VV2H) technologies in Smart
Grid and PEV’s batteries. Intensive computer simulation is used to test FCD algorithm.
The FCD algorithm shows a significant reduction in power demands and total cost, in
proportion to two other algorithms, without affecting the performance of the PEV or the

flexibility of PEV owner’s trip schedule.
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Chapter 1: Introduction

1.1 Background

Electric Vehicles (EV), which are developed and built to be part of the future
transportation, have gained additional interest for other reasons, such as environment
friendly, power efficiency, safety, and potential energy management. Plug-in EV (PEV)
are all vehicles that are powered either completely or partially by electricity. We will refer
to PEV as EV in this thesis. EVs are classified into two types: Battery EV (BEV) and
Plug-in Hybrid EV (PHEV). BEV has no Internal Combustion Engine (ICE), so it depends
completely on battery packs that powered its electric motor [1]. The battery pack can be
charged or replaced. In case of charging, battery should be connected to electric power
supply to charge the battery. On the other hand, battery replacement is based on switching
the battery pack at special places [2]. PHEVs are vehicles that have ICE’s and electric
motors. Current PHEVS have battery packs to supply the electric motor and a fuel tank to
supply the ICE. In a PHEV, engine and motor work alternatively based on driving
circumstances. ICE in PHEV works as a backup for the electric motor. Therefore, there is
no worry about battery capacity or battery charge level. For the same reason, PHEV can
be a light vehicle, a van, a truck, a bus or a train while BEV can only be used in a light
vehicle [3]. EV battery pack can be considered as an Energy Storage System (ESS). ESS
is used to store excessed or cheap power at a point of time and retrieve that power in the

future [4].



Power prices and power demands are tightly correlated to each other. Energy
companies change the power prices based on demands to force the users to change their
habits to reduce consumption at certain times. Managing demands based on tight
scheduling which will impose challenges in our life style (for example to change the times
of using our washer, dryer, air condition, and heater) is considered intuitive solution. In
addition, too many EVs will overload power grid by raising the demands. Therefore,
additional power resources (non-renewable and renewable) should be integrated to meet

demands.

Power resources might be non-renewable or renewable. Non-renewable resources,
such as oil, coal, nuclear produce emissions that participate in pollution and harm
environment. The margin of non-renewable resources degraded day-by-day, and it will
not be common after fifty years [5]. On the other hand, renewable resources (or green
power), such as wind power, hydropower, biomass power, solar power, and geothermal
power, do not produce harmful emissions. Therefore, renewable resources are highly
expected to replace non-renewable resources [5]. Most renewable resources are not
available at all times and all places, as a result, generated power from these resources has

to be stored in ESS or immediately consumed.

A EV battery, treated as an ESS, might be used to store power from the power grid
regardless of the source of power i.e. renewable or non-renewable. A EV as an ESS has
the challenge of battery aging, charging and discharging power loss, power prices,
charging equipment, and EV performance as a vehicle. To formalize the relation between
EV battery as an ESS and the power grid, a group of standards should be set and used to
manage power transportation processes in a safe, secure, and reliable system. Moreover,

2



Vehicle to Grid (V2G) and Vehicle to Home (V2H) technologies (these technologies
includes standards, algorithms, and techniques) should be used to coordinate these

processes and guarantee EV performance as a vehicle as well as an ESS [6].

Intensive research has been conducted to develop these standards and algorithms
[7]. Researchers have also studied the impact of using EV on the power grid, EV battery
aging, and the performance of the EV battery under various circumstances [8]. Research
in this area can be classified into EV supporters approach and EV objectors approach. The
first approach emphasized the benefits of using EVs and proved how much the EVs will
support the future transportation system and power grid [1], [4], [5], [9-22]. On the
contrary, the second approach has highlighted the negative consequences of using EV on
the power grid [23-31]. Both approaches are very important for EV evolution, by taking
the benefits presented in the first approach and minimize the impacts mentioned in the

second approach; the results will serve people and help them in the future.

1.2 EV and Vehicle to Home Technology (V2H)

EV numbers are expected to grow year by year, 25% of light vehicles in the USA
will be EV by 2020, and more than 60% by 2040 [11]. Therefore, EVs represent a
promising future transportation as well as power management. For fulfilling these roles,
EV will use other technologies, such as a V2H and VV2G technologies. These technologies
will be discussed further in Chapter 2. The basic idea of V2H is to coordinate the charging
and discharging processes of a home- plugged EV. If we plug-in EV power connection in

the power socket at home or other charging places, then the EV becomes part of the grid,



and the grid can use the EV to store or retrieve power through charging or discharging

processes [32].

Charging and discharging can happen at home, at work, at commercial places, or at
supply stations. These places differes in used charging techologies, such as charging
equipment, charger type, and charging speed [33]. In this thesis, charging at home is used

for the purpose of stabilizing micro grid (i.e. neighborhood grid).

Charging and discharging at home have many advantages. In addition to stabilizing
power consumption and reduce power bill, it is more convenient for users to charge their
EVs at home. Also, it is cheaper for the user to charge at home during off peak times.

Moreover, the user might benefit from EV governmental incentives [34].

Research in V2H focused on EV components and systems such as the batteries,
onboard or off board chargers, and the role of renewable resources [18], [35], [36]. In most
of these cases, researchers use what has been done in V2G; because V2H is a special case
of V2G. However, V2G and V2H differs in many ways, such as V2G deals with the whole
power grid while the VV2H deals with home or group of homes. Therefore, many critical

points in V2H need additional research.

Few works have studied V2H in the context of Smart Grid, the communication
between both EV and Smart Grid sides, Impact of Electric VVehicles on Power Distribution
networks, and management of house appliances [25], [26]. However, few works were
done to develop and enhance the algorithms that regulate charging and discharging
processes [6], [37]. Most of works have considered a partial solutions or solutions for

special cases.



This thesis focuses on merging the V2H and the Smart Grid, and finding a solution
that reduces power demands at peak time, reduce energy bill and solving the charging and

discharging problems.

1.3 Motivation and Objective

Adopting EVs added new demands to the current power grid. However,
uncoordinated EV charging will seriously affect power grid, and economy [25]. To meet
new demands using current power grid and renewable resources, an ESS is needed. EVs
can help the power grid using its battery. For example, Tesla S70 has 90 kWh battery
capacity, and its daily consumption for trips is about 12.5% of this capacity (average daily
distance for light vehicles is 53 Km [38]). Using simple math, 60 kWh can be used as an

ESS after reduction of 20% depletion ratio.

Finding a solution of power demands problem at peak time is the main objective of
this thesis. This solution intends to provide coordination algorithm for EVs charging and
discharging operations, in the micro grid, to reduce consumed power at peak time and to
reduce energy bill of the EV owner without affecting the performance of the EV as a

vehicle. This solution will use V2H technologies in the Smart Grid environment.

1.4 Thesis Contribution

This thesis intends to provide an algorithm to coordinate EV charging and
discharging operations. This algorithm will use V2H technologies in a Smart Grid
environment to help power grid meets the expected power demands. The contribution of

this thesis can be summerized as follows:



Flexible Charging and Discharging (FCD) algorithm that uses the EV battery as an
ESS has been defined. This algorithm aims to use the EV battery to store power during
off-peak times and retrieve power in peak times. In addition, the algorithm studied the
consumed and returned power at peak time based on 30-minutes time-slot and 10-minutes
time-slot. Finally, a Time of Use (ToU) pricing scheme has been used to evaluate the

performance of the proposed coordination algorithm.

1.5 Thesis Outline

The thesis is organized as follows: Chapter 2 has four sections, section 1 reviews
the literature of the EV and Smart Grid, Section 2 presents EV and House power
consumption, section 3 shows EV charging levels, chargers, and EV batteries, section 4
reviews V2H standards and algorithms. In Chapter 3, we discuss the house and EV power
consumption sub-models and EV charging-discharging coordination model. Chapter 4
verifies the advantages of considering the charging-discharging coordination algorithms.
Also, we proved through analytical and implemented simulations that the FCD algorithm
reduces the power demands, and reducing EV owner’s power bill without affecting the
vehicle performance. Chapter 5 concludes our current research study and explores the

future work we intend to target.



Chapter 2: State of the Art of EV

Designing new affordable, economical, efficient, comfortable, and compatible EVs
with Smart Grids are the goals of EV industry. Enabling these features drive research in
this area where researchers are interested in designing and developing new standards,

techniques, algorithms, protocols and technologies to fulfill these requirements.

This chapter is divided into four main sections. In the first section, we will briefly
discuss the development of EV’s since the 19th century until now, EV and Smart Grid
relationship, and the role of the EV in the future of the Smart Grid. The second section
will discuss EV and house power consumption. In the third section, a review of EV
chargers, charging levels, charging places, and EV battery. Finally, we will present

previous works in V2H and V2G standards and algorithms.

2.1 EV and Smart Grid

2.1.1 EV History

The development of EV began in the 19" century. Man did not stop his trials to
design and develop a vehicle that is powered by electricity. This evolution grew slowly in
the 20" century because of using gas and ICE. EV continued development in the 21%
century. Nowadays, more than 30 different EVs are available in the market [39]. These
EVs might be operated entirely or partially by electricity. It is anticipated that by 2025 all

light vehicles sold in Europe will be electric or hybrid [40].



Figure 2-1 shows the Detroit EV in 1915 and to the right Tesla Model S in 2015.

These two vehicles show how much EV industry has evolved.

Figure 2-1: Detroit EV 1915 and Tesla Model S 2015 [38], [41]

The race between EV makers is not limited to the electric motor or the battery pack
only, but rather exceeds to compete conventional vehicles body design, comfortability,
security, safety, range, and power efficiency. Soon, EV roofs will have solar panels that
feed EV battery [42]. Therefore, EV will not consume too much power from the grid,
which means less cost. Until the moment when these expectations become true, EV has
another advantage; it has a battery pack that can work as an ESS. This ESS will store

excess power from renewable resources.

2.1.2 Smart Grid

Smart Grid is defined as an electricity power grid that uses digital communications
technology to detect and respond to local changes in power usage [41]. Smart Grid

includes various power operational and measures, such as smart meters, smart appliances,



renewable power resources, and power efficiency resources [34], in addition, power
generation, power transmission, and power control are important aspects of Smart Grid
[43]. The design of a Smart Grid is based on six issues: to have two ways power and
communication flow, to be self-healing, to be secure, to have and use power storage, to
use renewable power resources and efficient management of power and demand [12].

These issues will be discussed in light of Smart Grid in the following subsections.

Figure 2-2: Visionary Graph of Smart Grid [44]

2.1.2.1 Smart Grid Issues

Power and communication flow is one of the major issues in the Smart Grid [45].
To control power resources, and manage these resources, many researchers, e.g. [16], [46],
[47], studied the algorithms and protocols that connect Smart Grid components together.
To fulfill its required duties, these power and communication connections should be

reliable, scalable and secure [48], [49].



Security of Smart Grid is another crucial issue. Cyber system in a Smart Grid
environment is not 100% reliable [49], [50], especially in the case of power and
communications connections [49]. For this reason, the whole Smart Grid should be
secured against attacks of vulnerable system components. These attacks should be studied

at various grid layers and domains [51], [52].

Reliability is another issue in the Smart Grid. It means that the system will be
available all the time and present the same level of services that makes our life easy,
economy and comfortable [53]. In other words, we need to protect the power grid against
fluctuations, and provision power resources, which ensures that the grid will be available
all the times [54]. However, this goal is not easy, a comprehensive effort that includes
managing our demands, our habits, our preferences in addition to a group of algorithms,
schemes, and good design, all of these together might achieve reliability for the Smart

Grid.

Smart Grid required the support of renewable resources such as the wind and solar
cells [46]. Other non-renewable resources can be used in the Smart Grid. However, in the
future only renewable resources might be used [55], thus, to control and benefit from these

resources, Smart Grid needs to use power storage.

2.1.2.2 Smart Grid Applications

Applications in Smart Grid are categorized into two groups. Real applications group,
such as smart meter, smart appliances, smart vehicles, and developing applications group,
such as smart cities, smart roads. In this subsection, we will present one of the real

applications of Smart Grid.
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Figure 2-3: Different Types of Smart Meters [41]

A smart meter is an advanced power meter that can read the consumed power per
time unit [56]. Smart meter system consists of smart meter, bi-directional communication
connection, and control devices. These components give the smart meter the ability to
execute commands remotely [57]. After reading power consumption, smart meter
communicates with the grid to submit the collected information [58], [59]. Finally, smart

meters can calculate consumption using different pricing schemes [57].

Smart appliances are the devices that realize services in cooperation with another
device like the phones and computers [60]. These appliances represent another application
of the Smart Grid. The smart appliance can be operated in two ways: directly, where the
user entered operational preferences, or remotely, where Smart Grid manage and control
these devices by sending directions through communication channels [22]. In the case of

remote access, Smart Grid uses a number of algorithms that schedules appliances uses
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based on expected required power, operational time, prices, user preferences and
priorities. These algorithms also give instructions to stop, pause, and delay or resume

appliance operation [61], [62].

2.1.2.3 Aggregators in Smart Grid

Aggregators work as mediators between electricity companies and customers. Each
aggregator has the needed technologies to supply demanded power to the customers. In
addition, they can communicate and install control devices (i.e. smart meters) at the
customer side. The aggregator represents a number of customers who respond to them.
Therefore, aggregators work as a broker in electricity market. They negotiate with
electricity companies on behalf of their customers about prices and demands. Moreover,
aggregators reduce electricity prices for the customers if they allow aggregators to manage

appliances operations especially at peak times [63].

2.1.3 Use of EV as Part of Smart Grid

As we mentioned previously, EV can be managed and controlled by Smart Grid
algorithms [1]. In this manner, vehicles will follow Smart Grid directions, especially in
power management concerns. Day-by-day power demands of houses and factories are
increased. These demands need more planning and designing to protect and recover the
power grid [4]. Conventional power grid consists of generators, transformers, distribution
grids and controllers. These components have a peak capacity and if the demands are
increased, the performance, the efficiency and the age of these components will degrade

[64].
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2.2 EV and House Power Consumption

To understand power demands in proportion to generated power, Figure 2-4
represents Ontario power production and consumption for the period from March 2012
until August 2013. The solid line represents the weekly average power demand, the dashed
line is the average generated power, and the range represents the minimum and maximum
power demand for the same period. From the figure, we infer that maximum power

demand could exceed generated power.
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Figure 2-4: House Baseload and Minimum Demand [68]

House has a number of appliances and light system that represent the baseload of
the house. Appliances such as water boilers, washers, dryers, air conditions, fridges,
stoves, microwaves, and dishwashers represent the main load in the home. Appliances can
be classified based on the ability to pause and resume into three types as proposed in [10].
These are interruptible and deferrable appliances, non-interruptible and deferrable

13



appliances, and non-interruptible and non-deferrable appliances. Authors of [65] divided
the appliances based on different control strategies into three classes: non-shiftable, time-
shiftable, power-shiftable. In addition, in [22] appliances are divided into three types
based on different working styles of primary power consumption units, induction coil,
heating resistance, and an electronic circuit. All these classifications used by researchers

to manage house power demands at peak times.

2.2.1 Demand Response Management (DRM)

DRM is defined as the group of methods and techniques that can be used for altering
the user power consumption to match predefined goals, most of the times we use Demand
Response (DR) instead of the DRM [66]. Power demand is growing at each moment for
three reasons: power fluctuations at different times in the year, power consumption habits,

and growing population.

Load management strategies are classified into direct and indirect strategies. Direct
strategies uses the equipment such as smart meters to manage the load, while indirect
strategies use the regulations, incentives and penalties (using different tariffs) to control
the load. The goal of all strategies and classes is to lower demand during peak times [67].
To achieve this goal, power demands should be managed during the daytime by one of

the following operations:

a) Peak shaving which aims to reduce the consumption of electricity during certain
times, these times historically represent peaks of power consumption, and any
increase in demand at these times could not be met and might affect the

transformers [68].

14



b) Valley filling, which is a technique to transfer executing jobs from peak times to
off-peak times, so we can change the time of executing jobs to minimize demands
in high demands period [69].

¢) Load shifting, this technique is a combination of the peak shaving and valley filling
techniques. It aims to reduce consumption by rescheduling jobs or operations; this

technique is used widely in the literature [70].

In addition, we have two complementary strategies: conservation strategy, and load
growth strategy. These strategies care about performance and efficiency of the
transformers and distribution network. Conservation strategy aims to reduce the
consumption by increasing the efficiency of power use. While load growth strategy is
designed to improve power transformers and generators by replacing inefficient fossil-

fuel generators by high efficiency generators [64].

2.2.2 Householders Behavior and Electricity Use

To achieve the highest level of efficiency of electric system, researchers studied
system components: the generators, the transformers, the distribution network and the
appliances. They refabricated these components to meet efficiency requirements. For
example, to leverage the efficiency of generators, authors of [55] suggested using new gas
generators. In addition, they studied user behavior, because they found that user habits
affect power consumption. They use various price schemes, and incentives to encourage

users to follow power reduction recommendations.
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2.2.2.1 Domestic Baseload

Domestic baseload or house base load represent the average consumed power of the
houses in a city or a country for a period of time. The domestic baseload represents
consumed power of house appliances and lights. To this end, EV power consumption is

not included in the calculation of domestic baseload.

Household consumption varies significantly between different customers, day and
night, weekdays and weekends, and summer and winter. Therefore, intensive study of
customer’s behavior will help solving power demand problem. Smart meters is used to
collect information about house baseload. These pieces of information will be used to help
customers to reduce their power bill; this reduction is based on changing negative habits
related to power consumption, rescheduling appliances uses, using new efficient
appliances, and using stored power in EV battery [19]. As shown in Table 2-1 residential
sector consumed about 18% of the total produced power over the world. This percentage
varies at different times and different places [71]. For example, people in North America
and northern European countries use about 30% of total produced power for heating in

winter.

Table 2-1: World Energy Consumption Sectors [72]

Energy end use®  Eleciricity losses®  Total energy use*  Share oftotal energy use

End-use sectors

Commercial 29 34 62 12%

Industrial 200 56 266 51%

Residential 52 40 92 18%

Transportation 101 2 03 20%

Total end-use sectors 3g2 524

Electric power sector? 204 39%
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Canada, for example, produced 539 and 503 TW for years 2005 and 2009
respectively [71]. Residential sector consumption was 28% in 2005 and ramped to 32%
in 2009. These numbers justified government concern in finding solutions and other
alternatives to meet the future power demands. Figure 2-5 from Natural Resources of

Canada confirms these numbers.

Commercial
Institutional

Consumed Power (TW)

2003 2004 2005 2006 2007 2008 2009 2010

Years

Figure 2-5: Canada Energy Consumption Sectors [71]

2.2.2.2 Time Use Data

To understand user behavior, the Time Use Data (TUD) technique is introduced.
This technique ensures collecting data related to customer behavior at each time unit.
Electricity use of household follow some patterns. These patterns can be inferred from the
household activities. To estimate electricity use for houses, we collect user’s information
through surveys or smart meters. These pieces of information represent the activities,

habits, and preferences of the users. To collect these pieces of information, authors of [73]
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suggest to give each person in the house a State of Activity (SoA) related to time. The
transition from state to another means a change of activity. To use this assumption in the
proper way, the authors determine many factors that should be considered, these are

activity start time, activity type, activity place, and shared activities with another person.

Time use surveys gather data over time intervals through official statistics. In
addition, gathered data is collected in one report. Then, TUD can be used to estimate the
power consumption of the householder, this approach is used in [31]. Moreover, gathered
data could be employed in the stochastic model to generate power consumption patterns

synthetically [74].

2.2.3 EV Power Consumption

Power consumption of EV can be measured according to the range. A group of
major factors dramatically affects consumed power, such as the vehicle weight, motor
capacity, driving patterns, driving place, and engine efficiency. In addition, factors such
as motor startup, using air condition, using other utilities inside EV, outside temperature,
and route type also impacted consumed power [75]. For example, Tesla Model S [38] is
the largest all wheels drive EV, the range of its 90 kWh battery is about 400 km. In
practice, an EV travels an average of 53 km per day. Using simple math, if 1 kW costs
0.12 CAD, then the average day trip that consumes 10.3 kWh will cost 1.24 CAD. These
numbers are important for two reasons. First, the operational cost of a EV is less than the
operational cost of conventional vehicles, while the capital cost of EVs is higher than the
capital cost of conventional vehicles. Second, the remaining of the battery capacity can

be used to balance the electrical grid system.
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2.3 EV Chargers, Charging Levels, and Battery Types

2.3.1 EV Chargers

Chargers can be classified into on-board and off-board chargers with unidirectional
or bidirectional power flow [7]. If all charging equipment are installed on the vehicle, we
call the charger on-board charger, in this case, the charger has limited size, weight, and
extra cost is added. On the other hand, off-board charger system has no limited space and
weight, and less cost [76]. Power flows in one direction on unidirectional chargers and
both directions or bidirectional chargers. The unidirectional charger has fewer hardware
requirements, simple interconnection, and low cost. Bidirectional chargers require more
hardware and extra cost, but it supports the discharging operations [77]. In this thesis, we
are interested in bidirectional chargers because we can use them for charging and

discharging operations.

Bidirectional chargers have two stages the first stage has a bidirectional AC-DC
converter that enforces power factor and the second stage is a bidirectional DC-DC
converter that regulates battery current [76]. The most important feature of the
bidirectional charger is the ability to work in charging and discharging modes. Therefore,
it supports absorbing power from the grid, which is known as V2G operation and returning
power to the grid, which is known as G2V operation. However, frequent charging and
discharging processes caused battery aging problem. Also, the bidirectional charger has a

metering issues and the necessity to upgrade the distribution grid [8].

Unidirectional chargers support G2V operation only, these chargers have one AC-

DC stage, also components like AC-DC converter, diode bridge, and filter are used in
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manufacturing of this type. Unidirectional chargers have the advantage of low cost,
lossless, high performance and simplicity in control and manage heavily loaded feeders

due to multiple EVs [78].

2.3.2 Charging Levels

Charging levels are classified based on charging speed, charging voltage and used
equipment into three levels (level 1, level 2 and fast charging). We will discuss these levels
in this section. Charging levels have a direct connection with charging places, where each
charging level might take place in one or more places. There are four suggested charging
places home, work, commercial places, and supply stations. We will discuss these places

later in this section.

2.3.2.1 Level 1 Charging

This level is the slowest charging level, it uses single-phase standard home power
outlet with 120V. This charging level does not require further equipment, connections or
special infrastructure. It can be used at home or work and can be used anytime [79]. The
cost of Level 1 charging is minimum because no additional equipment is used. For many
reasons, EV owners are recommended to charge their vehicles overnight. These reasons

can be abstracted as following,

1) Reducing the cost of consumed power,
i) EV owners have enough time to charge their vehicles until full,
1ii) This is comfort charging option for the EV owners, and

iv) Encourage electrification (i.e. switching from conventional vehicles to EVs) [7].
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However, level 1 charging is very slow; it takes 12-16 hours to fully charge the 24
kWh battery. The majority of EVs supported Level 1, where other EV supported other
levels. To connect EV to the grid, SAE J1772 standard connector is used, which is shown

in Figure 2-6 [8].

Figure 2-6: SAE’s J1772 Combo Connector for AC or DC Level 1 and Level 2 [80]

2.3.2.2 Level 2 Charging

Level 2 charging can be used in private and public facilities [79]. On average, it
takes 6-8 hours to fully charge the 24 kWh battery. Therefore, it has a moderate charging
speed. Level 2 uses the outlets range from 208V to 240V, this outlet exists in houses and
buildings in North America, in addition to the 120 V outlet, because houses use it for

dryers, heaters, and Air-conditions [77].

Level 2 might be used in homes, in work or public places. However, extra equipment
are required, such as special connections, and sockets [7]. Users prefer to use level 2
technology because it is fast and available. Although it costs higher than level 1.
According to the connector, level 2 uses the SAE J1772 connector as in level 1 but with
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the addition of 2 pins on the connector to support the AC and DC currents [81]. The
authors of [77] made a comparison between level 1 and level 2 using the Chevrolet Volt
and they found that level 2 charging is more efficient than level 1 by 2.7% on average

and up to 12.8% for shorter charge events that draw less than 2kWh from the grid.

2.3.2.3 Fast Charging

This level is the fastest, the most expensive, and the complex charging level. It takes
10-30 minutes to fully charge a 24 kWh battery [82]. Having fast charging rate requires
extra equipment, special cables, and power sockets. Fast charging technology uses three
phase power line, with 480V or higher which is twice as level 2. Moreover, additional
space is required for this equipment. However, this technology cannot be used at homes
or work, because of cost, space, and other connections so that it can be used only in supply
stations [8]. Existing grid infrastructure in these areas cannot sufficiently fulfill burst in
power demand for supply station services. Charger might be overloaded quickly based on
the EV penetration ratio (P), where P is defined as the ratio of EVs to light vehicles, and
schedule of charging and discharging. Power burst will cause losses in transformers,
degradation in transformers lifetime, overload on generators, and overload on distribution

lines. Additional investments will take place in lines, transformers, and generators [31].

2.3.3 Charging Places

EV may be charged at homes, at work places, at commercial places, and charging
at supply stations. These places differ based on the level of charging and charger type
[33]. To charge EV at home, at work or commercial places level 1 and level 2 might be

used because of power line limitations. Fast chargers could be used on highways and
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supply stations. Moreover, fast charging could be used in commercial and residential areas
if we embedded new coordination algorithms and additional enhancements to the current

infrastructure [8].

2.3.4 EV Batteries and Motor Efficiency

The first EV was made after the invention of Lead Acid battery; this information
reflect the strong relation between batteries and EV [83]. Moreover, batteries in the 19
and early 20" centuries had many disadvantages such as short trip times, long charging
times, and poor durability. These factors slowed EVs evolution, and gave preference to
ICE at those times [84]. Nowadays, the two major battery technologies are Nickel Metal
Hydride (NiMH) and lithium ion (Li-ion) as shown in Table 2-2. Both technologies have
negative and positive features such as handling high power, high-energy capacity, limited

in weight and space, and have affordable costs.

NiMH is common in PHEV because of its mature technology and cooling system.
However, it has short lifetime, and lower output power. On another hand, BEVs adopted
Li-ion technology because of higher output power. But, Li-ion technologies should
improve the cooling system and calendar life [36]. This short comparison leads to the
conclusion that both technologies have advantages, but they also have disadvantages that

need intensive effort to overcome.
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Table 2-2: Battery Technology [85]

Company Country | Vehicle Model Battery Technology
GM USA Chevy Volt Li-ion
Saturn Vue Hybrid NiMH
Ford USA Escape, Fusion, MKZ HEV NiMH
Escape PHEV Li-ion
Toyota Japan Prius, Lexus NiMH
Honda Japan Civic, Insight NiMH
Hyundai S. Korea | Sonata Lithium polymer
Chrysler USA Chrysler 200C EV Li-ion
BMW Germany | X6, I3 NiMH
Mini E (2012) Li-ion
BYD China E6 Li-ion
Daimler Benz | Germany | ML450, S400 NiMH
Smart EV (2010) Li-ion
Mitsubishi Japan IMIEV (2010) Li-ion
Nissan Japan Altima NiMH
Leaf EV (2010) Li-ion
Tesla USA Roadster (2009) Li-ion
Think Norway | Think EV Li-ion, Sodium/ Metal

Chloride

24




The developing race between battery technologies in addition to generous
governmental grants, will influence batteries industry in the future. Moreover, any
enhancement in battery technology will affect EV’s future. Long charging time, limited
space, limited weight, battery capacity, charging and discharging efficiency, charger
cooling system and long lifetime. All these challenges will determine EV’s future and

battery technology’s future [36].

In terms of efficiency, EV motor has a higher fuel efficiency than ICE. The fuel
efficiency of the conventional vehicle is about 14% - 30% of the used fuel. On another

hand, EV efficiency is up to 65% of the used power [72].

2.4 Vehicle to Home Standards and Algorithms

Based on power flow direction, power flow technologies between vehicle and grid,
can be classified into two types: Vehicle to Grid (V2G) technologies and Grid to Vehicle
(G2V) technologies. V2G and G2V technologies use three elements to transport power
successfully, power connection, control unit, and metering system. The most important
element is control unit that manages and controls other elements. In addition, it ensures
the safety and security of charging and discharging processes. Control unit uses a number
of algorithms and procedures to manage other elements. The third element measures the
transported power quantities and battery SoC ratio, these quantities are the inputs of

control unit element [32].

In the following sub-sections, we will review V2H standards specially V2H
charging and discharging standards. In addition, we will review V2G algorithms and V2H

algorithms. Finally, we will review pricing schemes.
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2.4.1 V2H Charging Standards

V2H technology needs a group of standards that govern the hardware and software
products compatibility. These standards guarantees that all users over the world will
receive the same level of products or services. Many worldwide organizations,
institutions, and commissions, such as IEEE, ISO, and International Electrotechnical
Commission (IEC), The Society of Automotive Engineers (SAE), the Electric Drive
Transport Association (EDTA), the European Standardization Commission (CEN),
Japanese Industry Standards (JIS), and Japan EV Association Standards (JEVS), spent
time and effort to set these standards [86]. We will review the charging (i.e. power flow)
standards that guarantee the inter-operability between EV and Electric Vehicle Supply

Equipment (EVSE).

IEEE 1547

This standard forms the interconnection of distributed resources with electric power
systems. It provides the performance, the operation, the testing, and the safety
requirements relevant to interconnection of distributed resources with electric power.

These requirements shall be met before any power flow operation.

SAE J3072

This standard establishes interconnection requirements for EV interactive inverter
system with power grid from EVSE. In addition, it defines required communication
between EV and EVSE to authorize discharging at EVSE site, these requirements will be
used in conjunction with IEEE 1547 standard for interconnecting distributed resources

with electric power grids [80].
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SAE J1772

This standard is the most known SAE standard. It provides the physical, electrical,
functional, and performance requirements that facilitate conductive charging of EV. In
addition, it defines the electrical interface of the charger between the EV and EVSE.
Safety and performance are the targets of designing and implementing J1772 connector.
Moreover, the J1772 connector is able to establish communications between the EV and

EVSE without affecting power transportation processes [80].

2.4.2 V2G Algorithms

Algorithms related to V2G or G2V can be classified based on the nature of the
algorithm into five types: coordination algorithms, scheduling algorithms, pricing
algorithms, communication algorithms and admission control algorithms [32]. Moreover,
improving algorithms in one or more of these types will improve the V2G technology,
increase its reliability, and encourage people to adopt EVs [17]. Coordination and pricing
are tied to each other because any charging or discharging process will reflect on the

customer power bill. Therefore, we will review these two types of algorithms.

EV charging operations can be divided into two types, centralized charging and
decentralized charging. In centralized charging, algorithms aimed to coordinate EV
charging operations to reduce power demands at peak times, or to shift the peak demand
from time to another. Decentralized algorithms aimed to reduce uncoordinated EV
charging operations by finding new methods for charging EV batteries or using Battery

Swap Stations (BSS) to swap batteries instead of charging them [87].
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In this section, we will review centralized and decentralized algorithms. However,
we will focus on centralized algorithms because we are convinced that we can use Smart
Grid capabilities to run centralized algorithms. Moreover, decentralized option has many
limitations, such as it serves a limited number of EVs, the cost of swapping battery is not

defined, swapping time, a limited number of BSSs [88].

Present algorithms in V2G can be used in V2H and vice versa. However, additional
constraints will be applied in some cases to keep the algorithms working correctly. In the
following sub-sections, we will discuss scheduling algorithms in both V2G and V2H and

pricing algorithms in the literature.

2.4.2.1 V2G Algorithms

In literature, we found that charging coordination algorithms are classified based

on the purpose of coordination algorithm, peak shaving or peak shifting.

The authors of [65] proposed two heuristic algorithms to solve the coordination
problem. They suggest a solution to reduce waiting time of vehicles at a charging station.
However, they did not consider the power demands of the houses, and they did not discuss
the relation between power prices and consumption. In [89], the authors proposed the use
of incentive-based charging coordinating algorithm. They suggested Demand Side
Management (DSM) approach to reduce power cost based on game theory. However, they
did not consider the flexibility of user trips and the relation between the prices and power
demands. The authors of [90], [91] used factors such as charging duration and charging
rates of multiple EVs to coordinate and reduce consumed power from the grid. However,

they ignored the role of pricing schemes, and incentives.
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In [33], [92], the authors proposed coordination algorithm based on Markov Chain
Monte Carlo model to predict departure probability based on real statistics from Portugal
statistics and UK 2000 Time of Use Survey (TUS) respectively. Authors of [33] applied
proposed algorithm in the period between (5:00 PM and 10:00 PM). In addition, they
focused on the grid benefits than user benefits. However, they did not use their algorithm
to solve the peak demand problem of whole peak time. The authors of [92] applied a case
study and found that the integration of a large number of EV will not affect the robustness
of the grid. However, they emphasized more on the health of distribution grid and referred

to the EV battery as a part of the solution without describing coordination algorithm.

The authors of [1], [66] developed optimization strategy to manage and control
household operations based on real-time price signal. They applied various algorithms
based on the change in the price of electricity. In [66] the authors used the power price to
encourage managing the use of appliances in the house. A home Energy Management
System (EMS) is proposed in [1] to optimize the effect of using house appliances and EVs
on the stability of the grid, they also used EV battery as ESS to balance the grid. However,

both [1], [66] did not consider EV owner trip flexibility.

The authors of [18] suggested a bi-directional trading market between the user and
the grid. In addition, they suggested the use of incentives and penalties to encourage the
users to reduce their consumption during peak times. In [5], the authors used weather
forecast to predict the amount of renewable power that can be used to support the grid.
They also suggested using EV battery to store unused power form renewable resources.

However, authors of [5], [18] did not consider a change in owner’s trip schedule.
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2.4.2.2 V2H Algorithms

V2H, which is a special case of V2G aimed to use the home as a point of contact
between EV and Smart Grid. In addition, V2H technologies and algorithms might use the
stored power in EV battery pack to balance the home power consumption instead of
balancing power demands in the grid or micro grid [1]. In all cases, EV owners should
know how to use and save their vehicle battery [21]. In this subsection, we will discuss

these techniques and algorithms, which are designed and specialized for V2H operations.

The authors of [66] proposed the use of Demand Response (DR) to manage the
charging and discharging operations. Also, stored power will be used to balance home
power consumption in peak times. However, the proposal did not use the stored power in

case of low house power consumption.

In [90], the authors proved that using stored power in EV battery through V2H and
V2G operations will reduce the load interruption and increase the reliability of the
classical distribution system, especially in terminal points that required a long time to
repair faults in local transformers or distribution lines. However, they did not discuss

power prices and flexibility in trips schedule of EV owners.

A stochastics optimization of DR management model for residential appliances
based on real-time power price is proposed in [10]. The model divided home appliances
into three categories based on the ability to interrupt and defer current operation to reduce
consumed power during peak times. However, they ignored trip schedule changes.
Authors of [93] proposed a centralized algorithm to schedule uses of EV and home

appliances for the purpose of reducing consumed power at peak times. In addition, they
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proved proposed model using simulation and mathematical model. However, they ignored
different pricing schemes and dynamic change of EV owner trip schedule. An Integer
Linear Programming (ILP) optimization technique is proposed by authors of [94]. The
proposed technique shaves the peak of houses power consumption using the power stored
in the battery of EV. Moreover, simulation and mathematical model proved that ILP
technique could be used in residential and common places. However, the authors did not

use pricing schemes, and they ignored EV owner flexibility.

2.4.2.3 Pricing Schemes

In the literature, two pricing schemes were proposed to charge the customers for
their electric consumption. The Time of Use (ToU) pricing scheme and the Real Time
Pricing scheme (RTP). Coordination algorithms used these schemes to prove the
correctness of their algorithms. Authors of [11] present a novel approach to find the
optimal ToU price in the market. The proposed strategy aimed to change end user habits
or change the operational hours to increase the customers benefit. In [95], the authors
proposed new pricing model based on ToU scheme to encourage the customers to charge
their vehicles during off-peak times. In addition, they proposed coordination model for
charging and discharging EVs based on their pricing model to reduce the consumed power
at peak times. Hierarchical clustering approach that converts the RTP to ToU without pre-
knowledge of pricing blocks is proposed in [20]. They proposed dividing the RT period
into half hour slot and then clustering the settlement periods in groups that have the least
price rate difference. In addition, they applied the scheme for all seasons, and they found
that customers with typical load would not be affected. However, companies will gain

extra benefits.
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The idea of RTP is to change the price of energy up or down at each time slot, in
proportion to the price of fuel or power demands. The authors of [96], [97] uses this
approach of pricing. They proposed a centralized algorithm that calculates the price of the
next time slot based on the current price, the fuel price, the consumption expectations of
the next time slot and demand history. The authors of [97] proposed an online real-time
pricing algorithm based on Markov Chain Model. In addition, they initially assumed that
the price is picked from the predefined finite set, and then the Markov Chain is used to
produce real-time price. In [98], the authors suggested a new mechanism to generalize
real-time pricing. They proposed the use of incentives for customers and suppliers if they
change their pricing scheme to real-time scheme. Moreover, they present a guaranteed
mechanism under moderate constraints to fulfill the demand of customers and safe

operations of an electrical grid.
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Chapter 3: System Model

This chapter discusses the system model of EV in terms of power and price. In
addition, it presents the house load and the role of EV in reducing the overall load. This
chapter consists of two sections. Section 1 discusses the house and EV power sub-models
in addition to the relations that govern these models. Section 2 presents the FCD algorithm

and its model for charging and discharging coordination.

3.1 House and EV Power Sub-models
3.1.1 House Sub-model

The system consists of a number of houses (H), each house has a number of

appliances (N) these appliances consume amounts of power that are proportional to its
operation hours. Time is divided into T equal time slots. Over any time slot, an appliance
can be either operational or idle. The set of time slots over which the appliance is
operational is denoted by (O ,). The total power consumed by the n'® appliance over a
period of 24 hours where each appliance consumed amount of power in time slot (t) equals

(Pc.n) can be written as

T
PApp,n - z PC,Tl . At,‘l’l ) (31)
t=1

Where
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1, ifte oT,n}

- ,
tn =0, other wise

The total power consumed by the H™ house that has N appliances over 24 hours window

can be written as

N
Ph rotar = Z PApp,n . (3.2)
n=1

Using the previous equation we can calculate the total consumed power for all

houses in the model using the following equation.

H
Phouses = Z Ph_Total . (3'3)
h=1

3.1.2 EV Sub-model

The residents of H houses are assumed to have a total of V EVs. Of these vehicles
Ngy ratio(t) are participating in charging and discharging operations. The ratio of
participant vehicles depends on the owner trip probability at each time slot (Pr,.;,, (¢)). In

this thesis we assumed that the day is divided into two periods; peak period between 7:00

AM and 7:00 PM, and off peak period between 7:00 PM and 7:00 AM.

State of Charge (SoC) ratio is initially a uniform random value between (0% - 100%)
for all vehicles. In addition, we assumed that all vehicles are able to charge during the off
peak times. Therefore, at 7:00 AM most EVs are fully charged. SoC for V" vehicle at the
end of a trip is denoted by SoCyy¢.,. The distance travelled in a particular trip by the yth

vehicle is denoted by (D?). The uniform random variable over the range [0, Dyq.] IS used
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to generate a distance vector of expected trips. D,,,, IS the maximum distance that a
vehicle can travel with a full charge for instance 160 km for Nissan Leaf, and 400 km for
Tesla Model S. Using these distances, the SoC reduction at the end of a trip of V" vehicle

is denoted by SoCr,,, can be written as

D¢ * SoCpyy

3.4
E * Dmax ( )

SOCTT‘ip =

Where ¢ is the driving efficiency factor, and it depends on EV driving efficiency,

driving route, AC to DC inverter efficiency, and charging or discharging efficiency.
Therefore, e = 1, in case of ideal circumstances, 0 < € < 1, otherwise. SOCgy,;; is the

full battery state of charge which can be used to drive the maximum distance D,,, 4.

3.2 The Proposed FCD Algorithm

The proposed algorithm applies charging and discharging processes during peak
times between 7:00 AM and 7:00 PM to help solving the power demand problem at peak
time. We assume that the algorithm control lies at the aggregator side. The aggregator
starts communication with each house and collect power consumption information about
these houses through smart meters and surveys. Then, the aggregator will organize
charging and discharging operations of his customer’s vehicles. The communication
between the aggregator and the houses is out of thesis scope. However, we assumed that
a communication channel is available all the time between the aggregator and the houses.
This channel will carry vehicle’s SoC and the orders of charging and discharging. As
shown in Figure 3-1, the aggregator uses the proposed algorithm to decide which EVs will
charge and which EVs will discharge based on user trip probability, needed power for the
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trip, and time. The main two factors that affect the algorithm is trip schedule and SoC of
each EV in the neighborhood. The algorithm aims to reduce power bill and shave peak

demands without ignoring user’s preferences.
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Figure 3-1: Aggregator Role in FCD Algorithm

In the purpose of increasing the reliability of our algorithm, we study four EVs
classified into small, medium and large sizes. These EVs are classified based on three
factors: the battery capacity, charging rate and charging efficiency. According to battery
capacity, Tesla Model S has the largest capacity, followed by Toyota RAV 4 EV that has
medium battery capacity and finally, BMW i3 and Nissan Leaf that have small capacity.
Moreover, RAV4 EV has the highest charging rate followed by Tesla Model S and finally
BMWe-i3 and Leaf. BMW-i3 and Tesla Model S have the highest charging efficiency;
also, Nissan Leaf and RAV4- EV have very close efficiencies. Table 3-1 present these

factors and assigned values of each EV for each factor.
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Table 3-1: EV’s Specifications [38], [75], [99], [100]

Battery Charging Charging
EV Make Capacity Rate L2 Efficiency
KWh (average) kW (average)
BMW i3 18.8 3.83 92.2%
Nissan Leaf 30 3.79 86%
Toyota RAV4 41.8 7.2 85.6%
Tesla Model S 2015 90 55 92%

3.2.1 Flexible Charging and Discharging Algorithm

The idea of our Flexible Charging and Discharging (FCD) algorithm is to shave
power demands in peak times using stored power in EV battery. Charging process might
happen at peak or off peak time based on the battery SoC and the required power for the
trip. In addition, in case of emergency, when the vehicle leaves the house without
sufficient SoC to meet the required power of the trip, owners can charge at charging
station. However, discharging processes will take place during peak times between 7:00
AM and 7:00 PM. Peak time gained it’s name from higher power demands. Therefore, the
curve that represents consumed power will go up during this time. In addition, power
prices increased at this time. For example, electricity prices jumped in Ontario from 8.3
cents/kWh at off peak to 12.8 cents/kWh at mid peak and reached 17.5 cents/kWh at peak

times [101].
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FCD algorithm is not mandatory for customers. However, the algorithm encouraged
EV’s owners to charge their vehicles at night during off peak time and low prices.
Therefore, by 7:00 AM the EV battery will reach full charge even in the case of using
level 1 chargers. In addition, EVs are ready to departure or remain at home based on the
owner’s trip plan. All stayed EVs might participate in FDC algorithm or not. If they

participated, they could support the grid or the house during peak times.

Moreover, to give the EV owner higher degree of flexibility to change his travel
plans, we consider two time slot scenarios: a 30-minute scenario and 10-minute scenario.
Therefore, the owner may change his/her plan at any time slot. Such charges take place at

the beginning of the following time slot.

As shown in Figure 3-2, the FCD algorithm calculates the required power for
upcoming trip, and checks if the SoC in the battery is sufficient. If the SoC is not sufficient,
the algorithm invokes EV charging until the power level is sufficient or departure time
comes. In case that the EV driver has no planned trips, the FCD algorithm discharges the
EV battery until SoC equal 20%. We consider the depletion threshold to be at 20% [36].
In other words, the battery efficiency will be harmed if we discharge the battery beneath
this ratio. FCD algorithm updates the SoC for all participant EVs at the beginning of each
time slot based on the scenario time. In addition, we studied four penetration ratios to

show how the FCD algorithm works with large number of EVs.

For example, if a vehicle has a trip at 9:00 AM and it has a full battery charge at

7:00 AM, and it has 20 km trip distance. FCD algorithm calculates the required power to
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fulfill the trip from Equation 3.4 and subtracts this value from the total SoC in the battery

and starts discharging while the vehicle has not departed or the required SoC reached.

Another example, if a vehicle has a 100 km trip at 5:00 PM and its SoC was 40% at
2:00 PM. The algorithm calculates the power needed to fulfill the trip, and since the SoC
is not enough, the vehicle starts charging until the SoC is sufficient for the trip or the trip

time is coming.

@

For each EV Request (Trip
Schedule, Distance)

No

Do Nothing Charge ‘-‘-hll-'_t
“ SoC <100%
Discharge while No Caleudate Trip Vis
5oC =th power
Discharge while
Charge SoC > P_”
Update SoC | I

Figure 3-2: FCD Algorithm Flow Chart
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3.2.2 Mathematical Formulas for FCD Algorithm

In general, FCD algorithm cares for three main points while it uses EV battery to
shave peak of power demands: owner flexibility, battery health, and EV performance.
Therefore, FCD algorithm uses a set of mathematical relations to guarantee these goals.

In this section, we will present these relations and discuss each one of them.

At each time slot, each EV can be charged or discharged by the amount of power
referred to as charge step (Chg.p,) and discharge step (DisChg,p), respectively. We
calculate the charging and discharging steps by multiplying charging efficiency (Ch,fy)
and charging rate (Ch,q) or discharging efficiency (DisCh,rr) and discharging rate
(Dischyq:e) by Time step (S). S is equal to the scenario time slot divided by 60 minutes.
So, S is 0.5 for 30-minute scenario, and (1/6) for 10-minute scenario. Hence, Chg,,, and

DisChygy,,, become as

Chstep = Chygte * Cheff * S, (3.5)

DisChgtep = DisChyge * DisChepp * S . (3.6)

The exported power from V" EV to the grid (SoCexp) can be calculated as

SOCEXP (EV, t) = (0.8 % SOCEv(t) - SOCTT'ip (t) (37)
Where 0.8 is the result of subtracting battery depletion threshold (0.2) form the full

SoC(S0Cry,;). On the other hand, the V" EV consumed power (SoC,,,) is given as

SOCCon(EV, t) - SOCTT‘ip (t) — 0.8 % SOCEv(t) (38)
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Based on Equation 3.7 and Equation 3.8, we can calculate the total consumed power
from the grid and total returned power to the grid for all EVs at all time slots by summing

the SoC from Equation 3.7 and Equation 3.8. This yields

T EV_ratio

S0Crot pis =2 z S0Cgp (EV, 1), (3.9)

t=1 EV=1

T EV_ratio (3. 10)

S0Crorcn =) ) SoCcon(EV,).

t=1 EV=1

Where T is 48 for 30-minute scenario and 144 for 10-minute scenario.

To calculate the total power consumed by any house, in addition to consumed power

for EV charging, and exported power from EV to the grid, we use the following equation

[SOCCOn (t) - SOCExp (t)] .

r (3.11)
Py = Ph_Total(t) +

t=1
The total power consumed by the neighborhood can be calculated from equation

(3.12)

(3.12)

PG: PH

s

3.2.3 Cost Reduction Using FCD Algorithm

The second goal of the proposed algorithm is to minimize power bill of vehicle’s
owner. The difference between peak and off peak power prices guarantees a profit. This
profit can be shared between the owners and electricity companies. To balance between
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the benefit of the owners and electricity companies, we should use part of the benefit to
recompense EV owners or even the customers to encourage them to use the electricity in
a wise way. In addition, electricity companies must have a share of benefit to help them

to afford maintenance and other services expenses.

In this thesis, we used ToU pricing scheme to calculate profit amount of using FCD
algorithm. Moreover, we derived a set of equations to calculate the profit of using FCD
algorithm for the owners or electricity companies. In addition, we suggest to use the profit

of power exchanging to reduce owners power bill.

The cost of consumed power and the cost of returned power can be written as in Equation

(3.13) and Equation (3.14) respectively.
Costepn(t) = SoCe,y(t) * Price(t), (3.13)

, (3.14)
Costpyp(t) = S0Cgy, (L) * Price(t).

Where,

Price(t) = {0.08, if t€off peak}'

0.12, if t € on peak
Using the previous equations we can calculate the total cost of consumed and

returned power for all houses in the model using the following equation.

T (3.15)
CoStroeg (t) = z CoStcon(t) + Costpyy, (8).

t=1
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Chapter 4: Simulation Results

4.1 Introduction

In this chapter, we have three sections in addition to this introduction. Section 2 will
discuss the performance metrics and confidence interval technique. In Section 3, we will

mention simulation parameters. Finally, FCD algorithm results will be discusses.

4.2 Simulation Parameters

The first step in this thesis was building a simulator using Matlab, this simulator
uses a predefined set of constants, variables, and relations (i.e. probability of parking
vehicles at home on every time slot) and generate another set of random variables (i.e.
initial SoC) to simulate the environment of electric vehicles in smart grid. The simulator
deals with the power consumption of each house appliances as one number. This random
number is generated to be around the average power consumption of the house. During
the simulation, many parameters have been used to present the EVs and the Houses. These
parameters help to show the results and to prove the validity of the proposed algorithms.
Simulation parameters and their values are very important for those who intend to read

the thesis and compare his/her with our work and results.

Some simulation parameters, such as (H) and (P), are chosen as shown in Table 4-1

to accurately compare proposed algorithm with other works in the literature. Simulation
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parameters can be divided into two tables, table of simulation parameters, and table of EV

trip status parameters.

Table 4-1: Simulation Parameters

Parameter Value
EV Types Nissan Leaf, BMW i3, Tesla Model S, Toyota RAV 4 EV
Chyqte 2.4,3.75.5,7.2

EV Charging Efficiency (%) | 86,92

EV Battery Capacity (kWh) 18.8, 30, 41.8, 90

P 10%, 20%, 50%, 100%
EV Initial SoC Uniform distribution Random number between 0%-100%
H 42

Table 4-2: EV Trip Status Parameters

Parameter Description

S0Cyster Uniform distribution Random number between 20%-50% SoCyy (i.e.
SoC before trip)

Pryip () Probability of trip at time (t)

th Battery Depletion Ratio =20%
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4.3 Performance Metrics

4.3.1 Average Consumed Power

Average consumed power is used to measure the consumed power per time. This

metric describes the domestic and EV power consumption at different times.

4.3.2 Power Loss

Inefficient chargers and connections cause Power loss. Which means that the
absorbed power from the grid is larger than the stored power in the battery pack. One of

our research goals is to determine the amount of power loss.

4.3.3 Power Cost

Cost factor is very important for all stakeholders: customers and electricity
companies. Based on the costs and the profits stakeholders determine whether to adopt the
algorithm or not. Therefore, to study the effect of using the FCD algorithms on the

customers power cost this metric is used.

4.4 Simulation Results

In this section, we present FCD algorithm simulation results compared to two other
works. The results will be divided based on the scenario and the performance metric.
Figures and discussions show the validity and correctness of FCD algorithm in proportion
to other works.We ran the simulation for a neighborhood of 42 houses, each house resident
may have a EV. The number of participant EVs varied based on probability of trip for

each resident.
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Two scenarios have been used to study the effect of using EVs on the power
demands. In addition, to use the EV battery as ESS, without affecting the performance of
EV, the first scenario is based on the 10-minute time slot, and the second is based on the
30-minute time slot. The main differences between these scenarios are charging or
discharging step, the required time to change trip schedule. In addition, 10-minute
scenario divided the day into 144 time slots, at the beginning of each time slot, the FCD
algorithm generated some random numbers. These random numbers in addition to other
parameters have been used to calculate the various amounts, consumed and returned
power, power loss, and power cost. In the 30-minute scenario, the day is divided into 48

time slots, and the algorithm works as well as in 10-minute scenario.

4.4.1 Average Consumed Power Results

4.4.1.1 10-minute Scenario

The following figure represents the total consumed and returned power in FCD
algorithm, Berthold algorithm, and Wang algorithm. The figure represents the total
consumed and returned power for all houses in the system. Figure 4-1 shows the
superiority of FCD algorithm over both algorithm during the same period. The figure
represent positive and negative values. The positive values represent that the EVs
consumes power from the grid in this time slot. The negative values represent that EVs

returned power is more than consumed power.
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Figure 4-1: Total Consumed and Returned Power in FCD, Wang, and Berthold
Algorithms, P=50% and Ch,4;.=3.7

Figure 4-2 represents the average returned power in FCD, Wang, and Berthold
algorithms. Between 7:00 AM and 7:00 PM FCD algorithm is the best on the average

returned power.
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Figure 4-2: Average Returned Power in FCD, Wang and Berthold Algorithms,
P=50% and Ch,.4;,=3.7
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In Figure 4-3 and Figure 4-4, we studied the average returned power and the average
consumed power under different levels of penetration. As shown in Figure 4-3 and Figure
4-4 any increase in the number of EVs will increase the average consumed power from
the grid. In addition, we can infer from Figure 4-3, and Figure 4-4 that the use of FCD
algorithm will reduce the peak of Average consumed power by returning the stored power
to the grid. From Figure 4-3, we notice that the values from consumed power curves
become closer to the normal consumption directly after start using FCD algorithm.
Therefore, we can say that the FCD algorithm will keep the demands within acceptable

ranges using the power stored in the EV batteries.
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4.4.1.2 30-minute Scenario

The following figures represent performance metrics based on 30-minute scenario.
We notice that FCD algorithm works fine at both scenarios. In addition, 10-minute

scenario gives more flexibility to the EV owner to change his trip plans.

In Figure 4-5, the total consumed and returned power for all algorithms are
calculated using the 30-minute scenario. FCD algorithm still represent the dominant
algorithm after working for 12 peak hours. Berthold algorithm represent a good choice.

However, it is limited to evening hours.
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Figure 4-5: Total Consumed and Returned Power with P=50% and Ch,.4;.=3.7

In addition, Figure 4-6 shows the average returned power for all algorithms in case
of R=3.7, P=50%, and 30-minute scenario. We can notice the improvement of FCD
algorithm during the peak times. Berthold algorithm represent better returned power at
6:00 PM because most of returned EVs will start discharging at that time, and most of

them have 60% of SoC while in FCD EVs have less power in their batteries to discharge.
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Figure 4-7, represent the performance of FCD under four various charging rates. We

show the average consumed power for each charging rate. In addition, we use real

charging efficiencies of four EVs as shown in Table 3-1 to calculate and draw the curves

in the figure.
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4.4.2 Cost Reduction

In this section, we will study the effect of using FCD, Wang, and Berthold
algorithms on reducing the customer power bill. Again, we study this crucial factor in
lights of 30-minute and 10-minute scenarios. We will discuss the results and explain
accompanied graphs. In this thesis, we used the Time of Use Price scheme (ToU) to

calculate the cost of consumed and returned power to the grid.

4.4.2.1 10-minute Scenario

In Figure 4-8, we calculated the cost of the total consumed and returned power using
FCD, Wang and Berthold algorithms. The curves reflect the amount of power consumed
from the grid and/ or from the battery of EV. The solid curve represent the FCD algorithm,

and it is clearly shows the superiority of FCD over other algorithms.
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Figure 4-8: Costs of Total Consumed and Returned Power
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In the following figure, we present the cost of returned power for each algorithm.
FCD algorithm represents the best choice to reduce cost of consumed power by injecting

power back to the grid in peak hours.
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Figure 4-9: Average Cost of Returned Power

In Figure 4-10, we studied the relation between the cost of consumed power and the
different levels of EV penetrations. From the figure, we find that the total cost of

consumed power is proportion to penetration ratio.
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Figure 4-11: Cost of Consumed Power for Various Charging Rates, P=50%
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The previous figure represent many charging rates, the positive values of each curve
represent what we paid for consumed power, and the negative values of the curve represent
what we gained from returning power to the grid. If we stored power during off peak time

and sold it back during peak time.

4.4.2.2 30-minute Scenario

In this subsection, we will compare what we have done here with what we got
previously in 30-minute scenario. In Figure 4-12, we studied the effect of using four
penetration ratios in case of 10-minute scenario and 3.7 kW charging rate. We found that
the FCD algorithm works fine under higher penetration ratios. However, the best
performance of the algorithm was under the 50% penetration or less, where the consumed

power is relatively small with the returned power.
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Also, we study the effect of using four charging rates in case of 10-minute scenario
and penetration ratio P=50%. As shown in Figure 4-13, we found that different charging
rates have a proportional impact on the grid as the charging rate become larger. Therefore,
the use of any charging rate has an impact on other factors in the process of charging and
discharging. The impact of using higher charging rates in case of not using the FCD
algorithm is the worst because these rates mean largely consumed power at any time

without using new sources to fulfill the new power demands.
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Figure 4-13: Average Cost of Consumed Power for Various Charging Rates,
P=50%

4.4.3 Power Loss Results

In this section, we will discuss the graphs that show the amount of power loss that
the current V2H system had. Two classes of figures have been presented, the power
efficiency figures that discuss various charging efficiencies, and power loss figures that

show the amount of lost power in charging and discharging processes.
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4.4.3.1 Power Loss and Power Efficiency in 10-minute Scenario

As shown in Figure 4-14, the power loss in charging and discharging processes
depends mainly on the efficiency of charging equipment. In Figure 4-14, we note that if
we are able to increase the efficiency from 90% to 100%, the consumed power from the

grid will be significantly reduced.
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Figure 4-14: Effect of Different Efficiencies in 10-minute Scenario

In addition, from Figure 4-15 we can calculate the lost power in case of increasing

the efficiency of charging system from 80% to 90%.
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Figure 4-15: Power Loss with 90% Efficiency in 10-minute Scenario
4.4.3.2 Power Loss and Power Efficiency in 30-minute Scenario

The Figure 4-16 and Figure 4-17 represent the amount of lost power in case of using
different efficiency values. In Figure 4-16, we compare the efficiency of some charging
systems, which are around 80% with the expected full efficient charging system. The
curves in the Figure 4-16 and Figure 4-17 show that a significant amount of power is lost
because of using non-optimal charging system. These amounts of power cost the

customers and the companies large amount of money.
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Figure 4-16: Power Loss for Different Efficiencies in 30-minute Scenario
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Figure 4-17: Effect of Different Efficiencies in 30-minute Scenario

Figure 4-18, and Figure 4-19 present the lost power during charging and discharging
processes over the whole day. The curves have positive and negative values, the positive

values represent lost power in KWh during the peak time, and the negative values represent
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the lost power during the off peak time. However, the total power lost is the absolute value

of both peak and off peak times.
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Figure 4-18: Power Loss with 80% Efficiency in 30-minute Scenario
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Figure 4-19: Power Loss with 90% Efficiency in 30-minute Scenario
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4.4.4 Simulation Results Validation

To validate our proposed algorithm, we compare the results with other works,
namely, [33] and [37], we will refer to these references in figures and discussions by the
last name of the first author, Wang and Berthold respectively. In [33], the authors used
the EV battery between 5:00 PM- 10:00 PM and they suggest that each vehicle should
have 50% of battery’s SoC before departure. The authors choose this period because the

probability of departure after return in the evening is very small.

In [37], the authors suggest to use part of battery charge before departure between
8:00 AM - 8:30 AM and use whatever battery has after return to home in the evening at

6:00 PM. They suggest that returned vehicles have 60% of battery’s SoC.

Confidence interval is a common mathematical tool that verifies and validates
computer simulators. Confidence interval can be calculated by many methods. However,
in our simulator, the population variance o2 is known, so the quantitative method to
calculate the confidence interval has been used. Based on our simulations, we took a group
of runs results. Then we apply confidence interval principle on the various performance
metrics to determine whether the simulator passes the confidence interval test or not. We
study these metrics in proportion to number of runs and we have the goal of @ = 95% as

a confidence level. In addition the reliability factor Z, /, is equal 1.96.
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Table 4-3: Consumed Power at Various Number of Runs

Number Consumed Consumed Consumed Consumed Consumed Consumed Consumed
of Runs

Power at Power at Power at Power at Power at Power at Power at
7:00 AM 9:00AM 11:00 AM 1:00 PM 3:00 PM 5:00 PM 7:00 PM
1000 6.235425 -0.3391 -0.30025 0.54834 0.55056 0.32301 -3.62304

5000 6.328776 -0.31147  0.536574  0.538128  0.520035 0.108336 -4.08424
10000 6.163941 -0.64763 -0.48696  0.026474  0.081308 0.014041 -4.38522
15000 6.084613 -0.77337  0.110445  0.497724  0.492137 0.095016 -4.75613
20000 6.240809 -0.42857 -0.57517 -0.43509  0.048923 -0.24506 -4.65975
25000 5.986496 -0.95857  0.099989  0.489843 0.151071 -0.73633 -4.26378
30000 6.182829 -0.98503 -0.74827 -0.56917 -0.02869 -0.86804 -4.23171
35000 6.170807 -0.94612 -0.41779  0.097077  0.504558 -0.62766 -4.99375

40000 5.992501 -0.8701 -0.71122 -0.5918 -0.44436 -0.71964 -5.09733
45000 6.307032 -0.78685  0.493013  0.536784  0.519492 -0.26094 -4.117
50000 6.019375 -0.9387 -0.57498 -0.36729 0.099667 -1.03063 -4.95405

Table 4-4: Confidence Interval Parameters for Consumed Power

7:00 PM
Variable =~ 7:00AM 9:00AM 11:00AM 1:00PM 3:00PM 5:00 PM

X 6.155691 -0.72596 -0.23406 0.070093 0.226791 -0.3589 -4.46964
o 0.120992 0.256462 0.466857 0.481719 0.318507 0.45894 0.46014
n 11 11 11 11 11 11 11

Vn 3.316625 3.316625 3.316625 3.316625 3.316625 3.316625 3.316625
Za/z 1.96 1.96 1.96 1.96 1.96 1.96 1.96

cl 0.081283 0.172294  0.313639 0.323624 0.213976  0.30832 0.309126
Lower 6.074408 -0.89825 -0.5477 -0.25353 0.012815 -0.66722 -4.77876
Upper 6.236975 -0.55366  0.079582 0.393716 0.440767 -0.05058 -4.16051

The following Figures show two-sided confidence interval, where the Mean of each
performance metric is bounded by the upper bound and lower bound. For each metric, a
figure is plotted based on the table of values from the simulation. Figure 4-20 represents
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the confidence interval calculations based on cumulative method that we mentioned in the

Appendix A.
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Chapter 5: Conclusions and Future

Research

5.1 Concluding Remarks

In this thesis, we proposed a novel algorithm for charging and discharging EVs in a
Smart Grid environment, namely FCD algorithm, that considers the power demands, the
flexibility of user trip schedule, and the cost of consumed and lost power from the grid.
The motivation behind this algorithm is to avail the EV battery as an ESS. The direct
benefit of that algorithm is to reduce the power demands during peak times and to help

the EV owner coordinate charging process to help the EV owners to afford the power bill.

We reach the following conclusions during our study of using EVs battery to store

and retrieve power using charging and discharging operations in Smart Grid environment:

« Unorganized charging processes will explode the power demand problem at peak

times.

« Unorganized Discharging processes will affect the performance of EV as a vehicle,

which makes it unsuitable solution for future transportation.

» The FCD algorithm helps to reduce the power demand at peak times by organizing
charging and discharging processes and use the excess power in EV’s battery to

balance the grid demands.
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A higher penetration ratio will seriously influence power system if we do not use
all power resources, load shifting and peak shaving algorithms to meet the

demands.

Various types of EVs can be used to apply the FCD algorithm with different levels

of reduce power demands at peak times.

5.2 Future Research

As an extension to the work developed in this thesis, we believe that some potential

issues have not been addressed, and it represent future research, these issues can be

summarized as following:

Mobile ESS

EVs are able to move from one place to another. Therefore, we can benefit
from mobility by using the EV battery as mobile ESS. Mobile ESS will help us to
provision electricity grid in any area. Also it could be used in disasters and afflicted
areas where the whole infrastructure has been destroyed.
Neighbours Power Grid

We might extend this proposed approach in FCD algorithm to sell power to
the neighbours, so a cooperative scheme for selling and transferring power should
be implemented through the grid or directly by plug-in EV at the buyer home
socket.
Cooperative Electricity System

In this thesis, we study the impact of using EV on the neighbourhood

electricity grid (micro grid). Nevertheless, we still can balance the whole grid if
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we design a system that transfers power from micro grid to another micro grid.
This system represents a crucial solution for high power demand in the grid.
Charging Places

In chapter two, we mention that we have three main places to charge EVs
are existed: at home, at work or commercial places, and at supply stations. In this
thesis, we studied the performance of FCD algorithm in case that all EVs are
charging and discharging at home. However, charging EVs in the future will not
be limited to charging at home, so we recommended studying the impact of
charging vehicles at other places on consumed power from micro-grid or the grid.

Charging Levels

In this thesis, we mention that we have three charger types or charging levels,
we discuss their specifications and power points of each one in chapter two.
However, we mention that the fastest charger (level 3 charger) takes about thirty
minutes to charge the EV battery until full, but this charger is very expensive and
needs special equipment and connections. Therefore, an intensive research should
be maintained in this area to make this type of chargers affordable and can be used

in other places than the supply stations.

Studying other EVs Specifications

In this thesis, we studied four EVs Nissan Leaf, BMW i3, Toyota RAV4 EV,
and Tesla Model S. We used the specifications of these EVs as simulation
parameters. However, there are many other EVs not mentioned in this thesis or
other related works. Therefore, to generalize our algorithm it highly recommended

to test the other EVs specification under the proposed model.

67



Efficient Charging System

We studied the impact of using non-optimal charging systems in this thesis.
Based on the results that we got, we recommended making intensive research on
charging system components. That research should deals with the following
components: the EV battery, the EVSE, charging level, and new cooling system
for the charger.
Redesign Electricity Grid

Current grids might not be able to meet the future power requirements as a
consequent of every day population grows and increased EV numbers. Our
algorithm is part of the solution because it is able to reduce the power demands.
However the solution should include the design of new grids or, at least, redesign
the current grids and new generators and transformers should be installed. In
addition, the most important part of the solution is the use of renewable power
resources.
Renewable Power Resources

In this thesis, we mention that EV battery might be able to store power from
the grid during off peak times and return this power in peak times. Never the less,
these batteries are able also to store excess produced power by the renewable
resources. These resources represent a promising option to fulfill the power
demands in the future. However, research in this area does not perfectly covered.

An intensive research on the efficiency of these power resources should be taken.
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Appendix A: Confidence Interval

Calculation

Confidence Interval (CI) is a common mathematical tool that verifies and validates
computer simulators. Cl can be calculated by many methods. However, in our simulator,
the population variance o2 is known, so the quantitative method to calculate the CI has
been used. Based on our simulations, we took a group of runs results. Then we apply ClI
principle on the various performance metrics to determine whether the simulator passes
the CI test or not. We study these metrics in proportion to number of runs and we have the

goal of a = 95% as a confidence level.in addition the reliability factor Z, ,, is equal 1.96.

The following tables and figures shows two-sided CI, where we bound the Mean of

each performance metric by the upper and lower bounds.

The first step to calculate the Cls was to determine the Mean or the Average of all

runs (x1,x2,...,x;) at each point on X-axes using the following formula.

Di=1Xn (Al
n

X =

The population variance o2 is calculated from the following relation.

i (xi — X)? (A.2)
n

o.2
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Then, the standard deviation for each point has been calculated using the following

relation.

(A.3)

Finally, the CI upper and lower bounds can be calculated using the previous

relations as shown in the following relation.

CI=X$ Za/z*

o

vn

(A4)

Example: We will calculate the confidence interval for the Average consumed

power metric in case of Penetration =50%, charging rate 3.7 kWh, charging efficiency

=80%.

Number

of Runs

1000

5000
10000
15000
20000
25000
30000
35000
40000
45000
50000

Consumed
Power at
7:00 Am
6.235425
6.328776
6.163941
6.084613
6.240809
5.986496
6.182829
6.170807
5.992501
6.307032
6.019375

Consumed
Power at
9:00 Am
-0.3391
-0.31147
-0.64763
-0.77337
-0.42857
-0.95857
-0.98503
-0.94612
-0.8701
-0.78685
-0.9387

Consumed
Power at
11:00 Am
-0.30025
0.536574
-0.48696
0.110445
-0.57517
0.099989
-0.74827
-0.41779
-0.71122
0.493013
-0.57498

Consumed

86

Power at
1:00 Pm
0.54834

0.538128

0.026474

0.497724

-0.43509

0.489843

-0.56917

0.097077
-0.5918

0.536784

-0.36729

Consumed
Power at
3:00 Pm
0.55056
0.520035
0.081308
0.492137
0.048923
0.151071
-0.02869
0.504558
-0.44436
0.519492
0.099667

Consumed
Power at
5:00 Pm
0.32301
0.108336
0.014041
0.095016
-0.24506
-0.73633
-0.86804
-0.62766
-0.71964
-0.26094
-1.03063

Consumed
Power at
7:00 Pm
-3.62304
-4.08424
-4.38522
-4.75613
-4.65975
-4.26378
-4.23171
-4.99375
-5.09733
-4.117
-4.95405



Table A. 1: Consumed Power CI

The previous table represent average consumed power during different time slots
and over different number of runs. We applied the previous equations, and we got the

results that shown in the following table.

Variable = 7:00Am 9:00Am 11:00Am 1:00Pm 3:00Pm 5:00Pm  7:00 Pm

X 6.155691 -0.72596 -0.23406 0.070093 0.226791  -0.3589 -4.46964
o 0.120992 0.256462 0.466857 0.481719 0.318507 0.45894 0.46014
n 11 11 11 11 11 11 11

Vn 3.316625 3.316625 3.316625 3.316625 3.316625 3.316625 3.316625
Za/z 1.96 1.96 1.96 1.96 1.96 1.96 1.96

cl 0.081283 0.172294 0.313639 0.323624 0.213976  0.30832 0.309126
Lower 6.074408 -0.89825 -0.5477 -0.25353 0.012815 -0.66722 -4.77876
Upper 6.236975 -0.55366  0.079582 0.393716 0.440767 -0.05058 -4.16051

Table A. 2: Confidence Interval VVariable Calculations

Confedence Interval of Consumed Power

Mean eeeeee |[Ower e es e Upper

Figure 7-1: CI, Lower, and Upper bounds of Consumed Power Metric
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The following tables are used to calculate the confidence interval for the power loss

and price metrics.

Number = 7:00AM 9:00AM 11:00AM 1:00PM 3:00PM 5:00PM 7:00 PM
of Runs

5000 1.79016 0.603744  0.450016 0.351552 0.284816 1.082672 0.69072
10000 1.80056 0.718552  0.456152 0.375488 0.570672 1.051064  0.70328
15000 1.805749 0.622427  0.378987 0.328869 0.623003 0.974971 0.670757
20000 1.7799 0.671632  0.412184 0.316472 0.45018 1.056824 0.736176
25000 1.805894 0.622572  0.379132 0.329014 0.623148 0.975116 0.670902
30000 1.780045 0.671777 0.412329 0.316617 0.450325 1.056969 0.736321
35000 1.80604 0.622717 0.379277 0.32916 0.623293 0.975261 0.671048
40000 1.78019 0.671922 0.412474 0.316762 0.45047 1.057114 0.736466
45000 1.806185 0.622862 0.379422 0.329305 0.623438 0.975406 0.671193
50000 1.780335 0.672067 0.412619 0.316907 0.450615 1.057259 0.736611

Table A. 3: Power Loss at Various Number of Runs

Variable = 7:00AM 9:00AM 11:00AM 1:00PM 3:00PM 5:00PM 7:00 PM
X 1.793506 0.650027 0.407259 0.331015 0.534996 1.026266 0.702347

o 0.012469 0.03612 0.028815 0.018961 0.084032 0.044748 0.031109

n 10 10 10 10 10 10 10
vn 3.162278 3.162278 3.162278 3.162278 3.162278 3.162278 3.162278
Z,/; 1.96 1.96 1.96 1.96 1.96 1.96 1.96
cl 0.007728 0.022388 0.01786 0.011752 0.052084 0.027735 0.019281
Lower  1.785778 0.62764 0.389399 0.319263 0.482912 0.998531 0.683066
Upper  1.801234 0.672415 0.425119 0.342767 0.58708 1.054 0.721629

Table A. 4: Confidence Interval Parameters for Power Loss
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Number
of Runs
1000

5000
10000
15000
20000
25000
30000
35000
40000
45000
50000

Variable

X

Lower

Upper

7:00 AM

0.659451

0.62291
0.654511

0.64796
0.647964
0.661159
0.654398
0.662593
0.655767
0.633411
0.646869

7:00 AM

0.422102

11

3.316625

0.000958

1.96

0.000566

0.422668
0.421536

9:00 AM

-0.02284
0.020499
-0.03755
-0.09245
-0.04509
-0.03927

-0.0272
-0.03118
0.016369
-0.08045
-0.04559

11:00 AM

0.053813
0.001265
0.015311
-0.04058
0.062917
0.061989
-0.00708
0.058979
0.014457
-0.04461
-0.04406

1:00 PM

0.059807
0.008938
0.061605
0.051362
0.060493
0.064972
-0.00096
0.061674

0.0068
-0.03798
-0.03674

3:00 PM

0.065401
0.010496
0.064209
0.063834
0.064995
0.063076
0.002129
0.064566
0.018137
-0.04032
0.017705

5:00 PM

0.023643
-0.07684
-0.01538

0.08749

0.008914
-0.04672
-0.03593
-0.07736
-0.05718
-0.09308

0.079754

Table A. 5: Power Loss at VVarious Number of Runs

9:00 AM

0.649727

11

3.316625

0.012131

1.96

0.007169

0.656896
0.642557

11:00 AM

-0.03498

11

3.316625

0.033982

1.96

0.020082

-0.0149
-0.05506

1:00 PM

0.012036

11

3.316625

0.043192

1.96

0.025525

0.037561
-0.01349

3:00 PM

0.027271

11

3.316625

0.040537

1.96

0.023956

0.051227
0.003315

5:00 PM

0.035839

11

3.316625

0.036194

1.96

0.021389

0.057229
0.01445

7:00 PM

-0.45148
-0.49387
-0.5609¢

-0.354¢
-0.45094
-0.56283
-0.4951¢
-0.52627
-0.44302
-0.58584
-0.38311

7:00 PM

-0.01843

11

3.316625

0.06201

1.96

0.028045

0.009618
-0.04647

Table A. 6: Confidence Interval Parameters for Power Loss
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7:00 AM

-0.48255

11

3.316625

0.074347

1.96

0.033625

-0.44892
-0.51617



