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ABSTRACT

Distributed Energy Resources (DERs) usage in the distribution system (DS) is becoming
more prevalent due to several factors, including rising demand for electricity, concern about
environmental issues, uncertainty in fuel costs, trends toward deregulatory action, and rapid
technological advancement. According to the findings of numerous studies, most of the
electricity produced is lost in the DS in the form of I°’R losses. Consequently, minimising
power losses (PLoss) @ much as possible and enhancing the voltage profile and stability of the
DS have become essential concerns in the modern era. Since the beginning of the 21%
century, a wide variety of power system engineers, researchers, and scientists have been
focusing their efforts in this field to efficiently solve the issue of DERs allocation in the DS
to get the maximum feasible benefits.

Electric Vehicles (EVs) are gradually becoming more popular than gasoline-powered
automobiles as a solution to the environmental issues caused by greenhouse emissions and as
a means to protect ourselves from the consumption of fossil fuels. The rapidly growing
number of EVs has the possibility of raising the load demands, further increasing the feeder
currents and degrading the voltage profiles of the DS. If DGs are placed in improper
locations, this will lead to additional P\, and will cause a significant fall in voltage profile
and voltage stability. Placing renewable distributed generators (RDGs) as a technique for
revamping the voltage profile of the DS is a standard procedure for electrical engineers who
work for utility companies. Establishing strategies for through this thesis, an efficient method
for addressing the issue of DERs allocation in DS has been given. Optimally sizing and
placing RDGs and Electric vehicle charging stations (EVCS) in the DS is essential to
minimise the P o and voltage profile enhancement.

In this research work an efficient technique for tackling distributed generators (DGs)
allocation problems, EVCS location problems, and simultaneous RDGs and EVCS problems
in the DS is discussed. The primary goals are to shrink the P s and increase the voltage
profile of the DS. In addition, the uncertainties in generation associated with RDGs powered
by solar irradiation or wind speed can be properly predicted using appropriate probability
distribution functions (PDFs). Beta PDF for modelling solar irradiation and weibull PDF for
modelling wind speed and further the exact output power from the solar and wind based DGs
are calculated. The loss sensitivity factor (LSF) and voltage stability Index (VSI) are utilised
to determine the suitable placement of RDGs and EVCSs. In addition, the sizes at these



places are determined by the political optimisation algorithm (POA). Further, several
operational constraints associated with the DS are considered while solving this problem.
Also, the efficacy of POA is compared with other existing algorithms in the literature; it
observed that POA performance is superior to other methods in all aspects.

The developed approach is evaluated on the standard IEEE 33, IEEE 69 bus systems and 28
Indian bus system. Further, EV charging and discharging patterns are examined to check the
performance of DS. The static and dynamic load variations are considered to study the
performance of the system. Different cases, such as single RDG, multiple RDGs, only EVs
and the combination of RDGs plus EVs, are considered to check the method’s effectiveness.
Furthermore, different EV charging methods, such as conventional charging method (CCM),
optimised charging method (OCM) and different modes such Grid 2Vehicle (G2V) plus
vehicle 2 Grid (V2G) assessed. And the results are simulated, and from the results, it is
observed G2V plus V2G method gives the best results. The obtained results verified that
proper placement of RDGs and effective charging strategies for EVs reduce the Pygss

considerably.
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CHAPTER 1

INTRODUCTION

1.1 Introduction:

The Paris Agreement, signed in 2015 by parties to the United Nations Framework Convention on
Climate Change (UNFCCC), was a significant agreement to combat global warming. To meet the
aims of this agreement, several countries worldwide foresee a fully carbon-free and sustainable
energy grid by 2050[1]. The use of renewable energy sources (RES) is rapidly increasing to meet
expanding global electricity demand. Wind and solar RES presently provide the most worldwide
renewables, and they are predicted to continue their phenomenal rise to overtake mainstream
power plants in the power generation sector. This rise is primarily due to the environmental
benefits of renewable energy over conventional power plants, such as reduced CO, pollution and
global warming, the economic benefits of RESs and the creation of employment opportunities [2].
The coal-fired power plants are far from the load centres, resulting in significant losses in
transmission and distribution (T&D). Distributed Generators (DGs) are small, economical, and
decentralized power production systems that rely primarily on renewables such as solar and wind
energy and are situated near load centres. Using RES-based DGs to generate electricity has
several advantages, including reduced power loss (PLess), zero-carbon output, lower operational

expenses and enhanced voltage profile.

Further, electric vehicles (EVs) utilization in the current scenario increased drastically throughout
the world. This creates problems in the existing system, particularly during peak demand. But,
from an environmental perspective, it is vital to use EVs in the transportation sector. Furthermore,
proper assessment is needed in a distribution system (DS), such as integrating DGs and EVs. The
concept of an alternative sources DS and its control has grown as one of the most important

research areas in the electricity sector [3].
1.2 Renewable Energy Development:

Asia continued its dominance over other regions in terms of new solar photo voltaic (PV)

installations for the ninth year in a row, accounting for 52% of the world’s total capacity increase

in 2021. In addition, the bulk of photovoltaic farms is located in Asia. Asia (mainly China) was

the leading regional consumer of wind power for the thirteenth year in a row, accounting for

around 61.4% of newly installed wind power capacity (an increase from nearly 60% in 2020).
1



Approximately 48.6% of the world’s offshore capacity was located in Asia, primarily in China.
As of 2019, it is predicted that there are 47 million people connected to a total of 19,000 mini-
grids worldwide. Asia was home to sixty percent of all mini-grids already in operation and over
two thousand mini-grids still in development. South Asia had the third largest market
internationally in 2021, with 869,833 off-grid PV goods sold [4].

With a renewable electricity capacity addition of 15.4 gigawatts (GW) in 2021, India was
positioned third on the global stage, behind only China (136 GW) and the Americas (43 GW).
India’s overall amount of hydropower plants increased to 45.3 GW due to the addition of 843
MW in 2021. Regarding new solar photovoltaic capacity, India was the 3™ biggest market in the
world and the 2" biggest market in Asia (13 GW of added in 2021). In total installations, it
achieved position number 4™ (60.4 GW), moving ahead of Germany (59.2 GW) for the first time.
After China, the United States of America, and Germany, India came in third place worldwide in
terms of the total installed capacity of wind power (40.1 GW) [5]. India has expanded its
countrywide solar generation initiative, offering incentives to local and foreign firms for setting
up battery manufacturing units by INR 18,100 crore (USD 24.3 billion). The amount of money
put into renewable energy in India climbed by 70 percent, to USD 11.3 billion [5].

100
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Fig. 1.1. Renewable energy installed capacity for the period of 2014-21

RE Installed Capacity in GW

To decrease the amount of carbon pollution that its GDP produces by 33 to 35% by the year 2030
compared to the level it was at in 2005. To accomplish about 40% of cumulative electric power

installed capacity from Non-fossil fuel-based energy resources by the year 2030 with the
2



assistance of the transfer of technology and low-cost international financing. By the Paris
Agreement, these commitments represent India's NDC for 2021-2030. The government of India is
well on its way to accomplishing these goals. [6] The installed capacity of RE in India expanded
by two and a half times in the middle of April 2014 and January 2021, the same depicted in Fig.
1.1, while within the same time period, the installed capacity of solar energy climbed by 15 times;
In the middle of April 2020 and January 2021, India added 5.47 GW to its cumulative installed
capacity for renewable energy sources, bringing the total to 92.54 GW, excluding extensive
hydroelectric facilities. % of RE installed capacity is shown in Fig. 1.2. India now holds the

fourth-highest capacity in the world for renewable energy sources, the fourth-highest capacity for
wind power, and the fifth-highest capacity for solar power [6].
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Fig. 1.2. Percentage share of Renewable installed capacity for the period of 2014-21
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Some “smart cities” have adopted renewables in Asia, which has largely happened in India. [7]
Diu Smart City made history in India in 2018 by being the first city to run entirely on renewable
energy. The use of solar photovoltaic panels for on-site renewable energy generation in India’s
urban centres is on the rise. The digitalization of urban transportation (as part of India’s FAME-II
in 2019-2020) has been combined with the nation’s 2015 smart cities project to expand solar
power production capabilities in urban areas. In 2020, just 13 cities across India had set goals for
or implemented legislation related to renewable energy (from a global total of over 1,300 cities).
However, this accounts for 18% of India’s urban population or 67.6 million people. There is less



emphasis on net-zero goals in urban areas across India. Kolkata (2015), Chennai (2019), and
Delhi (2020) are India’s only net-zero-energy-by-2050 goal cities [7].

India faces three significant challenges: (1) how to increase the share of the population with
access to affordable, clean electricity; (2) how to combine revamping shares of sustainable energy
in a safe and trustworthy manner; and (3) how to decrease emissions to meet innovative and
promising and environmental objectives without compromising economic growth. The amount of
RE used varies significantly from state to state in India. Some of India’s states are so abundant in
renewable resources that they already have a more significant percentage of Variable RE (VRE)
than the rest of the world combined. Gujarat, Tamil Nadu, Andhra Pradesh, Karnataka, Punjab,
Telangana, Maharashtra, Rajasthan, Madhya Pradesh, and Kerala are some of India’s most RE-
rich states, each with a share of wind and solar that is much greater than the national average of
8.2%. In the finance year 2020/21, solar and wind will account for 29 percent of energy
generation in Karnataka, 20% in Rajasthan, 18% in Tamil Nadu, and 14% in Gujarat [8].

Consequently, several states are already encountering difficulties with system integration. Further,
massive changes are planned for the Indian electrical grid in the next decade. According to
government plans, there will be a significant rise in renewable generating capacity from the
current 175 GW in 2022 to 450 GW in 2030. The early power infrastructure in the country
consisted of decentralized, locally owned generators. These were eventually linked together to
construct grids across multiple states. The Indian government divided the country’s states into five
regions in the 1980s. Currently, the country’s five regional grids, the Northern, Western, Eastern,
Southern, and Northeastern, are all synchronously interconnected. It was in 2014 when India’s
system surpassed China’s as the largest synchronous grid in operation. National Green Energy
Corridor has been a strong advocate for developing renewable energy transmission networks since
2011. In order to reduce carbon from the power sector and keep up with the rising energy demand,
it is crucial to integrate increasing shares of VRE, such as wind and solar PV, in power systems.
Recent years have seen a meteoric rise in solar and wind installations due to plummeting prices

and encouraging legislation [8].

In India, as per Central Electricity Authority (CEA) sector-wise installed capacity, in January
2022, installed capacity in the central sector = 98326.93 million units (MU), the private sector =
191434.46 MU, state sector = 105313. 68 MU, total installed capacity = 395075.07 MW. In April,
the central sector = 99004.93 MU, private sector = 197148.33 MU, state sector = 104856.98 MU,
total installed capacity = 401010.24 MW. In July 2022, the central sector = 99004.93 MU, private
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sector = 200158.70 MU, state sector = 104969.33 MU, total installed capacity = 404132.96 MW.
On September 2022, the central sector = 99004.93 MU, private sector = 203831.84 MU, state
sector = 104959.80 MU, total installed capacity = 407796.57 MW. The same is depicted in Fig.
1.3.
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Fig. 1.3. In India sector wise installed capacity of RES from Jan 2022 To Sep 2022
1.3 Renewable Energy Global Investments:

Despite the setback imposed by Covid-19, investment in renewable energy sources for new power
generation remained strong in 2020. In 2020, renewable energy accounted for more than 45
percent of overall power sector spending (including infrastructural development in networks). As
the economy continues to improve, renewable energy investment is anticipated to rise further in
2021. Even though capital expenses are expected to decrease further in 2020, they are expected to
climb by about 7% from 2019. In 2020, for instance, the worldwide average cost of installing
utility-scale solar PV systems fell by 10%, while the cost of installing onshore wind systems fell
by 5%. Spending on wind and solar PV installations in 2022 will yield four times as much as in
2010 due to technological advancements and cost reductions. The record number of wind turbines
installed in 2020 significantly affected the 45 percent rise in renewable adoption that year. To
reach 114 GW, wind capacity increased by almost double what it was in 2019, while solar PV
grew by about a quarter to approximately 135 GW. While China installed an incredible 70 GW of

new wind generating capacity, the United States came in second with the installation of more than
5



15 GW of wind generation. Though there were exceptions, many emerging markets and
developing economics (EMDEs) experienced a negative shock to renewable investment in 2020.
Vietnam, for instance, did a remarkable job of navigating the crisis while maintaining its ability to
attract capital to renewables. While eliminating feed-in tariffs (FITs) for solar PV projects led to a
decline in utility-scale investment, distributed PV drove sustained rapid growth in 2020, with
more than 9 GW of rooftop solar placed [9]. Table 1 represents 2017 to 2021 global investment in

green energy. In section 1.4 discussed DS impact on power system.

Table 1.1 Global Investments in Clean Energy 2017-2021

Globally Investment in Clean Energy

Year Power Renewable Generation | % of amount Invested
Generation Investment on Total Clean Energy
Investment In Billion Dollars

In Billion Dollars

2017 481 310 34

2018 480 318 343
2019 505 336 35.2
2020 513 359 41.7
2021 530 367 40.7

1.4 Distribution System (DS):

The electrical power system would not function properly without the presence of an electrical
distribution system (DS). A type of distribution network is required to carry electrical energy from
either an AC or DC source to the location where it will be consumed. Power distribution can be
fast and simple, from where it is generated to where it is needed. More advanced electrical DS are
used to distribute electrical power from the power station to factories, residential, and industrial
sites. Main substations and customer substations are the two primary categories of DS that can be
found nowadays. The primary substation, which acts as a load center, and the customer substation,
which interfaces with the low voltage (LV) system, is considered substations. The term
“consumer substation” is commonly used to describe a distribution room the customer typically
supplies. The distribution room has space for several high-voltage switchgear panels and the

transformer that enables low-voltage connections to the customer’s incoming switchboard.

6



To achieve the desired level of supply reliability, a variety of network designs are feasible
options. Depending on the geographic region, the DS can consist of overhead lines or
underground cables. In most urban areas, electrical connections are made through cables, whereas
overhead lines are the norm in rural areas. Equipment for protection, control, and monitoring is
supplied to facilitate the efficient distribution network operation. Different types of DS are shown
in Fig. 1.4. DGs role in DS discussed in section 1.5.

k=3
-
i

-

Fig. 1.4. Different types of DS

1.5 Distributed Generators (DGs):

The primary goal of utility companies is to offer electricity to their clients consistently,
reasonably, and cost-effectively. Conventional power generation sources have been steadily
reduced due to the continuously growing demand for electricity, which is increasing at an
enormous speed. In today’s liberalized electricity market, conventional electricity generating
sources, which are run by a centralized authority, are not suitable due to the ecological and
financial concerns they raise. From this point of view, DGs could be an answer to these problems,

at least to some extent.
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Capacity of DGs
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Fig. 1.5. Generation ranges of DGs [10]

Fig. 1.6. Types of DGs and electricity generating ranges [10]
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DGs are progressively becoming an essential component of the electric distribution system (EDS)
as a result of their lower space requirements for installation, smaller unit sizes, and ability to be

supplied by both renewable and non-renewable sources of energy.

The DGs have relatively low power outputs, which can range anywhere from a few kW to close to
300 MW, the same represented in Fig. 1.5 and different types of renewable and non-renewable
DGs are represented with their generating capacities in Fig.1.6. In addition, DGs are sources of
generating power that are connected directly to the customer’s end of the supply chain. When DG
units are located in the most convenient locations, system losses are drastically reduced, resulting
in improvements in the voltage profile, system efficiency, stability, voltage security, and power
quality. Additionally, DGs can dramatically reduce harmonics as well as voltage sags and swells,
which are all undesirable phenomena. In addition to deferred expenditures in the transmission and
distribution networks. As a result, the installation of DG in distribution networks is advantageous
not only for end users but also for the supplying companies. In addition, the development of
flexible DGs necessitates a smaller footprint, shorter construction time, and a smaller initial
expenditure. As a direct result, DG has developed into a topic that many scientists are interested in
studying [10].

Distributed Generators (DGs) allocation

optunization constraints
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Fig. 1.7 DGs Constraints
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If the DGs are not put in the most desirable areas, it has several drawbacks in addition to these
advantages. There is a possibility that DG will cause stability issues. There is a possibility that
bidirectional power flow will cause security challenges. In addition to the case of landing issues,
there is also the possibility of frequency issues. Therefore, it is necessary to consider the
significant difficulties and facts listed below regarding the allocation and sizing of DGs. Different
types of DG constraints are represented in Fig. 1.7.

Fig.1.8 Different types of DGs based on electricity injecting and consumption [10]

When it comes to achieving maximum efficiency in the DS, the types of DGs that are used are an
essential component. The kind of DG that will be put in to meet the load’s requirements will
determine. Only that, the nature of the electricity injected from DG units is the same as
represented in Fig. 1.8. To optimize the overall effectiveness and efficiency of the system from a
technical perspective, the parameters of DG, including their size and position, need to be
appropriately determined. Assess the number of DGs to be installed in the power network and
their classification (size) to ensure the system’s most cost-effective functioning. Since DGs of an
excessive size affect power flow in both directions. Analyze the system security components
necessary for performing continuous duty and ensure that the applicable indexes (voltage profile
index, power loss index, penetration level index, and short-circuit level index) are kept within the
allowed ranges at all times. As a result, the placement of the DG becomes extremely important for
ensuring a reliable operation and satisfying the requirements posed by the customers.
Consequently, each of these factors needs to be carefully studied to get the most effective

placement and sizing of the DG.
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Size of DG

Fig. 1.9 The appropriate location of DG depends on seven different variables [10]

The location and size of a Solar and wind DGs inside an electrical system are decided by an
optimization method that considers the system’s objectives and other relevant criteria. For optimal
placement of solar and wind DGs or any different DG types, factors such as Power Factor (PF),
configuration system, limitations, and DG type may play a role the same represented in Fig.1.9

Both the distribution and transmission systems can benefit from these considerations.

It is vital to address DG’s correct sizing and location in DS to make the most of the benefits that
DG may provide. Consequently, it leads to a decrease in system losses, costs, and investments
made by distribution firms or power utilities, as well as an increment in the voltage profile, system
efficiency, and voltage stability, among other things. Prior researchers used the following
techniques because they were found to achieve their objectives effectively. The primary strategies
and approaches currently being utilized for obtaining the appropriate size and placement of DG
can be divided into the following categories shown in Fig. 1.10. Importance of EVs in DS
discussed briefly in section 1.6
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1.6 Electric Vehicles (EVs):

The EV market is one of the most vibrant in the clean energy sector. In 2021, 6.6 million EVs
were sold, more than doubling the previous year’s total. The global sales of EVs peaked in 2012
at only 120,00 units. Weekly sales in 2021 are expected to be higher than that. In 2021, about 10%
of all automobile sales were electric, 4 times the overall share in 2019. This boosted the
comprehensive number of EVs on the world’s highways to approximately 16.5 million, which is
approximately three times as many as in 2018. In the 1% quarter of 2022, 2 million EVs were sold
worldwide, a 75% augmentation compared to the same period in 2021. Many factors are
contributing to the EV market’s growth. The primary support comes from continuing policy
initiatives. By 2021, government investment in EV incentives and subsidies had nearly doubled to
approximately USD 30 billion. An increasing number of nations have either committed to
completely eliminating the use of internal combustion engines or set aims for the percentage of
vehicles that will be electrified by 2050. While several manufacturers are planning to revamp their
vehicles, they are going above and beyond what policy requires. Last but not least, the number of
new EV models accessible to consumers in 2021 was five times higher than in 2015, making them
a more appealing option. Roughly 450 different EV models are currently sold worldwide. In
contrast, EV sales are still falling in other emerging and developing countries. This is because the
many presently available cars are priced so high that they are expensive for customers purchasing
in the marketplace. EV sales account for less than 0.5% of the total market in India, Brazil and
Indonesia, respectively. In spite of this, EV sales more than double in several regions in 2021,
particularly in India, which may open the door for more rapid market penetration by 2030 if

resources and regulations that support it are in place [11].

Hybrid electric vehicles (HEVs) and all-electric vehicles (AEVs) are the two primary
classifications that can be used for electric EVs. AEVs only have electric motors that are powered
by other electrical components in their vehicles. Additional subtypes of AEVs include Battery
Electric Vehicles (BEVs) and Fuel Cell Electric Vehicles (FCEVs) (FCEVs). An FCEV does not
need a charging system located outside the vehicle. On the other hand, a BEV's storage unit can
only be charged by utilising the external electricity supplied by the grid. One kind of hybrid
electric vehicle (HEV) is called a plug-in hybrid electric vehicle (PHEV), and it has the capability
of getting its battery charged from the power grid. Fig 1.11 provides a classification of the various
types of EVs. The electrical infrastructure connects EVs to the grid. It's categorized by power

type, charging circuit size, physical communication needs, and electricity flow direction, as shown
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in Fig 1.13. The supply grid, the EV charging points, and the EVs are all components of the EV
charging governing structure, which can be categorized according to flexibility, collaboration, and

the control framework itself. See Fig 1.14 for an illustration of this [12].

EVs are primarily utilized for transportation, but their influence can be seen in various contexts.
As a consequence of this, the transformation in the automobile industry brought about by EVs has
a significant impact not only on the environment but also on the economy and the power in
substantial portions of electrical systems. The effect of EVs on the economy, climate, and
electricity system is depicted in Fig 1.12. When charging happens during peak times, the system is
overloaded, which can lead to malfunctioning or broken network infrastructure, disabling
protection relays, and higher overall installation costs. The EVs’ location, penetration level, and
the amount of time they spend charging can all impact the grid’s voltage stability. Load demand
rises because EV charging locations, penetration rates, and plug-in and unplug times are all

subject to the EVs’ vagaries.

Electric Vehicle

(EV)
Hybrid Electric - All-Electric
Vehicle (HEV) Vehicle (AEV)

' !

1. Battery Electric Vehicle (BEV)

No IC Engine

Only Electric Drive

Battery Pack Size is Large (20-80kKWh)
Ex. Tesla Model S, Nissan Leaf

1. Mild-Hybrid Electric Vehicle (M-HEV)
IC Engine and Electric Motor, Turns off the
engine and switches to motor when coasting,
braking and restarting quickly, cant be solely
driven on electric motor

Ex. Chevrolet Silverado Hybrid 2. Fuel Cell Electric Vehicle (FCEV)

Hydrogen Tank, Fuel Cell. Battery,
PCU, Electric Motor
Ex. Toyota Mirai

2. Full Hybrid Electric Vehicles (Full-HEV)
-Series HEWV

-Parallel HEWV

-Senes-Parallel HEV

-Complex HEW

Has IC engine and electric motor, the batteries
get charged by the engine. battery pack size 1s
medium (6-12KWh)

Ex. Honda Civic Hybnid

3. Plug-in Hybrid Electric Vehicle (P-HEV)
Has IC Engine and Electric Motor, The
batteries can be charged from an external
Source (plug)

Ex. BMW 1-8

Fig. 1.11 various types of EVs [12]

The public’s understanding of EVs’ positive impacts on the economy and the ecosystem is

increasing. This pattern will probably continue as more people are exposed to information about
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technology. Because the DS has a lower voltage profile and experiences a P, the placement of
EVCS in the DS to accommodate the increasing demands for EV charging has certain drawbacks
in the implementation of fast-charging stations. These drawbacks include the fact that the demand
for EV charging has increased. These unfavorable results can be avoided, however, by positioning
the EVCS strategically and incorporating it into the DS that is already in place. The DS ought to
be able to satisfy the electricity requirements of the charging station. PHEVs offer a number of
advantages; unfortunately, the widespread adoption of these vehicles and the absence of regulated
charging will lead to an increase in peak demand. The appropriate planning of EVCS is required
in order to fulfill the requirements of enhancing the voltage profile of the DS while EVCS is
present. Therefore, the correct placement of EVCS installation within the DS significantly impacts

the outcome.

The sudden adoption of EVCS over the current grid system results in significant issues with the
power systems. These difficulties include electrical harmonics, a poor power factor, unpredictable
voltage, and voltage instability. Because of these concerns, the capacity of the distribution
equipment, such as conductors, electrical wires, and converters, is reduced, and the equipment
also experiences a significant distribution loss, which brings down the system’s overall efficiency.
When EVs are being charged, the distribution branches of the network carry a significant quantity
of current. This has a considerable impact on the electrical grid’s power production and
transmission systems. The influence on the distribution system depends on a broad range of
variables, such as the methodology for charging, the demographic density of automobiles at their
particular charging stations, and so on. This influence can be positive or negative depending on
the parameters. Overall schematic diagram integrated solar, wind based DGs and EVs into the DS

given in Fig 1.15.
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Fig. 1.12 Effects of EVs
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Fig. 1.13 different types of EV charging systems [12]

Fig. 1.14 EV charging management structure [12]
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Fig. 1.15 Overall schematic diagram of DGs and EVs into the DS
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2.1 Introduction:

This chapter briefly discusses 2012 to 2022, with several authors' points of view on minimizing

CHAPTER 2

Literature Review, Research Objective and Methodology

PLoss and enhancing voltage profile using different strategies. [13-24], allocation of DGs into DS.

Allocation of renewables DGs into DS [25-36]. [37-47], simultaneous allocation of DGs and
shunt capacitors (SCs) into DS. [48-58], allocation of EVCS into DS. Integration of renewable
DGs and EVCS into DS [59-70]. The same depicted in Table 2.1 allocations of DGs, renewable

based DGs, allocation of EVVCS and allocation of renewable DGs and EVVCS into DS.

2.2 Literature Review:

Table 2.1 allocations of DGs, renewable based DGs, allocation of EVVCS and allocation of
renewable DGs and EVCS into DS

Refer Author Year Objective Optimization | Test Systems
ences Techniques
(OTs)
Allocation of DGs
[13] | Gopiya Naik | 2012 PLoss Minimization and FBSM IEEE 33
et al. voltage profile
enhancement
[14] Abdi & 2013 Reduction of active & IPSO & MCS 33-bus
Afshar reactive losses, voltage
profile increment
[15] | Sedighizadeh | 2014 | Decrement of Power loss, HBB-BC 32 and 25
et al. enhancements of voltage buses
profile
[16] | Gopiya Naik | 2015 | Shrinking real & reactive Analytical IEEE 33 and
et al. loses method 69 buses
[17] | T.T.Nguyen | 2016 | Minimizing active P oss & CSA 33,69 & 119
etal. augmenting voltage Buses

18




stability

[18] Sanjay etal. | 2017 Shrink the power loss HGWO IEEE 33,
IEEE 69 &
85 RDS
[19] | T.P.Nguyen | 2018 Real power loss SFSA IEEE 33, 69
& Vo decrement & voltage & 118 buses
profile revamping
[20] Lietal. 2019 Alleviating the losses LHS method 36-Bus
[21] | Coelhoetal. | 2020 | Power loss reduction & EDM IEEE 34 &
inflate voltage profile 123-bus
[22] | Naguibetal. | 2021 | Minimizing system losses, FA IEEE 33
augmenting reliability
[23] Werkie & 2022 | To shrink power loss & IPSO IEEE 33
Kefale argumentation of voltage
profile
[24] Machava et | 2022 | Shrinking overall power GA IEEE 13, 34
al. losses & 123 buses
Allocation of Renewable-Based DGs
[25] Jamil & 2012 | Power loss decreasing & FES IEEE 33
Kirmani voltage profile revamping
[26] | Khatodetal. | 2013 Decreased real power EP method 69 Bus
losses
[27] Montoya- 2014 Reducing losses & MILP 10 kV real
Bueno et al. maintenance cost Azores island
DN
[28] Kayal & 2015 Decreasing power loss, PSO 28 Indian
Chanda enhancing voltage system
stability
[29] | Kalkhambkar | 2016 Energy loss and cost GWO 34 Bus
et al. alleviating
[30] Ali et al. 2017 | Minimizing overall power ALOA IEEE 33 &
loss & increasing voltage 69

profile
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[31] Naeemetal. | 2018 Real power loss PSO IEEE 33
minimization
[32] Sambaiah & | 2019 Alleviating the voltage SSA 33 & 69
Jayabarathi deviation & power loss Buses
[33] Farh et al. 2020 | Decreasing overall cost & CSA-PSO IEEE 30
power loss
[34] Rathore & 2021 Decrease the energy PSO, BFWA IEEE 33
Patidar losses
[35] Sun et al. 2022 | Minimizing voltage drop MMOPM IEEE 33
& operating cost
[36] Purlu & 2022 Alleviating the annual GA & PSO IEEE 33
Turkay losses & voltage drop
Simultaneous allocation of DGs and SCs to DS
[37] | Baghipour & | 2012 Power loss reduction, BPSO 10 & 33
Hosseini voltage & reliability buses
increment
[38] | Gopiya Naik | 2013 | Shrinking P\ s, enhancing | HM, HQCFT | IEEE 33 &
et al. voltage profile 12 Buses
[39] Devi & 2014 | Minimizing power loss, PSO, LSF 12,34 & 69
Geethanjali augmenting voltage Buses
profile
[40] Khan et al. 2015 Decreasing total power BC-ABOA IEEE 12, 33
loss, inflating voltage & 69 Buses
profile
[41] | Khodabakhshi | 2016 Shrinking power loss, IMDEA IEEE 33, 69
an & improving voltage buses
Andishgar
[42] Dixit et al. 2017 Decreasing real power GABC 33 and 85
loss buses
[43] Zhangetal. | 2018 Minimizing the voltage GA, BLPM IEEE 33
fluctuation
[44] Bayat & 2019 Decreases power loss PSO, 33,69 & 119
Bagheri HAPSO, IA, Buses
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QOTLBO,

LSF-BFOA,
CTLBO
[45] Balu & 2020 Minimizing Pposs & CF-PSO, IEEE 33 &
Mukherjee voltage drops. Improves MPSO 136 Brazil
voltage stability and RDS
profile
[46] | Yuvarajetal. | 2021 Power loss decrement, BOA IEEE 33
voltage stability inflating
[47] Sayed etal. | 2022 Power loss shrinking, SHADEOA 33&59
voltage profile buses
augmenting
Allocation of EVCS
[48] Liu et al. 2012 Revamping voltage MPDIPA IEEE 123
profile, shrinking system
losses
[49] Su et al. 2013 Minimizing losses GA 20-Bus
[50] Niazazariet | 2014 Inflate voltage profile GAMS 33 _Bus
al.
[51] | Banol A.etal. | 2015 Decreasing operation TSA 20-Bus
costs and losses
[52] | N.B.Ariaset | 2016 | Reducing overall cost and GRASP 449-Bus
al. losses
[53] | A. Ariasetal. | 2017 | Shrinking real & reactive MCS 19, 35 Buses
losses and cost
[54] Gong et al. 2018 Reducing voltage PSO IEEE 33
fluctuation & losses,
[55] Sureshetal. | 2019 Increasing efficiency & FPA IEEE 69
voltage profile, decreasing
losses
[56] Amin et al. 2020 Decreasing power loss BPSO IEEE 33
[57] Usmanetal. | 2021 | Minimizing system losses, OCSTA IEEE 31

inflate voltage profile
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[58] | Kumar Reddy | 2022 | Decreasing initial cost and PSO 19 & 25
& Selvajyothi losses Buses
Allocation of RDGs and EVCS
[59] Hafez & 2012 Reducing bus losses & OPF 59, 65, and
Bhattacharya vehicle charging cost 69 buses
[60] | Mohammadi | 2013 | Energy loss minimization BFPF, GA IEEE 33
et al. & voltage profile
enhancement
[61] | Fazelpouret | 2014 | Shrinking Power loss & GA 30-bus
al. cost, voltage increment
[62] | Abdelsamad | 2015 | Decreasing energy losses MCS IEEE 123
et al. RPDS
[63] | Shojaabadiet | 2016 Minimizing voltage MCS, NSGA- 33-Bus
al. fluctuation and losses ]
[64] Arias et al. 2017 Reducing total GRASP, TS 449-Bus
maintenance cost & HOA
[65] Liu et al. 2018 Increasing income & GA 33 Bus
reducing losses
[66] Cheng & Li | 2019 Improving voltage GA IEEE 33
stability, reducing system
losses
[67] | Gampaetal. | 2020 | Increasing voltage profile, | GOA, GA & 51 & 69
minimizing losses PSO Buses
[68] Janamalaet | 2021 Maximizing voltage FSA 36 bus RRF
al. stability, shrinking losses
[69] | Shokouhande | 2022 | Decreasing maintenance ICA 33-Bus
hetal. cost
[70] Babu et al. 2022 Shrinking losses, HHOA IEEE 25

enhancing voltage profile
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2.3 Research Gap from the literature:

The authors implemented the DG allocation problem and studied various test systems. In most of

the works, it is observed that the objective function considered is to minimize the P s alone.

Most researchers didn’t consider generation uncertainties associated with renewable DG sources

(solar & wind), and EV scheduling patterns are not addressed.

From the above-mentioned literature it is observed, most of the authors and researchers used

Standard IEEE test systems; most researchers did not use real power test systems for assessment.

The authors considered a single load level to assess the performance of DS. These methods don't

yield appropriately installed capacities of DGs and SCs with dynamic load level changes.

In the literature, most authors determined DG size for a static or fixed demand. But, in practical
aspects, load varies dynamically according to the time. Further, the output power generation of
renewable sources is not constant and depends upon environmental changes. So, it is vital to

consider the variable load demand and calculate the exact output power from renewable resources.

The authors solved the DG allocation problem effectively in the presence of EVs. But, a suitable
strategy to charge the EVs during peak demand is still a problem. In this work, an effective

methodology is proposed to place DGs in the presence of EVs

The authors considered EV integration as an additional load. But, its charging and discharging

patterns and their impact on the system are not appropriately addressed.
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2.4 Research Objectives:

Nowadays, the usage of EVs and RESs is improved more because of global benefits. But, the
penetration process of these sources shows problems in the power system. Finally, inserting these

sources incorrectly with incorrect size increases voltage disturbances and P qss.

1. Mathematical modelling of different DGs (Solar and Wind) and their uncertainties are
considered and study the performance.

2. Placement of solar DGs and EVs are connected to the DS and analyze the performance.
(IEEE and Real Test Systems)

3. Placement of Wind DGs and EVs are connected to the DS and analyze the performance.
(IEEE and Real Test Systems)

4. Integration of both solar, wind DGs and EVs integrated into DS and assessed the

performance of DS.

The objective functions of the problems mentioned above are P o, Voltage profile & voltage

stability of the system.
2.5 Research Methodology:

Develop proper DS load flow and use sensitivity index to identify the desired locations for
placement of DGs and EVCS. Further, develop different types of DGs mathematical modelling
considering generation uncertainties and dynamic load variations. Next, suitable weibull and beta
probability distribution functions (PDF) are considered for modelling solar irradiance and wind

speed. Finally, Mathematical modelling of plug-in EVs uncertainties is considered.

MATLAB software is used and writes the suitable programs. After implementation, consider
relevant test systems and study the performance of DS. So, explore the efficacy of the developed
approach results are validated with existing literature.
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Fig 2.1 Schematic diagram of research methodology
2.6 Organization of Thesis:

Chapter 3: This chapter discusses uncertainties related to solar irradiance and wind speed with

their respective PDFs. Different EV charging methods are elaborated.

Chapter 4: deals with integrating solar DGs and EVs into the DS. A combination of LSF and
POA methods was used to determine the location and size of solar DGs and EVVCSs. Various test
systems, such as IEEE 33 and 28 Indian buses, simulate outcomes. Compared results with other

techniques.

Chapter 5: This chapter discusses the integration of wind-based DGs and EVs into DS. A
combined LSF and POA method was considered to find an apt location and size for wind DGs,
and EVCS injected kW and kVAr to the DS. The standard IEEE 69 test system and 28 Indian bus

system are simulated results.

Chapter 6: This chapter integrates solar and wind DGs with EVs into DS. Here, the Voltage
stability index (VSI) and POA method are used to find the site and size of the DGs and EVCS.
Solar, wind and EVs-based results were simulated with 28 Indian real test system.

Chapter 7: In this chapter, the final part covers the future scope and conclusion.
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CHAPTER 3

Mathematical Modelling of Distributed Energy Resources and

Electric Vehicles

3.1 Introduction:

This work describes the optimum allocation of solar, wind DGs and EVCS. Further, the
generation uncertainties are considered, and the exact output power from these sources is found.

Finally, the EVs charging and discharging patterns importance are considered.
3.2 Mathematical modelling of solar irradiance:

[28, 71and 72] Solar panel's exact output power is calculated with the beta probability distribution
function (PDF). Beta PDF is more suitable for statistical analysis to model solar irradiance. Tables
3.1 and 3.2 represent solar PV specifications and the mean standard deviation of the summer
season on a typical day [28]. Fig. 3.1 shows the expected output power from the solar module.
Equation 3.1 to 3.10 represents the mathematical modelling of solar irradiance.

r'(a™+p™)

remrgm M LA =s™F Fora™ > 0; ™ >0 (31)

fi"(s) =

m, T = Gamma function

With mean(u), Standard deviation (o) determinedf;™(s), s = ;—VZV
—(1_ us' (A +pug")
= (-, (B - 1) (3.2)
m _ udt+p™m
T aum (33)
a™, ™= Shape parameters
PPVA(s) = NPYM « VY « Y x FF (3.4)
Where
FE = VTt (3.5)
Voc*Isc
IY = s[l;c + K{(TY — 25)] (3.6)
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VY=V, —K".TY (3.7)

NOT 20
8

TY = T4+ s( -

) (3.8)

FF = fill factor, the sum of all PV modules =N*YM [ .= short circuit current, V,.= open-circuit
voltage, T<Y=cell temperature, T4= ambient temperature,K*, KV= current & voltage temperature

coefficients, N°T= nominal operating temperature.
P(s) = PPVA(s) * f™(s) (3.9)
Total Expected Output Power = fol PPVA(s) * fm(s) (3.10)

Table 3.1 Solar PV Specifications

Description Specifications Ratings
Solar PV Solar panel 220W
Ambient Temperature(T,) 30.76°c
Nominal cell operating temperature (No) 43°%
Open Circuit Voltage 36.96V
Short Circuit Current 8.38A
Max. Powerpoint voltage (Vpm ppt) 28.36V
Max. Powerpoint Current (I ppy) 7.76A
Coefficient of voltage temperature (K,) | 0.1278 V/C
Coefficient of current temperature (K;) | 0.00545 A/C

Table 3.2 Mean, standard deviation of the summer season on a typical day

Hour Mean | StandDev | Expected total output
power (W)
1 0 0 NA
2 0 0 NA
3 0 0 NA
4 0 0 NA
5 0.0032 0.0045 NA
6 0.1278 0.0406 24.9491
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PV module output power (W)
— — (] [ (%] %] N N
un = wn = wn = un — un

=

7 0.2538 0.0714 48.8601
8 0.3824 0.1189 72.6721
9 0.4908 0.1388 92.3087
10 0.568 0.1659 106.0076
11 0.6164 0.1445 114.5426
12 0.599 0.1175 111.5308
13 0.5614 0.0995 104.9347
14 0.4672 0.0788 88.1518
15 0.3548 0.055 67.6923
16 0.2228 0.041 43.0653
17 0.103 0.0276 20.5279
18 0 0 NA
19 0 0 NA
20 0 0 NA
21 0 0 NA
22 0 0 NA
23 0 0 NA
24 0 0 NA
0 0:2 0I.4 0.6 0.8

Fig. 3.1 Expected Output Power from Solar Module

Solar irradiance (kW;"mz)
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3.3. Mathematical modelling of wind speed

The wind speed significantly impacts the output power of wind-based DGs. Therefore, the
uncertainty related to wind speed is adequately simulated before placing these sources in DS.
Weibull PDF has been utilized. Tables 3.3 and 3.4 represent the wind turbine specification and the
mean, standard deviation of the summer season on a typical day [28]. Fig 3.2 shows the wind
turbine expected output power for 1 hour. Equation 3.11 to 3.18 represents mathematical

modelling of wind speed.
f) = 2O e @ fore>1k>0 (3.11)
Where,

k = shape factor, ¢ = scale factor

k = (%)—1.086 (3.12)
_ K
c= raeD (3.13)
0 for 0 <v <vo_inand v > Veyr_out
Pyr(V) = {(a.v®+ b.B, for Veyi—in <V <, (3.14)
B for v, v < Veyrout
Where
Py
a= e — (3.15)
b= 1721115—1‘71 (3 16)
B (vg_vgut—in .
Pyg = Pyr(V) = f,(V) (3.17)
Expected total output power = fol Py (V) * f,(V)dv (3.18)
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Table 3.3 Specifications of Wind Turbine

Description Specifications Ratings
Wind Turbine | Wind Turbine rating | 3000kW
Cut-in Speed 3.5m/s
Cut-out Speed 25m/s
Hub height 66m
Rated Speed 15m/s
Table 3.4 Mean, standard deviation of the summer season on a typical day
Hour Mean StandDev Expected total output
power (kW)
1 9.9 0.7937 220.7474
2 9.3667 0.8021 191.2799
3 9.1667 0.8505 180.8715
4 9 0.8185 171.6584
5 8.7 0.755 153.1758
6 8.6 1.0583 153.6114
7 9 1.1533 174.5944
8 9.0333 1.1504 176.2964
9 9.3333 0.9504 189.7201
10 9.6 1.1533 207.9257
11 10.1333 1.0066 238.9737
12 10.2667 0.8622 246.9246
13 7.9667 0.3786 146.3168
14 8 0.4583 119.3015
15 8 0.5 114.0872
16 7.7333 0.4509 136.6521
17 6.9667 0.2309 172.4661
18 5.9667 0.3786 69.5131
19 4.8333 0.3215 57.3336
20 4.4333 0.3215 16.3767
21 4.3333 0.4163 24.242
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22 4.1 0.2646 33.2545
23 4.0667 0.2082 44.3591
24 4 0.1732 66.1166

~1
=

o ] = hn =2}
=] =] =] =] =]
T T T T T

Wind Turbine expected output (kW)
=

=
—
i

10 15 20 25
Wind Speed (m/s)

Fig 3.2 Wind turbine expected output power for 1 hour
3.4. Mathematical modelling of EV uncertainty

[81] Users determine when to charge (DoC), depending on the electricity SoC, trip distance and
charge power. The DoC is influenced by the following trip’s distance among these variables.
Table 3.5 represents the specifications of EVs. Equation 3.19 to 3.22 represents the mathematical
modelling of EV uncertainty. The primary SoC of m™ EV at the ™ hour is given below equation
3.19.

Socy = (1- ;—t) .100% (3.19)

Where T = no. of trips, t = EV travel distance, t, = EV travel range

Battery Storage Constraint:

S0Cpin < SoCEY < SoC a0 (3.20)
Pepne < Pipm (3.21)
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Pdisch,n,t < Pc;rélcjgl,n (3-22)
3.5 Method for Scheduling of RDGs & EVs
3.5.1 Conventional and optimized charging methods for EVs

After arriving home in the conventional charging method (CCM), the EVs are instantly connected
to a charging point. They are unconcerned with the demands of the system. The traditional
charging approach may not be advantageous because it results in significant energy loss, a system
voltage decrease, and system maloperation caused to congestion. The suggested technique should
help charge EVs (V 2 G) while off-hours and transfer electricity to the grid (G2V) during peak
hours. EV charging and discharging are prioritized based on demand. This strategy is referred to
as the optimized charging method. In this strategy, EV consumers care about system load. EVs are
not allowed to be charged during peak load. Following the load demand curve, EVs are charged
during low-load hours through an optimized charging method (OCM). A consistent voltage
profile and low P, are obtained using an OCM. Using this approach, the utility and EV
consumers will communicate about the system’s demand and devise new strategies for enhancing
the system’s efficiency. Scheduling is based on the system’s peak-to-average ratio (PAR) of

demand. Fig 3.3 shows flow chart steps for scheduling EVs.

The fundamental aim of EV scheduling is to reduce PAR, as shown:

PAR = —&peak (3.23)

Pd,mean

Where Py meqn = average system demand, Py peqx = Peak system demand
This work provides a suitable scheduling technique to reduce the PAR.

Charge or discharge is also determined by the power ratio (PR) magnitude, which is represented

as follows:
Py = 22 (3.24)
Pd,mean

It is essential to keep two conditions in mind: the number of EVs assigned should not be negative
(-), and the number of EVs granted at the next step must be more significant than the number in

the first step.

P EVyie < EVyp (3.25)
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Table 3.5 Specification of EVs

Description Specifications Ratings
EVs EV Capacity or Battery 16 kWh
No.of EVs 60
S0Cmin 0.2
S0Chax 0.9
Avg. power consumption per km | 0.175 kWh/km
Avg. distance travelled by each EV 30km

3.5.2 Scheduling procedures to follow.

e The OCM first looks at the type of vehicle, how many vehicles need to be charged, how
much each vehicle needs to be charged, and how long the system will run before the next
trip.

e The system for each hour, the PAR and Py It is calculated both either with or without
taking EVs into account.

e V2G mode is started if the power ratio (Pz) is smaller than the average power
demandPy meqn.

e Otherwise, if the Py of the specific interval of time is larger than the overall power demand
Py mean- The vehicle can send electricity back to the grid while taking into account the
existing SoC.

e These details will be sent to the POA method every hour to identify the optimal size of
renewable DGs.

Once the EVs have reached SoC and are available for the next journey, the procedure is

completed.
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Fig 3.3 Flow chart steps for Scheduling EVs
3.6 Summary of the chapter:

This chapter discusses solar irradiance and wind speed uncertainties with their respective PDFs.
Solar, wind and EV specifications are given in the tables. EV scheduling patterns and charging
methods such as CCM and OCM are discussed.



CHAPTER 4

Integration of Solar Distributed Generators and Electric Vehicles

into the Distribution System

4.1 Introduction:

It is essential to properly allocate the Distributed Generators (DGs) and Electric Vehicle charging
stations (EVCS) to satisfy the rising active power demand of a distribution system (DS). To attain
the objectives of this chapter, minimal P, increased voltage profile, and a more uniform voltage
stability index (\VSI) across the system, multiple DGs and EVCSs are allocated simultaneously in
the DS. A combination strategy is given to address the allocation and sizing of solar DGs and
EVCS, taking into account the loss sensitivity factor (LSF) and the political optimizer algorithm
(POA). Considering various possible outcomes, a study is conducted on standard IEEE 33 and 28
Indian bus systems. Further, different EV charging methods are considered to study the
performance. The analysis is continued for 24 hours to demonstrate the suggested combination
method's efficacy. Finally, the developed method was compared with other metaheuristic
algorithms to validate the results. Figure 4.1 represents schematic diagram of integration of solar
DGs and EVs into DS.

Solar PV

Electric Vehicle

Generation Transmission

Distribution System

Consumer

Fig 4.1 Schematic diagram of integration of solar DGs and EVs into DS
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4.2 Objective:

The objective function is minimizing P\ and voltage profile enhancement with satisfying all the

constraints. The real P and voltage magnitude equation are represented as follows.

The objective P\ reduction is

min Z‘%‘Lil PLoss(n) (4-1)
Where
PLoss(n) = ?lil ITZLRTL (4-2)

The following are the main constraints related to the objective function
Power balance constraints:
YL PPpe(n) = XL [PPem™ (n) £ PPV (n) + Ploss(n)] (4.3)

Where, P¢(n)= n" hour power generator, P2¢™and ()= n™ hour power demand, PE¥ (n)= During
p g

an n™ hour, EV supplied/consumed power.
Bus Voltage Profile Constraints:
DS’s voltage profile must always be within the specified ranges.
Vinamin < [Vin| < Vinmax (4.4)
Where, V,,, , = m" bus voltage at the n" hour.

DG Capacity Range:

Pr?l,Gmin < PWQG < Prg,gnax (4-5)
Where

(Pr?lG =0.1 Z?nzz PrgG’Prg,cr;nax =038 Z%:Z P#l)G)

,min

The constraint related to the EVs are given in Chapter 3, equation 3.19 to Equation 3.22
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4.3 Combined method for optimal location and sizing of solar DGs

The combined approach considers the LSF method for finding locations of solar DGs and EVCS
and passes the obtained sites to the meta-heuristic optimization technique (POA). POA determines

the appropriate sizes of solar DGs.
4.3.1. LSF method for obtaining the suitable location of DGs and EVs

[73 — 75], the LSF method is mainly utilized to find the possible places for the allocation of solar
DGs and EVCS. The Py Equation is given below. From that equation, calculate real Py qgs
sensitivities. The buses with minimum and maximum loss sensitivities should be considered the

best locations for placing solar DGs and EVCS.

p _ Pr?1+1,eff + Q12n+1,eff
Line loss — (

)- Ry (4.6)

Vins1l?

Sensitivity analysis of actual & reactive P\ is determined by the partial derivative of real P o

while injecting real and reactive power.

0P;; 2P .R
APLSF = lineloss _ Zim+ieff 2m‘m+1 (47)
Pmiterf Vin+1l
0P;; 2Q .R
RAPLSF = line loss _ m+1ieff Zm-m"'l (48)
0Qm+1eff Vi1l

4.4. Political Optimization Algorithm (POA)

Askari developed the latest meta-heuristic technique, a political optimizer (PO). This method is
influenced by several phases of politics. POA is mainly a human behaviour-based approach. This
method successfully solves issues involving applied mathematics, and it excels in terms of
convergence speed, quality of research, and the number of fast iterations. The mathematical
modelling of PO covers all main stages of politics. “PO consists of five stages 1. Party formation,
2. Constituency allocation, 3. Election campaign, 4. Party switching, 5. Parliamentary affairs” [76
- 78]. Fig 4.2 and 4.3 depicts the mechanism and flow chart of POA. POA standard deviation and

time taken to achieve the best solution is low; POA performed well compared to other algorithms

All citizens categorized into n political parties
P = {Pl,Pz,P3,........ Pn} (49)
Every party include n members, as given eq below

p,= {P}, P?,P?,...... P} (4.10)
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Every member of the party considers dimension d, the following eq

. . . . . _T
P' =[PP, P, ......PL] (4.11)
n number of electoral districts demonstrated below
C = {C1,C5C5.....Co} (4.12)
Every constituency n member is considered
¢ =¢p, P P,... P} (4.13)
Head of the party determined with good fitness
q= qomn f(P’), Vie(1, ... ..., n} (4.14)
P; = P

Champion of every individual constituency called member parliament demonstrated below

P* = (P}, P} ,P},....P}} (4.15)

C*={ci,c;,¢3,.Cn} (4.16)

IJifk(t +1)

Jif P/ (t—1) <m" <P/ () or P/ (t —1) =m" > P/ (1),

(if Bl (e~ 1) < PY(0) < m or Bl (e~ 1) > P4(0) 2
m*+r (m* - F’i{k(t));

Pl (t+1) = 4

. (4.17)
m* + 2r — D|m* — PL.@®)|;
if m* < Pl (t—1) < PJ () orm* > P} (t — 1) = P/ (1),
\ m*+ Q2r—Dm* - PL (-1 |;
(if P2 (t—1) < P/, () <m"or PL(t — 1) = P}, () = m",
m* + (2r — D)|m* — P @®)];
if P(t—1) <m* <P, () or PL(t — 1) > m" = P/ (0),
(4.18)

Pt =1 +7(PL® ~ PLt-D);

if m* < P} (t—1) < PJ(t) or m” = PJ (¢ — 1) = P/ (1),

\ m*+ (2r — D)|m* — PLt -1 |;

A Utilized as an adaptive parameter, it is reduced from 1 to O throughout the iterative process.

Every member

Is nominated as per probabilityA.
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Fig 4.2 POA mechanism [78]

q= argmaxf(Pij)

1<jsn
Champion of constituency determined with the following eq.

q= argmaxf(Pij)

1<jsn
x _ ]
¢ = Pq

4.4.1 Steps for calculating best sizes of DGs using POA:
Step 1: Read the DS data (Line and Bus data)

Step 2: Run the base case load flow

Step3: Find suitable locations for solar DGs and EVCS with the LSF method

(4.19)

(4.20)

Step 4: Suitable locations of solar DGs and EVCS determined using LSF should be given as input

to POA

Step 5: As per eq. 4.9 all citizens are categorized into ‘n’ political parties; each party include ‘n’

member by using eq. 4.10.
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Step 6: Chief of the party determined with good fitness in eq. 4.14, champion of every individual
constituency called a member of parliament by using eq. 4.15

Step 7: Compared present values with the previous position values
Step 8: At the beginning of algorithm loops, fitness values and positions are created temporarily.

Step 9: Eq. 4.17, 4.18 represents the 2" phase election campaign, using this eq’s all political

parties’ member values and positions updated

Step 10: Eq. 4.19 represents the election campaign after the phase; every individual member of
the switching phase runs

Step 11: Champions of constituency calculated with eq. 4.20.

Step 12: In this step, the algorithm shows all the champions of parliamentary locations, called the

parliamentary affairs phase

Step 13: This final step is upgrading all fitness values (P oss) and positions, such as best DG sizes.
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Read the DS data (Line and Bus data)

Y

Run the base case load flow

Find a suitable location for Solar DGs and EVCS wath the LSF
method

¥

Best locations of Solar DGs and EVCS given as input to POA

v

Initialize all party individuals with eq’s. 4.9 and 4.12

L]

Assess the fitness value of every member

Y

Calculating party chief with eq. 4.15

v

Determining champions of party C* with eq. 4.19

Y

At first, previous fitness and positions = present fitness and
postions

Create temporary copies of present fitness and positions of party
individuals

¥

By election campaign phase upgrade party idividuals positions

Y

Run party switching phase for every party individuals

v

Parliamentary affairs phase run for every constituency champion

v

Previous fitness and Positions upgraded with temporary copies

Y

Augment t and upgrade 1

Fig 4.3 Flow Chart of POA
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4.5 Results and Discussion:

Before implementing the combined approach for dynamic loading conditions, a general static
method of solar DG allocation is simulated, and the outcomes are compared with existing
methodologies in state of the art. [73, 79] The analysis is implemented on the IEEE 33 bus system
in MATLAB (R2017a) and the single-line diagram of the same test system is represented in Fig
4.4. This section presents the outcomes obtained using the proposed combined method. The
various cases are considered to show the proposed method's efficacy, which is represented in
Table 4.1.

19 20 21 22

1 2 |3 4 5 6 |7 8 9 10 11 12 13 14 15 16 17 18

B

23 24 25

Fig 4.4 Single line diagram of IEEE 33 bus

Table 4.1 Comparison of results for Base Case, Case 1, Case 2, and Case 3 using POA

Different OT’s Bus Solar PLoss (KW) Vmin VSl min Time

Cases No DG Size | With Solar | (p.u.) (p.u.) (Sec)
in kW DGs
Placement
Base NA NA NA 202.6666 0.9166 0.7045 14.155
Case
Case 1 DA 30 1535.931 | 116.0409 0.9362 0.7621 15.669

GOA 30 1535.92 117.613 0.9675 0.8747 18.401
WOA 30 1535.931 | 116.6409 0.9362 0.7621 17.327
POA 30 1535.92 115.6295 0.9675 0.8747 15.501

Case 2 DA 14 807.7806 | 86.7442 0.9677 0.8687 18.062
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30 1174.61

GOA 14 807.7843 | 86.9598 0.9677 0.8756 18.690
30 1174.747

WOA 14 779.9395 | 86.5912 0.9683 0.8708 16.920
30 1205.793

POA 14 807.7966 | 86.0429 0.9676 0.8753 16.834
30 1174.832

Case 3 DA 14 753.3605 | 71.4573 0.9679 0.8694 20.183

24 1102.13
30 1070.822

GOA 14 754.091 71.756 0.9679 0.8763 20.821
24 1099.5
30 1071.406

WOA 14 675.3904 | 71.9866 0.9685 0.8715 18.557
24 1215.805
30 1106.958

POA 14 753.2918 71.056 0.9679 0.8762 18.321
24 1100.695
30 1071.494

Base Case: without DGs:

This case study doesn’t consider the allocation of solar DGs. From the base case load flow, the

following results are obtained. P ,ss=202.6666 kW, Vin = 0.9166 p.u, VSimin = 0.7045 p.u.
Case 1: Single solar DG placement:

From the LSF method, bus 30 is identified for placing a single solar DG. This information is
passed to POA, and the single solar DG size is determined as 1535.92 kW. The results are given
in Table 4.1 and compared with different algorithms. The combined approach helps to reduce the
PLoss by 42.94 %, which is better than other OTs. Further, the VSlnin and Vpin are improved
compared to the base case. Fig 4.5 shows the comparison of POA convergence characteristics

with other metaheuristic methods.
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Power Loss (kW)
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Fig.4.5. Convergence characteristics of single solar DG allocation

Case 2: Two solar DGs placement:

100

Using the LSF technique, bus numbers 14 and 30 are determined for allocating two solar DGs.
The solar DG sizes are DG; = 807.7966 kW and DG, = 1174.832 kW using the POA. In Table

4.1, the results are compared with other OTs. A reduction of 57.54 % P s IS observed with the

allocation of two solar DGs. Fig 4.6 shows the convergence characteristics of two solar DGs.

Power Loss (kW)

100 .

| — DA —GOA ——WOA ——POA |

98 |

96

94

92

90

88

86 . : : . : . : . :
1 10 20 30 40 50 60 70 80 90
No of Iterations

Fig.4.6 Convergence characteristics of two solar DGs allocation
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Case 3: Three Solar DGs placement:

The suitable locations determined using LSF to allocate solar DGs are 14, 24 and 30. Multi-solar
DGs inject kW power into the system. This three solar DGs case is more efficient than the
allocation of single, two DGs, as shown in Table 4.1. An overall reduction of 64.93% P s IS
observed in this case which can be treated as the best way to P o minimization and voltage
profile improvement. To prove the efficacy of POA, the results are compared with other simulated
OTs in Fig 4.7. It is proven that POA is superior to other compared methods and helpful in
proceeding with dynamic case studies. The proposed method is compared with the existing

algorithms in the literature, and the same is given in Table 4.2

Further, in Table 4.3, the various metrics such as mean, median and standard deviation are
compared with other OTs, and it is found that POA outperforms in all aspects effectively. Finally,
a comparison between all case studies in terms of voltage profile, VSI and P o are made in Figs
4.8, 4.9 and 4.10. It is evident from the Figure that was using a combined approach of LSF and
POA, the overall system performance is improved drastically.

86 |

| —DA —GOA WOA —POA |
84 i

82 \ .
0 |
78 1
76 1
74} \ 1
72F

701 1|0 zlu 50 4|0 5|0 6I0 7:0 slo 9|0 100

No of Iterations

Power Loss (kW)

Fig.4.7 Convergence characteristics of three DGs allocation
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Table 4.2 POA performance comparison with other existing algorithms

Optimization SFSA[19] SSA[32] SCA [80] EGOA [81] | POA method
Method
Size and 964.7 (13) | 753.6(13) | 803.2998(13) | 674.81(17) | 753.2918 (14)
Location of 1133.7(24) | 1100.4(23) | 1166.7845(24) | 171.04(18) | 1100.695 (24)
DGs 1301.8(30) | 1070.6(29) | 1044.7203(30) | 1032.31(31) | 1071.494 (30)
Base Case Py gss 210.99 202.66 211.0058 202.67 202.6666
(kW)
Multi solar 77.410 71.45 72.8570 87.31 71.056
DGS PLOSS (kW)
% of 63.31 64.74 65.47 56.92 64.93
Minimized
IDLoss (kW)
Table 4.3 Comparison of various metrics for OTs
OTs Mean | Median | Standard Deviation | Time(s)
DA | 11.7691 | 11.6908 0.2341 23.872
GOA | 11.6295 | 11.6295 0.0598 20.698
WOA | 13.60938 | 13.4604 1.1388 17.075
POA | 11.6137 | 11.6031 0.0561 17.043
I Base Case
Case 1
Case 2

Case 3

Fig. 4.8 33 bus voltage profile characteristics for various cases
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4.6 Dynamic Analysis of IEEE 33 Test System:

Case 4: Dynamic analysis of IEEE 33 bus system with solar-based DGs
1

=
5

=
=N

Power Demand (p.u)
=
=

=
o

1 2 4 6 8 10 12 14 16 18 20 22 24

Hours
Fig.4.11. The power demand curve for a typical day

As the load continuously changes from hour to hour, analysing the dynamic changes in the
system’s voltage profile and P iS essential. The typical load curve for 24 hours is given in Fig
4.11. The analysis presented in case 3 is extended for a typical 24-hour simulation using the LSF
and POA combined approach. The load flow incorporating dynamic changes in system demand is
simulated, and the suitable locations of solar DGs and EVCS for all the hours are identified using
the LSF technique. In any system, generally, the DGs will be immovable assets. Therefore, the
specified location should be unique for all dynamic changes in system demand. The best locations
identified for all the dynamic load changes are 14, 24 and 30, respectively. The optimal solar DG
sizes for the dynamic cases are presented in Table 4.4, Table 4.5, P oss, Vimin @and VSl obtained
using the POA. It is evident that Vin and VSlyi, are within permissible limits for all 24 hours.
Compared to the base case P\ qss 3-solar DGs were minimized more, as shown in Fig 4.12. Vpin

and VSl various case comparison characteristics are shown in Figures 4.13 and 4.14. The

Table 4.4 Variation of P oss, Vimin @and VSl in for 24 hours

Hours | Base Case | 3 Solar DGS PLoss | Vmin | VSImin
PLoss (KW) in (kW) (p.u) (p.u)

1 84.1544 30.57938 0.9727 | 0.8934

2 73.8534 26.92558 0.9797 | 0.9195

48



3 69.6966 25.44493 0.9825 0.93

4 64.5108 23.59614 0.9829 | 0.9318
5 64.5108 23.59369 0.9829 | 0.9318
6 68.7376 25.10265 0.98 0.9207
7 109.7536 39.58196 0.9806 | 0.9141
8 148.1548 52.89892 0.9708 | 0.8858
9 179.8568 63.73791 0.9718 | 0.8869
10 184.3782 65.27355 0.9759 | 0.8942
11 183.1387 64.85281 0.9706 | 0.8849
12 179.8568 63.73798 0.9718 | 0.8869
13 177.013 62.77088 0.9694 | 0.8804
14 184.3782 65.27366 0.9759 | 0.8942
15 172.9955 61.40268 0.9704 | 0.8841
16 177.013 62.77079 0.9694 | 0.8804
17 194.8954 68.8376 0.9714 | 0.8875
18 202.6666 71.0560 0.9723 | 0.8821
19 202.6666 71.0560 0.9723 | 0.8821
20 184.3782 65.27445 0.9759 | 0.8942
21 165.8967 58.98042 0.969 0.879
22 135.6764 48.59356 0.979 0.9128
23 102.1834 36.92998 0.9768 | 0.9085
24 74.8505 27.2792 0.9809 0.924

Table.4.5. Hourly variation of solar DG sizes with POA

Hours | DG; (kW) DG, (kW) DG; (kW)
1 506.9745 553.5879 674.4651
2 499.5958 560.213 577.8148
3 454.7839 503.1594 579.4696
4 484.2353 511.4542 559.2546
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5 484.2353 511.4542 559.2546
6 482.012 520.1042 521.6075
7 594.0906 639.9615 765.857
8 757.4179 772.5085 822.3429
9 763.4068 807.96 928.067
10 752.167 842.1351 966.8828
11 757.3233 765.9752 947.3609
12 763.4068 807.96 928.067
13 735.6201 811.2937 869.6256
14 752.167 842.1351 966.8828
15 730.914 806.8769 854.0021
16 735.6201 811.2937 869.6256
17 786.0859 864.9384 978.3929
18 797.4713 892.5939 974.4764
19 797.4713 892.5939 974.4764
20 752.167 842.1351 966.8828
21 747.6536 729.6743 887.546
22 642.2859 721.8435 808.5834
23 564.018 647.5285 655.2067
24 553.751 553.751 553.751
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Fig 4.12 P s comparison (Dynamic variations of load)
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Fig 4.14 Comparison of voltage stability index for different cases (Dynamic Variations of load)
4.7 Different EV Charging Approaches:

In this case, the analysis with EVs and DGs is performed. The ratings of the considered EV are
represented in Table 3.5. The EV will start their trip at 8.00 AM and end at 17.00 PM. The EVs
should be charged before their next trip. The EVs are charged using two methods: the
conventional charging method (CCM) and the optimized charging method (OCM).

4.7.1 Conventional Charging Method (CCM):

In this method, the EVs are charged immediately after their scheduled trip without considering the

system demand, which increases the system’s Py gg;.
4.7.2 Optimized EV charging method (OEV):

In this method, the EVs will be charged during off-peak hours determined by the OEV method. In
Table 4.6, the comparison of Py Without EVs with EVs and DGs is given. It is observed that the
OEV method, along with POA based DG allocation, gives better results than the conventional

method.
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IEEE 33 test system base case P = 3385.216 kW for 24hrs. Using the CCM (G2V) strategy, if
we connect three solar DGs and EVs to the system, P oss = 1241.547kW means 63.32% of P oss IS
reduced. OCM performs better than the CCM method P oss = 1240.071kW.

Compared to the base case, the CCM (G2V) and OCM (G2V) combination of G2V plus V2G

technique reduce more P\ . The same is shown in Fig 4.15 and tabulated data in Table 4.6.

Table 4.6 Different EV charging methods

Different Cases PLoss (KW)
Base Case 3385.216
With EVs & Conventional Charging 1241.547
Method (G2V)
With EVs & Optimized Charging 1240.071
Method (G2V)
With EVs & (G2V + V2G) Method 1239.001
3500 - |
3000 - 2
2500 - 2
=
=
2 2000 - 2
=]
-]
B
S 1500 - 2
E 1239.001
1000 - 2
500 - 2
0 | 1 1 1
Base Case With EVs CCM (G2V) 3With EVs OCM (G2V) With EVs (G2V + V2G)

Different Cases

Fig. 4.15 33 bus P comparison of different EV charging methods
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4.8 Dynamic analysis of solar DGs and EVs on 28 Indian bus system:

In this case, simulated results on 28 Indian bus system [82 - 83]. Without considering solar-based
DGs and EVs, the P of 28 Indian bus system is 1147.1245 kW for a typical day. Without
considering EVs, three solar-based DGs Py = 951.084 kW for 24hr dynamic load variation
considered. Considering different EV charging methods, CCM and OCM P . reduced but
compared to these two methods G2V plus V2G method decreased more P qss. Table 4.7 and Fig

4.16 the same is represented.

Table 4.7 Solar DGs and EVs are connected to the DS and analyzed the performance.

case Py oss Solar DGs DGs and EVs DGs and EVs Solar DGs
(kW) and EVs (Conventional (Optimised and EVs
Method) Method) (G2V +V2G)
(kW)

(kW) (kW) (kw)
1 28.4096 28.4096 28.4096 28.4096 28.4096
2 24.9163 24.9163 24.9163 24.9163 24.9163
3 23.5076 23.5076 23.5076 23.5076 23.5076
4 21.751 21.751 21.751 25.273 25.273
5 21.751 21.751 21.751 25.273 25.273
6 23.1827 19.3841 19.3841 22.4215 19.3841
7 37.1053 28.0265 28.0265 28.0265 28.0265
8 50.1845 34.9842 34.9842 34.9842 34.9842
9 61.0107 40.2336 40.2336 40.2336 40.2336
10 62.5568 39.2832 39.2832 39.2832 39.2832
11 62.1329 37.7864 37.7864 37.7864 37.7864
12 61.0107 37.3954 37.3954 37.3954 37.3954
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13 60.0386 37.6079 37.6079 37.6079 37.6079
14 62.5568 42.1009 42.1009 42.1009 42.1009
15 58.6655 42.6768 42.6768 42.6768 42.6768
16 60.0386 48.9409 48.9409 48.9409 48.9409
17 66.1549 60.1776 60.1776 60.1776 60.1776
18 68.8189 68.8189 75.2974 68.8189 63.0291
19 68.8189 68.8189 75.2974 68.8189 63.0291
20 62.5568 62.5568 68.7003 62.5568 62.5568
21 56.2403 56.2403 56.2403 56.2403 56.2403
22 45.9301 45.9301 45.9301 45.9301 45.9301
23 34.5317 34.5317 34.5317 34.5317 34.5317
24 25.2543 25.2543 25.2543 25.2543 25.2543

Total | 1147.124 951.084 970.1845 961.1654 946.5484

PLoss - 5

(kW)
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Fig. 4.16 28 real test system P, ,ss Comparison for Different cases for dynamic variation

4.9 Summary and conclusion of the chapter:

This chapter uses a combined approach of LSF and POA methods to evaluate the allocation and
sizing of solar DGs and EVCS in a DS. This method alleviates P\ s and significantly inflates the
VSI & voltage profile of the DS. LSF technique determines the suitable locations of solar DGs,
and EVCS pass the values to POA to choose desired sizes. The analysis is performed on an IEEE
33 and 28 Indian real bus system considering various cases, and the outcomes are compared with
other Meta heuristic methods. From the simulated three different case studies, it can be inferred
that the chosen DS requires DGs and EVs in 3 locations for effective operation. In the identified 3
locations, POA will give the suitable size of solar-based DGs. From the appropriate size and
location of DGs and EVCS, P o is minimized by 63.39%. The VSI and voltage profile are
abruptly improved with the combined approach. The evaluations are further extended for a 24-
hour study, and the results demonstrate that P\ s is minimized significantly throughout the period.
The VSI and voltage profile are improved for the entire simulation period. This shows that the
proposed combined approach is effective in static and dynamic load conditions.
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CHAPTER S

Integration of Wind Distributed Generators and Electric Vehicles to

the Distribution System

5.1 Introduction:

In this chapter, a combined approach based on LSF and POA is proposed to solve the problem of
wind-based distributed generators (DGs) and Electric Vehicles (EVs) allocation in the distribution
system (DS). Further, the objective of this method is to minimize P o and enhance the voltage
profile of the DS. Also, the developed method is tested on IEEE 69 and practical 28 bus Indian
DS. Different operational cases are used to compare the proposed POA method with DA, GOA,
and WOA techniques. Different cases, such as single DG, multiple DGs, and the combination of
DGs plus EVs, are considered to check the method’s effectiveness. The static and dynamic load
variations are considered to study the performance. EV charging and discharging patterns are
considered to check the performance of DS. Finally, the results related to grid vehicle (G2V),
vehicle to grid (V2G), conventional charging and optimized charging are projected. The obtained
results verified that proper placement of DGs and effective charging strategies for EVs reduce the
PLoss t0 a considerable extent. In figure 5.1 given schematic diagram of wind DGs and EVs into
DS.

Electric Vehicle
Distribution System

2 Transmission
Generation

Consumer

‘Wind Turbines

Fig 5.1 Schematic diagram of wind DGs and EVs into DS
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5.2 Mathematical Problem Formulation:

The primary objective is to minimize the P of the DS and the improving voltage profile of all
buses with the optimal integration of wind DGs and EVs. The active, reactive P . and voltage

injection at specific bus equations are given below

2 2
P +Qj
[Vil?

Pry1 = P — Prysr — Ry (5.1)

P?+Q?
Qr+1 = Qk — Qrk+1 — Xk,k+1-ﬁ (5.2)

P+ Qi

Vies1? =IViel? = 2(Ry g1 Prc + Xicser1- Qi) + (REgsr + Xl%,k+1)'W (5.3)

Where at node k — P,,= Real power, Q,= Reactive power

At node k+1 — P;;.,= Real power load, Q;;.,= Reactive power load

The line section between nodes k and k+1 — Ry, ;.1 = Resistance, Xy ., = Reactance
k™ node voltage magnitude = |V,|

Equation (1) & (2) represents power balance

Eq’s (3) fulfills sending and receiving end of voltage magnitude

Eq. 4 represents active P-°

min ¥i21 Pross(k) (5.4)
Where

Pross(k) = XL, I%. Ry (5.5)
Adding all line losses = total P represented by below eq.

Total Pposs = 2111;(1) Pposs (k. k + 1) (5.6)

2 2
pwWDG _ PG ik+1t QWDG kk+1

Loss(kk+1) = Rigk+1: TAE ) (5.7)

WDG — \'nbk pWDG
PTotalLoss(k,k+1) - Zk=1 PLoss(k,k+1) (58)
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WDG

V1= AP 05 = pR00LOS ot y; = minimize(Pross) (5.9)
¥y, = maximize(VSI) = minimize(ViSI) (5.10)
Objective Function = y; X wy; Xy, X W, (5.11)
5.2.1 Constraints

Power balance Constraints

Yoty PV (n) = Y21, [PPeM M (n) £ PEV(n) + Ppogs(n)] (5.12)
Voltage Constraints

Vicmin < Vil < Vigmax (5.13)
DG Size Constraints

Piomin < PE¢ < Pimax (5.14)

Where,

(Pemin = 0.1 X33 PR¢, Pomax = 0.8 Xk-2 PP°)

Different constraints integrated with EVs are

EVs Battery storage Constraints:

EVs k™ hour state of charge is

S0Cmink < SoCEY < S0Cmaxi (5.15)
Charging /Discharging EV Constraints:

EV power charging/discharging must be within below equation limits

Penge < Penk (5.16)

Pdisch,k Pczlgcﬁl k (5-17)

Where, P.p k., Paischx = EV battery k™ hour charging & discharging power
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5.3. Integrated solutions for optimal installation and sizing of wind DGs and EVCS

LSF method considered to find location of wind based DGs and EVCS. In chapter 4, section 4.3
and 4.3.1 discussed LSF method. To find size of wind DGs implemented POA method and the
same step by step procedure given in Fig 5.2.

5.3.1 Steps for calculating the optimal sizes of DGs with POA:

Step 1: Read the DS data (Line and Bus data)

Step 2: Run the base case load flow

Step3: Find suitable locations for wind DGs and EVCS with the LSF method

Step 4: Best sites of wind DGs and EVCS determined using LSF should be given as input to POA

Step 5: As per eq. 4.9 all citizens are categorized into ‘n’ political parties; each party include ‘n’

member by using eq. 4.10.

Step 6: Chief of the party determined with good fitness in eq. 4.14, champion of every individual
constituency called a member of parliament by using eq. 4.15

Step 7: Compared present values with the previous position values
Step 8: At the beginning of algorithm loops, fitness values and positions are created temporarily.

Step 9: Eq. 4.17, 4.18 represents the 2" phase election campaign, using this eq’s all political

parties” member values and positions updated

Step 10: Eq. 4.19 represents the election campaign after the phase, every individual member of the
switching phase runs

Step 11: Champions of constituency calculated with eq. 4.20.

Step 12: In this step, the algorithm shows all the champions of parliamentary locations, called the

parliamentary affairs phase

Step 13: This final step is upgrading the fitness value (P .ss) and positions such as best wind-based
DG sizes.
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Fig 5.2 flow chart of POA to find wind DGs sizes
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5.4 Results and Discussion:

36 37 38 39 40 41 42 43 44 45 46
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6869
53 54 55 56 57 58 59 60 61 62 63 64 65
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Fig 5.3 Single line diagram of IEEE 69 bus

We analyzed different case studies to optimize wind-based DGs and EVs in the DS. The
simulation was performed on an IEEE 69 test system. IEEE 69 test system included 69 buses &
68 branches. The system configurations are as follows: Voltage: 11.4 kV, real and reactive power
demands are 28.35 MW & 20.70 MVAr [73, 79 and 84]. Fig 5.3 represents the single-line
diagram of the IEEE 69 bus. The impact of the simultaneous placement of wind DGs in DS and
the effect of EV charging on DS are analyzed with different operating conditions. The best
location of wind-based DGs and EVCS was found initially with the LSF method. The information
was passed to POA. The combination of LSF and POA is presented to minimize P s and
augment the voltage profile, and the stability of DS is discussed in detail in this section. The total
active Pposs was calculated, and kW and kVAr sizes were found with POA. 69 test system

different cases result tabulated in Table 5.1.
Base Case:

The placement of wind DGs is not considered in this case study. The following findings are
obtained by analyzing the base case load flow factors. P o = 225.0014 kW, Vpin = 0.9678p.u,

VSlnin = 0.8773p.u, time = 15.149s.
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Case 1: With a single wind-based DG

In this case, it considered the single wind-based DG and the results are tabulated in table 5.1. As
per the LSF method, 61 bus number is best for allocating single wind DG; it injects kW and kVAr
power into the system. The message was passed to the POA. POA finds suitable sizes to place
DGs. DG; size = 1828.478kW/1300.729kVAr, P oss = 23.1688KW, Vi, = 0.9838p.u, VSlyin =
0.9368p.u, % of minimized P o = 90.15. Fig 5.4 represents the convergence curve of single wind
DG,; this figure shows that POA reduces more Pyqss than other OTs. The single wind-based DG

performs better than the base case.
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] o =
=] n =]
U
I I I

Power Loss (kW)

~
n
I

20 | | | | | | | | |
1 10 20 30 40 50 60 70 80 920 100

No of Iterations

Fig 5.4 Convergence Curve of Single wind DG

Case 2: With Two wind-based DGs

This case consists of combining two wind-based DG results illustrated in table 5.1. According to
the LSF technique, 11, 61 nodes are apt for locating two wind-based DGs injecting kW and kKVAr
into the system. It is observed that a combination of two wind DGs performs better in every
aspect; it minimizes losses more compared to other cases. Augment voltage stability index and
enhance voltage profile. With POA was found DG sizes DG; size = 883.2982kW/609.0988kVAr,
DG; size = 1670.704kW/1194.508k VAT, PLgss = 10.1082kW, Vpmin = 0.9965p.U, Vimax = 0.9862p.u,
% reducing P = 95.5. Fig 5.5 depicts the convergence curve of two wind-based DGs, and it’s
very clear from this figure that POA performance is better at minimizing P\ compared to other

metaheuristic techniques.
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Fig 5.5 Convergence Curve of two wind-based DGs
Case 3: With Three Wind-Based DGs

In this case, the allocation of three wind-based DGs is considered, and the results are tabulated in
Table 5.1. As per LSF analysis, bus numbers 11, 17, and 61 are better for three wind-based DGs
allocation. It injects kW and kVAr power into the system. The same information was delivered to
POA. The results noticed that the VSI, voltage profile and % of reduced P s improved in case 3.
Fig 5.6 convergence curve shows that POA performs better than other algorithms; it reduces
maximum P\ .. The voltage profile and VSI increment are shown in Figures 5.8 and 5.9, and the
% of reduced P\ for every case is illustrated in Fig 5.7; from this figure observed, compared to
all other cases, case 3 minimized more P o Based on Table 5.1, statistical results know those
three wind DGs give the best results with the help of the POA method. Py oss = 4.067kW, Vpin =
0.9987 p.u, Vimax = 0.9947 p.u, % of reducing P\ = 98.19. The proposed method is compared
with the existing algorithms in the literature, and the same is given in Table 5.2. Compared to
other methods, POA minimized 98.19% P, ., and improved voltage profile and stability. It

clearly shows that POA performs better in all aspects compared to the other methods.
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Table 5.1 Performance analyses of wind-based DGs and compared results with other methods

Different | Different Bus Wind DG Sizes PLoss Vmin | VSlmin
Cases OTs Number (KW/KVAr) (kW) (p.u) (p.u)
Base Case NA NA 225.0014 | 0.9678 | 0.8773
Case 1 DA 61 1828.47/1300.612 | 24.1798 | 0.9724 | 0.8943
GOA 61 1828.478/1300.637 | 23.1588 | 0.9838 | 0.9368
WOA 61 1827.775/1301.584 | 23.0146 | 0.9722 | 0.8934
POA 61 1828.418/1300.729 | 22.1488 | 0.9838 | 0.9368
Case 2 DA 11 872.1218/789.6246 | 14.2437 | 0.9823 | 0.9312
61 1684.108/1303.349
GOA 11 885.4453/609.8202 | 13.1078 | 0.9966 | 0.9864
61 1674.299/1195.619
WOA 11 809.5635/597.8259 | 10.1887 | 0.9845 | 0.9395
61 1684.069/1218.91
POA 11 883.2982/609.0988 | 10.1082 | 0.9965 | 0.9862
61 1670.704/1194.508
Case 3 DA 11 493.5211/304.1673 | 5.2559 | 0.9999 | 0.9943
17 380.6125/354.1572
61 1236.033/1236.033
GOA 11 494.3808/352.6491 | 4.2664 | 0.9986 | 0.99444
17 379.1516/251.9374
61 1674.297/1195.696
WOA 11 586.4385/317.6449 | 4.4243 | 0.9943 | 0.9539
17 343.095/304.266
61 1663.173/1177.288
POA 11 513.7702/398.7177 | 4.067 | 0.9987 | 0.9947
17 457.1899/234.2604
61 1641.874/1178.444
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Table 5.2 POA performance comparison with other existing algorithms
Optimization SFSA[19] IMPA[85] BWO-2 [86] POA Method
Method
Size of DG 495.8/357.2(11) | 552.96(17)/575.07(12) | 495(11)/334(12) | 513.7702/398.7177(11)
392.9/259.4(18) | 719.35(50)/564.35(49)
1685.5/1195.5(61) | 1754(61)/1187.31(62) | o' J(18)/207(21) | 457.1899/234.2604(17)
1674(61)/1206(61) | 1641.874/1178.444(61)
Base Case 225 225.74 225 225.0014
PLoss (KW)
Multi wind 4.285 5.8037 4.300 4.067
DGS PLOSS
(kW)
% of 98.10 97.42 98.09 98.19
Minimized
PLoss (KW)

66




Table 5.3 mean, median and standard deviation of POA comparison with other OTs

Different Mean Median Standard Time
methods Deviation
DA 5.338712 5.2698 0.137766437 16.596
GOA 4.2664 4.2664 0.269159 23.300
WOA 6.754762 6.53905 1.630634 11.174
POA 4.4434 4.4236 0.1190 11.006

In addition, the performance of POA is evaluated against that of other OTs using several different
parameters, including the mean, the median, and the standard deviation, the same given in Table
5.3. POA standard deviation and time taken to achieve the best solution is low; POA performed
well compared to other algorithms. The results show that POA is superior in every case compared.
A comparison of all the case studies has been conducted in Figs. 5.7, 5.8, and 5.9 concerning the

PLoss, VOItage profile, and VSI. From the figures, it is clear that the combined approach of LSF and
POA gives significant results.
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Fig 5.7 Percentage of Reduced P\ ,ss comparison for different cases
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5.5 Dynamic Load variations:
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Fig 5.10 power demand curve for typical day (Dynamic load variation)

The load fluctuates from hour to hour, and it’s critical to examine the system’s dynamic changes.
Fig 5.10 depicts a typical 24-hour load curve. Using the combined technique of LSF and POA, the
analysis described in four cases is expanded for a typical 24-hour simulation in this section. The
load flow is simulated with dynamic changes in system demand, and the LSF approach is used to
decide the best placements of DGs and EVCS for all hours. In general, wind DGs will be
immovable resources in any system. As a result, the determined place should be unique for all
dynamic changes in system demand. The optimal sites for all dynamic load changes have been
determined as 11, 17 and 61. Table 5.5 shows the ideal wind DG sizes for the dynamic instances,
whereas Table 5.4 shows the Pioss, Vmin, and VSlnin determined using the POA. Vpin and VSlnin
are clearly within permitted limits for the whole 24-hour period. Fig 5.11 shows P\ s reduction,

and Fig 5.12 and 5.13 show voltage profile and stability improvement compared to the base case
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Table 5.4 Variation of P|oss, Vimin @and VSlin for 24 hours

Hours | Base Case | Single Wind | Two Wind Three Wind Vmin VSl min
Ploss (KW) | DG Prossin | DGS Pgssin | DGS Pposs in (p.u) (p.u)
(kW) (kW) (kW)
1 92.6006 9.997045 4519181 2.276183 0.996091 | 0.972718
2 81.18967 8.810782 3.952247 1.940631 0.990377 | 0.961675
3 76.58996 8.329916 3.714869 3.245156 0.987622 | 0.932116
4 70.85562 7.728043 3.48907 1.627471 0.996672 | 0.97597
5 70.85562 7.728021 3.501084 1.94945 0.996708 | 0.976112
6 75.52911 8.218693 3.675057 2.691778 0.996606 | 0.975375
7 121.0302 12.91228 5.721425 3.317157 0.979198 | 0.918898
8 163.856 17.20864 7.590665 3.505874 0.99506 | 0.964395
9 199.362 20.69286 9.095625 4.914155 0.994596 | 0.961057
10 204.4367 21.18529 9.279934 5.803846 0.994016 | 0.960594
11 203.0453 21.05046 9.231347 8.009476 0.991465 | 0.960736
12 199.362 20.69253 9.067148 3.935073 0.994597 | 0.961059
13 196.1716 20.38204 8.948162 5.107165 0.994629 | 0.961316
14 204.4367 21.18554 9.260836 4.207328 0.994525 | 0.960577
15 191.6663 19.94285 8.729324 4.247343 0.974601 | 0.901652
16 196.1716 20.38205 9.021864 4.069282 0.994672 | 0.961484
17 216.2509 22.32727 9.877972 4.473015 0.992671 | 0.959515
18 225.0014 23.16885 10.22055 4.06701 0.994266 | 0.958766
19 225.0014 23.16892 10.12966 4.06701 0.992177 | 0.958727
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20 204.4367 21.18514 9.314608 4.670326 0.994518 | 0.960548
21 183.7105 19.16464 8.450706 4104741 0.994771 | 0.962393
22 149.9173 15.82167 6.952368 3.57543 0.986681 | 0.947772
23 112.6126 12.05476 5.433865 2.756878 0.995849 | 0.970076
24 82.29349 8.926598 3.998644 2.033058 0.996496 | 0.974479
Table 5.5 Hourly variations of DG size with POA

Hours | DG; (KW)/(kVAr) | DG; (kW)/(kVAr) | DG3 (kW)/(kVAr)

1 217.9224/203.7849 | 337.6442/162.4097 | 1185.136/800.1176

2 293.6933/257.4669 | 308.8829/113.1694 | 987.1071/739.7394

3 120.3167/247.6641 | 177.893/90.88348 | 911.9219/816.6972

4 320.9424/288.4534 | 203.2423/74.9171 | 965.872/724.6339

5 422.7612/107.3373 | 153.2742/105.6348 | 974.5425/674.2156

6 200.7126/204.8863 | 403.3375/125.222 | 911.814/711.7699

7 535.1451/316.6117 | 356.996/211.1493 | 1182.701/844.8092

8 444.8836/376.8069 | 354.1446/244.9106 | 1445.339/1083.592

9 447.9403/403.0867 | 473.9171/260.7297 | 1692.056/1136.525

10 613.4937/675.2423 | 460.9932/151.4237 | 1506.079/1077.562

11 593.3931/144.8021 | 210.2473/473.5673 | 1614.708/895.2707

12 441.027/310.2777 | 371.8009/234.6754 | 1635.035/1110.001

13 416.8635/110.4302 | 472.9843/259.3227 | 1489.986/1062.311

14 540.7196/344.9702 | 328.2295/240.4958 | 1636.778/1220.389
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15 531.9128/480.1428 | 281.3932/207.688 | 1475.541/1114.379
16 311.7132/357.941 | 405.0204/237.1805 | 1532.327/1130.649
17 556.9982/234.8221 | 403.4687/330.4298 1605.1/1185.733
18 522.5397/599.7671 | 375.3394/204.7038 | 1650.187/1208.746
19 655.4726/398.4323 | 285.0367/195.1887 | 1573.829/1194.533
20 598.7829/563.7414 | 312.7205/247.1394 | 1558.957/1087.777
21 363.3431/222.6481 | 407.6534/219.809 | 1550.137/1012.793
22 364.4389/389.215 | 309.564/256.6737 | 1380.975/1063.478
23 411.7252/245.1421 | 279.5643/170.8645 | 1321.747/860.3539
24 324.9857/215.2468 | 224.8424/184.2448 | 1111.327/667.5987
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Fig 5.11 P s comparison with different cases
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Fig 5.12 Voltage profile comparison with different cases
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Fig 5.13 Voltage stability Index comparison with different cases
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5.6 Various EV Charging Methods:

Chapter 4, sections 4.7, 4.7.1 and 4.7.2 discussed different charging methods of CCM and OEV,
according to those methods simulated Table 5.6 results. IEEE 69 bus base case P oss = 3746.3833
kW for a typical day. Using CCM or OCM approaches, if we connect only EV to the system, P oss
increases compared to the base case. Using the CCM (G2V) method, when we integrate both DGs
and EVs into the system, 68.57% of P . decreases. With OCM (G2V) strategy, when we
incorporate both DGs and EVs at a time, 68.60 % of P s minimizes. The same is represented in
Fig 5.14.

Table 5.6 Comparison of different EV charging methods P s

Different Approaches PLoss (KW)
Base Case Pygss (KW) 3746.3833
Conventional Charging Only With EVs 3768.6595
Method (G2V) With DGs + EVs 1177.3658
Optimized Charging Only With EVs 3758.233
Method (G2V) With DGs + EVs 1176.0615
4000 3768.6595 ' 3758.233
3500 — -
3000 — -
<2500 - —
z
% 2000 - .
E 1500 - _
1000 — =
500 =
0 Basc‘Case CcCM (Olnly EVs) CCM (Wind DIGS WithEVs) OCM (O‘nly EVs) OCM (Wind D‘Cs With EVs)

Different Cases

Fig. 5.14 69 bus P\ s comparison with different methods
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5.7 PLoss Comparison for wind DGs with different EV charging methods

This section determined 28 real bus test system results for 24hrs. The base case Py s =1147.1245
kW. Without considering EVs, three wind-based DGs P\ = 706.5225 kW. Here, we considered
different charging approaches CCM (G2V), OCM (G2V), and G2V plus V2G. It is observed from
Fig 5.15 G2V plus V2G method reduced significant P s = 699.0734 kW, which means 39.058%.
It’s better than CCM and OCM methods the same depicted in Table 5.7.

Table 5.7 28 Indian test system compared different EV charging methods P 4 for dynamic load

variation.
Hours | Base Case 3-Wind Conventional Optimized G2V +V2G
(kW) Wind With Wind With Wind DGs With
EVS) PLOSS (kW) EVS) PLOSS EVS)
(kw)
PLoss (KW)
1 28.4096 14.3654 14.3654 14.3654 14.3654
2 24.9163 12.6471 12.6471 12.6471 12.6471
3 23.5076 11.9522 11.9522 11.9522 11.9522
4 21.751 11.082 11.082 11.3619 11.3619
5 21.751 11.0936 11.0936 11.4064 11.4064
6 23.1827 11.8086 11.8086 12.1429 11.8086
7 37.1053 18.6665 18.6665 18.6665 18.6665
8 50.1845 25.3506 25.3506 25.3506 25.3506
9 61.0107 30.7108 30.7108 30.7108 30.7108
10 62.5568 30.9975 30.9975 30.9975 30.9975
11 62.1329 30.6008 30.6008 30.6008 30.6008
12 61.0107 30.0558 30.0558 30.0558 30.0558
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13 60.0386 32.8669 32.8669 32.8669 32.8669
14 62.5568 37.4599 37.4599 37.4599 37.4599
15 58.6655 35.4042 35.4042 35.4042 35.4042
16 60.0386 33.7786 33.7786 33.7786 33.7786
17 66.1549 34.5214 36.5082 34.5214 34.5214
18 68.8189 50.6292 55.2317 50.6292 46.8552
19 68.8189 53.3025 58.2218 53.3025 49.0347
20 62.5568 57.8982 57.8982 57.8982 57.8982
21 56.2403 49.9164 49.9164 49.9164 49.9164
22 45.9301 38.4768 38.4768 38.4768 38.4768
23 34.5317 26.5298 26.5298 26.5298 26.5298
24 25.2543 16.4077 16.4077 16.4077 16.4077
Total 1147.1245 706.5225 718.0311 707.4495 699.0734
PLoss
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Fig. 5.15 P, s Comparison of Different cases for dynamic variation (28-bus system)
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5.8 Summary:

This chapter proposes an integrated approach (LSF and POA) to solve the allocation of DGs,
EVCS and combined DGs and EVCS problems in DS. Further, different load levels are
considered, solving the objective function P .. Dynamic load variation was considered,
determining the sizes of these sources and calculating the objective function. To test the efficacy
of the proposed system, IEEE 69 and 28 Indian practical DS are considered. Further, various cases
are considered, such as single wind DG, multiple wind-based DGs and EVCS, and the results are
represented. From the results, the exact allocation of multiple wind-based DGs alleviates the Py gss
from 225.0014 kW (base case) to 4.067 kW (three wind DGs), with a good voltage profile and
VSI improvement. 98.19% of P\ reduced. The efficacy of the POA algorithm is tested and
compared with GOA, DA and WOA algorithms. Compared to other algorithms, the POA
algorithm reduces the P4 to the maximum extent. 98.19% of P\ reduced.
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CHAPTER 6

Integration of solar and wind-based Distributed Generators and

Electric vehicles into the Distribution System

6.1 Introduction:

This chapter presents a method for efficiently addressing allocation problems affecting RDERS
and EV charging stations (EVCS) in the DS, with the primary objective of decreasing P and
improving the voltage profile. Solar and wind power are the Renewable DGs taken into account
here. Probability distribution functions (PDF) are used to model the uncertainty associated with
RDGs. The voltage stability index (VSI) and political optimisation algorithm (POA) determine
the best placement and size. Conventional and optimized EV charging methodologies (CCM and
OCM, respectively) are considered to further investigate the method’s effectiveness. The
developed strategy is analyzed using the Indian 28-bus system. Single RDGs, multiple RDGs, and
a combination of solar and wind DGs and EVCS cases are all considered. The voltage profile is
significantly improved, and P\ is reduced considerably because of the strategic placement of
several RDGs and smart scheduling on the part of the EVCS. Finally, the proposed technique is
compared to existing algorithms, and the POA method is found to be better in all areas based on
the simulation findings. Schematic diagram integrated solar, wind based DGs and EVs into the DS
given in Fig 1.15.

6.2 Problem Formulation:

The proposed method’s primary objective is to allocate DGs (solar & wind) and EVCS in the DS

in its most effective ways to reduce P qss and improve the voltage profile.
6.2.1 Objective Function:

The objective P\ reduction is

min 212111 Pyoss(n) (61)
Where
PLoss(n) = %111 Irlen (6-2)

The following are the main constraints related to the objective function
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Power balance constraints:
st Pope(n) 4+ X2k, PWoa(n) = Y2t [PPemand(n) + PEV(n) + Pposs(n)] (6.3)

Where, PS(n)= n"™ hour power generator, PP¢™mand ()= n™ hour power demand, PE (n)= during

an n™ hour, EV supplied/consumed power.

Bus Voltage Profile Constraints:

DS’s voltage profile must always be within the specified ranges.

vnin < v, < VX (6.4)
Where, V. ,, = k™ bus voltage at the n™ hour,

6.2.2 Based on DS Load demand, the best installation of RDGs and EVCS

Using VSI on each bus, the suitable installation location of DGs and EVCS can be found. This
approach takes into account the total system load demand for each hour and chooses the best
placement. [87] Introduced for the first time the VSI, which is utilized in this research with some
modifications. The comprehensive analysis of Eq. 6.5 can be determined by finding the content in
[87]. All buses are rated and evaluated on the obtained value of VSI, and a bus is regarded to be
stronger if the value of VSI is close to 1. Any bus is considered weak if the estimated value is
close to 0. This technique selects the stronger buses for EV installation, while the weaker buses
are evaluated for RDGs allocation. In this manner, the suitable place for installing renewable DGs
and EVs is being considered. Fig 6.1 represents the step-by-step procedure for the optimal
location of RDGs and EVs with VSI. Fig 6.2 shows the step-by-step flow to find the size of RDGs
with the POA method with the help of VSI.

VSI = 2V2V2 — U — 2U2(PR + QX) — (P + Q¥)|Z? (6.5)
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Fig. 6.1 procedure for placement of renewable RDGs and EVCS with VSI

6.2.3 Steps to obtain suitable sizes of RDGs with POA:

Step 1: Read the line & bus data of DS

Step 2: Run the base case load flow

Step3: Finding the suitable location of RDGs, and EVCS with the VSI technique

Step 4: Suitable installation of RDGs, and EVCS determined using VSI the info shared with POA



Step 5: According to equation 4.9, all residents are divided into ‘n’ political parties, and each and

every party has ‘n’ members using eq. 4.10.

Step 6: Equation 4.14 determines the party’s leader, while Equation 4.15 determines each

constituency’s representative.
Step 7: compared current values to position values from the past
Step 8: Temporary fitness values and placements are established at the start of algorithm loops.

Step 9: Equations 4.17 and 4.18 reflect the second phase of the election campaign, and all political

party members’ values and views are updated using these EQs.

Step 10: Each candidate in the switching phase runs individually in Eq. 4.19, which depicts the

election campaign following the phase.
Step 11: Constituency champs were determined using equation 4.20.

Step 12: The algorithm displays all parliamentary location champions in this phase, also known as

the period of parliament affairs.

Step 13: The upgrading of all fitness values (PLoss) and placements, such as the finest RDGs and

SCs, is the last phase.
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Fig.6.2 Flow Chart of POA with VSI
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6.3 Results and Discussion

The influence of RDGs and EVCS on the DS is studied by addressing different operating cases,
and the results are given in this section. A combined approach for P4 reduction and augmenting
voltage profile in a DS in the presence of solar and wind-based RDGs and various types of EV
groups with unique operating patterns are adopted to address the optimization issue. This strategy
combines the proposed optimized EV charging technology with the POA. The 28 Indian real test
systems were used throughout the research study and the single line diagram of the test system
represented in Fig 6.3.

11 12 13 14 15

Sub Station | | I_
3

22 23 24 25 26

L]
»

17 18 19| Z(I 21|

Fig 6.3 Single line diagram of 28 Indian real test system

Initially, the proposed approach is applied and tested for various cases, like the location of a single
RDG, two RDGs, and three RDGs. Table 6.2, 6.3 and 6.4 summarizes all the findings. According
to the findings, the placement of three RDGs resulted in minimal P\, an enhancement in voltage
profile, and an increase in VSI. Due to system capacity and load constraints, going above 3 RDGs
for the proposed DS is not possible. The system’s performance will suffer if the number of RDGs

is increased above 3.

To test the effectiveness of the suggested technique, the assessment is now done for different load
levels, like half 0.5 per unit (p.u.), full (1.0 p.u.), and heavy (1.1 p.u.). If the DGs are placed in
proper places and of suitable size at all load levels, energy loss is significantly reduced, and
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voltage profile and VSI are enhanced. Table 6.1 shows the calculated P o, VSI and voltage

profile at various load conditions.

Table 6.1 Py oss, Vimin @and VSlmin comparison at different load levels

Different | Base Case | With DG DG Size V min VSl in % Red
Loads PLoss(kW) PLOSS(kW) (kW) (pu) (pu) PLoss
162.8245
Half
15.8508 8.132 111.5187 0.982 0.9299 48.6965
Load(0.5)
725212
334.2578
Full Load
(1.0) 68.8189 33.6501 230.5428 0.9633 0.8611 51.1086
' 145.6313
Heavy 369.6675
Load 84.7675 41.0029 255.3580 0.9595 0.8475 51.6289
(1.1) 160.3221
Base Case:

In this case, without considering solar and wind-based DGs. The base case P oss = 68.8189 kW,
Vmin = 0.9123 p.u, VSimin = 0.6927 p.u. The same is mentioned in Table 6.2.

Case 1: With single solar DG:

Following the VSI method, 7 is the apt location to insert a single solar DG; it injects only kW into
the DS. The info was passed to POA and found the size was 583.0954 kW, P 4ss = 37.00 KW, Vin
=0.9615 p.u, VSImin= 0.8545 p.u. With the compared base case, 46.22% of P s Was reduced.

Case 2: With Single Wind DG:

As per VSI 7" bus is the best location to insert a single wind-based DG; it injects both kW and
kVAr into the DS. The location is given as input to the POA method; it determines the ranges of
single wind DG; in DS. The POA size of wind DGs is 581.0851 kW/577.2126 kVAr,
respectively. Ppgss = 8.6901 kW, Vpin = 0.9805 p.u VSInin= 0.9244 p.u compared to the above
cases single wind DG performs better in all aspects tabulated values in Table 6.2. Fig 6.4

represents the convergence characteristics of a single wind-based DG.
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Table 6.2 28 Indian bus test system P, ;s comparison with different cases

Different | OTs | Bus No RDG Size PLoss V min VSl in
Cases in (KW/kVAr) (kW) (p.u.) (p.u.)
Base Case | NA NA NA 68.8189 0.9123 0.6927
Case 1 DA 7 583.0955/0 37.0166 0.9614 0.8544
GOA 7 583.0154/0 37.0216 0.9615 0.8545
WOA 7 583.0255/0 37.0143 0.9621 0.8566
POA 7 583.0954/0 37.0066 0.9615 0.8545
Case 2 DA 7 569.8847/577.2568 | 8.7501 0.9805 0.9244
GOA 7 569.0923/578.0599 | 8.8901 0.9802 0.9241
WOA 7 569.0823/578.0499 | 8.8301 0.9804 0.9241
POA 7 569.9647/577.2126 | 8.6901 0.9805 0.9244
17 T T
DA =——GOA WOA =——POA
16 -
15+
; 14 -
=
@ 13 -
35
5 12
n?l ll L
10
ol
8 1 lll) ZI(} 3I(} 4I(l S‘(l 6I(] 7'0 80 9I(}

Case 3: With Two Solar DGs:

The optimal allocation of two solar-based DGs, 7 and 12, are the best locations as per the VSI
method. The same message was sent to POA. The POA gives the sizes of the two solar DG values
tabulated in Table 6.3. 47.93% of P, was minimized, and voltage stability and profile
augmented.

No of Iterations
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Case 4: With Two Wind DGs:

The optimal placement of two wind-based DG locations is identified with the VSI method. By
VSI, 7 and 12 are suitable for placing two wind-based DGs. The same message was sent to POA,
which determines the size of two wind DGs. Compared to the above cases, 91.24% of Py Was
minimized. Voltage profile and voltage stability enhanced. It injects both kW and kVAr into the

system. Fig 6.5 represents POA converges significantly less time compared to other meta-

heuristic methods. Table 6.3 shows the two wind DGS’ Pgss, Vmin, and VSlpin.

Table 6.3 28 Indian real test system P\ o5 comparison with different Cases

Different | OTs Bus RDG Size PLoss Vmin VSl min
Cases Numbers in (kW/KVAr) (kW) (p.u.) (p.u.)
Case 3 DA 7 403.2372/0 35.8397 | 0.9572 0.8395

12 272.0938/0
GOA 7 403.2372/0 35.9297 | 0.9578 0.8392
12 272.0938/0
WOA 7 391.9622/0 35.8581 | 0.9568 0.8380
12 288.3318/0
POA 7 403.2352/0 35.8297 | 0.9572 0.8395
12 272.0916/0
Case 4 DA 7 397.8004/404.0415 | 6.2561 0.9853 0.9423
12 256.1763/259.109
GOA 7 397.8004/404.0415 | 6.6202 0.9857 0.9425
12 256.1763/259.109
WOA 7 382.7337/335.0179 | 6.8206 0.9847 0.9400
12 264.2817/355.0826
POA 7 467.2699/474.5903 | 6.0236 0.9908 0.9635
12 217.3112/221.1341
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Fig 6.5 POA Comparison with Other methods
Case 5: With Three Solar DGs:

With VSI found, 7, 12 and 22 are suitable locations to install three solar DGs; it injects real power
into the system. The same information given to the POA gives sizes of three DGs. Compared to
the above cases, three solar DGs analysis shrinking Py inflates the voltage profile and stability

the same information tabulated in Table 6.4.
Case 6: With Three Wind DGs:

Following VSI, 7, 12 and 22 are the best site to place simultaneous allocation of three wind DGs;
it injects both the active (kW) and reactive power (KVAr) into the DS. The same information is
given to the POA and found in the three wind DG sizes tabulated in Table 6.4. Fig 6.6 shows the
convergence characteristics of the practical 28 test system, proving that, compared to other
optimization methods DA, GOA and WOA, POA performance is outstanding in all aspects
95.76% of Poss Was minimized, higher than all other cases. Fig 6.7 shows that compared to all
other cases, case 6 (three wind-based DGs) decreased P\, more. Fig 6.8 and 6.9 represents
augmented voltage profile and stability with POA. From all 6 cases, overall performance

improved with the three wind DGs.
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Table 6.4 Three solar DGs and three wind DGS P\ 4ss, Vimin, and VSlmin comparison with different

Cases
Different | OTs | Bus No DG Size PLoss Vmin VSl min
Case in (kW) (kW) (p.u.) (p.u.)
Case 5 DA 7 258.8496/0 33.7189 | 0.9629 0.8595
12 243.0252/0
22 207.3577/0
GOA 7 258.8496/0 33.7289 | 0.9629 0.8595
12 243.0252/0
22 207.3577/0
WOA 7 105.8228/0 34.2807 | 0.9618 0.8558
12 238.9345/0
22 348.1836/0
POA 7 334.2644/0 33.6501 | 0.9633 0.8611
12 230.5484/0
22 145.6193/0
Case 6 DA 7 221.2611/325.527 | 3.1973 0.9904 0.9679

12 219.3133/196.8555
22 233.1384/164.1613
GOA 7 221.2611/325.527 | 3.9249 0.9903 0.9659
12 219.3133/196.8555
22 233.1384/164.1613
WOA 7 476.6020/40.02637 | 3.2912 0.9876 0.9514
12 86.16243/86.34596
22 80.34672/455.5511
POA 7 320.9047/326.2948 | 2.9142 0.9901 0.9632
12 217.3023/221.1548
22 145.2620/147.6875
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Fig 6.6 POA performance comparison with other methods
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Fig 6.7 PLoss reduction for different cases
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Fig 6.9 Voltage stability Index for 28 Test System

Furthermore, the proposed POA is compared in terms of several criteria to other current
optimization approaches, such as grasshopper optimization (GOA), whale optimization (WOA),
and dragonfly algorithm (DA). The findings of all optimization methods are shown in Tables 6.2,

90



6.3, and 6.4 with 50 trials. The P4 reduction achieved by POA surpasses all other techniques.
The suggested POA has a better standard deviation than all other approaches, indicating its
dominance over existing methods. The proposed POA method is compared with the existing

algorithms in the literature and the same is given in Table 6.5.

Figure 6.6 depicts the convergence curves for several optimizer approaches for the given objective
function. Tables 6.2, 6.3 and 6.4 show the RDGs sizes, P qss, and voltage profiles derived using
different methods with identical simulation conditions. POA delivers the best outcomes in all
aspects than other techniques. POA is particularly efficient in giving better results in less iteration
with less P\ qss, Voltage profile, and voltage stability enhancement, as shown in Fig 6.7, 6.8 and
6.9. As a result, this POA is implemented throughout the research study as an appropriate

optimization method.

Table 6.5 POA performance comparison with other existing algorithms

Optimization JOA [88] | MLC [89] | Proposed
Method POA Method
Location of DGs | 18 7 7

23 13 12

26 24 22
Base Case P s | 68.81 68.81 68.8189
(kW)
Renewable DGs | 38.55 34.68 33.6501
PLoss (KW)
% of Minimized | 43.97 49.60 51.11
PLoss (KW)
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6.4 Dynamic load variation analysis with 28 Indian test system:

The power demand values fluctuates from hour to hour, and it’s critical to examine the systems

dynamic variations. Fig 6.10 represents the system power demand for 24hrs.
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Fig 6.10 system power demand for 24hrs

Table.6.6 RDGs P s comparison for a typical day with different cases

Hours Base case 3 Solar DGs | Three Wind DGs
PLoss (KW) PLoss (KW) PLoss (KW)
1 28.4096 14.3654 1.2736
2 24.9163 12.6454 1.1237
3 23.5076 11.949 1.1189
4 21.751 11.0781 0.9868
5 21.751 11.0781 0.9884
6 23.1827 11.7881 1.0514
7 37.1053 18.6057 1.6712
8 50.1845 24.8845 2.1851
9 61.0107 30.0013 2.6349
10 62.5568 30.7265 2.7625
11 62.1329 30.5278 2.6952
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12 61.0107 30.0013 2.621
13 60.0386 29.5446 2.5836
14 62.5568 30.7265 2.6783
15 58.6655 28.8987 2.5559
16 60.0386 29.5446 2.5864
17 66.1549 32.409 2.85
18 68.8189 33.6501 2.9644
19 68.8189 33.6501 2.9262
20 62.5568 30.7265 2.6914
21 56.2403 27.7552 2.4322
22 45.9301 22.8544 2.0121
23 345317 17.3566 1539
24 25.2543 12.8123 1.1383
Total Poss(KW) | 1147.1245 567.5798 50.0705

Table 6.7 RDGs sizes under dynamic load profile

Hours | DGy(KW)/(KVAr | DG,(KW)/(kVAr) | DG3(kW)/ (KVAr)
1 | 210.7206/215.4397 | 143.4961/146.0035 | 96.4064/97.3415
2 | 198.0454/202.0878 | 134.6688/137.2445 | 90.4982/91.6464
3 | 214.6506/128.8066 | 128.9084/135.2567 | 68.7568/150.8837
4 | 189.4424/190.0019 | 126.0795/128.2829 | 81.212/85.4957
5 | 177.238/180.2527 | 126.8883/129.0058 | 92.2764/94.1719
6 | 196.2714/210.1376 | 129.6972/131.4016 | 83.2224/75.2002
7 | 187.8103/243.6103 | 165.7727/165.8331 | 155.3168/111.0499
8 | 275.1772/261.2111 | 187.8655/192.2673 | 126.7693/145.7598
9 | 274.4525/279.5333 | 208.2886/211.5439 | 163.1902/165.7982
10 | 221.0144/329.9158 | 213.1171/210.209 | 216.688/125.127
11 | 254.3625/331.3371 | 210.3074/210.2636 | 185.9277/122.2905
12 | 305.0765/287.3826 | 205.3285/210.1099 | 136.2943/158.6894
13 | 279.6907/296.0798 | 204.8049/208.0304 | 155.9552/148.2067
14 | 314.5124/309.3864 | 207.6128/211.8118 | 132.2097/143.8423
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15 | 344.0973/233.0081 | 198.6467/207.9851 | 93.3928/199.8106
16 | 273.5156/299.6057 | 205.4764/207.4219 | 161.031/144.6458
17 | 271.7732/290.8291 | 215.7283/219.2835 | 181.657/171.1532
18 277.4357/285.294 | 220.8872/222.5304 | 183.8044/185.7095
19 325.435/316.6544 | 216.9379/221.2959 | 141.0793/156.4717
20 | 273.2208/323.2753 | 209.7685/211.1037 | 169.0943/130.948
21 | 266.6413/296.3674 | 199.82/201.9526 | 154.4002/135.4794
22 249.891/285.8363 | 181.4701/182.5449 | 134.2684/108.2325
23 210.3748/224.045 | 158.8054/160.6301 | 124.6813/117.9704
24 1199.8273/203.2955 | 135.5016/138.084 | 90.6123/92.3085

[ Base Case Power Loss (kW)
Bl 3-Solar DGs Power Loss (kW)
Il 3-Wind DGs Power Loss (kW)

6 8 10
Time Interval

12 14 16

18 20 22

Fig 6.11 28 practical test system P typical day with different cases
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Table 6.8 Vnin and VSlInin of comparison for a typical day

Hours Voltage profile (p.u) Voltage stability index (p.u)
Base Case 3-Solar 3-Wind Base Case 3-Solar | 3-Wind DGs
DGs DGs DGs
1 0.9438 0.9761 0.9938 0.7934 0.9177 0.9754
2 0.9474 0.9776 0.9942 0.8055 0.9132 0.9769
3 0.9489 0.9782 0.9942 0.8106 0.9155 0.9771
4 0.9508 0.979 0.9946 0.8173 0.9185 0.9783
5 0.9508 0.979 0.9945 0.8173 0.9185 0.9782
6 0.9492 0.9783 0.9944 0.8119 0.916 0.9779
7 0.9357 0.9727 0.9927 0.7666 0.8953 0.9711
8 0.9252 0.9685 0.9919 0.7327 0.8797 0.9678
9 0.9175 0.9654 0.991 0.7085 0.8684 0.9646
10 0.9164 0.9649 0.9908 0.7053 0.8669 0.9636
11 0.9167 0.9651 0.991 0.7062 0.8673 0.9643
12 0.9175 0.9654 0.9911 0.7085 0.8685 0.965
13 0.9181 0.9656 0.9912 0.7106 0.8694 0.965
14 0.9164 0.9649 0.9911 0.7053 0.8669 0.965
15 0.9191 0.966 0.9913 0.7135 0.8708 0.9656
16 0.9181 0.9656 0.9911 0.7106 0.8694 0.9647
17 0.914 0.964 0.9906 0.698 0.8635 0.9627
18 0.9123 0.9633 0.9904 0.6927 0.8611 0.9622
19 0.9123 0.9633 0.9907 0.6927 0.8611 0.9631
20 0.9164 0.9649 0.9909 0.7053 0.8669 0.9641
21 0.9208 0.9667 0.9914 0.7188 0.8732 0.9659
22 0.9284 0.9698 0.9922 0.743 0.8845 0.9692
23 0.938 0.9737 0.9931 0.7741 0.8988 0.9726
24 0.947 0.9774 0.9941 0.8043 0.9125 0.9767
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6.5 28 Indian Test System Evaluation with RDGs without EVSs:

The VSI approach allocates RDGs to the 7™, 12" and 22" buses. Table.6.6 represents RDGS P\ oss
comparison for a typical day with different cases. Table 6.7 shows the results of POA
optimization in deciding the suitable DG size for time-varying load conditions. After installing the
RDGs, the PLoss, Vimin, and VSlIni, at every hour are determined, and the outcomes are compared to
the base case. Fig 6.11 depicts the variation in P_oss achieved before and after RDG placement.
Compared to the base case study, there is a considerable decrease in overall P . Fig 6.12 and
6.13 also show the difference in Vmin VSlmin before and after introducing solar and wind-based

DGs. Compared to the base case, there is an enormous improvement in voltage profile and VSI.
6.6 28 Indian Test System Evaluation with EVs:

The advantages of placing RDGs in three different modes of operation are discussed in further

detail, and the expansion of scheduling EVs is further examined.

The network’s operational conditions deteriorate because of the dynamic variations in system
demand and the growing adaption of EVs. Consequently, EVs must be scheduled following the
changing levels of demand. The Chevy Volt EV, a well-known vehicle on the market, is used as
an example in this study. Table 3.5 lists the EV’s parameters.

e There are 60 EVs that ride to work, covering an average daily distance of 30 km, departing
at 8:00 a.m. and arriving back at 5:00 p.m.

e All EVs must begin their journey with a full charge, and there is no way to recharge
between the hours of travel. Furthermore, EVs require significant time to charge their
batteries depending on the distance travelled/supplied to the grid.

e The technology is also expected to provide a two-way communication system between
EVs & the power grid. This channel permits info between them, allowing for combined
EV and DG scheduling. As a result, data is transported without delay from one channel to

the next.
6.6.1 Conventional Charging Method (CCM):

In the CCM, EVs are recharged ideally at the 2", 5™ and 11" nodes. The VSI approach is used to
identify these places. As illustrated in Fig 6.14, the EVs are charged in G2V mode throughout the
18™ 19™ and 20™ hours. For each hour, the Pross, Vimin, and VSImin are calculated, and the results
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are shown in Tables 6.9 and 6.10. The voltage profile during 18-20 hr. is impacted due to the
increased load on the network; as shown in Table 6.9, the 24hrs P is 835.6594 kW.

6.6.2 Optimised Charging Method (OCM):

The OCM technology takes into account system power demand and calculates the appropriate
time to charge the EVs. In an OCM, EVs are optimally located on the 2™, 5™ and 11" buses. VSl
is used to find these places. The EVs are charged in G2V mode between the 4™, 5" and 6™ hrs, as
illustrated in Fig 6.14 and 6.15. For each hour, the P s, are calculated, and the results are shown
in Tables 6.9 and 6.10. Compared to the CCM approach, the total P o per day is reduced. The
voltage profile has been enhanced and is now superior to the CCM approach.

6.6.3 G2V plus V2G Method:

The assessment is carried out in combination with the OCM. This method allows EVs to charge
and send electricity back to the grid (V2G plus G2V)). The OCM approach considers system load
demand and calculates the best time to charge the EVs. As illustrated in Fig 6.14 and 6.15, The
EVs are charged in G2V mode between the 4™ and 5™ hours. Between the 18" and 19™ hours, the
EVs will deliver electricity to the grid. For each hour, the P s, are calculated, and the results are
shown in Tables 6.9 and 6.10. The total daily P s is 813.566 kW and 753.8709 kW. Tables 6.9
and 6.10 contains a comparison of several cases. The voltage profile is considerably better than
with the previous approaches. Efficient EV scheduling, combined with appropriate allocation of

RDGs, assists in loss minimization and improving voltage profile.

Table 6.9 Comparison of P for different operation conditions

Hours | Base Case | (2-Solar Conventional Optimized (G2V + V2G)
PLoss (KW) +1- method (2-Solar method (2- Method (2-Solar +
Wind) DGs +1-Wind Solar DGs +1- | 1-Wind DG With
DGs Pross | DG With EVs) | Wind DG With EVs)
(kW) PLoss (KW) EVS) PiLoss (KW) PLoss (KW)
1 28.4096 17.9573 17.9573 17.9573 17.9573
2 24.9163 16.1636 16.1636 16.1636 16.1636
3 23.5076 15.392 15.392 15.392 15.392
4 21.751 14.3217 14.3217 16.5088 16.5088
5 21.751 14.8205 14.8205 17.1457 17.1457
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6 23.1827 14.5505 14.5505 16.6181 14.5505
7 37.1053 22.4727 22.4727 22.4727 22.4727
8 50.1845 29.9445 29.9445 29.9445 29.9445
9 61.0107 35.3964 35.3964 35.3964 35.3964
10 62.5568 34.8334 34.8334 34.8334 34.8334
11 62.1329 33.227 33.227 33.227 33.227
12 61.0107 32.6859 32.6859 32.6859 32.6859
13 60.0386 35.5933 35.5933 35.5933 35.5933
14 62.5568 40.2087 40.2087 40.2087 40.2087
15 58.6655 39.6139 39.6139 39.6139 39.6139
16 60.0386 41.929 41.929 41.929 41.929
17 66.1549 47.0788 51.5117 47.0788 47.0788
18 68.8189 61.0836 66.9075 61.0836 55.9324
19 68.8189 62.346 68.2826 62.346 57.0849
20 62.5568 60.7269 60.7269 60.7269 60.7269
21 56.2403 53.7249 53.7249 53.7249 53.7249
22 45.9301 42.9118 42.9118 42.9118 42.9118
23 34.5317 31.1939 31.1939 31.1939 31.1939
24 25.2543 21.2897 21.2897 21.2897 21.2897

Total 1147.1245 819.466 835.6594 826.0459 813.566

PLoss

(kw)
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Fig 6.14 Comparison of P o for different cases with combination of RDGs and EVs

Table 6.10 Comparison of P for different operation conditions

Hours Base Case | (2-Wind + | Conventional Optimized (G2V + V2G)
PLoss 1-Solar) method (2- method (2- Method (2-Wind
(KW) DGS Prgss | Wind DGs +1- | Wind DGs +1- + 1-Solar DG
(kW) Solar DG With | Solar DG With With EVs)
EVS) PLoss (KW) | EVS) PLoss (KW) PLoss (KW)
1 28.4096 15.048 15.048 15.048 15.048
2 24.9163 13.4387 13.4387 13.4387 13.4387
3 23.5076 12.7703 12.7703 12.7703 12.7703
4 21.751 11.8761 11.8761 12.7913 12.7913
5 21.751 12.2542 12.2542 13.436 13.436
6 23.1827 12.6455 12.6455 13.7616 12.6455
7 37.1053 20.2663 20.2663 20.2663 20.2663
8 50.1845 27.5291 27.5291 27.5291 27.5291
9 61.0107 32.9941 32.9941 32.9941 32.9941
10 62.5568 32.6984 32.6984 32.6984 32.6984
11 62.1329 31.3334 31.3334 31.3334 31.3334
12 61.0107 30.6333 30.6333 30.6333 30.6333
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13 60.0386 34.4124 34.4124 34.4124 34.4124
14 62.5568 39.0762 39.0762 39.0762 39.0762
15 58.6655 37.851 37.851 37.851 37.851
16 60.0386 38.3294 38.3294 38.3294 38.3294
17 66.1549 40.9142 44.0938 40.9142 40.9142
18 68.8189 56.8144 62.0351 56.8144 52.2525
19 68.8189 58.711 64.1471 58.711 53.9386
20 62.5568 59.6402 59.6402 59.6402 59.6402
21 56.2403 52.2444 52.2444 52.2444 52.2444
22 45.9301 41.1574 41.1574 41.1574 41.1574
23 34.5317 29.2972 29.2972 29.2972 29.2972
24 25.2543 19.173 19.173 19.173 19.173
Total 1147.1245 | 761.1082 774.9446 764.3213 753.8709
PLoss(KW)

1200

1000

1147.125
800 |- b61.1082 774.9446 764.3213 I
600 |- .
400 - f
200 .
0

Base Case 2-Wind DGs + 1-Solar DGs ~ CCM((2-W+1-S)DGs With EVs)  OCM((2-W+1-8)DGs With EVs)G2V+V2G((2-W+1-8)DGs With EVs)
Different Cases

Power Loss (kW)

Fig 6.15 Comparison of Py for different cases with Integration of RDGs and EVs
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6.7 Summary of the Chapter

The presented method aims to achieve minimal P s and a better voltage profile with optimal
allocation of RDGs and scheduling EVs in DS. The combination of the VSI-POA method is
proposed to find the suitable location to install RDGs and charging EV locations and determine
the size of RDGs. The proposed VSI-POA analysis was performed on 28 Indian real test systems.
Compared to POA performance with other existing methods, POA gives better results with less
iteration. Simultaneous allocation of RDGs with EVCS enhanced voltage profile and reduced
RES uncertainty in DS compared to a single allocation system.
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CHAPTER 7

CONCLUSION AND FUTURE SCOPE

7.1 Conclusion:

The primary aim of this study is to address the RDGs, EVCS, and simultaneously RDGs and
EVCS allocation problems to decrease P oss and improve voltage profile DS. The LSF-POA and
VSI-POA methods are utilized in this work to calculate the optimal location and sizes for DERs.
Further, the location of EVCS found out using LSF and VSI methods. The suggested technique
was validated using the standard IEEE 33, 69 buses, and the 28 Indian test system while taking
into account a different load levels and various cases. The findings make it abundantly evident
that the simultaneous allocation of RDGs, which injects both real and reactive power along with
EVs, may decrease the system losses and improve the voltage profile to the highest possible level.
Additionally, the location of DG systems powered by solar and wind energy while considering
generation uncertainty is very significant. Appropriate probability distribution functions
efficiently describe this. Solar panel exact output power is calculated with the beta probability
distribution function (PDF). Beta PDF is more suitable for statistical analysis to model solar
irradiance. The uncertainty related to wind speed is adequately simulated before placing these
sources in DS. Weibull PDF has been utilized for these. The optimal combination of various kinds
of RDGs with EVCS located in the DS improves the system's performance by decreasing the
amount of active P and increasing the voltage profile. The allocation of single RDGs came
first, followed by allocating these sources in combination with EVs. Several cases are taken into
consideration throughout the investigation.

EVs are making tremendous strides in the DS, and this trend is expected to continue. This work
presents a different approach to scheduling EVs and RDGs in a DS. A system of optimal charging
that helps successfully reduce peak demand and takes into account the travel patterns of EVs has
been established. The results demonstrate that it is vital to reduce peak congestion and overall
PLoss efficiently. In addition, when conducting a comparative assessment of EVs' various modes of
operation, it is essential to consider the various travel patterns of EVs and its impact on DS is
assessed. It is possible to deduce that the successful scheduling of EVs and RDGs contributes to
enhancing the overall effectiveness of the DS. If EV owners can schedule their vehicles according
to the system's consumption pattern, they may earn income using the V2G mode. This study has
the potential to be improved further by taking into account the variable nature of the RES and
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considering different charging and discharging patterns of EVs. The static and dynamic load
variations are considered to study the performance. Different cases, such as single RDG, multiple
RDGs, only EVs and the combination of RDGs plus EVs, are considered to check the method’s
effectiveness. Furthermore, different EV charging methods, such as conventional charging
method (CCM), optimized charging method (OCM) and different modes such as Grid 2Vehicle
(G2V) plus vehicle 2 Grid (V2G) are considered for the assessment. From the simulated results, it
is observed G2V plus V2G method gives the best results. The obtained results verified that proper
placement of RDGs and effective charging strategies for EVs reduce the P o considerably. The
developed technique is compared with other methods that are already present in the existing
literature. Using LSF - POA method validated results on IEEE 33 test system using multi solar
DGs with static load variation of 64.93%, with dynamic load variation of 64.38% and using
different EV charging methods (G2V + V2G) 63.39% of P . reduced and enhanced both voltage
profile and stability. The same procedure was followed for 28 Indian bus system with multi-solar
DGs and EVs 17.48% of P oss decreased. With the IEEE 69 test system using multi-wind DGs
with static load variation of 98.19%, dynamic load variation 87.31% and optimized charging
method of 58.38% of P . minimized and improved voltage profile and voltage stability.
Considering the same method for 28 test system using multi-wind DGs with EVs for 24hrs
decreased 39.05% of P gss.

Implementing VSI — POA method simulated results on 28 Indian bus system with static load
variation considering multi solar DGs 51.10% and multi wind DGs 95.76% of P\ s minimized.
Dynamic load variation using multi solar DGs 50.52% and with multi wind DGs 95.63% P ¢ss
decreased. Different EV charging methods combination of two solar DGs + 1 wind DG with EVs
(G2V + V2G) 29.07% and combination of two wind DGs + 1 solar DG with EVs (G2V + V2G)
34.28% of P4 reduced.

The findings that were obtained demonstrate its effectiveness in every case that was taken into
consideration. Therefore, it is concluded that the proposed approach effectively solved the
problem of allocating RDGs and EVCS in the DS without violating any of the constraints of the
DS.
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7.2 Future Scope:

X/ /7
°e

X/
°e

Techno-economic analysis with the integration of RDGs and EVCS in DS

Reliability analysis considering RDGs along with the uncertainties and EVCS in DS
Simultaneous allocation of RDGs, DSTATCOM, battery energy storage system (BESS)
and EVCS in DS

Assessment of DS with the integration of RES, EVCS and BESS to minimize losses and
improve voltage profile and stability

Energy Management System for Efficient use of RDGs in DS

Enhancing DS Reliability Through Efficient PEV Parking Lot Allocation with V2G

In addition, the same study analysis can be used for various large scale test systems and

different hybrid metaheuristic algorithms
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A.1.1 IEEE 33 System Data [73, 79].

APPENDICES

S.NO

Sending | Receiving | Resistance | Reactance Nominal Load at
End End () () Receiving Bus
P(kW) | Q(kVAr)

1 1 2 0.0922 0.0477 100 60
2 2 3 0.493 0.2511 90 40
3 3 4 0.366 0.1864 120 80
4 4 5 03811 0.1941 60 30
5 5 6 0.819 0.707 60 20
6 6 7 0.1872 06188 200 100
7 7 3 0.7114 0.2351 200 100
8 8 9 1.03 0.74 60 20
9 9 10 1.04 0.74 60 20
10 10 11 0.1966 0.065 45 30
11 11 12 03744 0.1238 60 35
12 12 13 1.468 1.155 60 35
13 13 14 0.5416 0.7129 120 80
14 14 15 0.591 0.526 60 10
15 15 16 0.7463 0.545 60 20
16 16 17 1.289 1.721 60 20
17 17 18 0.732 0574 90 40
18 2 19 0.164 0.1565 90 40
19 19 20 1.5042 13554 90 40
20 20 21 0.4095 04784 90 40
21 21 22 0.7089 0.9373 90 40
22 3 23 04512 0.3083 90 50
23 23 24 0.898 0.7091 420 200
24 24 25 0.896 0.7011 420 200
25 6 26 0.203 0.1034 60 25
26 26 27 0.2842 0.1447 60 25
27 27 28 1.059 0.9337 60 20
28 28 29 0.3042 0.7006 120 70
29 29 30 0.5075 0.2585 200 600
30 30 31 09744 0.963 150 70
31 31 32 03105 03619 210 100
32 32 33 0.341 0.5302 60 40
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A.1.2 IEEE 69 Data [73, 79].

F|

S.NO | Sending | Receiving | Resistance | Reactance | Nominal Load at Receiving Bus
End End () () P (kW) Q (kVAr)

1 1 2 0.0003 0.0012 0 0

2 2 3 0.0015 0.0036 0 0

3 3 4 0.0251 0.0294 0 0

4 4 3 0.366 0.1864 0 0

5 5 6 0.3811 0.1941 26 22
6 6 7 0.0922 0.047 404 30
7 7 8 0.0493 0.0251 75 54
8 8 0 0.819 0.2707 30 22
9 9 10 0.1872 0.0691 28 19
10 10 11 0.7114 0.2351 145 104
11 11 12 1.03 0.34 145 104
12 12 13 1.044 0.345 8 55
13 13 14 1.058 0.3496 8 55
14 14 15 0.1966 0.065 0 0
15 15 16 03744 0.1238 455 30
16 16 17 0.0047 0.0016 60 35
17 17 18 03276 0.1083 60 35
18 18 19 0.2106 0.069 0 0
19 19 20 0.3416 0.1129 1 0.6
20 20 21 0.014 0.0046 114 81
21 21 22 0.15391 0.0526 53 35
22 22 23 0.3463 0.1145 0 0
23 23 24 0.7488 0.2745 28 20
24 24 25 0.3089 0.1021 0 0
25 25 26 0.1732 0.0572 14 10
26 26 27 0.0044 0.0108 14 10
27 27 28 0.064 0.1565 26 18.6
28 28 29 0.3978 0.1315 26 18.6
29 29 30 0.0702 0.0232 0 0
30 30 31 0.351 0.116 0 0
31 31 32 0.839 0.2816 0 0
32 32 33 1.708 0.5646 14 10
33 33 34 1474 04673 195 14
34 34 35 0.0044 0.0108 6 4
35 35 36 0.064 0.13653 26 18.55
36 36 37 0.1053 0.123 26 18.55
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[Continuned..

37 37 38 0.0304 0.0355 0 0
38 38 39 0.0018 0.0021 24 17
39 39 40 0.7283 0.8509 24 17
40 40 41 031 0.3623 12 1
41 41 42 0.041 0.0478 0

42 42 43 0.0092 0.0116 6 43
43 43 44 0.1089 0.1373 0 0
44 44 45 0.0009 0.0012 3922 263
45 45 46 0.0034 0.0084 3922 263
46 46 47 0.0851 0.2083 0 0
47 47 48 0.2898 0.7091 79 564
48 48 49 0.0822 0.2011 384.7 2745
49 49 50 0.0928 0.0473 384 2745
50 50 51 03319 0.1114 40.5 283
51 51 52 0.174 0.0886 36 2.7
52 32 53 0.203 0.1034 435 3.5
53 33 54 0.2842 0.1447 264 19
54 54 55 0.2813 0.1433 24 172
55 35 56 1.59 0.5337 0 0
56 36 57 0.7837 0.263 0 0
57 57 58 0.3042 0.1006 0 0
58 58 59 0.3861 0.1172 100 72
59 39 60 0.5075 0.2585 0 0
60 60 61 0.0974 0.04%6 1244 3838
61 61 62 0.145 0.0738 32 23
62 62 63 0.7105 03619 0

63 63 64 1.041 0.5302 227 162
64 64 65 0.2012 0.0611 59 42
65 65 66 0.0047 0.0014 18 13
66 66 67 0.7394 0.2444 18 13
67 67 68 0.0047 0.0016 28 20
68 68 69 0.0005 0.0012 28 20
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A. 1.3. 28 Indian Bus Data [80-81]

S.NO | Sending | Receiving | Resistance | Reactance | Nominal Load at Receiving Bus
End End () () P (kW) P (kVAr)
1 1 2 1.197 0.82 35.28 35.99266
2 2 3 1.796 1231 14 142828
3 3 4 1.306 0.895 35.28 35.99266
4 - 5 1.851 1.268 14 142828
5 5 6 1.524 1.044 35.28 35.99266
6 6 7 1.905 1.305 35.28 35.99266
7 T 8 1.197 0.82 35.28 35.99266
8 8 9 0.653 0.447 14 142828
9 9 10 1.143 0.783 14 142828
10 10 11 2.823 1.172 56 57.1312
11 11 12 1.184 0.491 35.28 35.99266
12 12 13 1.002 0416 35.28 35.99266
13 13 14 0.453 0.139 14 142828
14 14 15 0.546 0227 35.28 35.99266
15 15 16 253 1.058 35.28 35.99266
16 16 17 1.366 0.567 8.96 9.140992
17 17 18 0.819 0.34 8.96 9.140992
18 18 19 1.548 0.642 35.28 35.99266
19 19 20 1.366 0.567 35.28 35.99266
20 20 21 3.552 1474 14 142828
21 21 22 1.548 0.642 35.28 35.99266
22 22 23 1.092 0453 8.96 9.140992
23 23 24 091 0378 56 57.1312
24 24 25 0.453 0.139 8.96 0.140992
25 25 26 0.364 0.151 35.28 35.99266
26 26 27 0.546 0.226 35.28 35.99266
27 27 28 0273 0.113 35.28 35.99266
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