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This thesis presents a multi-objective optimum operation of electric vehicles
(EVs) in both unidirectional charging mode (vehicle-one-grid: V1G) and bidirectional
charging mode (vehicle-to-grid: V2G) within power distribution systems, aimed at
mitigating the negative impacts caused by the increasing charging demand of EVs. The
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Ideal Solution (TOPSIS) to identify the optimal EV operation strategies that effectively
balance and compromise among conflicting objectives. The research considers two
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while the second scenario aims to minimize electricity cost and peak power demand
concurrently. All optimization processes are carried out under a Time-of-Use (TOU)
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Ejotal = The total daily energy losses
Py = Charging power (kWh)
Pieng = Discharging power (kWh)
V’I"Zli’h = The total V1G charging power at bus i and hour h
P;;’Zfi’h = The total V2G operation power at bus i and hour h
178 = The hourly power loss
P = The hourly power of the household load
Pr = The peak power demand of the day
PV’fG,l.’t = The V1G charging power of n cars at bus i and period t
PV';GM = The V1G charging power of n cars at bus / and hour h
P = The V1G charging power at bus i and hour h in on-grid mode

V1G,i
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CHAPTER |
INTRODUCTION

1.1  General Introduction

The global energy landscape has undergone a substantial transformation over
the past decade. Energy demand has grown, creating an urgent need to reduce
environmental impacts through a transition toward cleaner technologies. This change
has caused many countries to reconsider their energy policies. The rapid adoption of
electric vehicles (EVs) is among the maost prominent trends. They are considered a key
solution for reducing greenhouse gas emissions from the transportation sector. The
international energy agency (IEA) reports that nearly 14 million new EVs were registered
worldwide in 2023, and electric car sales topped 17 million worldwide in 2024.
According to Thailand's EV promotion plan guidelines, the 30@30 policy was
introduced to produce zero-emission vehicles (ZEVs) accounting for at least 30% of
total vehicle production by 2030. To attain this goal, the government has implemented
various support measures, including tax and non-tax incentives, promoting investment
in industries related to EVs, and developing infrastructure to support EVs, including
promoting smart ¢grid technology.

EVs offer many advantages, such as reduced fossil fuel use, lower emissions,
and higher energy- efficiency. However, uncoordinated EV charging increases the
electrical system's  significant challenges. The primary problem is that charging
numerous EVs at once raises the electricity demand, particularly during peak hours.
This can make it difficult for the system to provide enough power. Furthermore,
connecting a large number of electric vehicles to the electricity grid can have critical
negative impacts on the distribution system. Therefore, controlling the energy usage

from EVs, known as the optimal operation of electric vehicles (OOEV), is very important.



To address these challenges, demand side management (DSM), smart control systems,
time-of-use (TOU) tariffs, and vehicle-to-grid (V2G) technology have been proposed.
These methods improve EV operation by connecting to the grid. Meanwhile, the
complexity of EV user behavior, grid limitations, and other impacts must also be
considered. Multi-objective optimization (MOO) is a promising method for OOEV
because it can handle competing goals. This method can be applied to unidirectional

charging (V1G) and bidirectional energy exchange vehicle-to-grid (V2G) operations.

1.2  Problem Statement

According to the Paris Agreement, which is the solution that many countries
are working on, such as net zero emissions, it aims to reduce and limit greenhouse
gases in the long term. Supporting the transition from internal combustion engines
(ICEs) to EVs is another policy that has been used to achieve this goal because fuel
combustion in combustion engines produces carbon dioxide (CO,), which is part of the
greenhouse gas demonstrated that the widespread adoption of EVs will lead to carbon
reductions. The forecasts indicate that by 2030, EVs could account for up to 65% of
all light car sales worldwide, driven by strong policy support, advancements in battery
technology, and market expansion in major regions. Meanwhile, Thailand’s 30 at 30
policy has driven almost 100,000 new EVs in 2023 through various incentives and
infrastructure development.

The increase in EVs has a substantial negative impact on the distribution system
due to the simultaneous connection of a large number of EVs to the electricity grid.
This impacts such as energy loss from transmitting large amounts of electricity and
effects on grid equipment that may not yet be compatible. The challenges in energy
management, if electricity is insufficient to meet the increasing demand, the
distribution system operator's (DSO) may need to procure additional power by
purchasing electricity from abroad, which leads to increased electricity costs,
influenced by global energy prices. From the perspective of solving scheduling issues
to minimize the DSO expenses, this aspect is one of the challenging issues. In large
scale EV charging, power losses from extensive electricity transmission impose

significant challenges that are comparable to other grid impacts.



Therefore, EV integration is a critical strategy for minimizing the negative impact,
such as reducing daily electricity cost, energy losses, and peak power demand of the
system due to the increasing use of EVs. Smart charging management and V2G
technology are one of EV integration, aimed at addressing energy demand and capacity
requirements. However, V2G operation may increase losses in the distribution system
due to additional bidirectional power flows, so implementing optimal operation
strategies is essential to maximize its benefits, mitigate adverse effects on the network,
and consider minimizing peak power demand. Therefore, optimally managing the
connection of EVs to the power ¢rid is crucial to handling the increase in EVs.

Demand side management (DSM) is an alternative solution to control electricity
demand, including the electricity demand for EV charging. Dynamic pricing is important
for controlling electricity demands from EV charging and discharging. In Thailand, TOU
tariffs are employed to manage electricity demand to reduce demand at peak and
stabilize energy consumption as much as possible. The studies from Aljohani et al.
(2021) demonstrated that the dynamic real-time demand electricity pricing mechanism
can significantly reduce electricity costs. The TOU tariffs can be applied for optimal
energy scheduling to reduce system costs and minimizing CO, emissions (Gamil et al.
,2022)

To address these challenges, this thesis proposes the application of multi-
objective optimization (MOO) by the multi-objective particle swarm optimization
(MOPSO) algorithm, which is capable of managing the complex interactions and trade-
offs among conflicting objectives in the power system, including minimizing electricity
cost (MEC), minimizing energy loss (MEL), and minimizing peak power demand (MPP).
The MOPSO was employed to solve the multi-objective optimum operation of V1G
(MOOV1G) and the multi-objective optimum operation of V2G (MOOV2G) problems.
The proposed approach integrates the TOU tariffs scheme as a dynamic incentive
mechanism to encourage EV users to shift their charging behavior toward off-peak
hours. The Pareto front is used to represent a set of optimal trade-off solutions among
objectives, and this thesis proposed the technique for order of preference by similarity
to ideal solution (TOPSIS) method to select the most suitable solution from the non-

dominated set after the post-processing phase. Additionally, the EV users' uncertain



behavior is modeled by using the Monte Carlo simulation (MCS) to generate realistic
and probabilistic charging profiles. The effectiveness of the proposed method is
validated using the modified IEEE 30-bus test system. This integrated framework aims
to provide a robust and flexible strategy to address the challenges of optimal EV

operation under real-world distribution network conditions.

1.3  Research Objectives

This research aims to explore effective strategies for addressing the impacts
caused by the large-scale integration of EVs into power distribution systems. It focuses
on the OOEV to MEC, MEL, and MPP. The MOPSO algorithm is applied to solve the
MOOV1G and MOOV2G problems under a TOU tariff scheme. The Pareto frontier is
used to analyze a balanced trade-off between conflicting objectives. This thesis
considers two MOO cases: (1) minimizing MEC and MEL, and (2) minimizing MEC and
MPP. Additionally, MCS is used for modeling EVs' behaviour to generate realistic and
probabilistic EV charging profiles, to handle the uncertainty in EV user behavior.

The main objectives of this thesis are as follows,

1) To solve the OOEV in the distribution systems to MEC, MEL, and MPP of the
systems under dynamic pricing conditions using the TOU tariff.

2) To model the uncertainty in EV user charging behavior and generate realistic
EV load profiles using MCS.

3) To solve the MOOV1G and MOOV2G in distribution systems using the MOPSO
algorithm, applying the concept of Pareto front to balance multiple objectives.

4) To apply the TOPSIS method to select the best solution from the Pareto
front of the MOPSO algorithm.

1.4  Scope and limitations

1.4.1 Scope

The scope of this thesis focuses on solving both the MOOV1G and
MOOV2G in distribution systems. The optimization framework is implemented on the

modified IEEE 33-bus distribution test system, using realistic household load profiles



from central Thailand. The research applies the MOPSO algorithm under a TOU tariff
scheme to solves both the MOOV1G and MOOV2G. Consideration is given to different
multi-objective optimization (MOO) problems in two cases: 1) minimizing electricity
cost and energy loss (MCAL), and 2) minimizing electricity cost and peak power demand
(MCAP). The separation into two cases allows for clearer analysis and interpretation of
system behavior under different operational priorities. Furthermore, particle swarm
optimization (PSO) and genetic algorithm (GA) are used to solve the single-objective
optimal operation of V1G and V2G for comparison with the MOSPO. The Monte Carlo
simulation (MCS) will be used to handle the uncertainty of EV user behavior, generating
probabilistic and realistic EV charging profiles for the uncontrolled scenarios. These are
then compared with optimized operation EV schedules. This thesis considers the
following seven cases to compare electricity costs, energy losses, and peak power
demand:

1) The base case of the IEEE 33-bus distribution system without EV
devices.

2) The modified IEEE 33-bus distribution system includes EV devices
with uncontrolled EV chargine.

3) The modified |EEE 33-bus distribution system includes EV devices
with controlled EV operation (V1G/V2G), considering a single objective of minimizing
electricity cost (MEQ).

4) The modified IEEE 33-bus distribution system includes EV devices
with controlled EV operation (V1G/V2G), considering a single objective of MEL.

5) The modified IEEE 33-bus distribution system includes EV devices
with controlled EV operation (V1G/V2G), considering a single objective of MPP.

6) The modified IEEE 33-bus distribution system includes EV devices
with controlled EV operation (V1G/V2G), considering a multi-objective to minimize both
electricity cost and energy losses (MCAL).

7) The modified IEEE 33-bus distribution system includes EV devices
with controlled EV operation (V1G/V2G), considering a multi-objective to minimize both

electricity cost and peak power demand (MCAP).



1.4.2 limitations

The limitations of this thesis are detailed as follows:

1) The behavior of all EV users is assumed to be homogeneous. All EVs
share the same operating characteristics and follow the same patterns of use and
response.

2) The TOU tariff used is based on a predefined pattern and does not
reflect real-time market pricing. Additionally, the electricity selling price during
discharging in V2G operations is assumed to follow the same TOU tariff as for charging.

3) Battery degradation costs and capacity fade from repeated charging
and discharging cycles are not considered.

4) The IEEE 33-bus distribution system used for testing is not modified
to reflect grid reconfiguration or support topology changes that might occur in real-
time operations.

5. Monthly service charges and peak demand charges are not

considered in the electricity cost calculation.

1.5 Conception

The thesis focuses on solving the multi-objective optimum operation of V1G
(MOOV1G) and V2G (MOOV2G) to minimize electricity cost (MEC), energy losses (MEL),
and peak power demand (MPP). For multi-objective optimization, two cases are
formulated: minimizing electricity cost and energy losses (MCAL), and minimizing
electricity cost and peak power demand (MCAP). This thesis proposed a significant
approach is applies the multi-objective particle swarm optimization combined with the
technique for order of preference by similarity to ideal solution (MOPSO-TOPSIS) to
select the best solution (final solution) to solve the MOOV1G and MOOV2G problems.
The IEEE 33-bus distribution system, combined with actual household load profiles
from central Thailand, is used as a test system. The process begins by collecting key
input data, including household load profiles, the IEEE 33-bus test system data, and
EV parameters. The inputs are used in a MCS to model the uncertain behavior of EV
users and generate probabilistic EV charging profiles following the operation of V1G

and V2G modeling. These outputs are applied to evaluate the baseline cases, namely



the base case (without EVs) and uncontrolled EV charging, which serve as references

for comparison with controlled cases.

Household Load Profile Data IEEE 33-Bus Test System data EV Parameters data
v v v

Monte Carlo Simulation (MCS): EV user behavior modeling and generate probabilistic EV profiles

v v

Compute the objective function for the baseline cases using MCS outputs:

- Base Case (Without EV): calculate using only household loads

- Uncontrolled EV Operation: calculate using probabilistic EV profiles without charging control.

v v
Optimum operation of V1G (OOV1G) Optimum operation of V2G (OOV2G)

v v v v
Single-objective Multi-objective Multi-objective Single-objective
optimization: optimum operation optimum operation optimization:
- MEC of V1G (MOOV1G): of V2G (MOOV2G): - MEC
- MEL ~ MCAL - MCAL - MEL
- MPP - MCAP - MCAP - MPP
¥ v v v

Solve a single- Solve a single-

Solve MOOV1G using
MOPSO

Solve MOOV2G using
MOPSO

v v

Post-Processing & Best Solution Selection from MOPSO result:

objective solution
using PSO and GA

objective solution
using PSO and GA

- Generate Pareto Frontier
- Using TOPSIS to select the best solution from the Pareto frontier
A4 * * A 4

Compare the performance of all 7 cases (Base case, Uncontrolled, MEC, MEL, MPP, MCAL, MCAP).

Figure 1.1 The conceptual structure of the proposed framework.

The optimum operation of V1G (OOV1G) and optimum operation of V2G
(OOV2G) consider both single-objective optimization and multi-objective optimization.
The single-objective cases are solved using two metaheuristic algorithms: PSO and GA.
Meanwhile, MOPSO is employed to solve the MOOV1G and MOOV2G problems, to
enable performance comparison and demonstrate that a solution from MOPSO can
maintain the balance between the multi-objectives. Finally, the performance of all

seven simulation cases is compared to evaluate the effectiveness and flexibility of the



proposed optimization method under various operational scenarios. All simulations
were performed using MATLAB programming. Figure 1.1 shows the conceptual

structure of the proposed thesis.

1.6  Research Benefits

The proposed MOOV1G and MOOV2G using MOPSO can find an effective
solution to the optimum operation of EV charging and discharging schedules in the
distribution systems. Incorporating a probabilistic model through MCS, the uncertainty
of EV user behavior is considered, leading to more realistic and adaptable operation
plans. The inclusion of TOU tariffs enhances the flexibility of load management by
encouraging off-peak charging. Additionally, the use of the Pareto front and TOPSIS
method supports effective decision-making by selecting the most balanced solution
among conflicting objectives. The findings solution expected to help DSO reduce
electricity costs, energy losses, and peak power demand, while also serving as a
reference for developing smart EV integration strategies in real-world g¢rid

environments.

1.7  Structure of thesis

This thesis is organized into five chapters, outlined as follows:

Chapter I: This chapter presents the background and significance of the thesis.
The challenges arising from large-scale EV integration into power distribution systems.
It includes the problem statement, research objectives, scope and limitations, concept
of the proposed methodology, and the overall structure of the thesis.

Chapter II: This chapter covers theoretical principles and research on both the
V1G and V2G technologies. Including reviews of relevant optimization methods and
analyzing the gaps in existing studies. Additionally, it examines current strategies in EV
integration, including smart charging, TOU tariff, and DSM, to solve the problem.

Chapter llI: This chapter presents a solution to the optimal operation of V1G.
The modeling of EV user behavior using MCS to generate realistic load profiles is

explained in this chapter. The chapter formulates single-objective and multi-objective



problems aimed at minimizing electricity cost (MEC), energy losses (MEL), and peak
power demand (MPP), solved using PSO, GA, and MOPSO under TOU pricing.
Furthermore, it explains the post-processing technique, including Pareto front analysis
and the use of the TOPSIS method to select the best solution.

Chapter IV: This chapter addresses a solution to the optimal operation of V2G.
While much of the MCS model and optimization framework is similar to Chapter 3, it
emphasizes the impact of bidirectional power flow and the additional complexity.
Moreover, a comparison of algorithm performance through parameter tuning and
simulation experiments is presented. And have the demonstration of the flexibility of
the proposed multi-objective particle swarm optimization combined with the
technique for order of preference by similarity to ideal solution (MOPSO-TOPSIS)
approach under varying EV levels.

Chapter V: The final chapter summarizes the significant findings of the research
and evaluates the performance of the proposed methods, including a comparison of
the results of solving problems of V1G and V2G from the simulation results and

analysis.



CHAPTER Il
LITERATURE REVIEW

2.1 Introduction

In the past decade, the electrical system has been facing significant challenges
due to the increasing use of electric vehicles (EVs), which has rapidly increased the
demand for charging energy. Connecting a large number of electric vehicles to the
electrical network will have a significant negative impact on the electricity grid system
in terms of social, environmental, and economic effects, especially during peak energy
demand periods. Therefore, managing EV in both V1G and V2G connections has
become a crucial issue that needs to be developed and optimized. The multi-objective
optimum operation of V1G (MOOV1) and V2G (MOOV2G) in the distribution systems
can address multiple objectives related to the problems arising from the connection

of a large number of EVs

2.2 Literature Overview

In the past decade, the challenge of effectively managing electric vehicles (EVs)
has garnered significant attention. Many management approaches have been
proposed, differing in problem formulation, targeted objectives, and solution methods,
as well as considering the operational models of V1G and V2G on different test
systems. This section provides a conclusion and an overview of relevant research in
the form of tables to demonstrate an overview and gaps in research that have not yet
been addressed. The literature review has been divided into two tables: Table 2.1 for
research considering V1G operations and Table 2.2 for research considering V2G

operations.



Table 2.1 The research considering V1G operations

Reference

Objective

Method

Description

Yihao Wan et al.

(2023)

-minimize
operation costs
and battery
degradation in

FCS

-Interior point

optimizer (IPOPT)

-Tested on a fast
EV charging
station.
-Considered
multi-stage
degradation of
the battery.

-No uncertainty in
user behavior

modelled.

Yisheng An et al.

-minimize total

-Earliest Finish

-Simulated in an

(2023) charging time and  Charging (EFC) urban traffic
improve -Particle Swarm network with 17
efficiency Optimization charging stations

(PSO) and 222 charging
piles.
-Using real-time
traffic data to
optimize
scheduling.

Joy Chandra -maximize total -Distributed -Simulated using

Mukherjee and
Arobinda Gupta
(2017)

profit and
number of PEVs

charged

offline and online

algorithms

city maps of
Tokyo and San
Francisco, with a
7 x 15 grid and
four aggregators

collaborating.
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Table 2.1 The research considering V1G operations (Continued)

Reference

Objective

Method

Description

Paul Malisani et

al. (2023)

-minimize total
charging time and
improve

efficiency

-Branch and
Bound algorithm
-Pontryagin
maximum
principle (PMP)
-Interior point

methods (IPMs)

-Simulated in an
urban traffic
network with 17
charging stations
and 222 charging
piles.

-Using real-time
traffic data to
optimize

scheduling.

Leehter Yao et al.

(2017)

-maximize the
number of EVs
charged
-minimize

electricity costs.

-Convex
relaxation

method

-Using a parking
station with 200
charging poles.
-Considers both
regular and
random arrival

patterns of EVs.

Techanok and
Chayakulkheeree
(2024)

-minimize total

power loss

-PSO algorithm

-Tested on
modified IEEE 30
bus system

-No uncertainty in
user behavior

modeled.

Haojie Zhang et al.
(2024)

-minimize peak-to-
valley difference in
grid load

-minimize charging

costs

-Genetic Algorithm
(GA)

-Tested on a
simulation model
with 1440 minutes.

-Using Monte Carlo

method for different

EV types.

12



Table 2.1 The research considering V1G operations (Continued)

Reference

Objective

Method

Description

Mohamed et al.

(2022)

-minimize power
loss

-minimize power
consumption
-minimize

charging costs

-PSO algorithm

-Tested on
modified IEEE 31

bus system.

Hongming Yang et

al. (2015)

-minimize total

distribution costs

-Learnable
Partheno-Genetic

Algorithm (LPGA)

-Tested on the
36-node and
112-node systems
-Considering time-
of-use electricity

pricing.

Jie Chen et al.
(2019)

-minimize total
charging cost

-minimize load

-Multi-objective
Particle Swarm

Optimization

-Tested on IEEE
30 bus system

-Considers user

variance of the (MOPSO) preferences and

grid economic factors.
Qi Kang et al. -minimize peak- Weight -Assume that
(2017) to-valley Aggregation Multi- . there are 200,000

difference in Objective Particle  charging

power load Swarm piles.

-minimize Optimization (WA-  -Consider the

economic loss for

power suppliers.

MOPSO)

balance between

objectives

13



Table 2.1 The research considering V1G operations (Continued)

Reference Objective Method

Description

Yuana Adianto et al.  -minimize electricity = -PSO algorithm

-Tested on the Java-

(2022) production costs Bali power system
with different EV
uptake scenarios.
-Using Monte Carlo
method for
probabilistic
modeling

Kalakanti and Rao Maximize revenue Non-dominated -Using a Bayesian

(2024) Maximize quality of  Sorting Genetic model to quantify

service Algorithm [I/11] demand-price
Minimize peak-to- (NSGA-II/1IN) probabilistically

average ratio




Table 2.2 The research considering V2G operations

Reference Objective Method Description
Farshad Rassaei -minimizing peak  -Distributed -Conducted with
et al. (2015) demand Demand 1000 users over a

Response 24-hour day-
Algorithm ahead

programming
scenario.
-Assigning random
distribution
functions for

the EVs behaviors.

Xiuyun Wang et
al. (2020)

-minimize the
total cost
-minimize
standard

deviation of the

-PSO algorithm

-Using a two-stage
optimization
approach.

-Using Monte

Carlo simulations

load curve to model driving
and charging
behaviors.
Ahmed Yousuf -minimize -PSO algorithm -The test system

Saber and
Ganesh Kumar

Venayagamoorthy

(2010)

operational costs
-minimize

emissions

used is 10-unit
system with
50,000 gridable

vehicles

James J.Q. Yu et
al. (2013)

-minimize total
system running

cost

-Chemical
Reaction
Optimization

(CRO)

-The test system
used is a 10-unit
system with
50,000 gridable

vehicles

15



Table 2.2 The research considering V2G operations (Continued)

Reference

Objective

Method

Description

Sajjad Ahmadi et
al. (2020)

-minimize load

variance

-JAYA algorithm

-Tested on IEEE
69 bus system
with 110 EVs
-The probabilistic
model using

Monte Carlo

Abdorreza Rabiee

et al. (2016)

-minimize
operation cost
-minimize

emissions

-PSO algorithm

-Considers the
uncertainties
associated with
wind and PV

powers.

Mahmoud M.
Gamil et al. (2022)

-minimization of
load generation
mismatch
-minimize system
costs

-minimize CO2

emissions

-multi-objective
grasshopper
optimization
algorithm

(MOGOA)

-Considers Time
of Use (TOU), to
adjust load
profiles based on

electricity pricing.

Alicia Trivifio-

-maximize the

-Mixed-Integer

-Uses the IEEE 37-

Cabrera et al. revenue of EV Linear node test feeder

(2019) users Programming as the test
(MILP) system.

Yao et al. (2017)  -maximize -MILP -Proposes a real-

renewable energy
usage
-minimize

operational costs

time optimization
scheme for EV
charging and

discharging.

16



Table 2.2 The research considering V2G operations (Continued)

Reference

Objective

Method

Description

Shalini Pal and
Rajesh Kumar

(2018)

-minimize the

total energy cost

-MILP

-Considers the
day-ahead
dynamic prices
-Considers
incorporates V2G,
V2H, and V2N

connections.

Qihang Huang et
al. (2019)

-minimize system

costs

-Power system
optimal
scheduling model
and price
elasticity matrix
to create a
scheduling model
for charging and

discharging EVs.

-Uses a simulated
power grid
divided into three
dispatch regions,
with a total of 12
million EVs.

-Uses TOU

electricity price

Durgesh
Choudhary et al.
(2024)

-maximize DSO
profit
-minimize
charging costs
-maximize

discharging costs

-Metaheuristic
optimization
-decentralized
and centralized

pricing strategies

-Proposes pricing
strategies for
optimizing PEV
charging/dischargi
ns

- Tested on a
system with 3,000
PEVs

17
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2.3 V1G in Distribution Systems

EVs involve unidirectional charging, which means that energy is charged from
the distribution system to the EV only, without the ability to send energy back to the
distribution system like V2G technology.

In V1G charging, an EV charger, which is typically unidirectional, is used. This
charger connects to the distribution system, and when charging, energy flows from the
distribution system to the charger and into the EV battery in a single direction. A
unidirectional charger connected to the power grid and the energy management
system (EMS) can help optimize the charging process, such as selecting optimal
charging scheduling and using smart charging to adjust power according to energy
usage. However, V1G cannot send electricity back to the distribution system.

The continuous growth of EVs presents significant challenges to maintaining the
stability of the power system. Many research articles focus on studying optimal V1G
charging scheduling and propose different methods to address this solution, adapted
to the specific objectives of each problem. Research focused on user objectives, such
as Yihao Wan et al. (2023), proposes optimizing the day-ahead scheduling of EV
charging to minimize operation costs and battery degradation in fast charging stations
(FCS) using the interior point optimizer (IPOPT). An et al. (2023) propose developing an
optimal scheduling model for electric vehicle (EV) charging, aiming to improve charging
efficiency and reduce charging anxiety among EV users by optimizing the allocation of
charging resources in urban areas using the earliest finish charging (EFC) algorithm and
a particle swarm optimization (PSO) approach to optimize the scheduling process. The
research focused on operator objectives such as Mukherjee and Gupta (2017) propose
distributed offline and online algorithms to solve bi-objective charge scheduling
optimization problems to maximize the total profit of the aggregators and the total
number of PEVs charged. Malisani et al. (2023)used the Branch and Bound algorithm
with the pontryagin maximum principle (PMP) and interior point methods (IPMs) for
the optimal scheduling for a co-charging parking system to minimize the total charging
cost while charging all vehicles to the required battery level. Leehter Yao et al. (2017)
propose a convex relaxation method to solve the problem of optimal EV charging

scheduling to coordinate EV charging to maximize the number of EVs charged and
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minimize electricity costs. In research focused on distribution system operator (DSO)
objectives. Techanok & Chayakulkheeree. (2024) discuss how the PSO algorithm can
be employed to optimize EV charging scheduling to effectively minimize total power
loss of the distribution system, although it does not account for the uncertainty in user
charging behavior. multi-objective optimization that aims to minimize power loss,
power consumption, and charging costs.). Haojie Zhang et al. (2024) focus on
minimizing the peak-to-valley difference in grid load and reducing user charging costs,
proposing using genetic algorithms (GA) for optimal scheduling schemes for electric
vehicles. Mohamed et al. (2022) propose scheduling of EV charging to enhance both
technical and economic aspects of the power system. It minimizes power loss, power
consumption, and charging costs. The developed optimal route model for EVs of H.
Yang et al. (2015) introduces a learnable partheno-genetic algorithm (LPGA) to solve
the proposed EV route optimization to minimize total distribution costs under the TOU
price. Chen et al. (2019) introduce the development of a multi-objective scheduling
method for optimizing EV charging schedules that aim to minimize the total charging
cost for EVs and the load variance of the grid. By considering the factors of charging
price, service fees, and user preferences, propose using multi-objective particle swarm
optimization (MOPSO) to determine the optimal charging schedule. Q. Kang et al.
(2017) proposed an optimal plug-in hybrid electric vehicles (PHEVs) load scheduling
with multi-objective aims to minimize potential serious peak-to-valley and minimize
economic loss. By proposing the WA-MOPSO algorithm. This algorithm integrates the
WA strategy into the MOPSO framework to effectively solve the problem. Yuana
Adianto et al. (2021) proposed a novel EV charge scheduling strategy for vertically
structured power systems, aiming to minimize the peak-to-valley difference in the
system load profile and reduce production costs. The proposed strategy uses a
decision-making framework that integrates probabilistic modeling and Monte Carlo
simulations. PSO is employed to optimize the scheduled load profile. Furthermore,
Kalakanti and Rao (2024) introduced a dynamic pricing strategy for EV charging that
formulates the problem as a multi-objective optimization, targeting revenue, service

quality, and grid impact. Their method leverages NSGA-II/IIl for Pareto optimization and
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applies a Bayesian model to represent the uncertainty in user demand response to

price signals, thus directly addressing user behavior uncertainty.

2.4 V2G in Distribution Systems

V2G (Vehicle-to-Grid) technology allows EVs to operate bidirectionally, unlike
V1G which operates in only one direction. The development of V2G not only charges
electricity from the distribution system to store in the battery but also the ability to
supply electricity back to the distribution system when necessary. This functionality
enhances energy efficiency, particularly during peak demand periods or when the grid
is unstable.

When V2G begins charging from the ¢rid, the power flow direction is the same
as V1G. However, when the distribution system requires additional power during high
demand periods, V2G enabled electric vehicles can supply power back to the grid. The
power flow direction reverses from the EV battery through a bi-directional charger and
into the grid. This process not only helps reduce the load on the power system but
also lowers electricity costs in the long term, as users can sell energy back to the grid
during high electricity price periods. V2G is an important technology that is being
developed to manage electricity on a large scale. It will help support the grid to be
more stable and flexible in energy control.

Currently, there is a lot of research focused on developing the use of V2G
technology to maximize its benefits to the grid system. The optimal operation of V2G
is a complex and challenging issue. Many problem-solving methods and different
objectives have been proposed. The use of different algorithms in problem-solving is
crucial for finding effective solutions that appropriately meet the set objectives. Rassaei
et al. (2015) proposed minimizing peak demand by optimizing EV charging using a
distributed demand response (DR) algorithm. The research effectively manages EV
charging to reduce peak demand and shape the aggregated demand profile. Moreover,
the research investigates the effects of V2G-enabled EVs and the impact of charging
and discharging rates on peak demand and the overall systems demand profile. Wang
et al. (2020) used a two-stage optimization approach to minimize the total cost and

standard deviation of the load curve. The first stage is the joint scheduling of EVs and
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thermal power units to create a guiding load curve. The second stage rolling
optimization to adjust charging and discharging plans based on real-time data. And
using PSO to solve the scheduling problem. Saber and Venayagamoorthy (2010)
proposed a method to minimize operational costs and pollution emissions through
the scheduling of EV charging and energy distribution. PSO is used to optimize power
generation unit allocation and the operation of V2G systems, resulting in a more
efficient energy backup capability for the electrical grid. Yu et al. (2013) propose a
formulation of the joint scheduling of EV and unit commitment (UC), called EVUC, with
the aim of minimizing total system running cost, showing that using chemical reaction
optimization (CRO) can effectively optimize this problem. Rabiee et al. (2016) proposed
a method, the electrical vehicles are used for peak shaving and load curve using the
PSO algorithm to minimize operation cost and minimize emissions in presence of wind
and PV powers in the microgrid. Gamil et al. (2022) discussed the multi-objective
optimal power scheduling of the residential microgrids considering EV charging and
discharging management and demand response programs., utilizing the multi-objective
grasshopper optimization algorithm (MOGOA) to solve optimal power scheduling of
microgrids through V2G techniques. Three objectives, the first objective is the
minimization of load generation mismatch, the second objective is to minimize the
system cost, and the third objective is emissions minimization. Trivino-Cabrera et al.
(2019) developed a joint routing and scheduling strategy for EVs in smart grids,
incorporating V2G to maximize the revenue of EV users while improving the operation
of the power network by optimizing the charging and discharging schedules of EVs. This
research proposes a mixed-integer linear programming (MILP) problem to optimize the
routing and scheduling of EVs. Yao et al. (2017) proposed an optimization of the
charging and discharging schedules of EVs to maximize renewable energy usage and
minimize operational costs. The study employs MILP to solve the real-time charging
optimization problem, considering factors such as dynamic electricity tariffs, solar
power generation from the photovoltaic system (PVS), and energy stored in the energy
storage system (ESS). Pal and Kumar (2018) proposed an EV scheduling strategy within
residential demand response programs to reduce household electricity costs and

enhance user flexibility. The strategy incorporates V2G, vehicle-to-home (V2H), and
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vehicle-to-neighbor (V2N) connections. A mixed-integer linear programming (MILP)
approach is used to solve the EV scheduling problem, aiming to minimize the total
daily energy cost. Huang et al. (2019) proposed an optimal scheduling strategy for
multiple EV aggregators, considering TOU electricity pricing. The research aims to
optimize the charging and discharging schedules of EVs to minimize operational costs.
A power system optimal scheduling model is employed, which uses a price elasticity
matrix to solve problems. Choudhary et al. (2024) proposed the development of
dynamic pricing strategies for managing the charging and discharging of PEVs using a
metaheuristic optimization approach to solve the multi-objective problem of
maximizing DSO profit, minimize charging costs, and maximize discharging costs. The
proposed strategies include decentralized and centralized pricing schemes to optimize
the scheduling of charging and discharging, effectively reducing charging costs and

enhancing the profit of the V2G system.

2.5 Load Flow Analysis and Loss Calculation

Load flow analysis is a fundamental aspect of power system studies. In this
research, the calculation of energy losses in the distribution system is based on the
results obtained from load flow analysis. The Newton-Raphson method is employed
for solving the load flow problem due to its high accuracy. The loss calculation method
is necessary to present the theoretical background of the complex power equations,
which form the basis of the load flow analysis and loss evaluation process. The

complex power at bus 7 is given by:
S, =B+0, =V} 2.1)

where §; is the complex power , P is active power, and Q. is reactive power

1

at bus 7. V, is the voltage at bus 7 and is the current flowing into bus 7 . Therefore,
the complex power conjugated as equation 2.2.
NB

S =21,

-1

(2.2)

X

In a multi-bus system, voltage and current relationships are defined through

the bus admittance matrix (Y, ), composed of real and imaginary components:
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Y, =G, +jB; (2.3)

Using the ¥,

bus

matrix, power flow equations at bus 7 can be expressed P and

Q. as follows in equations 2.4 and 2.5, respectively.

NB

R =Y |V;11V,1|G,cos(8,~,)+ B,sin(5,-5,) | (2.4)
j=1
NB

Q,»=Z|Vi||V,-|[G;;Sin<5i_51)_Bg005(é;_§f)} (2.5)
j=1

These nonlinear equations require iterative numerical methods for solution.
The Newton-Raphson method is widely adopted due to its high convergence rate. The
method involves constructing the Jacobian matrix, which contains partial derivatives
of the power flow equations with respect to the unknowns are the voltage angle ()

and the voltage magnitude (| 7| ). The general matrix form equation 2.6.

AS [ JZ]" [AP (2.6)
AV ;a0 '

The values of 0 and | V| are updated iteratively until the mismatches AP
and AQfall within an acceptable error margin, indicating convergence. The iteration
stops when both AP and AQ are less than or equal to the error threshold of 0.001.
Once the voltage magnitude and angle are obtained at each bus, these values are

used to compute power loss across the system.
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2.6 Research Gaps in Optimal EV Operations

Based on previous research, important gaps exist in the optimal operation of
EVs that require further development. This section shows the key research gaps that
have not yet been considered. Table 2.3 presents a comparison of previous research,
underscoring limitations in considering EV uncertainties, EV operation, dynamic pricing,
efficiency improvement methods, and certain multi-objective goals that have not been
fully resolved in current research.

To address this gap, this thesis proposes a comprehensive study that considers
the operation of both V1G and V2G operational modes under a unified multi-objective
optimization framework. The research uses the MOPSO algorithm in combination with
the TOPSIS to efficiently identify well-compromised solutions between objectives.
Furthermore, single-objective optimization is used for the comparison of the proposed
method. This research also incorporates user behavior uncertainty by modeling EV
usage through the MCS and the entire optimization process is conducted under a TOU
dynamic pricing scheme, providing practical insights into real-world electricity pricing

conditions.

Table 2.3 Presents a comparison of previous research

EV
Objective  Optimization  Dynamic User
Reference operation
Type method. price uncertainty
(V1G/V2G)
Yihao Wan
V1G Single IPOPT x x
et al. (2023)
Yisheng An
V1G Single EFC, PSO X x
et al. (2023)
Distributed
Mukherjee
offline  and
and Gupta V1G Single x x
online
(2017)

algorithms
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EV
Objective  Optimization  Dynamic
Reference operation

User

Type method. price uncertainty
(V1G/V2G)
Branch and
Paul Malisani Bound
V1G Single X x
et al. (2023) algorithm,
PMP, IPMs
Convex
Leehter Yao
V1G Single relaxation x v
et al. (2017)
method
Techanok
and
V1G Single PSO X x
Chayakulkhe
eree (2024)
Haojie Zhang
V1G Multi GA x v
et al. (2024)
N. M. M.
Mohamed et V1G Multi PSO x x
al. (2022)
Hongming
TOU
Yang et al. V1G Single LPGA x
pricing
(2015)
. Jie Chen et
V1G Multi MOPSO $ 4 x
al. (2019)
Qi Kang et
V1G Multi WA-MOPSO x x
al. (2017)
Yuana
Adianto et V1G Single PSO x v

al. (2022)




Table 2.3 presents a comparison of previous research (Continued)

26

EV
Objective  Optimization  Dynamic User
Reference operation
Type method. price uncertainty
(V1G/V2G)
Kalakanti
and Rao V1G Multi -~ NSGA-I/I v v
(2024)
Distributed
Farshad
Demand
Rassaei et al. V2G Single x v
Response
(2015)
Algorithm
Xiuyun Wang
V2G Single PSO x v
et al. (2020)
Saber and
Venayagamo V2G Single PSO X X
orthy (2010)
James J.Q.
Yu et al. V2G Multi CRO X x
(2013)
Sajjad
Ahmadi et V2G Multi JAYA x v
al. (2020)
Abdorreza
Rabiee et al. V2G Single PSO X x
(2016)
Gamil et al. TOU
V2G Multi MOGOA x
(2022) pricing
Cabrera et
V2G Single MILP x x

al. (2019)
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EV
Objective  Optimization  Dynamic User
Reference operation
Type method. price uncertainty
(V1G/V2G)
Yao et al.
V2G Single MILP X x
(2017)
Pal and
electricit
Kumar V2G Single MILP x
y prices
(2018)
Power system
optimal
scheduling
Huang et al. TOU
V2G Single model  and x
(2019) tariff
price
elasticity
matrix
Metaheuristic
Optimization,
Durgesh decentralized Snarge
and
Choudhary V2G Multi and x
discharg
et al. (2024) centralized .
e prices
pricing
strategies
Proposed -MOPSO- TOU
VIG&V2G  Multi v
Framework TOPSIS tariff




CHAPTER Il
OPTIMAL OPERATION OF V1G

3.1 Introduction

The increasing penetration of electric vehicles (EVs) in residential areas has
introduced new challenges to power distribution systems, particularly when charging
is operated in a unidirectional mode or vehicle-one-grid (V1G). Therefore, optimal
operation of V1G (OOV1G) becomes a critical strategy. Many studies on optimal EV
charging have primarily focused on user benefits-oriented scheduling strategies or have
often addressed a single objective function. Therefore, this thesis solves the multi-
objective optimum operation of V1G (MOOV1G) problem by considering multi-
objective optimization (MOO) in two scenarios: (1) minimizing electricity cost and
energy loss (MCAL) simultaneously, and (2) minimizing electricity cost and peak power
demand (MCAP) simultaneously. Moreover, the OOV1G problem is also solved using
single-objective optimization to provide a comparative analysis.

This chapter presents the methodology and simulation results for the OOV1G.
The proposed approach applies multi-objective particle swarm optimization (MOPSO)
in combination with the technique for order of preference by similarity to ideal solution
(TOPSIS) under a time-of-use (TOU) tariff scheme to identify the most optimal and
balanced solutions among conflicting objectives. For comparative analysis, the OOV1G
problem is also solved as a single-objective optimization using particle swarm
optimization (PSO) and genetic algorithm (GA) to independently minimize electricity
cost, energy loss, and peak power demand. The proposed method was tested on the
IEEE 33-bus distribution test system. Additionally, incorporates Monte Carlo simulation
(MCS) to model the uncertainty in EV user behavior and generate probabilistic EV
charging load profiles. The simulation results and discussion in this chapter
demonstrate the effectiveness of the proposed method for OOV1G using the MOPSO-
TOPSIS on the IEEE 33-bus distribution test system.
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3.2 Problem formulation

The formulation of the MOOV1G includes the implementation of the TOU tariff
scheme to reflect electricity pricing dynamics; the use of MCS to model the uncertainty
of EV user behavior and generate realistic behavior. Moreover, the modeling of V1G

operation is used to generate load profiles.

3.2.1 Time of Use (TOU) Tariff for V1G

The TOU rate is an electricity rate that represents the cost of generating
power over two periods. Electricity costs are calculated based on the period of
electricity usage of the user. The electricity cost is higher during peak hours and lower
during off-peak hours, as shown in the figure. 3.1. Implementing the TOU tariff
encourages EV users to adjust their charging and discharging times to take advantage
of lower rates. In this thesis, the TOU tariff applied is based on the TOU tariff structure

used in Thailand.
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Figure. 3.1 Typical TOU tariff pattern
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3.2.2 Monte Carlo Simulation (MCS) for Modeling EV Users' Behavior

The Monte Carlo Method is a statistical technique that uses random
sampling to solve complex mathematical and engineering problems, first developed
by Stanislaw Ulam and John von Neumann in the 1940s (Metropolis and Ulam, 1949).
The name Monte Carlo comes from the famous casino city in Monaco, reflecting the
method’s reliance on randomness and probability. Monte Carlo simulation (MCS)
generates simulated data sets by randomly sampling variables according to specified
probability distributions and uses simulated data of random for the estimation or
analysis of complex system statistical behaviors. Igbal et al. (2021) used MCS to
generate stochastic EV charging load profiles by randomly simulating, enabling the
assessment of the impact of uncertain EV charging demand on the distribution system.
Farh et al. (2024) applied MCS to model uncertainty in wind speed and solar irradiance
and combined it with a genetic algorithm to optimize the sizing of a hybrid energy
system for cost-effectiveness and reliability.

Therefore, this thesis applies MCS to consider the uncertainty in EV user
behavior. For the behavior of EV users, MCS is used to address the uncertainty of EV

users' behavior. The random variables (7 ) considered include the time EVs depart from
home (Tedr ), the duration from home to work (Thrw), the duration back from work to

home (Tebh ), and the duration of EVs in a parking lot at work without being connected
to the grid (7,,,). Additionally, the model considers battery capacity and distance. To
generate these random variables, each uncertain parameter is' modeled using a
probability distribution defined by its means ( z,) and standard deviations (& ). The
values for these parameters are obtained from real-world EV usage data collected
from a parking lot in the city of Livermore, California, USA (Biyouki, Jahromi, and
Rashidinejad, 2012). Each random variable is sampled using the truncated normal
distribution, which ensures that the randomly generated values stay within practical
and realistic limits. The mathematical form of the truncated normal distribution used

in this thesis is as follows:
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In Equation 3.1, a and 5 is are the upper and lower bounds for each

(3.1)

random variable, and normal distribution function is 4.

Additionally, to assess the flexibility of the modeling approach and
evaluate the impact of different probability distributions on the simulation results, this
thesis also tests the use of the Weibull distribution as an alternative sampling method.
The Weibull distribution is characterized by the probability density function (PDF) as
follows in Equation 3.2, which describes the likelihood of 7.

k-1 Y
1) =§(ﬂ ) (3.2)

Where r is the random variable, 4 is the scale parameter, and k is the
shape parameter. For the Weibull distribution, the shape and scale parameters are
crucial as they determine the form and spread of the distribution. For the mean and
standard deviation data, a transformation is required to convert these values into
corresponding shape and scale parameters. The transformation of the shape and scale

are as follows in Equations 3.3 and 3.4, respectively.

2

2 1
rd+>)—(rd+—
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Once these random time variables are obtained from the MCS, they
serve as inputs to model the EV usage activities of users, as described in Equations.

(3.5) - (3.10).

ATV,

day

= [ATV, + ATV, + ATV, + ATV, + ATV,], (3.5)
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ATV,"= {1:T" -1, (3.6)
ATV, = (T}, T}, +T, . (3.7)
ATV, = (T}, + T, 41T + T, + T ), (38)
ATV = (T + T, + T, +1:T), +T,, + T + T}, (3.9)
ATV =T, + T, +T,) +T, +1 :np}, (3.10)

Where, n=1,...,NC and t=1,...,np.

EV! EVh @ evne i EV"? Evh
a‘ & 90‘ = = & 4 EVs stay at home
@ ATV ATV2 ATV3 Arve [T TATVs ERE @ The owner drives to work
EVs stay at work
IS sssessseensennn The owner drives to home
I : The EVs arrive home

ATV, @ Maximum SOC

ATV, P @D Decreasing SOC
ATV ATVs o @D constant SOC

ATV

Increasing SOC

% SOC

Time step
Figure. 3.2 EV user activity model

The EV usage activities of users and their effect on the state of charge
(SOCQ) of the EV across different time steps throughout the day, as shown in Figure 3.2.
The EV usage activities of users and their effect on the SOC of the EV across different
time steps throughout the day. This thesis assumes that all EVs have the same daily
activities (ATVdr:zy) ' staying at home before departing from home (A7¥;"), commuting
to work (ATV,"), being parked at the workplace without charging (AT¥5"), returning to
home (A47V,"), and staying at home after they arrived home (ATV").

3.2.3 Operation of V1G Modeling

Based on the results generated from the MCS of daily EV usage patterns,
the modeled activities are used to simulate EV charging behavior and generate realistic
EV charging load profiles. The modeling of EV operation in this study is adapted and

enhanced based on the work of Grahn. (2013). To estimate the electricity consumption
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from EV charging and generate the load profile for uncontrolled charging of EVs, it is
necessary to calculate the state of charge (SOC). This modeling concept includes
increasing the flexibility of the simulation. The initial SOC (SOC,) is to be defined using
a parameter called the percentage of the total state of charge (psoc) used to
determine the initial SOC relative to the battery’s maximum capacity, as shown in the

following equation (3.11).
SOC,;' = psocxSOC (3.11)

Considering only the charging state, it is assumed that the SOC" is
limited to a minimum depth of discharge (DOD), determined by the fraction p, , and

the maximum SOC__ when fully charged, denoted as , as shown in Eq. (3.12).

X

Pioa SOC;

min

<SOC'" <SOC! (3.12)

The level of SOC changes according to the EV usage activities. It
increases from its previous level based on the charging power when the EV is plugged
in at home, and it decreases due to energy consumption when the EV is being driven.
The energy consumption follows C* = CmC:,vm. The change of SOC is according to
Equation (3.13).

SoC! +P, At for charging mode
SOC! =<SOC" —-C'At ,  for driving mode (3.13)
SocC \ else

Where, n=1,...,NC and ¢=1,...,np.
The EV load profile P

e, Will be equal to or dependent on F,,

following the vehicle usage activities at that time, as shown in Equation (3.14). The
total EV charging load profile is determined by summing the charging loads of all EVs,
as described in Equation (3.15).

P, for charging mode
A I (3.19)
ViG,i.t 0 , else
total -
ola n
Bi6.i0= 26,0 (3.15)

n=1
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Where, n=1,...,NC and t=1,...,np.
The power EV P

Vi, Must be considered hourly in the data analysis

to ensure that the information is in line with the objective function, understandable,
and adheres to standard procedure. The outcome of changing and discharging the time

step from one minute to one hour is displayed in Equation (3.16).

V1G,i,h

Ptotal _ & Pn (3 16)
_Z V1G,i,h :
n=l1

Where, n=1,...,NC and t=1,...,np.

3.3 Objective Function

The optimal operation of electric vehicle charging (OOV1G) is formulated as an
optimization problem to improve power system performance while minimizing
negative impacts caused by increasing EV integration. To ensure that the optimization
process adheres to essential system constraints, a penalty-based constraint handling
technique is integrated into the objective function formulation. This approach is widely
known as the exterior penalty method, in which constraint violations are transformed
into additive penalty terms and incorporated into the objective function value. The

penalty function is shown in Equation 3.17.

24
PN(B,;,)=a,y | max(0, B}, —ub")+max(0,/b" — By, ) |+, (3.17)

2T VI1G,i
h=1

Z })VhlG,i -7

h=1

In the penalty function PN above equation, /5" and ub" are the lower and

upper bounds, respectively, that constrain P, within permissible operating limits. T

V1G,i
represents the total required energy to be delivered to all EVs over the scheduling
period. This value is calculated as the sum of the charging power values obtained from
the MCS. By enforcing the constraint that the sum of operation EV charging must equal
T, the optimization process demonstrates the ability to reshuffle and control the
timing of charging while maintaining the same overall demand. This ensures that
flexibility is introduced into the charging schedule without altering the total energy

consumption. The coefficients @, and a, are penalty weights that control the severity

of the penalties applied for constraint violations. A larger value of these coefficients
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enforces stricter adherence to the constraints during the optimization process. This
thesis considers three objective functions as follows.
3.3.1 Total electricity cost minimization
The first objective function is to minimize the daily electricity cost
incurred from EV charging under a TOU tariff structure. The mathematical of the
objective function is as follows in Equation (3.18).

24
sor e total __ h
Minimize " = ZCep +PN (3.18)

h=1

Where the hourly electricity cost can be calculated by:

ch=>"cl +ch, +Cl, (3.19)
Coni= (B + Bl X1, (3.20)
Cri= (B, + B, )% Ft (3.21)
Crhi=(Ch,+Ch,)xVAT (3.22)

Where, i =1,...,NB and h=1,...,24.
3.3.2 Total energy loss minimization
Energy losses in distribution systems occur due to resistance in power
lines, particularly when large loads such as EVs are connected. Therefore, the second
objective function of the proposed problem is to minimize the energy losses in
distribution systems. This objective function can be expressed as below:

24
Minimize E““ = "p"

loss loss
h=l1

+PN (3.23)

Where the hourly loss can be calculated by:

NB

Plohss :Z(PG};‘ - PDh,z) 4 (324)
i=1

Py =By +F;, , (3.25)

loss

NB
P! :Vl.ZVj[Gij cos(o, '5j)+B,-j sin(o, -5}.)] , (3.26)
j=1
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Where, i =1,...,NB and h=1,...,24.
3.3.3 Peak power demand minimization
Peak demand periods stress the electrical infrastructure, leading to
higher operating costs and grid instability. Therefore, the last objective function is to
minimize the peak power demand, as shown in Equation (3.27).

Minimize P’ = max { hhz"‘Z( 160 PN (3.27)

daily hi{12,..,24) p

Where, i =1,...,NB, n=1,...,NC,and h=1,...,24.

3.4 Constrains
To solve the MOOV1G under two optimization scenarios, MCAL and MCAP.
This study applies both equality and inequality constraints, as described as follows.
3.4.1 Equality constrains
Constraints on MOOV1G in distribution systems following the MCS of

EV user behavior can be presented as follows:

NC on NE
(pnCXZnZI})CZg,i,n) - PVhlG < (Zn 1 C}IZgln > (328)
hoff
PVle =0, (3.29)
Where, i=1,...,NB ,n=1,...,NC and h=1,...,24.

The equality constraints, which represent the load flow equations

Ghasemi et al. (2015), are as follows:

NB

Py, -Py, -V, V,[G;cos(8, -6,)+ B, sin(8, -5,)]=0 (3.30)
Jj=1

i ~Op, VZV ; SIn(0, -0,) - B, cos(o; -6,)]=0 (3.31)

Where, i=1,...,NB ,n=1,...,NC and h=1,...,24.
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3.4.2 Inequality constraints

The inequality constraints establish the system's operational bound, as
follows. Generator constraints, including voltage, active power, and reactive power at

the i” bus, are restricted between their upper and lower bound, as shown:

I “‘ <W. <™
2" <|P, <P, . (3.32)
0. <0, |<I0u]™
and line flow constraints, which are power flow limits for each line.
VY (3.33)

3.5 Multi-objective optimum operation of V1G (MOOV1G) Using
MOPSO

This section presents the multi-objective optimization (MOO) approach for
solving the MOOV1G problem using the multi-objective particle swarm optimization
(MOPSO) algorithm. The optimization aims to achieve a trade-off between conflicting
objectives by generating a Pareto front of non-dominated solutions. Moreover, to
select the best solution from the Pareto set, the technique for order of preference by
similarity to ideal solution (TOPSIS) method is employed. The fundamentals of Pareto
dominance, the structure of the MOPSO algorithm, and the integration of TOPSIS as a
post-processing method are described as follows.

3.5.1 Basic Concept of Pareto Dominance

In MOO problems, such as minimizing electricity costs and energy
losses, the balance between conflicting objectives is crucial. The concept of Pareto
dominance helps find solutions where one objective cannot be improved without
worsening another, resulting in a balanced trade-off. A solution that is better in all
objectives compared to another is called dominating. This thesis applies the Pareto
dominance to MOOV1G solutions, using the MOPSO method introduced first by Coello
and Lechuga (2002), which combines the PSO algorithm with MOO. The operation of

the Pareto front before entering the MOPSO process is as follows:
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Step 1 Initial population creation: A set of potential solutions is
generated randomly using the PSO algorithm. In this thesis, the population matrix of
the power V1G each hour is shown in Equation (3.34).

PZ

B V1G,is PVhlG,t]a (3.34)

V1G,i

=[P}

V1G,i>

Where, h=1,...,24.

Step 2 Objective functions evaluation: From multiple objective
functions Minimize : {fl(x),fz(x)}, where f,(x) is the first objective function and
f5(x) is the second objective function. X is a set of potential solutions of objective
function following Equation (3.34). Two comprehensive multi-objective frameworks are
considered in this thesis.

Scenario 1 solves the MOOV1G problem for minimizing electricity cost
and energy loss (MCAL). For this scenario, the first objective function f{ e, (F16.) 1
to minimize electricity costs following Equation (3.18) and £, ., (5,14,) is the second
objective function to minimize energy losses following Equation (3.23). The multiple

objective functions to MOOV1G for MCAL, as shown in Equation (3.35).

Minimize : {fl,MCAL (Brici)s Jomen (PVIG,i)} (3.35)

Scenario 2 solves the MOOV1G problem for minimizing electricity cost
and peak power demand (MCAP). For this scenario, the first objective function
Jiscar(Brig;) is to minimize electricity costs following Equation (3.18) and
Somcar (D) is the second objective function to minimize peak power demand
following Equation (3.27). The multiple objective functions to MOQOV1G for MCAP, as
shown in Equation (3.36).

Minimize : {fl,MCAP (Brig.)- fz,MCAP (PVIG,i)} (3.36)

Each solution (fitness values for each particle) is evaluated using
multiple objectives to calculate the objective function, which will be used for
comparison in the next step.

Step 3 Pareto dominance: In comparing the solutions of this multi-

objective problem obtained in Step 2, the concept of Pareto dominance is applied. If

solution 1 (X;) is better than solution 2 (X, ) in every objective function, then solution
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1 (X;) is said to dominate solution 2 (X,). A solution that is non-dominated by any
other solutions is referred to as a Pareto optimal solution.

Step 4 Pareto front: All the Pareto optimal solutions will be used to
construct the Pareto front. These solutions represent a balance between the
conflicting objectives. MOPSO refines the population of Pareto optimal solutions by
using PSO to discover better solutions and then recalculates Pareto dominance to

identify any new optimal solutions until the specified convergence criteria are reached.

3.5.2 MOPSO Algorithm

MOPSO is an extension of the original PSO algorithm proposed by
Kennedy (1997), which retains the fundamental principles of PSO while integrating the
concept of Pareto dominance to handle MOO problems as developed by Lalwani,
Singhal, Kumar, and Gupta (2013). Therefore, in each iteration, the equations for
velocity and position updates remain as defined in Equations (3.37) and (3.38)
respectively. This thesis, w the inertia weight. ¢, and ¢, are acceleration coefficients
(cognitive and learning factors). 1; and I, are random numbers uniformly distributed
between [0,1].

Pbest Gbest

Vien = WVi,t Tan (xi,t | | xi,t) TGN (xi,t it xi,t) (3.37)

i,t+1

xz’ g+

=XtV (3.38)
The operation of MOPSO for MOOV1G is an optimization method that
extends the classical PSO to handle multiple objectives, which is inspired by the
behavior of ‘bird flocks. MOPSO focuses on finding solutions that balance multiple
objectives. This process is combined with the concept of the Pareto front. It is initialed
by randomly positioned particles in the search space. Each particle 7 in the swarm
represents a potential solution to the optimal V2G operation scheduling problem. In
this thesis, the evaluation of each particle depends on the specific multi-objective
scenario being considered. Under two optimization scenarios, the first is MCAL, and the
second is MCAP. Accordingly, each particle is evaluated based on a pair of objective

functions corresponding to the selected scenario. In the MCAL case, particles are

evaluated with the objectives of minimizing electricity cost (MEC) and energy loss
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(MEL). In the MCAP case, the objectives are minimizing electricity cost (MEC) and peak
power demand (MPP). The process then improves with each iteration # by updating
the velocity (¥, ;) and position ( x; , ) of the particles according to the Equations (3.37)
and (3.38), while recording the best position of each particle (xl.ibm). If a new position

is better than the position best, the new position replaces it. The xf,bm

is the best
position among all particles in the swarm, selected from an external archive of non-
dominated solutions using techniques such as crowding distance to ensure diversity in
the Pareto front. The main goal of MOPSO is to find Pareto optimal solutions that form
the Pareto front. Therefore, the update process considers Pareto dominance to help
filter out non-dominated solutions and construct the Pareto front with each iteration
until the specified convergence criteria are reached.

The MOPSO algorithm has been developed in Wang et al. (2023) and is
called multiple design options-MOPSO (MDO-MOPSO). In this research, the MDO-
MOPSO algorithm has adapted to suit the specific characteristics of the problem in this

article while still considering the spread of the mean of the crowding distances (quand

mean) as convergence criteria according to Equations (3.39) and (3.40).

U+o
u+0d

quand mean = fézgkz (3.40)
k

Where t is the parameter, it quantifies whether the extreme values of

spread = (3.39)

the Pareto front have changed between two consecutive iterations. o and d are the
standard deviation and the arithmetical average of the crowding distances of point &,
and Q is the number of points on the Pareto front. Therefore. The iterative process
stops when one of the following three conditions is met:

1) The maximum number of iterations is reached.

2) The change in the spread measure falls below a specified relative
and absolute tolerance of 10°.

3) The change in the quadratic means of crowding distances falls below

a specified absolute and relative tolerance.
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This modified MOPSO algorithm incorporates performance metrics and
a post-processing phase for MDO identification. In the post-processing section, a
process is conducted to identify the optimal solutions according to predefined criteria.
The steps are as follows:

1) Identify the search area for selecting extreme values and conducting
trade-off analysis based on the Pareto front.

2) Remove any outliers to ensure only relevant and feasible solutions
are considered.

3) Select extreme designs that maximize energy shares, focusing on
solutions that provide the best balance between objectives.

4) Calculate key performance indicators (KPIs). KPIs are computed to
evaluate and compare the diversity characteristics among the original Pareto front, the
enhanced Pareto front, and the selected MDO points. The calculation of KPIs is based
on the Manhattan measure. Details of this calculation are presented in (Fioriti,
Lutzemberger, Poli, Duenas-Martinez, and Micangel, 2021).

3.5.3 TOPSIS method

The technique for order preference by similarity to Ideal solution
(TOPSIS) is a multi-criteria decision-making (MCDM) method designed to identify the
best solution from a set of alternatives based on relative closeness to an ideal solution.
The concept of TOPSIS is that the optimal alternative should have the shortest
distance from the positive ideal solution (PIS) and the farthest distance from the
negative ideal solution (NIS). Therefore, TOPSIS makes an effective decision-support
tool. For this thesis, TOPSIS is applied to the final step of the post-processing phase to
identify the best compromise solution from the Pareto front obtained from solving the
MOOV1G. Figure 3.3 illustrates the methodology of the MDO-MOPSO-TOPSIS algorithm
for MOOV1G. The TOPSIS method consists of the following steps:

Step 1: Construct the normalized decision matrix. The decision matrix
consists of the objective function values of all non-dominated solutions (MDO points)
obtained from the Pareto front generated by the MOPSO algorithm. The decision
matrix is of MCAL and MCAP scenarios shown following Equations (3.41) and (3.42),

respectively. To eliminate the effects of differing units and scales among the objectives,
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the objective values in the decision matrix are normalized using the vector

normalization method, as shown in equation (3.43).

X gecision = [xkf]k:l ____ o o2 I:fl,MCAL (Brigiw)  Somcar (PVIG,i,k):Ik:1 """" . (3.41)
X gecision = I:xkf :Ik:l _____ o o2 |:ﬁ,MCAP i) Somcar (PVlG,i,k):Ik:1 """ o (3.42)
X,
Vv, =—F/—
i a (3.43)
xk/.

=1
Where, k=1,...,a. and f=1,2. k is the number of solutions on the Pareto front, and
a is the total number of solutions on the Pareto front. £ is the number of objective
functions.

Step 2: Weighted normalized decision matrix. Multiply each normalized
value by the corresponding criterion weight to reflect importance. Following this thesis,
focus on balancing both the objective functions. Therefore, equal weights are assigned
to all objectives in the TOPSIS process. The weighted normalized decision matrix

equation is as follows:

Vi =W, 1, (3.44)

Where, k=1,...,a., f =1,2.

Step 3: Determine the ideal and negative-ideal solutions. This involves
identifying the best and worst values for each objective across all alternatives in the
weighted normalized decision matrix. For minimization problems, the ideal solution
(v}) is the minimum value of each objective function, while the negative-ideal solution
(v;) is the maximum value of each objective function . These are calculated using

equations (3.45) and (3.46), respectively.

v, =min(v, ) (3.45)
v, =max(v,) (3.46)

Where, k=1,...,a., f =1,2.
Step 4: Calculate the distance to the ideal and worst solutions. The

distance from each alternative to both the ideal and the worst solution is calculated.
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D, is the distance from the weighted normalized value of each alternative to the
ideal solution. D, is the distance from the weighted normalized value of each

alternative to the worst solution. The calculation follows in Equations (3.47) and (3.48)

D = > (v,-v,) (3.47)

D, = >(v,—v,) (3.48)

Where, k=1,...,a., f =1,2.

Step 5: Calculate the closeness coefficient (C,). After calculating the
distances from each alternative to the ideal and worst solutions, the final step is to
calculate the closeness coefficient of each alternative. The alternative with the highest
C, is considered the best compromise solution among all Pareto-optimal solutions.
Calculating C, follows the Equation (3.49).

D

D+ D,
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Figure 3.3 The MDO-MOPSO-TOPSIS methodology of MOOV1G

3.6 Simulation Results

This section presents the simulation results for the optimal operation of V1G
(OOV1G) in the modified IEEE 33-bus distribution test system with integrated EV load
profiles generated by MCS. This chapter focuses on solving MOOV1G using the MOPSO-
TOPSIS method under the TOU tariff. The analysis is structured into several cases to
comprehensively evaluate the impact of EV charging under different control

approaches and optimization objectives. The simulation results have seven cases as

follows:

Case 1: Base Case Without EV Charging Devices.
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Case 2: Uncontrolled EV Charging Devices in The Modified IEEE 33-Bus
Distribution System.

Case 3: Controlled EV Charging Devices in The Modified IEEE 33-bus Distribution
System Under Single Objective for Minimizing Electricity Costs (MEQ).

Case 4: Controlled EV Charging Devices Under Single Objective for Minimizing
Energy Losses (MEL).

Case 5: Controlled EV Charging Devices Under Single Objective for Minimizing
Peak Power Demand (MPP).

Case 6: Controlled EV Charging Devices Under Multi-Objective for Minimizing
Electricity Cost and Energy Losses (MCAL).

Case 7: Controlled EV Charging Devices Under Multi-Objective for Minimizing
Electricity Cost and Peak Power Demand (MCAP).

All simulations were conducted using MATLAB software.

3.6.1 Input Parameter

The MOOV1G using the MOPSO algorithm will be tested on the IEEE 33-

bus distribution system, which has been modified from the Baran & Wu model for
distribution system planning as shown in Figure 3.4. The information data and
information of the IEEE 33-bus distribution system are given in Dolatabadi, Ghorbanian,
Siano, and Hatziargyriou (2021). This thesis modifies the IEEE 33-bus distribution test
system by integrating EVs at each bus, excluding bus number 1 (the slack bus). The EV
charging demand at each bus is proportionally determined based on the base load of

that bus in the IEEE 33-bus distribution test system, as shown in Figure 3.5.

19 20 21 22

]
i

Figure 3.4 The IEEE 33-bus distribution system
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Figure 3.5 The modification IEEE-33 bus distribution system with EV charging devices

The modification of the IEEE 33-bus distribution system by incorporating
EV charging devices will be applied in simulation study cases to solve the OOV1G
problem in different control approaches and optimization objectives.

In MCS, probability distributions are used to generate random variables.
The random variables considered in MCS relate to the uncertain variables' averages
and standard deviations displayed in Table 3.1 and the Weibull distribution parameter
displayed in Table 3.2. From the vehicle usage behavior obtained by MCS, an
uncontrolled EV load profile is generated using input parameters for the EV charging
model as shown in Table 3.3. The vehicle model used in this thesis uses the BYD Atto
3. For the calculation of electricity costs in this thesis, use the TOU tariff of Thailand,
as indicated in Table 3.4. This thesis considers household consumption at a voltage

level lower than 12 kV.

Table 3.1 The Truncated normal parameter for EV behavior modeling

Random variable Mean (1) Variance (o?)
Ly 7:15 AM 30 min

it 30 min 15 min

T, 9 h and 20 min 50 min

Tebh 30 min 15 min
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Table 3.2 The Weibull distribution parameter for EV behavior modeling

Random variable Shape () Scale ()
Tedr 101.1365 437.4548
L 9.2793 31.6367
L, 100.8495 563.1690
T, 9.2793 31.6367

Table 3.3 Input parameters of EV charging

Parameter values

SOC__ 60.48 kWh
P 3.7 kWh

Do 0.6

C.* of Jun-Aug 1.1

v, 60 km/h

¢, 0.257 kWh/km
At 1/60 h

pnc 0.1

Table 3.4 Time of use rate (TOU rate) for type 1 residential households

Energy charge (Bath/kWh)

Voltage level Peak Off-Peak
(09:00 a.m. - 10:00 p.m.) (10:00 p.m. - 09:00 a.m.)
At voltage level
5.1135 2.6037
12 — 24 kv
At voltage level
5.7982 2.6369

lower than 12 kV
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3.6.2 Case 1: Base Case Without EV Charging Devices

In the base case scenario, the IEEE 33-bus distribution system is without
the integration of EV charging devices, as illustrated in Figure 3.4. The load profile
applied to represent the household electricity consumption is based on the residential
load profile for the central region of Thailand in July, as shown in Figure 3.6. This case
serves as the base case to compare the impacts of EV charging integration under
different strategies. The simulation results for the base case indicate that the total
daily electricity cost of the system is 86.0471 kTHB/day, the total energy loss is 2.045
MWh/day, and the peak power demand reaches 1,144.2832 kW. These values reflect
the system's original operating condition without the additional load from EVs,

providing a reference for evaluating the effectiveness of optimization strategies under

EV integration in scenarios.

1800

1600
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1200

1000
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Power (kW)

600

400

200

b | 1 1 1 1 1 1 1 1 1 1 1 1 1 T 1 K. W 1
t 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Time (Hours)

Figure 3.6 The central Thailand load profile for July
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3.6.3 Case 2: Uncontrolled EV Charging Devices in The Modified IEEE 33-

Bus Distribution System

In this scenario, EVs are integrated into the modified IEEE 33-bus
distribution system with uncontrolled EV charging devices. The EV load profile for this
case is generated based on user behavior modeled using the MCS. The simulation
accounts for variability in EV users’ daily routines, including the time of departure from
home, duration from home to work, duration from work back home, and the time
spent parked at the workplace without being connected to the grid. The random
variables using the Truncated normal distribution and Weibull distribution were
obtained with 2,000 MCS iterations, and with tested for 30 trials.

The Truncated normal distribution random values were generated using
the mean and standard deviation of each variable. Figure 3.7 illustrates the results of
30 iterations for all four random variables using the Truncated normal distribution.
Each subplot shows the average line and the selected value closest to the mean. The
selected variables were statistically analyzed and visualized in the form of histograms,
as shown in Figures 3.8 to 3.11. The convergence of the MCS process, which reflects
the stability of Truncated normal distribution random variables after repeated
sampling, is shown in Figure 3.12. The Weibull distribution random is defined by shape
(k) and scale (1) parameters, calculated based on the mean and standard deviation
of the data. Figure 3.13 displays the 30 trial values for each variable using the Weibull
Distribution, along with the average line and the selected value closest to the mean.
Figures 3.14 to 3.17 show histograms of the selected values for each variable along
with the corresponding PDF curves of the truncated normal distribution. The
convergence of the MCS process, which reflects the stability of Weibull distribution

random variables after repeated sampling, is shown in Figure 3.18.
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Figure 3.18 The Convergence behavior of random variables generated by MCS using

the Weibull distribution

The truncated normal distribution and the Weibull distribution were

employed to generate random values for modeling EV user behavior. Each method
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was used to perform 30 Monte Carlo trials, and the selected values for each random
variable were those closest to their respective means. However, since the random
variables used in the activity modeling represent time-based quantities, the final values
used in the simulation were rounded to the nearest integers. As a result, the rounded
values obtained from both distributions turned out to be identical across all four key
variables: departure time, travel time to work, travel time back home, and parking
duration at the workplace. Consequently, the resulting daily activity patterns generated
using either distribution are the same.

This thesis assumes that EV batteries are fully charged at the beginning
of the day before departing from home. During the day, EVs are parked at work but
not connected to the grid, meaning no charging or discharging occurs during working
hours. The operation of the V1G model for generating uncontrolled load profile EV
charging is modeled based on the assumption of 200 EVs per bus, excluding the slack
bus. However, the actual number of EVs on each bus is not fixed. Instead, the EV load
is proportionally allocated to each bus based on its original base load, with higher load
demand receiving a greater share of the EV load. The load profile for EV charging from
the operation of the V1G model follows user behavior through the MCS, assuming the
percentage of the total state of charge ( psoc) is equal to SOC__ . The simulation
result of the operation of the V1G model in generating an uncontrolled EV charging
load profile, location status based on user activities, and SOC by considering the time
period np=1440 minutes is shown in Figure 3.19. Figure 3.19 shows the activity of EV
users from MCS, which determines when EVs are at home and available for charging.
When EVs arrive home with low SOC causes EV charging, which uncontrolled charging

causes a pronounced evening peak in power demand.
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Figure. 3.19 The result from the MCS and the operation of V1G modeling
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Figure. 3.20 Comparison EV charging load profile of MCS result and real-world data
Figure 3.20 compares the EV charging load profile generated by the MCS
with real-world charging data obtained from a Denmark-based study (Andersen,
Jacobsen, and Gunkel, 2021). The results demonstrate a strong alignment between the
simulated and actual data, particularly in terms of the peak demand period. Notably,

both profiles show the highest electricity usage occurring between 8:00 PM and 9:00
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PM, indicating the effectiveness of the MCS in modeling realistic EV charging behavior
under the given assumptions.

When the load profile from the EV charging model is compared to the
systems basic household load profile, the EV charging behavior is found to be
consistent with the typical household electricity demand period. This generates an
increase in peak electricity demand. Figure 3.21 presents a comparison of the load
profiles of case 1 and case 2, illustrating that the charging demand of EVs coincides
with the peak periods of general household electricity consumption.

The simulation results show that, under uncontrolled charging,
calculating the daily electricity cost for the entire system is 105.6815 kTHB/day, the
total daily energy loss is 4.1049 MWh, and peck power demand is 1,884.2832 kW. These
results highlight the significant impact of uncoordinated EV charging on both system
costs and energy losses, especially when compared to the base case without EVs. As
a result, electricity costs, energy losses, and peck power demand increase, as followed
by the simulation result. Table 3.5 shows the comparison results of the load profiles

and Table 3.6 shows the objective function values.
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Figure 3.21 Comparison of the load profiles Case 1 and Case 2
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Table 3.5 Comparison results of the load profile and objective function value of the

IEEE 33-bus distribution system for Case 1 and Case 2

Power consumption (kW)

Hours Case 2
Case 1
Power EV charging  Total power load

1 799.720 0 799.72
2 821.242 0 821.24
3 747.64 0 747.64
4 880.72 0 880.72
5 844.678 0 844.68
6 486.02 0 486.03
7 341.71 0 341.71
8 438.65 0 438.65
9 562.76 0 562.76
10 579.72 0 579.72
11 560.58 0 560.58
12 598.66 0 598.66
13 583.04 0 583.04
14 427.85 0 427.85
15 587.92 0 587.92
16 561.53 0 561.53
17 632.37 0 632.37
18 664.62 332.445 997.06
19 1041.43 740.00 1781.42
20 1144.28 740.00 1884.28
21 1113.68 740.00 1853.68
22 978.70 740.00 1718.70
23 841.64 96.015 937.66
24 827.31 0 827.31
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Table 3.6 Comparison the objective function value of the IEEE 33-bus distribution

system for Case 1 and Case 2

Case Study
The objective
Case 2
function value Case 1
Power EV charging Total power load

C' (KTHB) 86.0471 19.6344 105.6815

E 0l (Mwh) 2.045 2.0599 4.1049

PRk (kw) 1,144.2832 740 1,884.2832

3.6.4 Case 3: Controlled EV Charging Devices in The Modified IEEE 33-
bus Distribution System Under Single Objective for Minimizing

Electricity Costs (MEC)

In this case, the optimal operation of V1G (OOV1G) is under a single-
objective optimization. The objective considered in this scenario is MEC for the
modified IEEE 33-bus distribution system with a controlled EV charging device. To solve
the OOV1G problem, the PSO and GA algorithm determines the optimum operation of
EV charging for MEC. Both algorithms are executed separately, with each algorithm
being tested for a total of 30 trials. The simulation results are presented as follows in
Table 3.7, which shows the objective function values of the maximum, minimum, and
average obtained from 30 PSO and GA trials for Case 3. Additionally, the results from
across 30 PSO and GA trials are plotted in the Figures. 3.22 and 3.23, respectively. The
best result from PSO, determined from the minimum electricity cost across 30 trials,
was 98.0490 kTHB/day, with a corresponding energy loss of 5.2211 MWh/day and peak
power demand of 1,226.2472 kW. On the other hand, when comparing GA. The best
solution from GA has an electricity cost of 98.0510 kTHB/day but resulted in a reduced
energy loss of 4.0110 MWh/day and a higher peak demand of 1,370.7270 kW.

The results indicate that both algorithms are effective in minimizing
electricity costs under the OOV1G solving. Notably, PSO achieves a slightly lower
minimum electricity cost compared to GA, demonstrating its superior performance in

electricity cost minimization for this case.



Table 3.7 The result of 30 trials by PSO and GA for Case 3 of the OOV1G

Energy loss Peak power
Electricity cost (kTHB/day)
Algorithm (MWh/day)  demand (kW)
Max Avg. Min Calculated Calculated
PSO 98.0493  98.0490 98.0490 52211 1,226.2472
GA 98.1602  98.0778 98.051 4.0110 1,370.7270
* The Best Result
98.0496 8 ©  The Worst Resut
5 ®
g 98.049 L * i ¥ * 7

Iterations

Figure 3.22 The results from 30 trials of PSO for Case 3 of the OOV1G
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Figure 3.23 The results from 30 trials of GA for Case 3 of the OOV1G



62

3.6.5 Case 4: Controlled EV Charging Devices Under Single Objective for

Minimizing Energy Losses (MEL)

In this case, the OOV1G is under a single-objective optimization. The
objective considered in this scenario is MEL for the modified IEEE 33-bus distribution
system with a controlled EV charging device. To solve the OOV1G problem, the PSO
and GA algorithm determines the optimum operation of EV charging for MEL. Both
algorithms are executed separately, with each algorithm being tested for a total of 30
trials. The simulation results are presented as follows in Table 3.8, which shows the
objective function values of the maximum, minimum, and average obtained from 30
PSO and GA trials for Case 4. Additionally, the results from across 30 PSO and GA trials
are plotted in the Figures. 3.24 and 3.25, respectively. The best result from PSO,
determined from the minimum energy loss across 30 trials, was 3.1716 MWh/day, with
a corresponding electricity cost of 99.2622 kTHB/day and peak power demand of
1,236.7796 kW. On the other hand, when comparing GA. The best solution from GA
has an energy loss of 3.1991 MWh/day, but the electricity cost and peak power
demand increased to 99.4714 kTHB/day and 1,339.514 kW, respectively.

The results indicate that both algorithms are effective in minimizing
energy loss under the OOV1G solving. Notably, PSO achieves a slightly lower minimum
energy loss compared to GA, demonstrating its superior performance in energy loss

minimization for this case.

Table 3.8 The result of 30 trials by PSO and GA for Case 4 of the OOV1G

Electricity cost  Peak power
Energy loss (MWh/day)

Algorithm (kTHB/day)  demand (kW)
Max Avg. Min Calculated Calculated
PSO 3.3569 3.2167 3.1716 99.2622 1,236.7796

GA 3.3331 3.2451 3.1991 99.4714 1,339.5140
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Figure 3.24 The results from 30 trials of PSO for Case 4 of the OOV1G

35
3.4
33

=

©

ke

N

£

2

2

= 32

2

o

—

>

2

[

(=

frr

B

5 31

2

*

Finesse result of GA

Average Line

The Best Result

o The Worst Result
4 ®
® x
—
® x
® 3
¢ x b b 4 * o 'S
1 1 1 1 1 |
5 10 15 20 25 30
Iterations

Figure 3.25 The results from 30 trials of GA for Case 4 of the OOV1G



64

3.6.6  Case 5: Controlled EV Charging Devices Under Single Objective
for Minimizing Peak Power Demand (MPP)

In this case, the OOV1G is under a single-objective optimization. The
objective considered in this scenario is MPP for the modified IEEE 33-bus distribution
system with a controlled EV charging device. To solve the OOV1G problem, the PSO
and GA algorithm determines the optimum operation of EV charging for MPP. Both
algorithms are executed separately, with each algorithm being tested for a total of 30
trials. The simulation results are presented as follows in Table 3.9, which shows the
objective function values of the maximum, minimum, and average obtained from 30
PSO and GA trials for Case 5. Additionally, the results from across 30 PSO and GA trials
are plotted in the Figures. 3.26 and 3.27, respectively. The best result from PSO,
determined from the minimum peak power demand across 30 trials, was 1,218.28320
kW, with a corresponding electricity cost of 99.3561 kTHB/day and an energy loss of
5.1965 MWh/day. On the other hand, the best solution from GA has a peak power
demand of 1,218.2906 kW, and the electricity cost and energy loss reduced to 99.0555
KTHB/day and 5.0380 MWh/day, respectively.

The results indicate that both algorithms are effective in minimizing
peak power demand under the OOV1G solving. Notably, PSO achieves a slightly lower
minimum peak power demand compared to GA, demonstrating its superior

performance in peak power demand minimization for this case.

Table 3.9 The result of 30 trials by PSO and GA for Case 5 of the OOV1G

Electricity Energy loss

Peak power demand (kW) cost (MWh/day)
Algorithm
(kTHB/day)
Max Avg. Min Calculated Calculated
PSO 1,218.28328 1,218.28322 1,218.28320 99.3561 5.1965

GA 1,239.81419 1,224.38289 1,218.2906 99.0555 5.038
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3.6.7 Case 6: Controlled EV Charging Devices Under Multi-Objective for

Minimizing Electricity Cost and Energy Losses (MCAL)

In this case, the OOV1G under a multi-objective optimization aimed to
MCAL. The multi-objective optimal operation of the V1G (MOOV1G) problem was
solved using the proposed MOPSO algorithm, integrated with the TOPSIS method for
selecting the best solution from the Pareto front. The MOOV1G solving is under control
EV Charging devices on the modified IEEE 33-bus distribution system. The MOPSO
algorithm was tested for 30 trials, each generating a Pareto-optimal set. For each run,
the TOPSIS method was applied in the post-processing phase to identify the best-
compromised solution. The closeness coefficient calculated in TOPSIS was used to
evaluate how close each Pareto solution was to the ideal solution.

The simulation results are presented in Table 3.10, which shows the
best, average, and worst closeness coefficient values obtained from the 30 trials for
Case 6. Additionally, Table 3.10 shows the best objective function from the best
solution. The best solution was selected based on the highest closeness coefficient of
0.9818, indicating high proximity to the ideal point and farthest from the worst point.
The best solution obtained from the MDO-MOPSO-TOPSIS method across 30 trials, the
electricity cost and energy loss were reduced to 99.0428 kTHB/day and 3.1967
MWh/day, and the peak power demand was 1,291.7347 kW.

Table 3.10 The result of 30 trials by MDO-MOPSO-TOPSIS for Case 6 of the OOV1G

MDO-MOPSO-TOPSIS method Calculation
Result Closeness Electricity cost Energy loss Peak power
value Coefficient (kTHB/day) (MWh/day)  demand (kW)
Max 0.9818
Avs. 0.9786 99.0428 3.1967 1,291.7347

Min 0.9683
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Figure 3.29 The results from MDO-MOPSO for Case 6 of the OOV1G

The closeness coefficient results from across 30 MDO-MOPSO-TOPSIS
are illustrated in Figure 3.28. Figure 3.29 plots the MDO-MOPSO result along with the
ideal and worst points on the Pareto front of the TOPSIS method. From Figure 3.29,
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the history of fitness values evaluated during the MOPSO algorithm process, including
optimal and suboptimal solutions, is represented by black points. The blue indicates
the MDO solution set selected after post-processing analysis. The red line shows the
Pareto front, representing the optimal trade-offs between electricity cost and energy
loss. The ideal point, represented by a green circle on the Pareto front, refers to a
hypothetical optimal solution where both objective functions, electricity cost and
energy loss, achieve their minimum values simultaneously. Although such a point may
not be practically attainable, it serves as a benchmark for evaluation. Conversely, the
worst point, shown as an orange square, represents the solution with the highest values
of both electricity cost and energy loss among all Pareto-optimal solutions. This point
indicates the worst but is used as to reference for calculating the relative closeness of
each alternative in the TOPSIS method. Figure 3.29 illustrates that the best solution
selected by TOPSIS is located at the ideal point, demonstrating a good balance
between minimizing electricity cost and energy loss. The simulation result for a
combination of MOPSO and TOPSIS in solving the MCAL problem demonstrates
effectiveness in maintaining the balance between conflicting objectives of solving the
MOOV1G.
3.6.8 Case 7: Controlled EV Charging Devices Under Multi-Objective for

Minimizing Electricity Cost and Peak Power Demand (MCAP)

Case 7 presents the results of the MOOV1G under the MCAP scenario,
which focuses on minimizing electricity costs and peak power demand. The
optimization problem was solved using the proposed MOPSO algorithm, combined
with the TOPSIS for selecting the best solution from the Pareto front. This case was
applied to a modified IEEE 33-bus distribution system with controlled EV charging
devices. The MOPSO algorithm was tested for 30 trials, each generating a Pareto-
optimal set. For each run, the TOPSIS method was applied in the post-processing phase
to identify the best-compromised solution. The closeness coefficient calculated in

TOPSIS was used to evaluate how close each Pareto solution was to the ideal solution.
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Table 3.11 The result of 30 trials by MDO-MOPSO-TOPSIS for Case 7 of the OOV1G

MDO-MOPSO-TOPSIS method Calculation
Result Closeness Electricity cost Peak power Energy loss
value Coefficient (kTHB/day) demand (kW) (MWh/day)
Max 0.9965
Avg. 0.9169 98.2912 1,223.3531 4.8091
Min 0.9169

The simulation results are presented in Table 3.11, which shows the
best, average, and worst closeness coefficient values obtained from the 30 trials for
Case 7. Additionally, Table 3.11 shows the best objective function from the best
solution. The best solution was selected based on the highest closeness coefficient of
0.9965, indicating high proximity to the ideal point and farthest from the worst point.
The best solution obtained from the MDO-MOPSO-TOPSIS method across 30 trials
demonstrates significant improvements in system performance. The electricity cost
was reduced to 98.29128 kTHB/day, while the peak power demand decreased to
1,223.3531 kW, and the energy loss was 4.8091MWh/day.
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Figure 3.30 The closeness coefficient from 30 trials of MDO-MOPSO-TOPSIS for Case 7
of the OOV1G
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The closeness coefficient results from across 30 MDO-MOPSO-TOPSIS of
Case 7 are illustrated in Figure 3.30. Figure 3.31 plots the MDO-MOPSO result along
with the ideal and worst points on the Pareto front of the TOPSIS method. From Figure
3.31, the history of fitness values evaluated during the MOPSO algorithm process,
including optimal and suboptimal solutions, is represented by black points. The blue
indicates the MDO solution set selected after post-processing analysis. The red line
shows the Pareto front, representing the optimal trade-offs between electricity cost
and peak power demand. The ideal point, represented by a green circle on the Pareto
front, refers to a hypothetical optimal solution where both objective functions,
electricity cost and peak power demand, achieve their minimum values
simultaneously. Although such a point may not be practically attainable, it serves as a
benchmark for evaluation. Conversely, the worst point, shown as an orange square,
represents the solution with the highest values of both electricity cost and peak power
demand among all Pareto-optimal solutions. This point indicates the worst but is used
as to reference for calculating the relative closeness of each alternative in the TOPSIS
method. Figure 3.31 illustrates that the best solution selected by TOPSIS is located at
the ideal point, demonstrating a good balance between minimizing electricity cost and

peak power demand. The simulation result for a combination of MOPSO and TOPSIS
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in solving the MCAP problem demonstrates effectiveness in maintaining the balance
between conflicting objectives of solving the MOOV1G.

Table 3.12 and Figure 3.32 present the results of the operation of the
V1G across six cases, with the modified IEEE 33-bus test distribution system integrating
EV charging. The comparison in Table 3.13 clearly demonstrates the fundamental
difference between single-objective and multi-objective optimization approaches,
where the single-objective result used for comparison is from PSO. Since in the case
of single-objective, PSO will give better results than GA. In the single-objective cases,
Cases 3, 4, and 5 focus exclusively on MEC, MEL, and MPP, respectively. Focus
exclusively on minimizing one specific objective without considering the impact on the
other objectives. As a result, while the selected objective achieves its best possible
value, the remaining objectives often have higher values. In contrast, the MOPSO-based
multi-objective optimization seeks a balance between conflicting objectives. By
simultaneously considering two objectives, MCAL or MCAP. The simulation results are
in Figure. 3.33 compares the system load profiles, showing that the system with
charging control under TOU pricing results in lower on-peak power demand, which

helps reduce electricity cost and energy loss, as shown in Figures 3.34 and 3.35.
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Table 3.12 Comparison results of the operation of V1G for OOV1G

Power consumption (kW)

Hours Case 3 Case 4 Case 5 Case 6 Case 7
©€2  (ps0)  (sO)  (PSO)  (MOPSO) (MOPSO)

1 0 192.45 249.12 318.38 240.47 232.87
2 0 358.18 133.43 320.16 152.94 400.87
3 0 355.15 194.65 213.03 364.42 348.27
a4 0 345.52 191.65 88.99 147.45 207.45
5 0 349.27 217.11 326.63 214.90 302.25
6 0 346.22 435.98 313.04 409.42 406.89
7 0 319.41 739.68 325.11 737.26 266.05
8 0 0.00 0.00 0.00 0.00 0.00
9 0 0.00 0.00 0.00 0.00 0.00
10 0 0.00 0.00 0.00 0.00 0.00
11 0 0.00 0.00 0.00 0.00 0.00
12 0 0.00 0.00 0.00 0.00 0.00
13 0 0.00 0.00 0.00 0.00 0.00
14 0 0.00 0.00 0.00 0.00 0.00
15 0 0.00 0.00 0.00 0.00 0.00
16 0 0.00 0.00 0.00 0.00 0.00
17 0 0.00 0.00 0.00 0.00 0.00
18 332.445 74.00 368.64 351.15 147.45 230.53
19 740.00 74.00 112.43 166.51 147.45 125.69
20 740.00 74.00 92.50 74.00 147.45 82.74
21 740.00 74.00 81.08 90.74 147.45 82.74
22 740.00 182.05 162.91 223.35 147.45 106.38
23 96.015 357.63 195.49 239.78 189.67 284.58

N
s

0 286.64 213.82 337.62 194.71 311.17
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Table 3.13 Comparison the objective function value of the IEEE 33-bus distribution

system for OOV1G

The Case Study
objective
. Case 2 Case 3 Case 4 Case 5 Case 6 Case 7
function
(PSO) (PSO) (PSO) (MOPSO) (MOPSO)
value
Ctotal
* 105.6815  98.0490  99.2622  99.3561  99.0428  98.2912
(KTHB)
Etotal
loss 4.1049 5.2211 3.1716 5.1965 3.1967 4.8091
(MW)
P
(W) 1,884.283 1,226.247 1,236.780 1,218.283 1,291.735 1,223.353
W
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Figure 3.32 presents the comparison of V1G operations over 24 hours
for six cases. The graph shows that in the controlled cases, the proposed method
effectively shifts EV charging to off-peak hours where household demand is low, unlike
Case 2, where EV charging overlaps with household peak demand. In Cases 4 and 6, a
noticeable new peak occurs around hour 7, which results from the system allocating
EV charging to this hour due to lower household load. Nevertheless, Case 4 still
achieves its objective by effectively reducing energy loss, and Case 6 reduces both
energy loss and electricity cost in a balanced manner. Figure 3.33 presents the
comparison of total system load profiles across seven cases, combining household
load with EV charging demand. When comparing with Case 2, which represents the
total load of uncontrolled EV charging combined with household demand, it is clear
that the cases with controlled V1G operation significantly reduce the peak power
demand of the system. The proposed optimal scheduling effectively shifts EV charging

away from household peak demand periods and toward off-peak hours.
The hourly electricity costs for each case are shown in Figure 3.34. The
results reveal that in all cases where EV charging is controlled, the total electricity cost

of the system is reduced when compared with Case 2. The cost reduction is particularly
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evident during peak hours, while a slight increase in cost is observed during off-peak
periods due to the shifting of EV charging to lower-cost time intervals. Nevertheless,
the total electricity cost in the optimized cases remains higher than that of Case 1
during hours 18-21 due to the modeling constraint that EVs are allowed to charge only
at home. This restriction limits the ability to eliminate peak-time consumption,
although the scheduling remains aligned with the intended objectives. Figure 3.35
illustrates the hourly energy loss for each case. Among all scenarios, Case 4 achieves
the most significant reduction in power losses, followed closely by Case 6, which
balances the minimization of both electricity cost and loss. The results confirm that
the proposed optimal V1G scheduling is effective in reducing system losses across all
controlled cases when compared to the uncontrolled EV charging scenario. The result
highlights the advantages of coordinated EV charging in mitigating the adverse effects

on distribution system performance.



CHAPTER IV

OPTIMAL OPERATION OF V2G

4.1 Introduction

The unidirectional charging has been widely studied for handling the increasing
integration of large-scale EVs into distribution systems, and the implementation of
vehicle-to-grid (V2G) technology is emerging as a promising solution to enhance grid
flexibility and address the issues arising from large-scale EV charging connections. The
bidirectional power flow operation of V2G enables EVs to not only charge energy from
the grid but also discharge stored energy back into the system. When the operation of
V2G is optimally managed, it can use to distribute energy storage, support renewable
energy integration, and reduce peak demand in both transmission and distribution
systems. However, the bidirectional nature of V2G introduces new operational
challenges. The discharging of EVs back to the grid can increase the total power flow
and the overall system losses. For the highest benefits, it is crucial to consider the
impact on system losses and peak power demand in the optimization process
alongside electricity cost reduction.

This chapter presents the optimal operation of V2G (OOV2G) is investigated
using a methodology similar to that presented in Chapter Ill.- The multi-objective
optimum operation of V2G (MOOV2G) is formulated to simultaneously minimize
electricity cost and energy loss (MCAL), as well as electricity cost and peak power
demand (MCAP). The MOOV2G problem will use a multi-objective particle swarm
optimization (MOPSO) algorithm combined with the technique for order preference by
similarity to ideal solution (TOPSIS) to identify the most balanced solution among
multiple conflicting objectives. While the particle swarm optimization (PSO) and
genetic algorithm (GA) are used to solve the single-objective optimization for
minimizing electricity cost (MEC), energy loss (MEL), and peak power demand (MPP) for
comparison. The proposed approach is tested on the IEEE 33-bus distribution test
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system, incorporating a Monte Carlo simulation (MCS) to model the uncertainty in EV
user behavior and generate probabilistic EV charging and discharging profiles. The
results and discussion in this chapter demonstrate the effectiveness of the multi-
objective particle swarm optimization combined with the technique for order of
preference by similarity to Ideal solution (MOPSO-TOPSIS) method for solving MOOV2G

problems in enhancing grid flexibility and supporting renewable integration.

4.2 Problem Introductions

The formulation of the OOV2G follows a similar framework to that of Chapter
lll. The OOV2G escalates from the framework established in the previous chapter for
V1G, with several key extensions to accommodate the bidirectional nature of V2G. In
this chapter, the OOV2G problem aims to determine the optimal charging and
discharging schedules for EVs. The TOU tariff is used for both charging and discharging
operations. While simulating uncontrolled scenarios using the MCS for the stochastic

modeling of EV user behavior.

4.2.1 Time of Use (TOU) Tariff for V2G
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Figure 4.1 TOU Tariff Pattern for V2G Operation
The V2G operation applies the TOU tariff scheme to both charging and
discharging operations to solve the OOV2G problem. The TOU tariff reflects the

variation in electricity prices throughout the day, encouraging users to shift their energy
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consumption and injection according to grid demand. As illustrated in Figure 3.1, the
TOU tariff is divided into two main periods: on-peak and off-peak. The on-peak period,
typically from 09:00 to 22:00, is characterized by higher electricity prices due to
increased demand. Conversely, the off-peak period from 22:00 to 09:00 features lower
prices to incentivize energy use and grid support during times of lower demand.
4.2.2 Monte Carlo Simulation (MCS) for Modeling EV Users' Behavior

This chapter applies the same MCS framework as introduced in Section
3.2.2. to account for the uncertainty of EV user behavior in the V2G operation. The
MCS is used for the stochastic modeling of EV user behavior to generate realistic and
probabilistic EV load profiles for the base case scenario, where no optimal scheduling

is applied. The random variables considered in the MCS include the departure time
from home (71;41,‘ ), travel duration to work (Thtw ), return duration from work to home

(Tebh ), and the duration that EVs remain parked at the workplace connected to the grid
(1,,). Each of the random variables uses the truncated normal distribution to ensure
that the sampled values remain within realistic and practical bounds. The
mathematical form of the truncated normal distribution and the Weibull distribution
used in this thesis is as follows in Equations (3.1) and (3.32), respectively.

The random variables are used to model the EV usage activities as

represented in Equations (4.1) - (4.6). The resulting probabilistic EV activities from the
MCS are used as input data for the operation of V2G modeling.

ATV, =[ATV, + ATV, + ATV, + ATV, + ATV,], (a.1)
ATV, = (1:T" -1}, (4.2)
ATV, = (T}, T + T3 (@3)
ATV = (T 4T, +1 T} + T + T2 3, (@.)
ATV = (T + T A T, 41Tl 4T, + T 4T3 @5)
ATV =T, +T,, +T, +T,, +1:np}, (4.6)

Where, n=1,...,NC and ¢t=1,...,np.
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4.2.3 Operation of V2G Modeling

The modeling of the V2G operation in this chapter is adapted and
enhanced based on the work of Pia Grahn (2013), as described in section 3.2.3 in
Chapter lll. Based on the results generated from the MCS of daily EV usage patterns,
the modeled activities are used to simulate EV behavior and generate realistic EV
charging load profiles. To increase the flexibility of the simulation, the initial state of
charge (SOC,) is defined using a parameter called the percentage of the total state of
charge ( psoc ), which represents the initial SOC relative to the battery’s maximum
capacity. Furthermore, it is assumed that the SOC at each time step is limited by a
minimum depth of discharge (DOD), represented by the fraction p, , These constraints

are applied as shown in Equations (4.7) and (4.8).

SOC,' = psocxSOC' (4.7)

Py SOC! <SOC <SOC" (4.8)

The level of SOC varies dynamically according to the activities of EV
usage under V2G operation. This thesis assumes that EV charging occurs exclusively
when the EV parked at home, and discharging occurs exclusively when the EV parked
at the workplace. Therefore, the SOC increases when the EV is charged at home
locations only and decreases when the EV discharges power back to the grid at the
workplace or is being driven. During time steps when the EV is parked without charging
or discharging, the SOC remains constant. Specifically, for each time step, the SOC
increases based on the charging power, decreases according to the energy discharged
to the grid or consumed during driving, and remains unchanged during idle periods.

These changes in SOC are computed as shown in Equation (4.9).

soc" +F, At , for charging mode
soc" -P,, At , for discharging mode
soc =" s Sine (4.9)
SOC" —C'At ,  for driving mode
soc; , else

Where, n=1,...,NC and ¢=1,...,np.
The EV load profile for V2G operation P

V26 Wil be equal to or

dependent on F, and P,

e TOllowing the vehicle usage activities at that time, as
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shown in Equation (4.10). The total V2G operation load profile is determined by
summing both the charging and discharging loads of all EVs, as follows in Equation

(4.11).

f:: he for charging mode
n _ . :
2G.A Pdchg , for discharging mode (4.10)
0 , else
total _x°
otal n
PV2G,i,t _ZPVZG,i,z (4.11)

n=l
Where, n=1,...,NC and t=1,...,np.
The power EV P

V26.is Must be considered hourly in the data analysis.

The outcome of changing and discharging the time step from one minute to one hour

is displayed in Eq. (4.12).

V2G,i,h

Ptotal _NCPn (4 12)
_Z V2G.ih ’
n=1

Where, n=1,...,NC and ¢=1,...,np.

4.3 Objective Function

The OOV2G is formulated as an optimization problem to enhance power
system performance while minimizing the negative impacts of increasing EV integration.
While in the OOV1G case, EVs only charge power from the grid for charging. The OOV2G
will consider the bidirectional power flow of EVs, allowing both charging and
discharging on the erid. To ensure that the solution adheres to system limitations,
particularly the total daily energy required and variable bounds, a penalty function is
applied in the same manner as the OOV1G formulation in Chapter 3. The penalty term
is added to the original objective function when constraint violations occur. This
ensures that any infeasible solution is penalized, suiding the search toward feasible

and optimal results. The penalty-based formulation for OOV2G is expressed in

Equation (4.13), which incorporates both bound constraints and energy equality

constraints into the optimization model.
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PN(B,;,) = aIZ[max(O Pl —ub")+max(0,1" B!, ) |+,

2T V26,

ZPJ’ZG ‘ (4.13)

This thesis considers three objective functions as follows.
4.3.1 Total electricity cost minimization
The first objective function is to minimize the daily electricity cost
incurred from EV charging and discharging under a TOU tariff structure. In this OOV2G,
the same TOU tariff rates are used for charging from the ¢rid and discharging to the

grid. The mathematical of the objective function is as follows in Equation (4.14).

Minimize C, fotal ZC "+ PN (4.14)

h=l1

Where the hourly electricity cost can be calculated by:

ch=>"ch, +Cp,+Cl, (4.15)
Co.i (Pth—I—PVhZGz)X Fou (4.16)
Cryi= (B, + B ) x Fi (4.17)
Coryi=(Con i +Cliy )3 VAT (4.18)

Where, i=1,...,NB and h=1,...,24.
4.3.2 Total energy loss minimization
The second objective function of the proposed problem is to minimize
the energy losses in distribution systems. This objective function can be expressed as
below:

24

Minimize E ' = ZP " 4PN, (4.19)

loss loss
h=1

Where the hourly loss can be calculated by:

P = Z( (4.20)

h h h
P 'l)hhl+PV2Gl b

(4.21)
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VZV [G; cos(6; -0,)+ B, sin(6; -6,)], (4.22)

loss

Where, i=1,...,NB and h=1,...,24.
4.3.3 Peak power demand minimization

The last objective function is to minimize the peak power demand, as
shown in Equation (4.23). For the OOV2G, this objective aims to reduce the peak power
demand by defining optimized charging and discharging operations of EVs. The
leveraging of bidirectional power flow used in V2G will enable EVs to discharge energy
back to the grid during peak periods.

Minimize P/ = max {P)+ Z( a6 ) TPN (4.23)

daily hi{12,..,24)

Where, i=1,...,NB and h=1,...,24.

4.4 Constrains

This chapter focuses on managing the increasing electricity demand resulting
from EV charging by solving the MOOV2G time. In addressing this MOOV2G issue, solve
under two optimization scenarios, MCAL and MCAP. This study applies both equality
and inequality constraints, as described as follows.

4.4.1 Equality constrains

Constraints on MOOV2G in distribution systems following the MCS of EV

user behavior are increased when operating V2G. This thesis assumes that EV charging
occurs only when the EV is at home, and discharging is allowed only when the EV is
parked at the workplace. Therefore, the condition when the EV is on the grid at home
follows Equation (4.24). When the EV is on the grid at the workplace, the condition
follows Equation (4.25). Moreover, in the case where the EV is off-grid, the power of

V2G is set to zero, as shown in Equation (4.26).

(Zn =1 dchgzn PVthn S (ZNC; c:gzn s |f at home (424)

NC h h,on
(Zn Ficng.1n) < B36550 5 if at 5 parking lot at work (4.25)
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hoff _
PVzG,i =0 > (4.26)

Where, i=1,...,NB ,n=1,...,NC and h=1,...,24.

The equality constraints, which represent the load flow equations, are

as follows:
NB
Py, -By, V.Y V,[G, cos(8, -6,)+ B, sin(6, -5,)]=0 (4.27)

j=1

NB
O -0 'ViZV,-[Gy sin(9; -6,) -B,; cos(6, -6,)]

J=l

0 (4.28)

Where, i=1,...,NB ,n=1,...,NC and h=1,...,24.
4.4.2 Inequality constraints

The inequality constraints establish the system's operational bound, as
follows. Generator constraints, including voltage, active power, and reactive power at

the i” bus, are restricted between their upper and lower bound, as shown:

" <<
2" <|P <P (4.29)
0a™ <0, |<10s]™
and line flow constraints,
VY (4.30)

4.5 Multi-objective optimum operation of V2G (MOOV2G) Using
MOPSO
The MOQOV2G, which aims to optimize multiple objectives, this thesis presents
the application of MOPSO to solve the MOOV2G problem. The optimization aims to
achieve a trade-off between conflicting objectives by generating a Pareto front of non-
dominated solutions. Moreover, to select the best solution from the Pareto set, the
technique for order of preference by similarity to ideal solution (TOPSIS) method is

employed. The fundamentals of Pareto dominance, the structure of the MOPSO
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algorithm, and the integration of TOPSIS as a post-processing method. The
methodology is explained in detail in Section 3.5 of Chapter Ill. However, this chapter
applied the MOPSO to the V2G case, utilizing the corresponding V2G model and
equations.
4.5.1 Basic Concept of Pareto Dominance

In MOOV2G for both minimizing electricity cost and energy loss (MCAL)
and minimizing electricity cost and peak power demand (MCAP), the Pareto dominance
is utilized to identify solutions that best balance the trade-offs between conflicting
objectives. The basic concept of Pareto dominance is explained in Section 3.5.1 of
Chapter IIl. In this chapter, Pareto dominance is applied to the MOOV2G problem to
construct the Pareto front, which represents a set of non-dominated solutions. The
process of the Pareto front before applying the MOPSO for MOOV2G is described as
follows:

Step 1 Initial population creation: A set of potential solutions is
generated randomly using the particle swarm optimization (PSO) algorithm. In this

thesis, the population matrix of the power V2G each hour is shown in Eq. (4.31).

1
PVZG,:"

P

V2G,i [ PV22G,i’ “res Pr/hzc,i]> (4.31)

Where, h=1,...,24.

Step 2 Objective functions evaluation: From multiple objective
functions Minimize : { f,(x), /,(x)}, where fi(X) is the first objective function and
f5(x) is the second objective function. X is a set of potential solutions of objective
function following Equation (4.31). Two comprehensive multi-objective frameworks are
considered in this thesis.

Scenario 1 solves the MOOV2G problem for MCAL. For this scenario, the
first objective function f e, (B,g,;) is to minimize electricity costs following
Equation (4.14) and f; 0. (F,6.) is the second objective function to minimize
energy losses following Equation (4.19). The multiple objective functions to MOOV2G
for MCAL, as shown in Equation (4.32).

Minimize : {fl,MCAL (PVZG,i)7 fz,MCAL (PV2G,1')} (4.32)
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Scenario 2 solves the MOOV1G problem for MCAP. For this scenario, the
first objective function f ,c.p(F,6.) is to minimize electricity costs following
Equation (4.14) and f} y;c4p(F26,) is the second objective function to minimize peak
power demand following Equation (4.23). The multiple objective functions to MOOV2G
for MCAP, as shown in Equation (4.33).

Minimize : {fl,MCAP (PVZG,i)’ fz,MCAP (PV2G,i)} (4.33)

Fach solution (fitness values for each particle) is evaluated using
multiple objectives to calculate the objective function, which will be used for
comparison in the next step.

Step 3 Pareto dominance: In this step, the Pareto dominance is applied
to compare the results from solving the MOO problem. Specifically, if one solution
performs better than another in all objectives, it is said to dominate the other.
Conversely, a solution that is non-dominated by any other solution is considered a
Pareto optimal solution or lies on the Pareto front.

Step 4 Pareto front: All the Pareto optimal solutions will be used to
construct the Pareto front. These solutions represent a balance between the
conflicting objectives. MOPSO refines the population of Pareto optimal solutions by
using PSO to discover better solutions and then recalculates Pareto dominance to

identify any new optimal solutions until the specified convergence criteria are reached.

4.5.2 MOPSO Algorithm

MOPSO is maintaining the fundamental principles of PSO while
incorporating the core concept of Pareto dominance to manage MOO. Therefore, in
each iteration, the equations for velocity and position updates remain as defined in
Equations (4.34) and (4.35), respectively. This thesis, w the inertia weight. ¢, and C,
are acceleration coefficients (cognitive and learning factors). 7, and 7, are random
numbers uniformly distributed between [0,1].

_ Pbest Gbest
- WV;,I + an (x' - xi,t) + &L ('xi,t it 'xi,t) (4.34)

1t

|4

it+1

X =X, V0 (4.35)
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The operation of MOPSO for MOOV2G is an optimization method that
extends the classical PSO to handle multiple objectives, which is inspired by the
behavior of bird flocks. MOPSO focuses on finding optimal operation of V2G solutions
that balance multiple objectives. This process is combined with the concept of the
Pareto front. It is initialed by randomly positioned particles in the search space. Each
particle i in the swarm represents a potential solution to the optimal V2G operation
scheduling problem. In this thesis, the evaluation of each particle depends on the
specific multi-objective scenario being considered. Under two optimization scenarios,
the first is MCAL, and the second is MCAP. Accordingly, each particle is evaluated based
on a pair of objective functions corresponding to the selected scenario. In the MCAL
case, particles are evaluated with the objectives of minimizing electricity cost (MEC)
and energy loss (MEL). In the MCAP case, the objectives are minimizing electricity cost
(MEC) and peak power demand (MPP). The process then improves with each iteration
! by updating the velocity (¥} ,) and position (x; , Jof the particles according to the

Pbest

Equations (4.34) and (4.35), while recording the best position of each particle (x; ;).

1,

If a new position is better than the position best, the new position replaces it. The

Gbest
xi St

is the best position among all particles in the swarm. The main goal of MOPSO
is to find Pareto optimal solutions that form the Pareto front. Therefore, the update
process considers Pareto dominance to help filter out non-dominated solutions and
construct the Pareto front with each iteration until the specified convergence criteria
are reached.

The MOPSO algorithm has been developed in H. Wang, et al. (2023) and
is called multiple design options-MOPSO (MDO-MOPSQO). In this research, the MDO-
MOPSO algorithm has adapted to suit the specific characteristics of the problem in this
article while still considering the spread of the mean of the crowding distances (quand
mean) as convergence criteria according to Equations. (4.36) and (4.37). Fig. 3.3
illustrates the methodology of the MDO-MOPSO algorithm.

u+o
1+0d

quand mean = /ézgkz (4.37)
k

spread = (4.36)
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Where £ is the parameter, it quantifies whether the extreme values of
the Pareto front have changed between two consecutive iterations. o and d are the
standard deviation and the arithmetical average of the crowding distances of point &,
and Q is the number of points on the Pareto front.

The iterative process stops when one of the three conditions is met,
including limits on iterations and convergence metrics. The modified MOPSO algorithm
also incorporates performance metrics and a post-processing phase for identifying MDO
(Most Desirable Option) solutions. The detailed procedures of this algorithm, including
stopping criteria and post-processing steps, are described in section 3.5.2 of Chapter lll.

4.5.3 TOPSIS method

TOPSIS is the final step after obtaining the Pareto front, it is used to
select the best compromise solution from the set of Pareto-optimal solutions. For this
chapter, TOPSIS is applied during the post-processing phase to identify the best
compromise solution from the Pareto frontier obtained from solving the MOOV2G. The
detailed procedures of TOPSIS method are described in section 3.5.3 of Chapter Ill.
Figure 4.2 illustrates the methodology of the MDO-MOPSO-TOPSIS algorithm for
MOOV2G. The TOPSIS method consists of the following steps:

Step 1: Construct the normalized decision matrix. The decision matrix
consists of the objective function values of all non-dominated solutions (MDO points)
obtained from the Pareto front generated by the MOPSO algorithm. The decision matrix
is of MCAL and MCAP scenarios shown following Equations (4.38) and (439),
respectively. To eliminate the effects of differing units and scales among the objectives,
the objective values in the decision matrix are normalized using the vector

normalization method, as shown in equation (4.40).

X gecision = [xlgf' :Ikzl ’’’’ o gela I:fl,MCAL (Bragia) Srasear Bragin )}k:hm’a_ (4.38)
X gecision = I:xkf :Ikzl ’’’’ T |:ﬂ,MCAP (Bragi) SrasearBragin )}k:h_”’w (4.39)
Xk/.
v, =—=2
i - (4.40)
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Where, k=1,...,a. and f=1,2. k is the number of solutions on the
Pareto front, and a is the total number of solutions on the Pareto front. f is the
number of objective functions.

Step 2: Weighted normalized decision matrix. Following this thesis,
focus on balancing both the objective functions. Therefore, equal weights are assigned
to all objectives in the TOPSIS process. The weighted normalized decision matrix

equation is as follows:
Vv, =W, -1, (4.41)

Where, k=1,...,a., f =1,2.

Step 3: Determine the ideal and negative-ideal solutions. For
minimization problems, the ideal solution (v‘;) is the minimum value of each objective
function, while the negative-ideal solution (v, ) is the maximum value of each objective

function . These are calculated using equations (4.42) and (4.43), respectively.

v, =min(v, ) (4.42)
v, =max(v, ) (4.43)

Where, k=1,...,a., f =1,2.

Step 4: Calculate the distance to the ideal and worst solutions. D) is
the distance from the weighted normalized value of each alternative to the ideal
solution. D, is the distance from the weighted normalized value of each alternative

to the worst solution. The calculation follows in Equations (4.44) and (4.45)

D; = >(v,=vi) (4.44)

D, = >, -v,) (4.45)

Where, k=1,...,a., f =1,2.
Step 5: Calculate the closeness coefficient (C,). The alternative with
the highest C, is considered the best compromise solution among all Pareto-optimal

solutions. Calculating C, follows the Equation (4.46).
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D,
C, =—F— (4.46)
D+ D,
| Specify the parameter for MOPSO |
v
| Initialize search population with random position and velocity |
v
Initialize the repository for the Pareto frontier and
set of non—dominated solution
- Does MOPSO fulfill the Yes
- convergence criteria? Pareto front
(Repository)
y
=I Loop each particlep =1, ..., NP
3 Post processing
. Select search area for the
1. Sel h for th
Update the velocity and position of each particle as follows selection of extreme values and
in (4.34) and (4.35), respectively. the trade-off analysis, base on the
v Pareto front.
2. Remove outliers.
| ol | Enhance diversity by using a mutation rate to prevent getting stuck 3. Selection of extreme designs
p—p in local optimal. that maximize energy shares.
4 .
v 4. Calculation Key performance
indications.
Evaluate the objective function of each particle according to

(4.14), (4.19), and (4.23).
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No Select the final solution by using
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results.
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Update the repository of non-dominated solution and discard points End
with the lowest crowding distance. n

v

Calculate spread and quadratic mean distance according to
(4.36) and (4.37).

Figure 4.2 The MDO-MOPSO-TOPSIS methodology of MOOV2G

4.6 Simulation Results

This section presents the simulation results for the optimal operation of V2G

(OOV2G) in the modified IEEE 33-bus distribution test system with integrated EV load
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profiles generated by MCS. This chapter focuses on solving MOOV2G using the MOPSO-
TOPSIS method under the TOU tariff. The analysis is structured into several cases to
comprehensively evaluate the impact of EV charging under different control
approaches and optimization objectives. The simulation results have seven cases as
follows:

Case 1: Base Case Without EV Charging Devices.

Case 2: Uncontrolled EV Charging Devices in The Modified IEEE 33-Bus
Distribution System.

Case 3: Controlled V2G Operation in The Modified IEEE 33-bus Distribution
System Under Single Objective for Minimizing Electricity Costs (MEC).

Case 4: Controlled V2G Operation Under Single Objective for Minimizing Energy
Losses (MEL).

Case 5: Controlled V2G Operation Under Single Objective for Minimizing Peak
Power Demand (MPP).

Case 6: Controlled V2G Operation Under Multi-Objective for Minimizing
Electricity Cost and Energy Losses (MCAL).

Case 7: Controlled V2G Operation Under Multi-Objective for Minimizing
Electricity Cost and Peak Power Demand (MCAP).

4.6.1 Sensitivity Analysis of MOPSO Parameters

This section presents a sensitivity analysis of the main parameters of
the MOPSO algorithm used to solve the MOOV2G problem under the scenario of
minimizing electricity cost and peak power demand (MCAP). The purpose of this
analysis is to verify the appropriateness of the parameter values selected in this study.

The parameters analyzed three important fundamental components of
the PSO algorithm, including the inertia weight (w), cognitive learning factor (c,), and
social learning factor (c,). The verification parameter is conducted in two parts. The
first varying w while keeping ¢, and ¢, fixed. The second is varying ¢; and c, while
keeping w fixed. Additionally, the random numbers (r) used in the velocity update

formula are generated from a uniform distribution in the range [0, 1]. The performance

of each parameter setting is evaluated based on four, including the closeness
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coefficient (from TOPSIS), electricity cost, peak power demand, and run time. The

results of these experiments are summarized in Table 4.1.

Table 4.1 Summary of MOPSO parameter varying results

Parameter varying

Value
varying w varying c¢; and ¢,
c, 1 1 2 1 2
c, 1 1 2 2 1
Result of varying
Closeness
0.8014 | 0.8091 | 0.8063 | 0.8091 0.8009 | 0.7744 | 0.7947
Coefficient
Cost
88.708 | 90.355 | 88.252 | 90.355 | 92.087 | 90.973 | 91.347
(kTHB/day)
Peak (kW) | 1,481.2 | 1,374.1 | 1,457.7 | 1,374.1 | 1,364.2 | 1,392.3 | 1,366.4
Run time
© 120.819 | 221.081 | 149.302 | 221.081 | 112.012 | 178.744 | 197.583
S

According to Table 4.1, w = 0.4, ¢, = 1, and ¢, = 1 result in the best
overall performance. This configuration had the highest closeness coefficient is 0.8091,
indicating that the selected solutions are closest to the ideal point on the Pareto front.
Furthermore, the differences in performance metrics across the various parameter
combinations are relatively small. The closeness coefficients and objective values do
not vary significantly, suggesting that the MOPSO algorithm is robust to moderate
changes in these parameters within the tested range. Therefore, this thesis adopts the
parameter set w = 0.4, ¢, = 1, and ¢, = 1 for the MOOV2G and MOOV1G problems. For
the single-objective optimization cases using PSO and GA, the default parameter
settings of each algorithm are adopted to ensure a fair and consistent comparison. The

parameter values used in this thesis are summarized in Table 4.2.
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Table 4.2 Parameter settings

Parameter Algorithm
value MOPSOP PSO GA
W 0.4 0.1-1 0.1-1
, 1 1.49 1.49
c, 1 1.49 1.49
r [0, 1] [0, 1] [0, 1]
Population size 500 100 100
Iterations 100 600 600
Function tolerance <10® <10°® <10®

4.6.2 Input Parameter

For the OOV2G in this chapter, the same IEEE 33-bus distribution test
system and the modified IEEE 33-bus distribution test system as used in Chapter lIl for
OOQV1G are adopted. The IEEE 33-bus distribution test system and the modified IEEE
33-bus distribution test system are shown in Figures 3.4 and 3.5, respectively. The
modified IEEE 33-bus distribution test system by integrating EVs at each bus, excluding
bus number 1 (the slack bus). The modified IEEE 33-bus distribution system, by
incorporating EV charging applied in simulation study cases to solve the OOV2G
problem in different control approaches and optimization objectives.

In MCS, probability distributions are used to generate random variables.
The random variables considered in MCS relate to the averages and standard
deviations of the uncertain variables, as displayed in Table 3.1 and the Weibull
distribution parameter displayed in Table 3.2. Parameters used for generating the EV
load profile in the uncontrolled case, as shown in Table 3.3. For the calculation of

electricity costs in this thesis, use the TOU tariff of Thailand, as indicated in Table 3.4.

4.6.3 Case 1: Base Case Without EV Charging Devices

The base case scenario in this chapter uses the same IEEE 33-bus
distribution system without EV charging devices as described in Section 3.6.1 of Chapter

lll. The load profile applied to represent the household electricity consumption is
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based on the residential load profile for the central region of Thailand in July, as shown
in Figure 3.6. The simulation results for the base case indicate that the total daily
electricity cost is 86.0471 kTHB/day, the total energy loss is 2.045 MWh/day, and the
peak power demand reaches 1,144.2832 kW. These results represent the system’s
original operating condition, serving as a reference for evaluating the impacts of EV
integration under various optimization strategies.
4.6.4 Case 2: Uncontrolled V2G Operation in The Modified IEEE 33-Bus
Distribution System

This case adopts the same assumptions and modeling methodology
as Case 2 in Chapter lll, which is the modified IEEE 33-bus distribution system with
uncontrolled EV charging devices. The EV load profile used here is derived from the
MCS results, incorporating uncertainty in user behavior, including departure times,
travel durations, and parking periods. Assume that all EVs are fully charged before
leaving home in the morning. During the day, EVs are parked at work but not connected
to the grid, meaning no charging or discharging occurs during working hours. This case
is under the V2G framework, considered uncontrolled because no grid interaction
occurs during the day, making the operation equivalent to uncontrolled V1G. The
operation of the V2G model for generating uncontrolled load profile EV charging is
modeled based on the assumption of 200 EVs per bus, excluding the slack bus. The
simulation result of the operation of the V2G model in generating an uncontrolled EV
charging load profile, location status based on user activities, and SOC by considering
the time period np=1440 minutes is shown in Figure 3.12. Figure 3.13 presents a
comparison of the load profiles of case 1 and case 2.

The simulation results show that, under uncontrolled charging,
calculating the daily electricity cost for the entire system is 105.6815 kTHB/day, the
total daily energy loss is 4.1049 MWh, and peck power demand is 1,884.2832 kW. In
Chapter Ill, Table 3.5 shows the comparison results of the load profiles and Table 3.6

shows the objective function values.
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4.6.5 Case 3: Controlled V2G Operation in The Modified IEEE 33-bus

Distribution System Under Single Objective for Minimizing

Electricity Costs (MEC)

In this case, the optimal operation of V2G (OOV2G) is under a single-
objective optimization. The objective considered in this scenario is MEC for the
modified IEEE 33-bus distribution system with a controlled V2G Operation. To solve
the OOV2G problem, the PSO and GA algorithm determines the optimum operation of
EV charging for MEC. Both algorithms are executed separately, with each algorithm
being tested for a total of 30 trials. The simulation results are presented as follows in
Table 4.3, which shows the objective function values of the maximum, minimum, and
average obtained from 30 PSO and GA trials for Case 3. Additionally, the results from
across 30 PSO and GA trials are plotted in the Figures. 4.3 and 4.4, respectively. The
best result from PSO, determined from the minimum electricity cost across 30 trials,
was 83.5692 kTHB/day, with a corresponding energy loss of 5.9614 MWh/day and peak
power demand of 1,716.2567 kW. On the other hand, when comparing GA. The best
solution from GA has an electricity cost of 83.9309 kTHB/day, and the energy loss
increased to 6.189 MWh/day, but peak demand reduced to 1,703.3678 kW.

The results indicate that both algorithms are effective in minimizing
electricity costs under the OOV2G solving. Notably, PSO achieves a slightly lower
minimum electricity cost compared to GA, demonstrating its superior performance in

electricity cost minimization for this case.

Table 4.3 The result of 30 trials by PSO and GA for Case 3 of the OOV2G

Energy loss Peak power
Electricity cost (kTHB/day)
Algorithm (MWh/day) demand (kW)
Max Avg. Min Calculated Calculated
PSO 84.6377  83.9241 83.5692 5.9614 1716.2567

GA 85.6860  84.3671 83.9309 6.1890 1703.3678
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4.6.6 Case 4: Controlled V2G Operation Under Single Objective for

Minimizing Energy Losses (MEL)

In this case, the OOV2G is under a single-objective optimization. The
objective considered in this scenario is MEL for the modified IEEE 33-bus distribution
system with a controlled V2G Operation. To solve the OOV2G problem, the PSO and
GA algorithm determines the optimum operation of EV charging for MEL. Both
algorithms are executed separately, with each algorithm being tested for a total of 30
trials. The simulation results are presented as follows in Table 4.4, which shows the
objective function values of the maximum, minimum, and average obtained from 30
PSO and GA trials for Case 4. Additionally, the results from across 30 PSO and GA trials
are plotted in the Figures. 4.5 and 4.6, respectively. The best result from PSO,
determined from the minimum energy loss across 30 trials, was 3.2258 MWh/day, with
a corresponding electricity cost of 98.3604 kTHB/day and peak power demand of
1,341.2949 kW. On the other hand, when comparing GA. The best solution from GA
has an energy loss of 3.4314 MWh/day, and the electricity cost reduced to 97.9874
KTHB/day, but peak power demand increased to 1,396.6688 kW.

The results indicate that both algorithms are effective in minimizing
energy loss under the OOV2G solving. Notably, PSO achieves a slightly lower minimum
energy loss compared to GA, demonstrating its superior performance in energy loss

minimization for this case.

Table 4.4 The result of 30 trials by PSO and GA for Case 4 of the OOV2G

Electricity cost  Peak power
Energy loss (MWh/day)

Algorithm (kTHB/day) demand (kW)
Max Avg. Min Calculated Calculated
PSO 3.4060 3.3118 3.2258 98.3604 1341.2949

GA 3.6507 3.5493 3.4314 97.9874 1396.6688
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4.6.7 Case 5: Controlled V2G Operation Under Single Objective for

Minimizing Peak Power Demand (MPP)

In this case, the OOV2G is under a single-objective optimization. The
objective considered in this scenario is MPP for the modified IEEE 33-bus distribution
system with a controlled V2G Operation. To solve the OOV2G problem, the PSO and
GA algorithm determines the optimum operation of EV charging for MPP. Both
algorithms are executed separately, with each algorithm being tested for a total of 30
trials. The simulation results are presented as follows in Table 4.5, which shows the
objective function values of the maximum, minimum, and average obtained from 30
PSO and GA trials for Case 5. Additionally, the results from across 30 PSO and GA trials
are plotted in the Figures. 4.7 and 4.8, respectively. The best result from PSO,
determined from the minimum peak power demand across 30 trials, was 1,218.2832
kW, with a corresponding electricity cost of 96.9743 kTHB/day and an energy loss of
5.0136 MWh/day. On the other hand, the best solution from GA has a peak power
demand of 1,218.2895 kW, and the electricity cost and energy loss increased to 97.3778
kKTHB/day and 5.5449 MWh/day, respectively.

The results indicate that both algorithms are effective in minimizing
peak power demand under the OOV2G solving. Notably, PSO achieves a slightly lower
minimum peak power demand compared to GA, demonstrating its superior

performance in peak power demand minimization for this case.

Table 4.5 The result of 30 trials by PSO and GA for Case 5 of the OOV2G

Electricity Energy loss

Peak power demand (kW) cost (MWh/day)
Algorithm
(kTHB/day)
Max Avg. Min Calculated  Calculated
PSO 1,218.2840 1,218.2833  1,218.2832 96.9743 5.0136

GA 1,282.2833  1,254.8672 1,218.2895 97.3778 5.5449
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4.6.8 Case 6: Controlled V2G Operation Under Multi-Objective for

Minimizing Electricity Cost and Energy Losses (MCAL)

In this case, the OOV2G under a multi-objective optimization aimed to
MCAL. The MOOV2G problem was solved using the proposed MOPSO algorithm,
integrated with the TOPSIS method for selecting the best solution from the Pareto
front. The MOOV2G solving is under control EV charging devices on the modified IEEE
33-bus distribution system. The MOPSO algorithm was tested for 30 trials, each
generating a Pareto-optimal set. For each run, the TOPSIS method was applied in the
post-processing phase to identify the best-compromised solution. The closeness
coefficient calculated in TOPSIS was used to evaluate how close each Pareto solution
was to the ideal solution.

The simulation results are presented in Table 4.6, which shows the best,
average, and worst closeness coefficient values obtained from the 30 trials for Case 6.
Additionally, Table 4.6 shows the best objective function from the best solution. The
best solution was selected based on the highest closeness coefficient of 0.8482,
indicating high proximity to the ideal point and farthest from the worst point. The best
solution obtained from the MDO-MOPSO-TOPSIS method across 30 trials, the electricity
cost and energy loss were reduced to 89.3771 kTHB/day and 4.6300 MWh/day, and
the peak power demand was 1,717.7204 kW.

Table 4.6 The result of 30 trials by MDO-MOPSO-TOPSIS for Case 6 of the OOV2G

MDO-MOPSO-TOPSIS method Calculation
Result Closeness Electricity cost Energy loss Peak power
value Coefficient (KTHB/day) (MWh/day)  demand (kW)
Max 0.8482
Avs. 0.8095 89.3771 4.7055 1,717.7204

Min 0.7653
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The closeness coefficient results from across 30 MDO-MOPSO-TOPSIS
are illustrated in Figure 4.9. Figure 4.10 plots the MDO-MOPSO result along with the
ideal and worst points on the Pareto front of the TOPSIS method. From Figure 4.8, the
history of fitness values evaluated during the MOPSO algorithm process, including
optimal and suboptimal solutions, is represented by black points. The blue indicates
the MDO solution set selected after post-processing analysis. The red line shows the
Pareto front, representing the optimal trade-offs between electricity cost and energy
loss. The ideal point, represented by a green circle on the Pareto front, refers to a
hypothetical optimal solution where both objective functions, electricity cost and
energy loss, achieve their minimum values simultaneously. Although such a point may
not be practically attainable, it serves as a benchmark for evaluation. Conversely, the
worst point, shown as an orange square, represents the solution with the highest values
of both electricity cost and energy loss among all Pareto-optimal solutions. This point
indicates the worst but is used as to reference for calculating the relative closeness of
each alternative in the TOPSIS method. Figure 4.10 illustrates that the best solution
selected by TOPSIS is located at the ideal point, demonstrating a good balance
between minimizing electricity cost and energy loss. The simulation result for a
combination of MOPSO and TOPSIS in solving the MCAL problem demonstrates
effectiveness in maintaining the balance between conflicting objectives of solving the

MOQV2G.
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Figure 4.9 The closeness coefficient from 30 trials of MDO-MOPSO-TOPSIS for Case 6

of the OOV2G

Total Energy Loss (MWh/day)

Figure 4.10 The results from MDO-MOPSO for Case 6 of the OOV2G

T T T T T T T T

History points
X MDO points
—Pareto frontier
* Best solution
O Ideal point

[ ] Worst point

Best Solution

x %

1 1 1 1 1 1 1 1

1

40.00 50.00 60.00 70.00 80.00 90.00 100.00 110.00

Total Electricity Cost (kTHB/day)

120.00



104

4.6.9 Case 7: Controlled V2G Operation Under Multi-Objective for

Minimizing Electricity Cost and Peak Power Demand (MCAP)

For the MOOV2G problem aiming to minimize both electricity cost and
energy loss of Case 6, a key limitation arises from the bidirectional nature of V2G
operation. While discharging can help reduce electricity costs, it also increases power
flow, leading to higher energy losses. This trade-off makes it difficult to achieve both
objectives simultaneously. To address this challenge, this thesis introduces an
alternative case that targets the dual objectives of MCAP, offering a more practical and
effective optimization strategy under V2G conditions.

Therefore, Case 7 focuses on solving the MOOV2G problem under the
MCAP scenario, aiming to minimize both electricity cost and peak power demand. The
proposed MOPSO algorithm was employed to generate Pareto-optimal solutions
across 30 trials. In each trial, the TOPSIS method was used during the post-processing
stage to select the best compromise solution based on the closeness coefficient,
which reflects the proximity of each solution to the ideal point. This case was

implemented on the modified IEEE 33-bus system with controlled V2G operations.

Table 4.7 The result of 30 trials by MDO-MOPSO-TOPSIS for Case 7 of the OOV2G

MDO-MOPSO-TOPSIS method Calculation
Result Closeness Electricity cost Peak power Energy loss
value Coefficient (kTHB/day) demand (kW)  (MWh/day)
Max 0.8091
Avg. 0.7558 90.3547 1,374.0580 5.2815
Min 0.6128

The simulation results are presented in Table 4.7, which shows the best,
average, and worst closeness coefficient values obtained from the 30 trials for Case 7.
Additionally, Table 4.7 shows the best objective function from the best solution. The
best solution was selected based on the highest closeness coefficient of 0.8091,

indicating high proximity to the ideal point and farthest from the worst point. The best
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solution obtained from the MDO-MOPSO-TOPSIS method across 30 trials demonstrates
significant improvements in system performance. The electricity cost was reduced to
90.3547 kTHB/day, while the peak power demand decreased to 1,374.0580 kw, and
the energy loss was 5.2815 MWh/day.

The results of the closeness coefficient from 30 trails of MDO-MOPSO-
TOPSIS for Case 7 are shown in Figure 4.11. From Figure 4.12, the history of fitness
values evaluated during the MOPSO algorithm process, including optimal and
suboptimal solutions, is represented by black points. The blue indicates the MDO
solution set selected after post-processing analysis. The red line shows the Pareto
front, representing the optimal trade-offs between electricity cost and peak power
demand. The ideal point is represented by a green circle on the Pareto front, and the
worst point is indicated by an orange square on the Pareto front, which serves as
reference indicators in the TOPSIS evaluation. The best-compromised solution
selected by TOPSIS from the Pareto front is closest to the ideal point and far from the
worst point, indicating an effective trade-off between electricity cost and peak power
demand. The simulation result for a combination of MOPSO and TOPSIS in solving the
MCAP problem demonstrates effectiveness in maintaining the balance between

conflicting objectives of solving the MOOV2G.
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The results for the operation of V2G, as presented in Table 4.8 and
Ficure 4.13, show the difference between single-objective and multi-objective
optimization approaches for OOV2G. In the single-objective cases (Cases 3, 4, and 5),
the PSO algorithm is used for optimization since in the single-objective case, PSO will
give better results than GA. Each case focuses exclusively on minimizing one specific
objective, MEC, MEL, and MPP, without regard for the impact on the other objectives.
As a result, while the targeted objective achieves its lowest value, the other objectives
often remain high. Especially the energy loss in the context of V2G EVs not only charge
but also discharge power back into the system. This bidirectional energy flow results
in an increase in network power flows and leads to elevated energy losses. Observation
in Case 4, where the single objective is to minimize energy loss (MEL), the PSO solution
results in significantly reduced losses. However, this is achieved by suppressing the
discharging operation of V2G during periods when discharging is allowed. The algorithm
defines hardly discharge at all, as shown in Table 4.8. The objective value result is
shown in Table 4.9. In the case using MOPSO in the MOOV2G cases (Cases 6 and 7),
the algorithm simultaneously considers two conflicting objectives. In Case 6, although
the electricity cost is significantly reduced, the energy loss remains high due to the

intensified power flow caused by V2G discharging. This confirms that MCAL cannot loss



107

reduction under V2G operation. Therefore, Case 7 is introduced as an alternative that
targets electricity cost and peak power demand. In this case, demonstrates MOPSO-
TOPSIS capable of providing well-balanced solutions that reduce both electricity cost
and peak demand. The simulation results are in Figure. 4.14 compares the system load
profiles, showing that the system with charging control under TOU pricing results in
lower on-peak power demand, which helps reduce electricity cost and energy loss, as

shown in Figures 4.15 and 4.16.
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Power consumption (kW)

Hours Case 3 Case 4 Case 5 Case 6 Case 7
©%€2 pso)  (PSO)  (PsO)  (MOPSO) (MOPSO)

1 0 738.29 296.48 405.85 551.7 571.17
2 740 209.7 380.62 409.32 543.05
3 739.29 254.33 338.3 533.59 590.25
a4 0 736.52 184.4 327.53 739.02 476.8
5 0 730.98 359.12 343.83 406.93 515.94
6 0 732.28 473.63 402.4 590.37 626.82
7 0 739.94 739.95 406.48 606 600.99
8 0 0 0 0 0 0
9 0 -682.28 -2.81 -9.58 -739.02 -241.77
10 0 -695.38 -5 -17.95 -172.3 -388.14
11 0 -601.84 -5.2 -5.67 -409.14 -207.9
12 0 -730.2 -0.31 -18.63 -311.16 -368.34
13 0 -672.01 -6.46 -126.97 -739.02 -550.25
14 0 -697.76 -5.39 -130.42 -300.04 -411.18
15 0 -645.47 -2.22 -26.2 -200.001 -390.12
16 0 -655.66 -12.98 -29.58 -246.16 -575.65
17 0 0 0 0 0 0
18 332.445 415.28 9.99 2.16 336.17 406.42
19 740.00 289.77 130.17 164.69 288.45 326.16
20 740.00 187.79 197.01 74 122.76 194.91
21 740.00 503.07 91.23 102.41 101.75 227.19
22 740.00 737.56 102.88 161.08 739.02 386.56
23 96.015 739.79 181.23 330.5 631.21 532.41
24 0 738.53 198.74 313.64 449.05 523.18
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Table 4.9 Comparison the objective function value of the IEEE 33-bus distribution
system for OOV2G

The Case Study
objective
functi Case 2 Case 3 Case 4 Case 5 Case 6 Case 7
unction
value (PSO) (PSO) (PSO) (MOPSO) (MOPSO)
total
« v ) 1056815 835692 983604  96.9743  89.3771  90.3547
THB
E total
( IOS;) 4.1049 59614 3.2258 5.0136 4.7055 5.2815
MW
pefak
(:u/y) 1,884.283 1,716.257 1,341.295 1,218.283 1,717.720 1,374.058
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Figure 4.13 Comparison operation of the V2G
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Figure 4.16 Comparison of energy loss of the OOV2G
Figure 4.13 illustrates the comparison of V2G operation profiles across six
cases. Case 2 represents the uncontrolled EV charging scenario, in which EVs are
charged during peak hours that coincide with the highest levels of household electricity
demand. In contrast, Cases 3 through 7 represent optimized V2G operation scenarios
based on the proposed method for each case. In these cases, EV charging is shifted to
off-peak periods, while discharging is scheduled during working hours, under the
assumption that EVs are only allowed to discharge when parked at the workplace.
Furthermore, when EV operation load profiles are combined with household load
demand, the total system load is illustrated in Figure 4.14. It is observed that during
the controlled V2G operations, especially between hours 9 and 16, discharging occurs
while EVs are parked at the workplace, supplying power back to the grid. This
contributes to a noticeable reduction in overall system demand during that time frame.
Among all cases, Case 3 demonstrates the highest discharging activity, resulting in the
most significant decrease in total system load during working hours.
Figure 4.15 shows the electricity cost comparison among all cases. It can be
observed that controlled V2G operations significantly reduce the overall electricity cost

compared to uncontrolled EV charging cases. In several time intervals, especially during
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low-demand hours, negative electricity cost values are observed, indicating that the
system earns revenue from discharging electricity back to the grid. Among all scenarios,
Case 3 achieves the lowest total electricity cost, followed closely by Case 6. However,
the results also reveal that excessive discharging can increase system power losses. As
shown in Figure 4.16, Case 3 results in the highest energy loss due to the increased
bidirectional power flow associated with high discharging activity. This energy loss is
even greater than that observed in the uncontrolled scenario. Conversely, Case 4 yields
the lowest energy loss, but discharging activities in this case are minimal. These findings
indicate that while V2G operation is effective in reducing electricity cost and peak
demand, it remains challenging to minimize energy loss together.
4.6.10 Evaluation of MOPSO Flexibility under Different Uncontrolled EV
Operation Scenarios
To further evaluate the flexibility and robustness of the proposed
MOPSO-TOPSIS approach, this section investigates its performance under different
base-case scenarios. Two key aspects are analyzed. The first is varying the number of
EVs in the system, and the second is considering an uncontrolled V2G operation model.
These evaluations are conducted under the multi-objective optimization scenario for
MCAP. The results demonstrate the efficiency and flexibility of the proposed
optimization framework in addressing changed and complex system conditions.
4.6.10.1 Varying the Number of EVs
This section presents a case study in which the number of
EVs integrated into the modified IEEE 33-bus distribution system is reduced to
demonstrate the flexibility and adaptability of the proposed MOPSO algorithm in
managing the MOOV2G under changing system conditions. In this scenario, the total
number of EVs in each bus is reduced to 100 units, and the initial SOC (SOC,) for each
EV is assumed to be 100% of SOC__ , corresponding to a percentage of the total
state of charge ( psoc) equal to 1. The MCS remains the method used to model the
uncertainty in EV user behavior, generating stochastic and realistic EV charging profiles
based on variables such as departure time, travel duration, and workplace parking
time. The impact of reducing the number of EVs alters the resulting uncontrolled EV

charging load profile differs from the baseline case (200 EVs). The updated



113

uncontrolled EV charging is used for comparison with the MOOV2G result in this
scenario. The resulting updated uncontrolled load profile is shown in Figure 4.17. Figure
4.18 presents a comparison of the uncontrolled load profiles between the original case
of 200 EVs and the reduced case of 100 EVs. The simulation results indicate that in
uncontrolled EV charging, the daily electricity cost for the entire system is 95.8486
kTHB/day, the energy loss is 4.1044 MWh/day, and the peak power demand is
1,514.2832 kW.
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Figure. 4.17 The load profiles EV result of varying EV levels case
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Figure. 4.18 Comparison of uncontrolled EV charging load profiles for 200 and 100

EVs

This case proposed using the MOPSO-TOPSIS to solve the MOOV2G
problem under the MCAP scenario. The simulation results of MDO-MOPSO-TOPSIS
method are presented in Table 4.10. The best solution was the highest closeness
coefficient of 0.9429. The electricity cost was reduced to 86.1352 kTHB/day, while the
peak power demand decreased to 1,201.5986 kW, while the energy loss increased to
5.3006 MWh/day. The results of the closeness coefficient from 30 trials are shown in
Figure 4.19. Figure 4.20 shows the results from MDO-MOPSO. The simulation result for
a combination of MOPSO and TOPSIS in solving the MOOV2G problem demonstrates
effectiveness in maintaining the balance between conflicting objectives of the MCAP.
Compared to the uncontrolled case, the MOPSO-TOPSIS can find a solution that
effectively reduces both electricity cost and peak power demand under low EV
integration levels. The comparison of EV operation between the uncontrolled and
controlled cases in this scenario is shown in Table 4.11, and Table 4.12 presents the
comparison of the objective function values of the IEEE 33-bus distribution system.

These findings confirm that the MOPSO-TOPSIS method is a flexible optimization
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strategy capable of delivering optimal scheduling solutions for V2G operation under

fluctuations in EV quantity.

Table 4.10 The result of 30 trials by MDO-MOPSO-TOPSIS under varying EV levels

MDO-MOPSO-TOPSIS method Calculation
Result Closeness Electricity cost Peak power Energy loss
value Coefficient (kTHB/day) demand (kW)  (MWh/day)
Max 0.9429
Avg. 0.8557 86.1352 1,201.5986 5.3006
Min 0.7137
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Figure 4.19 The result closeness coefficient from 30 trials under the varying EV levels.
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Table 4.11 Comparison results of the operation of V2G for MOOV2G for varying EV

levels case

Power consumption (kW)

Hours Uncontrolled EV MCAP
charging @EV100 (MOOV2G)

1 0 314.258
2 0 362.764
3 0 356.196
4 0 310.839
5 0 337.991
6 0 335.142
7 0 348.055
8 0 0
9 0 -357.074
10 0 -122.405
11 0 -271.365
12 0 -343.749
13 0 -148.653
14 0 -327.913
15 0 -189.282
16 0 -174.765
17 0 0
18 161.402 52.783
19 370 148.297
20 370 56.587
21 370 77.348
22 370 210.525
23 53.015 359.955
24 0 358.882
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Table 4.12 Comparison the objective function value of the IEEE 33-bus distribution

system for or varying EV levels case

Case Study
The objective function
Uncontrolled EV MCAP
value
charging @EV100 0
Ce’;’“’ (kTHB) 95.8486 86.1352
total
Eloss (MWh) 4.1044 5.3006
Preak (kW) 1,514.2832 1,201.5986

daily

4.6.10.2 Uncontrolled V2G operation model

This section considers the base case of an uncontrolled
V2G operation scenario. This study assumed that EVs are allowed to discharge energy
to the grid only when parked at the workplace while being connected to the grid.
Conversely, charging is permitted only when the EVs are parked at home. The load
profile for the uncontrolled V2G operation is generated based on user activity patterns
obtained from MCS and follows the operation of the V2G modeling framework
described in Section 4.2.3. The resulting load profile for the uncontrolled V2G
operation reflects a more realistic representation of EV behavior under bi-directional
charging conditions. This uncontrolled V2G load profile, which includes both charging
and discharging activities aligned with daily user activity patterns, is shown in Figure
4.21. The comparison between the uncontrolled V2G operation load profile and the
uncontrolled EV charging load profile under an equal number of EVs is shown in Figure
4.22. The simulation results indicate that in uncontrolled V2G operation, the daily
electricity cost for the entire system is 74.2286 kTHB/day, the energy loss is 4.7975
MWh/day, and the peak power demand is 1,884.2832 kW. When compared to the base
case with only household loads and without EV integration in Case 1, the uncontrolled
V2G operation scenario results in a lower electricity cost. This is due to increased
discharging during periods when EVs are parked at the workplace, which helps reduce
the electricity cost of the system. However, the energy loss and peak power demand

remain increasing. Moreover, V2G operations still have challenges in effectively
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minimizing energy losses. Therefore, this study proposes using the MOPSO-TOPSIS

approach to solve the MOOV2G problem to MCAP.
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Operation power (kW)

Figure 4.21 The load profiles EV result of uncontrolled V2G operation case
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The simulation results obtained from the MDO-MOPSO-TOPSIS
method from 30 trials are presented in Table 4.13. The best solution selected by the
TOPSIS method is the highest closeness coefficient of 0.8238. This solution reduces
the daily electricity cost to 71.3540 kTHB/day and minimizes peak power demand to
1,175.9121 kW. Moreover, the energy loss was reduced to 3.3274 MWh/day. However,
energy loss is still higher than without EV integration into the system. Figure 4.23
displays the closeness coefficient from 30 trials. Figure 4.24 shows the results from
MDO-MOPSQO, and illustrates that the MOPSO-TOPSIS approach successfully selected
a solution that effectively maintains a balance between the two conflicting objectives,
minimizing electricity cost and peak power demand. Furthermore, the simulation
results confirm that the MOOV2G operation using the proposed method remains
effective under various uncontrolled V2G operation scenarios. This highlights the
capability of the MOPSO-TOPSIS method to maintain optimal performance and
flexibility under changed and uncertain conditions. The comparison of EV operation
and the objective function values of the IEEE 33-bus distribution system is shown in

Tables 4.14 and 4.15, respectively.

Table 4.13 The result of 30 trials by MDO-MOPSO-TOPSIS for uncontrolled V2G base

case
MDO-MOPSO-TOPSIS method Calculation
Result Closeness Electricity cost Peak power Energy loss
value Coefficient (KTHB/day) demand (kw) (MWh/day)
Max 0.8238
Avsg. 0.7366 71.3540 1,175.9121 3.3274

Min 0.6082
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case
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Power consumption (kW)

Hours Case 1 Uncontrolled V2G MCAP
(Household) operation (MOPSO)
1 799.720 0 298.757
2 821.242 0 154.258
3 747.64 0 371.872
4 880.72 0 266.725
5 844.678 0 314523
6 486.02 0 659.267
7 341.71 0 380.372
8 438.65 0 0
9 562.76 -193.695 -414.682
10 579.72 -740 -507.736
11 560.58 -740 -455.719
12 598.66 -740 -699.867
13 583.04 -740 -582.670
14 427.85 -740 -552.769
15 587.92 -740 -098.725
16 561.53 -740 -517.614
17 632.37 0 0
18 664.62 283.667 333.484
19 1041.43 740 128.681
20 1144.28 740 28.221
21 1113.68 740 19.558
22 978.70 740 157.690
23 841.64 740 334.268
24 827.31 740 132.079
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Table 4.15 Comparison the objective function value of the IEEE 33-bus distribution

system for uncontrolled V2G base case

Case Study
The objective
Case 1 Uncontrolled V2G MCAP
function value
(Household) operation (MOPSO)
Ce’,j””l (kTHB) 86.0471 74.2286 71.3541
total
E loss (MW) 2.045 4.7975 3.3274

prek (kW) 1,144.2832 1,884.2832 1,175.9121

daily




CHAPTER V
CONCLUSION

5.1 Conclusion

This thesis presents a comprehensive study of the OOV1G and OOV2G in
distribution systems under both charging and discharging modes. The main objective
is to develop an effective optimization framework that minimizes electricity cost,
energy losses, and peak power demand in the power distribution network, aiming to
minimize an MOO. Consideration is given to different MOO problems in two cases,
which are MCAL and MCAP. To achieve this, the modified IEEE 33-bus distribution test
system was employed as a simulation environment. A MOPSO algorithm, combined
with the TOPSIS decision-making method, was proposed to solve the MOOV1G and
MOOV2G, including using the TOU tariff. Additionally, MCS was used to generate
realistic EV charging load profiles by modeling user behavior and incorporating
uncertainty in daily usage patterns. The proposed framework was tested across seven
different operating cases and further validated under varying EV levels and algorithm
parameter settings to demonstrate its robustness and flexibility.

Solving the MOOV1G problem by considering MOO in two scenarios, which are
MCAL and MCAP. The proposed MOPSO-TOPSIS approach can successfully solve the
MOOV1G. When simulation results were compared against uncontrolled EV operation,
modeled using the MCS. The results demonstrated that the proposed MOPSO-TOPSIS
method effectively achieved the objectives of both MCAL and MCAP, by reducing both
objectives and maintaining the balance between conflicting objectives.

For the MOOV2G, the same optimization framework was applied to the
bidirectional operation of EVs. While the method successfully minimized electricity
costs, especially under the MCAP scenario, it encountered a limitation under the MCAL
case. Due to the bidirectional power flow introduced by V2G discharging, energy loss

in the system tended to increase, making it difficult to reduce both electricity cost and
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energy loss simultaneously. Therefore, the MCAP scenario, which focuses on
minimizing electricity cost and peak power demand, was introduced as a more feasible
alternative. The results show that the proposed MOPSO-TOPSIS approach remains
effective and flexible even under the varying operational complexities of V2G.
Overall, this research successfully achieved its objectives by solving the
MOOV1G and MOOV2G problems using the proposed MOPSO algorithm combined with
the TOPSIS method to select the best compromise solutions from the Pareto front.
The integrated framework demonstrated effectiveness in balancing conflicting
objectives under multi-objective optimization. In addition, the uncertainty of EV user
behavior was addressed using MCS, which can generate realistic EV load profiles. These
profiles were used as a foundation for evaluating and optimizing EV charging strategies
in the IEEE 33-bus distribution test system. The proposed methodology has proven to

be both robust and adaptable under various operating conditions.

5.2  Suggestions

Based on the findings, this study demonstrates the potential benefits of V1G
and V2G operations in effectively reducing electricity costs, energy losses, and peak
power demand in the distribution system. These results indicate that the proposed
approach can be implemented in the context of Thailand, where EV adoption is
increasing and the country is transitioning toward a more sustainable energy future.
However, several limitations must be addressed before real-world implementation is
feasible. Currently, Thailand’s distribution infrastructure is not yet fully equipped to
support widespread bidirectional charging. Furthermore, smart energy management
systems (EMS), which are essential for implementing optimal charging and discharging
schedules, have not been widely deployed across charging stations or home charging.
A particularly critical limitation is the issue of user consent and autonomy. Optimal
V1G and V2G operations require a degree of centralized control over EV charging and
discharging schedules, which may conflict with user preferences. Without appropriate
incentives or regulatory frameworks, many users may be unwilling to allow external

control of their vehicle’s operation.
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Therefore, while the research confirms the technical effectiveness of optimized
EV operation, its practical implementation in Thailand requires comprehensive
development in infrastructure, policy, and user engagement. These elements must be
carefully addressed to enable the successful implementation and integration of EVs

into the Thai power grid.
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APPENDIX A

Input parameter

Table A.1 Load bus data of IEEE 33-bus distribution test system

Bus Load (MW) Load (Mvar)

1 0.00 0

2 0.10 0.06
3 0.09 0.04
4 0.12 0.08
5 0.06 0.03
6 0.06 0.02
7 0.20 0.1

8 0.20 0.1

9 0.06 0.02
10 0.06 0.02
11 0.05 0.03
12 0.06 0.035
13 0.06 0.035
14 0.12 0.08
15 0.06 0.01
16 0.06 0.02
17 0.06 0.02

0.09 0.04

—
oo
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Table A.1 Load bus data of IEEE 33-bus distribution test system (continued)

Bus Load (MW) Load (Mvar)
19 0.09 0.04
20 0.09 0.04
21 0.09 0.04
22 0.09 0.04
23 0.09 0.05
24 0.42 0.2
25 0.42 0.2
26 0.06 0.025
27 0.06 0.025
28 0.06 0.02
29 0.12 0.07
30 0.20 0.6
31 0.15 0.07
32 0.21 0.1

33 0.06 0.04




Table A.2 Line data of IEEE 33-bus distribution test system
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From To R X Jn
No. Line

(Bus) (Bus) (p.u.) (p.u.) (MW)
1 1 2 0.0575 0.0298 5
2 2 3 0.3076 0.1567 5
3 3 a4 0.2284 0.1163 5
4 al 5 0.2378 0.1211 5
5 5 6 0.5110 0.4411 5
6 6 7 0.1168 0.3861 5
7 7 8 1.0678 0.7706 5
8 8 9 0.6426 0.4617 5
9 9 10 0.6489 0.4617 2.5
10 10 11 0.1227 0.0406 2.5
11 11 12 0.2336 0.0772 2.5
12 12 13 0.9159 0.7206 2.5
13 13 14 0.3379 0.4448 2.5
14 14 15 0.3687 0.3282 2.5
15 15 16 0.4656 0.3400 2.5
16 16 17 0.8042 1.0738 2.5
17 17 18 0.4567 0.3581 2.5
18 2 19 0.1023 0.0976 2.5
19 19 20 0.9385 0.8457 2.5
20 20 21 0.2555 0.2985 2.5
21 21 22 0.4423 0.5848 2.5
22 3 23 0.2815 0.1924 2.5




Table A.2 Line data of IEEE 33-bus distribution test system (continued)
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_ From To R X Fra
o- Line (Bus) (Bus) (p.u.) (p.u.) (MW)

23 23 24 0.5603 0.4424 2.5
24 24 25 0.559 0.4374 2.5
25 6 26 0.1267 0.0645 2.5
26 26 27 0.1773 0.0903 2.5
27 27 28 0.6607 0.5826 2.5
28 28 29 0.5018 0.4371 2.5
29 29 30 0.3166 0.1613 2.5
30 30 31 0.608 0.6008 2.5
31 31 32 0.1937 0.2258 2.5
32 32 33 0.2128 0.3308 2.5
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Table A.3 Residential Load Profile for Central Thailand in July

Power consumption Power consumption
Hours

(kW) (p.u.)
1 799.7234 0.6989
2 821.2429 0.7177
3 747.639 0.6534
aq 880.7245 0.7697
5 844.6797 0.7382
6 486.0253 0.4247
7 341.7095 0.2986
8 438.6506 0.3833
9 562.7579 0.4918
10 579.7174 0.5066
11 560.5811 0.4899
12 598.6628 0.5232
13 583.0363 0.5095
14 427.8459 0.3739
15 587.9189 0.5138
16 561.5341 0.4907
17 632.3694 0.5526
18 664.6177 0.5808
19 1041.423 0.9101
20 1144.283 1.0000
21 1113.682 0.9733
22 978.7002 0.8553
23 841.6437 0.7355
24 827.3081 0.7230



APPENDIX B

Convergence Characteristics of PSO and GA for Sigle-objective
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Figure B.3 PSO Convergence curves for V2G Single-Objective Cases: (a) MEC, (b) MEL,

and (c) MPP
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Figure B.3 PSO Convergence curves for V2G Single-Objective Cases: (a) MEC, (b) MEL,

and (c) MPP (continued)
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APPENDIX C

Hourly Voltage and Power Flow Results of Each Bus

Table C.1 Hourly bus voltage results for the MCAL case from OOV1G

Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
1 2 3 4 1 2 3 4
1 1.0000  1.0000  1.0000  1.0000 18  0.9609 09677 09629  0.9629
2 0.9972 0.9974  0.9969  0.9973 19 09967 0.9970  0.9964  0.9968
3 0.9839 0.9852 0.9824 09844 20 09934 09939 0.9928  0.9935
4 09769 0.9787 09748 09775 21 0.9927 09933 09921  0.9929
5 0.9700 09724 09673 09708 22 09921 09927 09915 0.9923
6 0.9535 0.9569 0.9695 0.9544 23 09805 09821 09788 0.9811
7 0.9505 0.9541 09664  0.9514 24 09743 09763 09720 0.9750
8 0.9677 0.9623 0.9624 09690 25 09712 09734 0.9686  0.9719
9 0.9617 0.9669 0.9658 0.9632 26  0.9517 0.9553 0.9676  0.9527
10 09662 09618 09698 09678 27  0.9694 0.9532 0.9652  0.9504
11 09654 0.9610 0.9688 0.9670 28  0.9696 0.9639 0.9649  0.9606
12 09639 0.9697 0.9672 0.9656 29  0.9626 0.9672 0.9675 0.9635
13 09681 09644 09608 09700 30  0.9695 0.9643 = 0.9641  0.9604
14 09660 09624 09685 09679 31 0.9657  0.9608 0.9600 0.9666
15 09646 09612 09670 09666 32  0.9649  0.9600 0.9691  0.9658
16 09633 0.9700  0.9656  0.9653 33  0.9646 0.9698 0.9689  0.9656
17 09614 09683 09635 0.9635




Table C.1 Hourly bus voltage results for the MCAL case from OOV1G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
5 6 7 8 5 6 7 8
1 1.0000 1.0000  1.0000  1.0000 18 09694 0.9620 0.9613  0.9650
2 0.9972  0.9975 0.9968  0.9989 19 09967 09971  0.9963  0.9987
3 0.9837 0.9857 0.9819 0.9937 20 09933 09941 0.9927 0.9973
4 09766 09796 09741 09910 21 0.9926 09936 09920 0.9971
5 0.9695 0.9735 09663 09882 22 09920 09931 09914  0.9968
6 0.9527 0.9594 09691 0.9815 23 09802 09827 09781 0.9923
7 0.9696 0.9571 0.9665 0.9803 24 09739 09772 09712 0.9898
8 0.9666 0.9658 0.9619 09753 25 09708 09744  0.9677 0.9886
9 0.9605 0.9605 0.9650 0.9730 26 09509 09580 0.9673  0.9808
10 09650 0.9656 09687 09709 27  0.9685 0.9560 0.9649  0.9799
11 09641 09648 09677 09706 28 09685 0.9681 0.9656  0.9757
12 09626 0.9635 0.9659  0.9701 29 09613 09624 09691 09728
13 09667 09683 09694 09678 30  0.9681 0.9698 0.9659 0.9715
14 09646 09666 09671 09670 31 0.9642 09665 0.9617  0.9700
15 09632 09653 09655 09665 32  0.9634 0.9658 0.9609  0.9696
16 09619 09642 09640 09660 33  0.9631 0.9656 0.9606  0.9695
17 09700 0.9625 0.9619  0.9653




Table C.1 Hourly bus voltage results for the MCAL case from OOV1G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
9 10 11 12 9 10 11 12
1 1.0000 1.0000  1.0000  1.0000 18  0.9547 0.9533 0.9549  0.9517
2 0.9986 0.9985 0.9986  0.9985 19 09983 09983 0.9983  0.9982
3 0.9919 0.9916 09919 09913 20 09966 0.9965 0.9966  0.9963
4 0.9883 0.9879 0.9884 09875 21 0.9962 0.9961 0.9962  0.9960
5 0.9848 0.9843 0.9849 09838 22 09959 09958 0.9959  0.9956
6 09761 09754 09762 09745 23 09901 09898 0.9902  0.9895
7 09745 09737 09746 09728 24 09869 0.9865 0.9869  0.9860
8 0.9681 0.9671 09682 0.9659 25 09853 09848 0.9853 0.9843
9 0.9651 0.9640 0.9652 0.9628 26  0.9752 0.9744 09753 0.9736
10 09624 09612 09625 09599 27 09740 09732 09741 09723
11 09620 09608 09621 09594 28 0.9686 0.9676 0.9687  0.9665
12 09612 09600 0.9614 0.9587 29  0.9648 0.9637 0.9649  0.9624
13 09584 09571 09585 09556 30  0.9631 0.9619 0.9632 0.9606
14 09573 09560 09575 09545 31 0.9611 09599 09613  0.9585
15 09566 09553 09568 09537 32  0.9607 0.9595 0.9609  0.9581
16 09560 09546 0.9562  0.9531 33 09606 0.9593  0.9607  0.9580
17 09550 0.9536  0.9552  0.9520




Table C.1 Hourly bus voltage results for the MCAL case from OOV1G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
13 14 15 16 13 14 15 16

1 1.0000 1.0000  1.0000  1.0000 18  0.9530 0.9659 0.9526  0.9548
2 0.9985 0.9989  0.9985  0.9986 19 09983 0.9987 09982  0.9983
3 0.9916 0.9939 0.9915 09919 20 09964 09974 0.9964  0.9966
4 0.9879 0.9912 09878 0.9883 21 0.9961  0.9971 0.9960 0.9962
5 0.9842 0.9885 0.9841 09848 22 09958 0.9969  0.9957  0.9959
6 0.9752 0.9820 0.9750 0.9762 23 09898 0.9925 0.9897  0.9901
7 09735 0.9808 0.9733 09745 24 09864 09901 0.9863  0.9869
8 0.9669 0.9759  0.9666  0.9681 25 09847 09889 0.9846  0.9853
9 0.9638 0.9737 0.9635 0.9652 26 09743 09813 09741 0.9753
10 09610 09716 09606 09624 27 09730 09804 09728 0.9741
11 09605 09713 09602 09620 28 09674 09764 09672 0.9687
12 09598 0.9708 0.9594 0.9613 29  0.9634 09734 09631 0.9648
13 09568 09686 09564 09585 30 09617 09722 09614 0.9632
14 09557 09678 09553 09574 31 0.9597 09707  0.9593  0.9612
15 09550 09673 09546 09567 32  0.9592 09704 0.9589  0.9608
16 09543 09669 09539 0.9561 33 09591 0.9703 0.9587  0.9607
17 09533 0.9661 0.9529  0.9551




Table C.1 Hourly bus voltage results for the MCAL case from OOV1G (continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
17 18 19 20 17 18 19 20

1 1.0000 1.0000  1.0000  1.0000 18 09689 0.9621 0.9632  0.9535
2 0.9984  0.9979  0.9968  0.9965 19 09981 09975 0.9963  0.9959
3 0.9908 0.9877 0.9818  0.9801 20 09961 0.9949 0.9925 0.9918
4 0.9868 0.9824 09738 09714 21 0.9957  0.9944  0.9918 0.9910
5 0.9829 09771 0.9660 09628 22 09954 0.9939 0.9911 0.9903
6 0.9730 0.9644 09668 0.9618 23 09889 09851 09780 0.9760
7 09712 0.9621 0.9633 0.9679 24 09852 09803 09709 0.9683
8 0.9639 0.9524 09687 09619 25 09834 09779 09674  0.9645
9 0.9606  0.9679  0.9619 09645 26 09720 0.9631 0.9648  0.9696
10 09575 09637 09656 09677 27 09707 09613 09621 0.9667
11 09570 09631 09647 09666 28  0.9646 0.9537 0.9605 0.9639
12 09562 0.9620 0.9630 0.9648 29  0.9602 0.9683 0.9622 0.9648
13 09530 09676 0.9665 0.9626 30  0.9583 0.9659 0.9685  0.9608
14 09518 0.9660 0.9640 09600 31 0.9561  0.9630 0.9642  0.9660
15 09510 0.9650 09625 09583 32  0.9556 0.9623 0.9632  0.9649
16 09503 09640 09610 09566 33  0.9555 0.9621 0.9629  0.9646
17 09692 0.9625 0.9638  0.9542




Table C.1 Hourly bus voltage results for the MCAL case from OOV1G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
21 22 23 24 21 22 23 24
1 1.0000 1.0000  1.0000  1.0000 18 09564 0.9640 0.9622  0.9630
2 0.9966 0.9970  0.9972  0.9973 19 09960 0.9965 0.9968  0.9968
3 0.9806 0.9828 0.9842 09843 20  0.9920 0.9929 0.9935 0.9935
4 09721 09753 09773 09775 21 0.9913  0.9922 0.9928 0.9929
5 0.9637 0.9679 09705 09708 22  0.9906 0.9916 0.9923 0.9923
6 0.9633 0.9698 0.9541 0.9545 23 09766 09792 0.9809 0.9810
7 0.9695 0.9665 0.9511 0.9516 24 09691 09725 09747 0.9749
8 0.9640 0.9627  0.9685  0.9691 25 09653 09692 09717 0.9719
9 0.9667 0.9663  0.9627 0.9633 26 09611 09679 0.9524  0.9528
10 09601 0.9604 0.9673 09679 27 09683 0.9654 0.9501  0.9505
11 09690 09695 0.9664  0.9671 28 09659 09645 0.9603  0.9609
12 09673 0.9680 0.9650 0.9657 29  0.9670 0.9666 0.9633  0.9639
13 09603 09618 09693 0.9600 30 09631 0.9632 0.9601 0.9608
14 09627 09695 09673 09680 31 0.9684 09691  0.9664  0.9671
15 09610 09680 09659 09667 32 09674 09682 0.9656 0.9663
16 09594 09666 09646 09654 33  0.9671 0.9679 09653  0.9661
17 09571 0.9646 0.9628  0.9636




Table C.2 Hourly bus power flow results for the MCAL case from OOV1G
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Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
1 2 3 4 1 2 3 4

1 39878 3.5897 4.4784 37732 17  0.0922 0.0832 0.1032  0.0872
2 35043 3.1541 39361  3.3159 18 03701 0.3340 0.4145  0.3501
3 24041  2.1644 26996  2.2755 19  0.2777 0.2506 0.3110 0.2627
4 22641 2.0389 25415 21429 20 0.1846 0.1666  0.2067  0.1747
5 2.1865 1.9697  2.4534 20694 21 0.0923  0.0833  0.1033  0.0873
6 1.1269 1.0152  1.2644  1.0654 22 09623 0.8679 1.0784 0.9101
7 0.9204 0.8290 1.0332  0.8701 23 08671 07821 09714  0.8201
8 0.7044  0.6348 0.7900  0.6660 24  0.4317 0.3896 0.4835 0.4084
9 0.6389 0.5760 0.7162 0.6042 25  0.9652 0.8710 1.0808 0.9145
10 05741 05178 0.6434 05430 26  0.9018 0.8137 1.0098 0.8544
11 05275 04758 05911 04989 27  0.8378 0.7560 0.9380 0.7937
12 04650 0.4195 0.5210 04398 28  0.7681 0.6932 0.8600 0.7273
13 04009 0.3618 0.4488 03792 29  0.6397 0.5773 0.7163 0.6054
14 02774 02503 03106 0.2624 30 0.4319 0.3897 0.4836  0.4085
15 02156 0.1946 0.2414 02040 31 0.2767 02498 0.3098 0.2618
16  0.1538 0.1389 0.1722 0.1455 32  0.0615 0.0555 0.0688  0.0581
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Table C.2 Hourly bus power flow results for the MCAL case from OOV1G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
5 6 7 8 5 6 7 8

1 40104 3.7847  4.0679  1.4523 17  0.0926 0.0882 0.1168  0.0345
2 35245 33241  4.4537  1.2741 18  0.3718 0.3538  0.4691  0.1382
3 24182 22796  3.0525  0.8747 19  0.2790 0.2654  0.3520  0.1036
4 22771 21484 28738 0.8260 20 0.1855 0.1765 0.2340  0.0690
5 2.1987 2.0769 27741 0.8005 21 0.0927  0.0882  0.1169  0.0345
6 1.1323  1.0748 1.4330 04157 22  0.9668 09192 1.2210 0.3579
7 0.9250 0.8775 1.1713 0.3388 23  0.8711 0.8284  1.0997 0.3229
8 0.7077 0.6721  0.8950  0.2605 24  0.4337 04127 05472 0.1612
9 0.6419 0.6100 0.8111 0.2370 25 09706 09172 1.2189 0.3567
10 05768 05484 07285 02135 26  0.9068 0.8571 1.1388 0.3334
11 05299 05039 0.6693 0.1962 27 0.8424 0.7965 1.0579  0.3099
12 04672 0.4443 0.5899  0.1731 28 07720 0.7320 09711  0.2855
13 04027 0.3833 05079 01497 29  0.6428 0.6107 0.8097 0.2384
14 02786 0.2652 0.3515 0.1036 30 0.4338 04128 0.5473  0.1612
15 02166 02062 0.2732 0.0806 31 0.2780 0.2646  0.3505  0.1035
16 0.1545 0.1471 0.1948 0.0575 32  0.0617 0.0588 0.0778  0.0230
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Table C.2 Hourly bus power flow results for the MCAL case from OOV1G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
9 10 11 12 9 10 11 12
1 1.8741 19322 18667 1.9971 17  0.0443  0.0456  0.0441  0.0471
2 1.6448 1.6959 16383  1.7530 18  0.1773 0.1827 0.1766  0.1887
3 1.1292 11642  1.1247  1.2034 19  0.1330 0.1370 0.1325 0.1415
4 1.0657 1.0987 1.0615 1.1356 20  0.0886 0.0912 0.0882  0.0942
5 1.0320 1.0638  1.0279 1.0994 21 0.0443  0.0456  0.0441  0.0471
6 0.5347 0.5510 0.5326 0.5692 22 0.4596 0.4735 0.4578  0.4891
7 0.4359  0.4492 0.4342  0.4641 23 04146 04272  0.4130 0.4412
8 0.3349 0.3451  0.3336 03565 24 02069 02131 0.2061 0.2201
9 0.3045 0.3137  0.3033  0.3241 25 04592 04733  0.4574  0.4890
10 02742 02825 02731 02918 26 04292 04423 04275 0.4570
11 02520 0.2596 0.2510  0.2681 27 0.3989 04111 0.3974  0.4248
12 02223 0.2290 0.2214 0.2365 28 0.3669 0.3781 0.3655  0.3905
13 0.1921 0.1979 0.1914 02044 29  0.3062 0.3154 0.3050 0.3258
14  0.1330 0.1370 0.1325 0.1415 30  0.2069 0.2132 0.2061  0.2202
15 0.1034 0.1065 0.1030 0.1100 31 0.1328  0.1368  0.1323  0.1413
16 0.0738 0.0760 0.0735 0.0785 32  0.0295 0.0304 0.0294 0.0314
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Table C.2 Hourly bus power flow results for the MCAL case from OOV1G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
13 14 15 16 13 14 15 16
1 1.9435 14158 1.9603  1.8699 17  0.0459  0.0337 0.0462  0.0442
2 1.7059 1.2421 17206 1.6411 18  0.1837 0.1348 0.1853  0.1769
3 1.1711  0.8527  1.1812  1.1266 19  0.1378 0.1011 0.1390  0.1327
4 1.1051 0.8053 1.1146 1.0633 20  0.0918 0.0673 0.0925 0.0884
5 1.0700 0.7805 1.0792 1.0297 21 0.0459  0.0337  0.0463  0.0442
6 0.5542  0.4053 0.5589 0.5335 22 04763 0.3490 0.4803 0.4586
7 0.4518 0.3303 0.4557 04350 23 04296 03149 0.4332  0.4137
8 0.3471 0.2541  0.3501  0.3342 24 02143 0.1572 0.2161 0.2064
9 0.3156 0.2311 0.3182 0.3038 25 04761 03478 0.4801 0.4582
10 02841 0.2082 02865 02736 26 04449 03251 0.4487 0.4282
11 02611 0.1913 02633 02514 27 04135 03022 04170 0.3980
12 02303 0.1688 0.2322 0.2218 28 0.3803 0.2784 0.3835 0.3661
13 0.1991 0.1460  0.2007 0.1917 29  0.3173 0.2325 0.3199 0.3055
14  0.1378 0.1011 0.1389 0.1327 30 0.2144 0.1573 0.2162  0.2065
15 0.1071 0.0786 0.1080 0.1032 31 0.1376 ~ 0.1010  0.1388  0.1325
16 00765 0.0561 0.0771 0.0737 32  0.0306 0.0224 0.0308 0.0294
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Table C.2 Hourly bus power flow results for the MCAL case from OOV1G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
17 18 19 20 17 18 19 20

1 2.1130  3.0055 4.3564  4.7355 17 0.0497 0.0703  0.0998  0.1079
2 1.8549 26393 3.8306 4.1655 18 0.1993 0.2817  0.4010 0.4336
3 1.2734 18111  2.6289  2.8589 19  0.1495 0.2114 0.3009  0.3253
4 1.2014 17075 24736 2.6885 20  0.0995 0.1406 0.2000 0.2162
5 1.1629 1.6513 23860 25913 21 0.0498  0.0703  0.1000  0.1081
6 0.6017 0.8537 1.2242 13266 22 05168 07314 1.0435 1.1291
7 0.4907 0.6967  1.0006 1.0848 23  0.4661 0.6594 0.9399 1.0167
8 0.3768 0.5342 0.7647 0.8283 24 02325 0.3286 0.4677  0.5057
9 0.3425 0.4851 0.6932 0.7503 25  0.5171 0.7317 1.0522 1.1411
10 03083 0.4364 0.6226 0.6736 26 04832 0.6837 0.9829  1.0659
11 0.2833 04010 05720 0.6189 27 04491 0.6354 09128 0.9897
12 0.2499 0.3536 0.5041 0.5454 28 04127 0.5836 0.8348 0.9040
13 02160 0.3053 04341 04693 29  0.3442 04866 0.6940  0.7509
14  0.1494 0.2112 03004 0.3247 30 0.2326 0.3288 0.4678 0.5058
15 01162 0.1642 0.2335 02524 31 0.1493 02109 0.2996  0.3238
16 0.0830 0.1172 0.1665 0.1799 32  0.0332 0.0468 0.0665 0.0719
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Table C.2 Hourly bus power flow results for the MCAL case from OOV1G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
21 22 23 24 21 22 23 24

1 4.6222 41275 38621  3.8379 17  0.1055 0.0949  0.0893  0.0888
2 4.0654  3.6285 3.3939  3.3725 18 04239 0.3811 0.3584  0.3564
3 27901 24901 2.3287  2.3140 19 03181 0.2860 0.2689  0.2674
4 26242 23438 21931 21794 20 0.2114 0.1901 0.1788 0.1778
5 25300 22618 21179 21048 21 0.1056  0.0950  0.0894  0.0889
6 1.2961 11621  1.0910 1.0845 22 1.1036 09914  0.9319  0.9265
7 1.0597 09495 0.8911 0.8857 23 09939 0.8931 0.8397 0.8348
8 0.8094 0.7261 0.6820 0.6780 24  0.4944 04445 04181 0.4157
9 0.7333  0.6584 0.6186 0.6150 25 1.1146  0.9982  0.9355  0.9298
10 0.6584 05915 05560 05527 26 1.0412 09326 0.8740 0.8687
11 0.6049 05434 05108 05079 27 09668 0.8662 0.8120 0.8070
12 05331 04790 04504 04477 28  0.8834 0.7928 0.7443  0.7398
13 04588 0.4127 0.3882 03860 29  0.7340 0.6594 0.6197 0.6161
14 03175 0.2856 0.2686 0.2671 30 04945 04447 04183  0.4159
15 02468 0.2220 0.2088 0.2076 31 0.3166  0.2849  0.2680  0.2665
16 0.1759 0.1583  0.1490  0.1481 32 0.0703 0.0633 0.0595  0.0592




Table C.3 Hourly bus voltage results for the MCAP case from OOV1G
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
1 2 3 4 1 2 3 4
1 1.0000 1.0000  1.0000  1.0000 18  0.9536 0.9508 0.9619 0.9743
2 0.9956  0.9955 0.9961  0.9965 19 09948 09947  0.9955  0.9959
3 09746 0.9740 0.9778 0.9801 20 09898 0.9896  0.9910  0.9919
4 0.9636  0.9626 09681 09714 21 0.9888 0.9836 09902 0.9911
5 0.9526 0.9514 09586 0.9628 22 09880 09877 0.9894  0.9904
6 0.9673  0.9654  0.9665 0.9625 23 09694 09686 0.9732  0.9759
7 0.9631 0.9610 0.9627 0.9689 24  0.9598 0.9587 0.9647 0.9682
8 0.9623 0.9847 0.9647 0.9629 25 09549 09538 0.9605 0.9644
9 09776 09748 0.9663 0.9654 26  0.9647 0.9627 09641 0.9603
10 09686 09655 09835 09685 27 09611 09691 09610 0.9675
11 09672 09641 09823 09674 28 09670 0.9645 09685 0.9657
12 09648 0.9616 09802 0.9656 29 09819 09791 0.9696 0.9672
13 09553 09619 09720 09833 30 09771 09743 09655 0.9633
14 09620 09585 09691 09807 31 09712 09682  0.9603  0.9686
15 09597 09561 09672 09790 32  0.9699 0.9669 0.9842  0.9676
16 09576 09539 09653 09773 33  0.9696 0.9665 09839 0.9673
17 09545 0.9508 0.9627  0.9750




Table C.3 Hourly bus voltage results for the MCAP case from OOV1G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
5 6 7 8 5 6 7 8
1 1.0000 1.0000  1.0000  1.0000 18 09540 0.9727 0.9690 0.9650
2 0.9956  0.9964  0.9971  0.9989 19 09949 09958 0.9966  0.9987
3 0.9747 09795 09833 0.9937 20 09898 09917 0.9932 0.9973
4 0.9637 0.9707 09761 09910 21 0.9889 0.9910 09926  0.9971
5 0.9528 0.9619 09689 09882 22 09830 09903 0.9920 0.9968
6 0.9675 0.9622  0.9530 0.9815 23 09695 09753 09797 0.9923
7 0.9632 0.9690 0.9506 0.9803 24 09599 09675 09734  0.9898
8 0.9625 0.9625 09671 09753 25 09551 09636 0.9702 0.9886
9 0.9779 0.9647  0.9609 0.9730 26 09648 09601 0.9513  0.9808
10 09690 09676 09651 09709 27 09613 09673 09691  0.9799
11 09676 09664 09642 09706 28 09670 0.9665 0.9605 0.9757
12 09651 0.9644 0.9625 0.9701 29 09818 09688 09644 09728
13 09557 09820 09665 09678 30 09771 09652 0.9614 0.9715
14 09624 09794 09644 09670 31 09712  0.9605 0.9676  0.9700
15 09602 09776 09629 09665 32  0.9699 0.9695 0.9668 0.9696
16 09580 09758 09615 09660 33  0.9695 0.9692 0.9666  0.9695
17 09550 0.9735 0.9696  0.9653




Table C.3 Hourly bus voltage results for the MCAP case from OOV1G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
9 10 11 12 9 10 11 12
1 1.0000 1.0000  1.0000  1.0000 18  0.9547 0.9533 0.9549  0.9517
2 0.9986 0.9985 0.9986  0.9985 19 09983 09983 0.9983  0.9982
3 0.9919 0.9916 09919 09913 20 09966 0.9965 0.9966  0.9963
4 0.9883 0.9879 0.9884 09875 21 0.9962 0.9961 0.9962  0.9960
5 0.9848 0.9843 0.9849 09838 22 09959 09958 0.9959  0.9956
6 09761 09754 09762 09745 23 09901 09898 0.9902  0.9895
7 09745 09737 09746 09728 24 09869 0.9865 0.9869  0.9860
8 0.9681 0.9671 09682 0.9659 25 09853 09848 0.9853 0.9843
9 0.9651 0.9640 0.9652 0.9628 26  0.9752 0.9744 09753 0.9736
10 09624 09612 09625 09599 27 09740 09732 09741 09723
11 09620 09608 09621 09594 28 0.9686 0.9676 0.9687  0.9665
12 09612 09600 0.9614 0.9587 29  0.9648 0.9637 0.9649  0.9624
13 09584 09571 09585 09556 30  0.9631 0.9619 0.9632 0.9606
14 09573 09560 09575 09545 31 0.9611 09599 09613  0.9585
15 09566 09553 09568 09537 32  0.9607 0.9595 0.9609  0.9581
16 09560 09546 0.9562  0.9531 33 09606 0.9593  0.9607  0.9580
17 09550 0.9536  0.9552  0.9520




Table C.3 Hourly bus voltage results for the MCAP case from OOV1G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
13 14 15 16 13 14 15 16

1 1.0000 1.0000  1.0000  1.0000 18  0.9530 0.9659 0.9526  0.9548
2 0.9985 0.9989  0.9985  0.9986 19 09983 0.9987 09982  0.9983
3 0.9916 0.9939 0.9915 09919 20 09964 09974 0.9964  0.9966
4 0.9879 0.9912 09878 0.9883 21 0.9961  0.9971 0.9960 0.9962
5 0.9842 0.9885 0.9841 09848 22 09958 0.9969  0.9957  0.9959
6 0.9752 0.9820 0.9750 0.9762 23 09898 0.9925 0.9897  0.9901
7 09735 0.9808 0.9733 09745 24 09864 09901 0.9863  0.9869
8 0.9669 0.9759  0.9666  0.9681 25 09847 09889 0.9846  0.9853
9 0.9638 0.9737 0.9635 0.9652 26 09743 09813 09741 0.9753
10 09610 09716 09606 09624 27 09730 09804 09728 0.9741
11 09605 09713 09602 09620 28 09674 09764 09672 0.9687
12 09598 0.9708 0.9594 0.9613 29  0.9634 09734 09631 0.9648
13 09568 09686 09564 09585 30 09617 09722 09614 0.9632
14 09557 09678 09553 09574 31 0.9597 09707  0.9593  0.9612
15 09550 09673 09546 09567 32  0.9592 09704 0.9589  0.9608
16 09543 09669 09539 0.9561 33 09591 0.9703 0.9587  0.9607
17 09533 0.9661 0.9529  0.9551




Table C.3 Hourly bus voltage results for the MCAP case from OOV1G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
17 18 19 20 17 18 19 20

1 1.0000 1.0000  1.0000  1.0000 18  0.9689 0.9627 0.9832 0.9735
2 0.9984 0.9976  0.9968  0.9965 19 09981 09971  0.9963  0.9959
3 0.9908 0.9860 0.9818  0.9801 20 09961 0.9942 0.9925 0.9918
4 0.9868 0.9799 09738 09714 21 0.9957  0.9936  0.9918  0.9910
5 0.9829 0.9739 0.9660 09628 22  0.9954 09931 0.9911 0.9903
6 0.9730 0.9596  0.9668 0.9618 23 09889 09830 09780 0.9760
7 09712 09571 0.9633 0.9679 24 09852 09776 09709 0.9683
8 0.9639  0.9660 0.9687 0.9619 25 09834 09749 0.9674  0.9645
9 0.9606  0.9608 0.9619 09645 26 09720 0.9581 0.9648  0.9696
10 09575 09660 09656 09677 27 09707 09561 0.9621  0.9667
11 09570 09653 09647 09666 28  0.9646 0.9678 0.9605 0.9639
12 09562 0.9640 0.9630 0.9648 29  0.9602 0.9618 0.9622 0.9648
13 09530 0.9690 09665 09826 30  0.9583 0.9690 0.9685 0.9608
14 09518 09672 09640 09800 31 0.9561  0.9658 0.9642  0.9660
15 09510 09660 09625 09783 32  0.9556 0.9651 0.9632  0.9649
16 09503 09649 09610 09766 33  0.9555 0.9648 0.9629  0.9646
17 09692 0.9632 0.9838 0.9742




Table C.3 Hourly bus voltage results for the MCAP case from OOV1G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
21 22 23 24 21 22 23 24

1 1.0000 1.0000  1.0000  1.0000 18 09764 09765 0.9528 0.9677
2 0.9966  0.9966  0.9956  0.9974 19 09960 0.9960 0.9948  0.9970
3 0.9806 0.9805 0.9745 09852 20  0.9920 0.9920 0.9898  0.9939
4 09721 09721 09634 09787 21 0.9913 0.9913 09888 0.9933
5 0.9637 0.9637 0.9524 09724 22 09906 09906 0.9879  0.9927
6 0.9633 0.9635 0.9669 0.9569 23 09766 09765 0.9692  0.9821
7 0.9695 0.9699  0.9626  0.9541 24 09691 0.9690 0.9596  0.9763
8 0.9640 0.9642 09617 09623 25 09653 0.9652 09547 0.9734
9 0.9667 0.9670 09770 0.9669 26 09611 09614 09642  0.9553
10 09601 0.9602 0.9680 0.9618 27  0.9683 0.9686 0.9606  0.9531
11 09690 09692 09666 09610 28  0.9659 0.9666 0.9663  0.9639
12 09673 09674 09641 09697 29  0.9670 0.9680 0.9810 0.9672
13 09603 09603 09646 09644 30 09631 09642 09763 0.9642
14 09827 09828 09613 09624 31 0.9684 09696  0.9703  0.9607
15 09810 09811 09590 09612 32 09674 0.9686 0.9690 0.9700
16 09794 09795 09568 09700 33  0.9671 0.9683 0.9686  0.9697
17 09771 09772 0.9538  0.9683




Table C.4 Hourly bus power flow results for the MCAP case from OOV1G
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Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
1 2 3 4 1 2 3 4
1 46982 4.8616 4.8364  4.0301 17  0.1507 0.1540 0.1327  0.1150
2 4.8947 4.0393 4.1334  4.4231 18  0.6076  0.6213 05340 0.4623
3 40404 4.1395 35192  3.0337 19 04560 0.4663  0.4007  0.3469
4 3.7953 38876 33089 28539 20  0.3028 0.3096 0.2662  0.2305
5 3.6526 3.7404  3.1886  2.7521 21 0.1513  0.1547  0.1330  0.1152
6 1.8721 19158 1.6387 14144 22 1.5857  1.6219  1.3918  1.2039
7 1.5335 15696 13408 1.1566 23 1.4267  1.4591  1.2529  1.0841
8 1.1669  1.1939  1.0224  0.8831 24  0.7086 0.7246  0.6228  0.5392
9 1.0550 1.0791 0.9254  0.8000 = 25 1.5943  1.6315  1.3968  1.2099
10 09458 09673 0.8303 07182 26 1.4891 15238 1.3048  1.1302
11 0.8688 0.8886 0.7628 0.6599 27 1.3822 14142 12116  1.0496
12 07649 0.7822 0.6719 0.5815 28 1.2631  1.2919  1.1089  0.9608
13 0.6562 0.6707 05775 05003 29 1.0503 1.0741 09228 0.7994
14 04541 04642 03996 0.3462 30 0.7080 0.7239  0.6226  0.5393
15 03529 0.3608 0.3106  0.2691 31 0.4526  0.4626  0.3984  0.3452
16 0.2513 0.2568 0.2213 0.1919 32  0.1004 0.1027 0.0884  0.0766
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Table C.4 Hourly bus power flow results for the MCAP case from OOV1G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
5 6 7 8 5 6 7 8

1 46218 45966  4.6587  1.4523 17  0.1490 0.1280 0.1078  0.0345
2 48276 4.9205 4.0931 1.2741 18  0.6007 0.5149 0.4328 0.1382
3 3.9948 33724 28057  0.8747 19 04508 0.3864 0.3248 0.1036
4 37525 31727 26425 0.8260 20  0.2993 0.2567  0.2159  0.0690
5 36114  3.0598 25522 0.8005 21 0.1496  0.1283  0.1079  0.0345
6 1.8504 15771 13198 04157 22 15676 13413  1.1259  0.3579
7 1.5156 1.2898 1.0782 0.3388 23 1.4104 12076  1.0143  0.3229
8 1.1535 09844 0.8246 02605 24  0.7005 0.6005 0.5049 0.1612
9 1.0429 08914  0.7477  0.2370 25 15769 13416  1.1232  0.3567
10 09350 0.8001 0.6717 02135 26 1.4728  1.2533  1.0495 0.3334
11 08589 0.7351 0.6172 0.1962 27 1.3671  1.1640  0.9751  0.3099
12 0.7562 0.6477 0.5440  0.1731 28 1.2491  1.0671 0.8956  0.2855
13 0.6487 05571 0.4688 0.1497 29 1.0385 0.8891 0.7470  0.2384
14  0.4490 0.3855 0.3244 0.1036 30 0.7000 0.6005 0.5050 0.1612
15 03489 0.2996 0.2521 0.0806 31 0.4475 0.3844  0.3235  0.1035
16 0.2484 0.2136 0.1798 0.0575 32  0.0993 0.0853 0.0718 0.0230
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Table C.4 Hourly bus power flow results for the MCAP case from OOV1G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
9 10 11 12 9 10 11 12
1 1.8741 19322 18667 1.9971 17  0.0443  0.0456  0.0441  0.0471
2 1.6448 1.6959 16383  1.7530 18  0.1773 0.1827 0.1766  0.1887
3 1.1292 11642  1.1247  1.2034 19  0.1330 0.1370 0.1325 0.1415
4 1.0657 1.0987 1.0615 1.1356 20  0.0886 0.0912 0.0882  0.0942
5 1.0320 1.0638  1.0279 1.0994 21 0.0443  0.0456  0.0441  0.0471
6 0.5347 0.5510 0.5326 0.5692 22 0.4596 0.4735 0.4578  0.4891
7 0.4359  0.4492 0.4342  0.4641 23 04146 04272  0.4130 0.4412
8 0.3349 0.3451  0.3336 03565 24 02069 02131 0.2061 0.2201
9 0.3045 0.3137  0.3033  0.3241 25 04592 04733  0.4574  0.4890
10 02742 02825 02731 02918 26 04292 04423 04275 0.4570
11 02520 0.2596 0.2510  0.2681 27 0.3989 04111 0.3974  0.4248
12 02223 0.2290 0.2214 0.2365 28 0.3669 0.3781 0.3655  0.3905
13 0.1921 0.1979 0.1914 02044 29  0.3062 0.3154 0.3050 0.3258
14  0.1330 0.1370 0.1325 0.1415 30  0.2069 0.2132 0.2061  0.2202
15 0.1034 0.1065 0.1030 0.1100 31 0.1328  0.1368  0.1323  0.1413
16 0.0738 0.0760 0.0735 0.0785 32  0.0295 0.0304 0.0294 0.0314
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Table C.4 Hourly bus power flow results for the MCAP case from OOV1G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
13 14 15 16 13 14 15 16
1 1.9435 14158 1.9603  1.8699 17  0.0459  0.0337 0.0462  0.0442
2 1.7059 1.2421 17206 1.6411 18  0.1837 0.1348 0.1853  0.1769
3 1.1711  0.8527  1.1812  1.1266 19  0.1378 0.1011 0.1390  0.1327
4 1.1051 0.8053 1.1146 1.0633 20  0.0918 0.0673 0.0925 0.0884
5 1.0700 0.7805 1.0792 1.0297 21 0.0459  0.0337  0.0463  0.0442
6 0.5542  0.4053 0.5589 0.5335 22 04763 0.3490 0.4803 0.4586
7 0.4518 0.3303 0.4557 04350 23 04296 03149 0.4332  0.4137
8 0.3471 0.2541  0.3501  0.3342 24 02143 0.1572 0.2161 0.2064
9 0.3156 0.2311 0.3182 0.3038 25 04761 03478 0.4801 0.4582
10 02841 0.2082 02865 02736 26 04449 03251 0.4487 0.4282
11 02611 0.1913 02633 02514 27 04135 03022 04170 0.3980
12 02303 0.1688 0.2322 0.2218 28 0.3803 0.2784 0.3835 0.3661
13 0.1991 0.1460  0.2007 0.1917 29  0.3173 0.2325 0.3199 0.3055
14  0.1378 0.1011 0.1389 0.1327 30 0.2144 0.1573 0.2162  0.2065
15 0.1071 0.0786 0.1080 0.1032 31 0.1376 ~ 0.1010  0.1388  0.1325
16 00765 0.0561 0.0771 0.0737 32  0.0306 0.0224 0.0308 0.0294
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Table C.4 Hourly bus power flow results for the MCAP case from OOV1G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
17 18 19 20 17 18 19 20

1 2.1130 35191 4.3564  4.7355 17 0.0497 0.0819  0.0998 0.1079
2 1.8549  3.0911 3.8306 4.1655 18 0.1993 0.3287  0.4010 0.4336
3 1.2734  2.1206  2.6289  2.8589 19  0.1495 0.2466  0.3009  0.3253
4 1.2014 19985 24736 2.6885 20  0.0995 0.1640 0.2000 0.2162
5 1.1629 19317 23860 25913 21 0.0498  0.0820  0.1000  0.1081
6 0.6017 0.9981 1.2242 13266 22 05168 0.8539 1.0435 1.1291
7 0.4907 0.8148 1.0006 1.0848 23  0.4661 0.7696 0.9399  1.0167
8 0.3768 0.6242 0.7647 0.8283 24 02325 0.3834  0.4677 0.5057
9 0.3425 0.5666  0.6932 0.7503 25  0.5171 0.8542 1.0522 1.1411
10 03083 0.5094 0.6226 0.6736 26 04832 0.7981 09829  1.0659
11 02833 04681 05720 0.6189 27 04491 0.7416 09128 0.9897
12 0.2499 04127 05041 0.5454 28 04127 0.6810 0.8348 0.9040
13 02160 0.3561 0.4341 04693 29  0.3442 0.5677 0.6940  0.7509
14  0.1494 0.2464 03004 0.3247 30 0.2326 0.3835 0.4678  0.5058
15 01162 0.1915 0.2335 02524 31 0.1493  0.2459  0.2996  0.3238
16 0.0830 0.1367 0.1665 0.1799 32  0.0332 0.0546 0.0665 0.0719
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Table C.4 Hourly bus power flow results for the MCAP case from OOV1G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
21 22 23 24 21 22 23 24
1 46222 4.7896  4.6863  3.5817 17  0.1055 0.1095 0.1503  0.0830
2 4.0654 4.2118 4.8845  3.1471 18 04239  0.4401 0.6062  0.3332
3 27901 2.8895  4.0337  2.1596 19 03181 0.3303  0.4549  0.2500
4 26242 27183 37888 20343 20 0.2114 0.2195 03021 0.1663
5 25300 2.6214 36461 19653 21 0.1056  0.1097  0.1510  0.0831
6 1.2961 13458  1.8679 1.0129 22 1.1036  1.1459 15821  0.8659
7 1.0597 11003 15301 0.8270 23 09939 1.0320 1.4235 0.7803
8 0.8094 0.8404 1.1643 0.6333 24 04944 05134 0.7070  0.3886
9 0.7333  0.7614  1.0526  0.5747 25 1.1146  1.1537  1.5916  0.8691
10 0.6584 0.6837 09436 05166 26 1.0412 1.0778 1.4865 0.8120
11 0.6049 0.6281 0.8669 04746 27  0.9668 1.0009 13798 0.7544
12 05331 05535 0.7631 04185 28  0.8834 09156 1.2606 0.6917
13 04588 0.4764 0.6546 03609 29  0.7340 0.7615 1.0480 0.5760
14 03175 03296 0.4530 0.2498 30 0.4945 0.5135 0.7064  0.3888
15 02468 02562 0.3521 0.1942 31 0.3166  0.3287 0.4515 0.2492
16 0.1759 0.1827 0.2507 0.1385 32  0.0703 0.0730 0.1002  0.0553
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
1 2 3 4 1 2 3 4

1 1.0000 1.0000  1.0000  1.0000 18 09631 09764 09701 0.9533
2 0.9962 0.9966  0.9964  0.9953 19 09955 0.9960 09958  0.9945
3 0.9780 0.9804 09792 09729 20 09911 09920 0.9916  0.9892
4 0.9685 0.9719 09702 0.9611 21 0.9903 0.9912 09908  0.9881
5 0.9590 0.9635 0.9613 0.9693 22 09895 09906 0.9901 0.9872
6 0.9670  0.9636  0.9606 0.9622 23 09735 09763 09749  0.9673
7 0.9633 0.9602 0.9671 09676 24  0.9651 0.9688 0.9670  0.9571
8 0.9655 0.9644  0.9603 0.9803 25 09609 09650 0.9630 0.9520
9 0.9672 0.9671 0.9624 0.9698 26 09647 09616 0.9684  0.9693
10 09845 09603 09652 09602 27 09616 0.9688 0.9655  0.9655
11 09833 09693 09641 09587 @ 28  0.9691 0.9673 0.9637 0.9602
12 09812 09674 0.9621  0.9561 29 09601 09691 09653 09744
13 09731 09603 09795 09559 30  0.9660 0.9653 0.9614  0.9693
14 09703 09828 09768 09523 31 0.9608  0.9607  0.9665  0.9629
15 09684 09811 09750 0.9501 32 09847 09698  0.9655  0.9615
16 09665 09794 09733 09526 33  0.9844 0.9695 09652 0.9611
17 09639 09771 09708 0.9543




Table C.5 Hourly bus voltage results for the MCAL case from OOV2G (Continued)

170

Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
5 6 7 8 5 6 7 8

1 1.0000 1.0000  1.0000  1.0000 18 09745 0.9636 0.9651  0.9650
2 0.9965 0.9969  0.9973  0.9989 19 09959 0.9964  0.9968  0.9987
3 0.9801 0.9824 0.9844 0.9937 20 09919 09928 0.9936 0.9973
4 09714 09748 09776 09910 21 0.9911  0.9922 09930 0.9971
5 0.9628 0.9672 09710 09882 22 09904 09916 0.9925 0.9968
6 0.9626 0.9501 0.9561 0.9815 23 09759 09787 09811 0.9923
7 0.9691 0.9674 0.9538 0.9803 24 09683 09719 09751 0.9898
8 0.9631 0.9632 09613 09753 25 09645 09686 0.9721 0.9886
9 0.9656  0.9666  0.9654  0.9730 26 09605 09683 0.9545 0.9808
10 09687 09605 09601 09709 27 09677 0.9659 0.9524 0.9799
11 09676 09696 09692 09706 28  0.9660 0.9664 09643 09757
12 09658 0.9679 0.9677  0.9701 29 09676 09697 09686 09728
13 09835 09615 09620 09678 30  0.9638 0.9665 0.9658 0.9715
14 09809 09693 09601 09670 31 0.9691 09625 0.9623  0.9700
15 09792 09677 09688 09665 32 09681 09616 0.9615 0.9696
16 09775 09662 09675 09660 33  0.9678 0.9614 0.9613  0.9695
17 09752 0.9642 0.9657  0.9653




Table C.5 Hourly bus voltage results for the MCAL case from OOV2G (Continued)

171

Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
9 10 11 12 9 10 11 12
1 1.0000 1.0000  1.0000  1.0000 18 1.0174 09689  0.9908 0.9795
2 1.0007  0.9990 0.9998  0.9994 19 1.0008  0.9989  0.9997  0.9993
3 1.0040 0.9946  0.9988 0.9966 20 1.0016 ~ 0.9977  0.9994  0.9985
4 1.0056  0.9922 09981  0.9951 21 1.0017 09974  0.9993  0.9983
5 1.0071 09898 09975 09935 22 1.0018 0.9972  0.9992  0.9982
6 1.0089 0.9834  0.9949 09889 23 1.0049  0.9934  0.9985  0.9959
7 1.0085 0.9821 09940 09878 24 1.0064 09912  0.9979  0.9945
8 1.0115 09778 09930 0.9851 25 1.0071  0.9901 0.9976  0.9938
9 1.0129 09758 0.9925 09839 26 1.0092  0.9828 0.9947  0.9885
10 1.0141 09740 09921 09827 27 1.0095 0.9819  0.9943  0.9879
11 10144 09737 09921 09826 28 1.0094 09777  0.9920  0.9845
12 1.0149 09733 0.9921 09824 29 1.0093 09746  0.9903  0.9820
13 1.0161 09714 09916 0.9811 30 1.0096 09734  0.9897  0.9811
14 10164 09706 09913 09806 31 1.0102 09720 0.9893  0.9801
15 1.0167 09702 09912 09803 32 1.0103 09717 0.9891  0.9799
16 1.0171 09698 09911  0.9801 33 1.0103 09716 0.9891  0.9798
17 1.0173  0.9691 0.9909  0.9796
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
13 14 15 16 13 14 15 16
1 1.0000 1.0000  1.0000  1.0000 18 1.0159  0.9921 0.9707 0.9768
2 1.0007  0.9998 0.9991  0.9993 19 1.0008  0.9998  0.9989  0.9992
3 1.0037  0.9989 0.9949  0.9961 20 1.0015 0.9995 0.9978  0.9983
4 1.0052  0.9983 09926 09943 21 1.0016 ~ 0.9994  0.9976  0.9981
5 1.0066 0.9978 0.9904 09926 22 1.0017  0.9993  0.9973  0.9979
6 1.0081 0.9956  0.9843 09876 23 1.0046  0.9986  0.9938  0.9952
7 1.0077 0.9949 09830 09864 24 1.0059  0.9981  0.9917  0.9936
8 1.0104 09940 09790 09833 25 1.0066  0.9979  0.9907  0.9928
9 1.0117 09936 09772 09819 26 1.0084  0.9954  0.9837  0.9871
10 1.0129 09932 09754 09806 27 1.0086  0.9951  0.9829  0.9864
11 1.0131 09932 09752 09804 28 1.0084  0.9933  0.9788  0.9829
12 10136 09931 09748 0.9801 29 1.0081 09919 09758  0.9803
13 1.0147 09927 09730 09787 30 1.0083 0.9915 09746  0.9794
14 10149 09925 09723 0.9781 31 1.0089  0.9911 0.9733  0.9783
15 1.0153 09924 09719 09778 32 1.0089 09910 09730 0.9781
16 1.0156 09923 09715 09775 33 1.0089  0.9909 0.9729  0.9780
17 1.0158 0.9921 0.9708  0.9770
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
17 18 19 20 17 18 19 20

1 1.0000 1.0000  1.0000  1.0000 18  0.9689 0.9635 09684 0.9761
2 0.9984 0.9973  0.9964  0.9966 19 09981 0.9968  0.9957  0.9960
3 0.9908 0.9843 09791 09806 20 09961 09935 0.9915 0.9920
4 0.9868 0.9775 0.9700 0.9721 21 0.9957  0.9929  0.9906  0.9912
5 0.9829 0.9708 0.9610 0.9637 22  0.9954 0.9924 0.9899  0.9905
6 0.9730 0.9549  0.9693  0.9631 23 09889 09810 0.9748 0.9765
7 09712 0.9522 0.9655 0.9693 24 09852 09749 0.9668  0.9690
8 0.9639  0.9697 0.9686 0.9637 25 09834 09719 09628  0.9653
9 0.9606  0.9638 0.9608 0.9665 26 09720 09533 0.9671 0.9610
10 09575 09685 09636 09698 27 09707 09511 09641 0.9681
11 09570 09676 09625 09688 28  0.9646 0.9619 09612 0.9656
12 09562 0.9662 0.9605 0.9671 29 09602 09653 0.9620  0.9666
13 09530 09605 09779 09600 30 09583 0.9624 0.9679  0.9627
14 09518 09685 09752 09824 31 0.9561  0.9687  0.9629  0.9680
15 09510 09671 09734 09808 32  0.9556 0.9679 0.9618 0.9670
16 09503 09659 09716 09792 33  0.9555 0.9677 0.9615 0.9667
17 09692 0.9640 0.9691 0.9768
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
21 22 23 24 21 22 23 24
1 1.0000 1.0000  1.0000  1.0000 18 09812 0.9580 0.9601 0.9716
2 0.9968 0.9950  0.9958  0.9964 19 09962 09942 09951  0.9958
3 0.9815 09712 09758 09796 20 09924 09885 0.9902 0.9917
4 09734 09586 0.9652 09707 21 0.9916  0.9874 0.9893  0.9909
5 0.9654 0.9661 0.9548 0.9619 22 09909 09865 0.9885 0.9902
6 0.9657 0.9670  0.9605 0.9612 23 09776 09653 09708 0.9753
7 0.9620 0.9620 0.9664  0.9677 24 09704 09545 09616 0.9675
8 0.9672 09732 09666 09612 25 09669 09690 0.9570  0.9635
9 0.9603 0.9621 0.9824 0.9635 26 09636 09639 0.9679  0.9690
10 09640 09618 09739 09664 27 09609 0.9699 0.9646  0.9662
11 09630 09602 09726 09653 28  0.9689 09784 0.9608 0.9643
12 09613 09574 09702 09634 29  0.9603 0.9667 0.9610 0.9657
13 09646 09515 09613 09809 30 09665 0.9612 09814 0.9618
14 09622 09527 09581 09782 31 0.9621  0.9644 09757  0.9670
15 09606 09501 09560 09765 32 09611 0.9630 0.9745 0.9660
16 09841 09506 09639 09748 33  0.9608 0.9625 09742  0.9657
17 09819 0.9591 0.9610 0.9723
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Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
1 2 3 4 1 2 3 4

1 47086 4.9912 49125 49510 17  0.1298 0.1143  0.1236  0.1594
2 45210 4.3884  4.7594 47523 18  0.5224 0.4594  0.4970  0.6402
3 3.4425 3.0096  3.2632  4.2877 19  0.3920 0.3447  0.3730  0.4805
4 32369 2.8317  3.0695 4.0257 20 0.2604 0.2291 0.2478 0.3189
5 3.1194 27313 29596 38728 21 0.1302  0.1145 0.1239  0.1594
6 1.6026  1.4049 15224 19849 22 1.3616  1.1961  1.2947  1.6722
7 13113 1.1487 1.2451  1.6253 23 1.2257  1.0772  1.1658  1.5042
8 1.0000 0.8773 09503  1.2361 24  0.6093 0.5358 0.5797 0.7468
9 0.9052 0.7948 0.8606  1.1171 25 1.3673  1.2008  1.2988  1.6865
10 08123 0.7136 0.7724  1.0001 26 1.2772 11218 1.2133  1.5752
11 07462 0.6556 0.7096 09188 27 1.1860  1.0419  1.1268  1.4626
12 0.6574 05778 0.6252 0.8099 28 1.0853 09541  1.0319  1.3353
13 05650 0.4972 05378 0.6955 29 09031 0.7942 0.8590 1.1089
14  0.3910 0.3441 03721 0.4809 30  0.6092 0.5359  0.5797  0.7485
15 03039 02674 02892 0.3735 31 0.3898 0.3431 0.3710 0.4784
16 0.2166 0.1907 02062 0.2664 32  0.0865 0.0762 0.0824  0.1062
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Table C.6 Hourly bus power flow results for the MCAL case from OOV2G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
5 6 7 8 5 6 7 8

1 45644 47684 43347  1.4523 17  0.1158 0.1100  0.1006  0.0345
2 4.4531 4.1903 3.8078 1.2741 18  0.4657 0.4420 0.4039  0.1382
3 3.0540 2.8726 2.6104  0.8747 19  0.3494  0.3316 0.3031  0.1036
4 28732 27048 24594 0.8260 20 0.2322 0.2204  0.2015  0.0690
5 27709 26115 23763 0.8005 21 0.1161  0.1102  0.1007  0.0345
6 1.4247  1.3487  1.2297 0.4157 22 1.2126  1.1499  1.0502  0.3579
7 1.1649 11021 1.0044  0.3388 23 1.0919  1.0358 0.9462  0.3229
8 0.8895 0.8425 0.7686 0.2605 24 05431 05155 04711 0.1612
9 0.8058 0.7638  0.6972  0.2370 25 1.2179  1.1489  1.0472  0.3567
10 07234 0.6861 0.6266 0.2135 26 1.1377  1.0734 09784  0.3334
11 06646 0.6303 05757 0.1962 27 1.0566  0.9972  0.9092  0.3099
12 0.5857 0.5556 0.5075 0.1731 28 09674 09153 0.8355  0.2855
13 05040 04786 04375 01497 29  0.8051 0.7630 0.6970  0.2384
14 03487 03311 0.3027 0.1036 30 0.5432 0.5156 0.4713 0.1612
15 02711 02574 0.2353 0.0806 31 0.3477  0.3303  0.3020 0.1035
16 0.1932 0.1836 0.1679 0.0575 32  0.0772 0.0733 0.0671 0.0230
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Table C.6 Hourly bus power flow results for the MCAL case from OOV2G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
9 10 11 12 9 10 11 12

1 -1.8430 1.0415 -0.2219  0.3974 17 -0.0457 0.0246 -0.0057 0.0092
2 -1.6122 09142 -0.1934  0.3495 18  -0.1827 0.0986 -0.0229  0.0368
3 -1.1075 0.6281 -0.1322  0.2406 19  -0.1370 0.0739 -0.0172 0.0276
4 -1.0508 0.5928 -0.1260 0.2266 20  -0.0914 0.0492 -0.0115 0.0184
5 -1.0242 0.5741 -0.1235 02188 21  -0.0457 0.0246 -0.0057  0.0092
6 -0.5406 0.2966 -0.0674 0.1112 22  -0.4703 0.2553 -0.0588 0.0955
7 -0.4394  0.2417 -0.0548 0.0906 23  -0.4254 0.2304 -0.0532 0.0862
8 -0.3402  0.1859 -0.0425 0.0696 24 -0.2131 0.1150 -0.0267 0.0430
9 -0.3106  0.1691 -0.0388 0.0633 25  -0.4612 0.2564 -0.0551 0.0982
10  -0.2809 0.1523 -0.0352 0.0570 26 -0.4312 0.2396 -0.0515 0.0917
11 -0.2581 0.1400 -0.0323 0.0523 27 -0.4014 0.2227 -0.0481 0.0851
12 -0.2278 0.1235 -0.0285 0.0462 28 -0.3733 0.2045 -0.0456 0.0774
13 -0.1979 0.1068 -0.0248 0.0399 29 -0.3139 0.1704 -0.0389 0.0640
14  -0.1370 0.0739 -0.0172 0.0276 30 -0.2131 0.1150 -0.0267  0.0430
15 -0.1066 0.0575 -0.0134 0.0215 31 -0.1372 0.0739 -0.0172 0.0276
16  -0.0762 0.0410 -0.0095 0.0153 32  -0.0305 0.0164 -0.0038 0.0061
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Table C.6 Hourly bus power flow results for the MCAL case from OOV2G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
13 14 15 16 13 14 15 16

1 -1.7781  -0.1108 09272 0.6035 17 -0.0441 -0.0029 0.0219 0.0142
2 -1.5554  -0.0965 0.8140 05300 18 -0.1763 -0.0115 0.0876  0.0568
3 -1.0684  -0.0659 05594 03645 19  -0.1322 -0.0086 0.0657  0.0426
4 -1.0137  -0.0629 05279 0.3438 20 -0.0883 -0.0058 0.0438  0.0284
5 -0.9882  -0.0617 05111 0.3327 21  -0.0441 -0.0029 0.0219 0.0142
6 -0.5218  -0.0339  0.2637 0.1710 22  -0.4540 -0.0296 0.2270  0.1472
7 -0.4241  -0.0275 0.2149 0.1393 23 -0.4105 -0.0268 0.2049  0.1328
8 -0.3284  -0.0214 0.1653 0.1071 24  -0.2057 -0.0134 0.1022 0.0663
9 -0.2998  -0.0195 0.1503 0.0975 25  -0.4448 -0.0275 0.2284  0.1489
10 -0.2711 -0.0177 0.1354 0.0878 26  -0.4159 -0.0257 0.2134  0.1391
11 -0.2491 -0.0163 0.1244 0.0807 27 -0.3872 -0.0240 0.1983 0.1293
12 -0.2199 -0.0144 0.1098 0.0712 28 -0.3601 -0.0229 0.1820 0.1184
13 -0.1910 -0.0125 0.0950 0.0616 29 -0.3029 -0.0196 0.1516  0.0984
14  -0.1322 -0.0087 0.0657 0.0426 30 -0.2056 -0.0134 0.1023  0.0663
15 -0.1029 -0.0067 0.0511 0.0331 31  -0.1324 -0.0087 0.0657  0.0426
16  -0.0735 -0.0048 0.0365 0.0237 32  -0.0294 -0.0019 0.0146  0.0095




179

Table C.6 Hourly bus power flow results for the MCAL case from OOV2G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
17 18 19 20 17 18 19 20
1 2.1130 4.0194 49346  4.5971 17 0.0497 0.0932 0.1169  0.1048
2 1.8549 35314 45164  4.0435 18 0.1993  0.3739  0.4699  0.4213
3 1.2734 24221  3.0985 27754 19  0.1495 0.2806 0.3526  0.3161
4 1.2014 22816 29136 26102 20 0.0995 0.1866 0.2343  0.2101
5 1.1629 22041 2.8081 25162 21 0.0498  0.0933  0.1171  0.1050
6 0.6017 1.1380 14394 1.2883 22 05168 09721 12242  1.0969
7 0.4907 0.9294  1.1774 1.0533 23 04661 0.8759 1.1022 0.9878
8 0.3768 0.7114 0.8985 0.8045 24 02325 04362 05481 0.4914
9 0.3425 0.6453  0.8137 0.7289 25  0.5171 09727 12342 1.1087
10 03083 05800 0.7303 0.6544 26 04832 09088 1.1529  1.0357
11 02833 05329 06710 06012 27 04491 0.8444 1.0705 0.9616
12 0.2499 0.4698 0.5912 0.5299 28  0.4127 0.7750 0.9785 0.8784
13 02160 0.4050 05085 04560 29  0.3442 0.6459 0.8133 0.7296
14  0.1494 0.2803 03518 0.3155 30 0.2326 04363 0.5481 0.4915
15 01162 0.2179 02735 0.2453 31 0.1493  0.2796  0.3508 0.3147
16 0.0830 0.1554 0.1949 0.1749 32  0.0332 0.0621  0.0779  0.0699
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Table C.6 Hourly bus power flow results for the MCAL case from OOV2G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
21 22 23 24 21 22 23 24

1 43687 49871 4.8189  4.7350 17 0.0999 0.1672 0.1426  0.1196
2 3.8420 4.5948  4.5600 4.6034 18 04013 0.6713 05748  0.4808
3 2.6371 45233 38116  3.1568 19 03011 0.5039 0.4314  0.3608
4 24808 4.2446 35816 29695 20  0.2001 0.3344  0.2865  0.2397
5 23923  4.0805 3.4484 28633 21 0.1000  0.1671  0.1432  0.1198
6 1.2258 2.0876  1.7683  1.4720 22 1.0445  1.7548  1.4994  1.2523
7 1.0020 1.7101 1.4478 12038 23 09408 15781 13493  1.1276
8 0.7657 1.2993 1.1026 09189 24 04681 0.7832 0.6704  0.5608
9 0.6939  1.1735 0.9973 0.8323 25 1.0551  1.7738 15076  1.2576
10 0.6232 1.0500 0.8944  0.7471 26 09856 1.6566  1.4082  1.1748
11 05725 09646 08216 0.6864 27 09152 15379 13073 1.0910
12 05046 0.8502 0.7235 0.6048 28  0.8364 14025 1.1950 0.9988
13 04345 0.7296 0.6211 05203 29  0.6949 1.1637 0.9938 0.8312
14  0.3006 05044  0.4298 0.3600 30 0.4682 0.7851 0.6700  0.5608
15 02337 03917 0.3341 02798 31 0.2998 05016  0.4284  0.3590
16 0.1666 02794 02379 0.1995 32  0.0666 0.1114 0.0951  0.0797




Table C.7 Hourly bus voltage results for the MCAP case from OOV2G
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
1 2 3 4 1 2 3 4
1 1.0000 1.0000  1.0000  1.0000 18 09595 0.9611 0.9621  0.9640
2 0.9958 0.9958  0.9958  0.9959 19 09950 09951  0.9951  0.9952
3 09756 09759 09761 09765 20 09902 0.9903 0.9904  0.9905
4 0.9650  0.9655  0.9657 0.9662 21 0.9893  0.9894  0.9895 0.9896
5 0.9545 0.9551  0.9554  0.9561 22 09885 0.9886 0.9887  0.9888
6 0.9603 0.9610 09616 0.9624 23 09706 09710 09711 0.9716
7 0.9662 0.9669 0.9676 0.9683 24 09614 09618 0.9620 0.9626
8 0.9663 0.9673 09681 09692 25 09567 09572 09575 0.9582
9 0.9820 0.9832 0.9840 0.9603 26 09677 0.9685 0.9691  0.9699
10 09734 09747 09756 09770 27 09643 0.9651 0.9658  0.9666
11 09721 09734 09743 09758 28  0.9606 0.9615 0.9625 0.9630
12 09697 09711 09720 09735 29 0.9609 0.9618 0.9630 0.9634
13 09607 09622 09631 09648 30  0.9813 0.9823 0.9836 0.9839
14 09575 09591 0.9600 09618 31 0.9756 09767 09780 0.9784
15 09554 09569 09579 09597 32 09744 09755 09768 09772
16 09633 09649 09558 09577 33 09741 09751 09765 0.9768
17 09604 0.9620 0.9630  0.9649




Table C.7 Hourly bus voltage results for the MCAP case from OOV2G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
5 6 7 8 5 6 7 8

1 1.0000 1.0000  1.0000  1.0000 18 09624 09727 0.9645  0.9650
2 0.9958 0.9964  0.9969  0.9989 19 09952 09958 0.9964  0.9987
3 09762 09795 09824 09937 20 09904 09917 0.9929 0.9973
4 0.9658 0.9707 09749 09910 21 0.9895 0.9910 09922 0.9971
5 0.9555 0.9619 09674 09882 22 09837 09903 0.9917 0.9968
6 0.9616 0.9622  0.9507 0.9815 23 09712 09753 09788 0.9923
7 09676 0.9690 0.9682 0.9803 24 09622 09675 09721 0.9898
8 0.9682 0.9625 0.9640 09753 25 09577 09636 0.9687  0.9886
9 0.9841 0.9647 0.9675 09730 26 09691 09601 0.9690  0.9808
10 09758 09676 09614 09709 27  0.9658 0.9673 0.9666  0.9799
11 09744 09664 09604 09706 28  0.9622 0.9665 09676 09757
12 09722 09644 0.9687  0.9701 29 09625 09688 09613 09728
13 09634 09820 09623 09678 30  0.9830 0.9652 0.9682 0.9715
14 09602 09794 09601 09670 31 0.9774 09605 0.9642  0.9700
15 09582 09776 09686 09665 32 09762 0.9695 0.9633  0.9696
16 09561 09758 09671 09660 33 09759 0.9692 0.9631 0.9695
17 09633 0.9735 0.9651  0.9653




Table C.7 Hourly bus voltage results for the MCAP case from OOV2G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
9 10 11 12 9 10 11 12

1 1.0000 1.0000  1.0000  1.0000 18 09801 0.9934 0.9768  0.9900
2 0.9994  0.9999  0.9993  0.9998 19 09993 09998 0.9992  0.9997
3 0.9967 0.9993 0.9961 09986 20 09985 0.9996 0.9983  0.9993
4 0.9952 0.9989 0.9943  0.9980 21 0.9984  0.9995 0.9981  0.9992
5 0.9937 0.9985 0.9926 09973 22 09982 09995 09979  0.9991
6 0.9893 0.9962 09876 0.9944 23 09960 09991 0.9952  0.9983
7 0.9882 0.9954 0.9864 0.9934 24 09946 09988  0.9936  0.9977
8 0.9856 0.9947 09833 09923 25 09939 09986 0.9928 0.9974
9 0.9844 0.9945 0.9819 0.9918 26 09888 0.9960 0.9871  0.9941
10 09832 09942 09805 09914 27 09882 0.9958 0.9864  0.9938
11 09831 09942 09804 09913 28 09850 0.9936 09829 0.9913
12 09829 0.9943 0.9801 09913 29  0.9826 0.9920 0.9803 0.98%4
13 09817 09939 09787 09908 30 09818 0.9915 0.9793 0.9888
14 09812 09937 09781 09905 31 0.9808 09911 09783  0.9883
15 09809 09937 09778 09904 32 09806 0.9910 0.9781 0.9882
16 09807 09936 09775 09903 33  0.9806 0.9910 09780  0.9881
17 09802 0.9934  0.9770  0.9900




Table C.7 Hourly bus voltage results for the MCAP case from OOV2G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
13 14 15 16 13 14 15 16
1 1.0000 1.0000  1.0000  1.0000 18 1.0087  1.0073 0.9929 1.0128
2 1.0004  1.0003  0.9999  1.0005 19 1.0005  1.0004  0.9998  1.0006
3 1.0023  1.0019  0.9992  1.0031 20 1.0009  1.0007  0.9996  1.0012
4 1.0032  1.0026 09988 1.0043 21 1.0009  1.0008  0.9995  1.0013
5 1.0040 1.0033 0.9983  1.0054 22 1.0010  1.0008  0.9994  1.0013
6 1.0043  1.0037  0.9960 1.0065 23 1.0028  1.0023  0.9990  1.0038
7 1.0037 1.0032 09951 1.0060 24 1.0036  1.0029  0.9986  1.0049
8 1.0054 1.0046 0.9944  1.0082 25 1.0040  1.0032 0.9984  1.0054
9 1.0062 1.0053 0.9941 1.0093 26 1.0044  1.0037  0.9958  1.0066
10 1.0069 1.0058 09938 1.0103 27 1.0045  1.0038  0.9955  1.0068
11 1.0071 1.0060 09938 1.0105 28 1.0037  1.0033  0.9933  1.0064
12 1.0074 1.0062 0.9939 1.0109 29 1.0030  1.0028 0.9916  1.0060
13 1.0081 1.0068 09935 1.0118 30 1.0030  1.0029 0.9911  1.0061
14 1.0082 1.0069 09933 1.0120 31 1.0032  1.0031  0.9907  1.0065
15 1.0084 1.0070 09932 1.0122 32 1.0032  1.0031 0.9906  1.0066
16 1.0086 1.0072 09932 1.0125 33 1.0032  1.0031 0.9906  1.0066
17 1.0087 1.0073 0.9930  1.0127 1.0087  1.0073 09929 1.0128




Table C.7 Hourly bus voltage results for the MCAP case from OOV2G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
17 18 19 20 17 18 19 20
1 1.0000 1.0000  1.0000  1.0000 18 09689 0.9837 0.9580 0.9648
2 0.9984  0.9968  0.9960  0.9963 19 09981 09962 09954  0.9956
3 0.9908 0.9816 09773 0978 20 09961 09925 0.9908 0.9912
4 0.9868 0.9737 09674 09692 21 0.9957  0.9918 0.9899  0.9904
5 0.9829 0.9658 0.9575 0.9599 22 09954 09912 0.9891  0.9896
6 0.9730 0.9675 09641 09674 23 09889 09778 09726 09741
7 09712 09644  0.9700 0.9633 24 09852 09707 0.9639  0.9659
8 0.9639 0.9696 0.9616 0.9660 25 09834 09672 09595 0.9617
9 0.9606  0.9628 0.9630 0.9680 26 09720 0.9656 0.9617  0.9651
10 09575 09664 09801 09606 27 09707 0.9630 0.9684 0.9619
11 09570 09654 09789 09844 28  0.9646 0.9626 0.9647  0.9685
12 09562 0.9637 09767 09825 29 0.9602 0.9652 0.9649 0.9688
13 09530 09670 09684 09746 ~ 30  0.9583 0.9617 0.9604  0.9645
14 09518 09646 09654 09718 31 0.9561  0.9675 0.9800 0.9844
15 09510 09631 09634 09699 32 09556 0.9666 0.9789  0.9833
16 09503 09615 09615 09682 33  0.9555 0.9663 0.9785 0.9829
17 09692 0.9844 0.9588  0.9656




Table C.7 Hourly bus voltage results for the MCAP case from OOV2G (Continued)
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Hourly Bus Voltage (p.u.)

Hourly Bus Voltage (p.u.)

No. No.
Hours Hours
Bus Bus
21 22 23 24 21 22 23 24
1 1.0000 1.0000  1.0000  1.0000 18  0.9637 0.9562 0.9605 0.9632
2 0.9962  0.9960  0.9958  0.9959 19 09956 09953  0.9951  0.9952
3 0.9783 09769 09758 09763 20 09912 0.9906 0.9903  0.9904
4 0.9689  0.9669  0.9653  0.9660 21 0.9903  0.9897 0.9893  0.9895
5 0.9595 0.9569 0.9549 0.9558 22 09895 09890 0.9885 0.9887
6 0.9669 0.9634  0.9607 0.9620 23 09738 09722 09708 09714
7 0.9628 0.9692 0.9666 0.9680 24  0.9655 0.9633 0.9617  0.9624
8 0.9653 0.9605 0.9669 0.9687 25 09614 09589 0.9571  0.9579
9 0.9672 0.9618 0.9827 09847 26 09645 0.9609 0.9681  0.9695
10 09847 09787 09742 09764 27 09614 09676 09648  0.9662
11 09835 09775 09729 0.9751 28 09679 0.9639 0.9610 0.9628
12 09815 09753 09706 09728 29  0.9682 09642 09613 0.9632
13 09736 09668 09616 0.9641 30 09639 0.9847 0.9817  0.9837
14 09707 09638 09585 09610 31 0.9838 09793 0.9760 0.9781
15 09688 09618 09563 09589 32 09826 09781 09748 0.9770
16 09670 09598 09643 09569 33  0.9823 0.9777 09745 0.9766
17 09644 0.9571 0.9614  0.9640




Table C.8 Hourly bus power flow results for the MCAP case from OOV2G
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Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
1 2 3 4 1 2 3 4

1 49010 4.7930 4.8318 4.5731 17 0.1445 0.1421 0.1431 0.1374
2 47322 46370 4.6707 4.4432 18  0.5822  0.5727 05767  0.5533
3 3.8608 3.7958 3.8184  3.6635 19 04369 04298 0.4328 0.4152
4 3.6277 35669 35885 34430 20 0.2901 0.2854 0.2874  0.2758
5 3.4927 3.4345 34557 33158 21 0.1450  0.1427  0.1436  0.1378
6 1.7915 17617  1.7738 1.7005 22 15188  1.4940 1.5043  1.4428
7 1.4669 14424 14522 13920 23 1.3668  1.3d445  1.3538  1.2985
8 1.1170  1.0986  1.1061  1.0606 24  0.6790 0.6680 0.6726  0.6453
9 1.0103  0.9937  1.0005 0.9596 25 1.5264 15017 15106 1.4513
10 09060 0.8911 0.8973 0.8607 26 1.4258 14027 14110  1.3556
11 0.8323 0.8187 08243 0.7907 27 1.3236  1.3022 1.3100  1.2585
12 0.7328 0.7209 0.7259 0.6963 28 1.2101  1.1905 1.1981  1.1505
13 0.6291 0.6189 0.6233 05980 29 1.0064  0.9902  0.9967  0.9567
14 04353 04283 04313 04138 30 0.6786 0.6676 0.6723  0.6450
15 03383 0.3329 0.3352 0.3217 31 0.4339  0.4269  0.4299  0.4125
16 0.2410 0.2371 0.2388  0.2291 32 0.0963 0.0947 0.0954  0.0916
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Table C.8 Hourly bus power flow results for the MCAP case from OOV2G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
5 6 7 8 5 6 7 8

1 46994 49966  4.8990  1.4523 17  0.1401 0.1280 0.1131  0.0345
2 4.6545 49205 4.3049  1.2741 18  0.5645 0.5149 0.4542  0.1382
3 37395 33724 29507  0.8747 19 04236 0.3864 0.3408 0.1036
4 35142 31727 27784 0.8260 20  0.2813 0.2567  0.2265  0.0690
5 3.3840 3.0598 2.6826 0.8005 21 0.1406  0.1283  0.1132  0.0345
6 1.7357 15771 13863 0.4157 22 1.4723 13413  1.1819  0.3579
7 1.4210 1.2898 1.1329 0.3388 23 1.3250  1.2076  1.0645  0.3229
8 1.0824 09844 0.8660 0.2605 24  0.6584 0.6005 0.5297 0.1612
9 09792 0.8914 0.7850 0.2370 25 1.4803  1.3416  1.1795  0.3567
10 08782 0.8001 0.7051 0.2135 26 1.3827  1.2533  1.1020  0.3334
11 0.8068 0.7351 0.6478 0.1962 27 1.2836  1.1640  1.0238  0.3099
12 0.7105 0.6477 0.5710 0.1731 28 1.1735  1.0671  0.9400  0.2855
13 0.6101 05571 04918 01497 29 09760 0.8891 0.7839  0.2384
14 04222 03855 0.3403 0.1036 30  0.6580 0.6005 0.5299  0.1612
15 03281 0.2996 0.2645 0.0806 31 0.4208  0.3844  0.3394  0.1035
16  0.2337 02136 0.1886 0.0575 32  0.0934 0.0853 0.0754  0.0230
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Table C.8 Hourly bus power flow results for the MCAP case from OOV2G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
9 10 11 12 9 10 11 12

1 0.4103 -0.4014 0.6057 -0.2225 17  0.0096 -0.0101 0.0142 -0.0058
2 0.3606 -0.3506 0.5319 -0.1938 18  0.0382 -0.0405 0.0570 -0.0231
3 0.2482 -0.2401 0.3657 -0.1324 19  0.0287 -0.0304 0.0428 -0.0174
4 0.2339 -0.2282 0.3450 -0.1263 20  0.0191 -0.0203 0.0285 -0.0116
5 0.2260 -0.2230 0.3339 -0.1240 21 0.0096 -0.0101 0.0142 -0.0058
6 0.1153 -0.1197 0.1716 -0.0681 22  0.0992 -0.1042 0.1477 -0.0594
7 0.0940 -0.0973 0.1398 -0.0553 23  0.0894 -0.0942 0.1333 -0.0538
8 0.0722 -0.0754 0.1075 -0.0429 24  0.0446 -0.0472 0.0665 -0.0270
9 0.0657 -0.0688 0.0978 -0.0392 25  0.1013 -0.0997 0.1494 -0.0553
10 0.0591 -0.0622 0.0881 -0.0355 26  0.0947 -0.0933 0.1396 -0.0517
11 0.0543 -0.0572 0.0810 -0.0327 27  0.0879 -0.0869 0.1297 -0.0483
12 0.0479 -0.0505 0.0714 -0.0288 28 0.0801 -0.0816 0.1188 -0.0459
13 0.0414 -0.0438 0.0618 -0.0251 29  0.0664 -0.0692 0.0988 -0.0393
14  0.0287 -0.0304 0.0428 -0.0174 30  0.0447 -0.0472 0.0666 -0.0270
15 00223 -0.0236 0.0333 -0.0135 31 0.0287 -0.0304 0.0427 -0.0174
16  0.0159 -0.0169 0.0237 -0.0097 32  0.0064 -0.0068 0.0095 -0.0039
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Table C.8 Hourly bus power flow results for the MCAP case from OOV2G (Continued)

Hourly Bus Power Flow (Mw) Hourly Bus Power Flow (MW)
No. No.
. Hours . Hours
line line

13 14 15 16 13 14 15 16

1 -1.3366 -1.0300 -0.3862 -1.5526 17 -0.0331 -0.0254 -0.0098 -0.0385

-1.1692  -0.9014 -0.3372 -1.3582 18 -0.1324 -0.1014 -0.0390 -0.1537

-0.8028 -0.6189 -0.2309 -0.9328 19  -0.0993 -0.0761 -0.0293 -0.1153

-0.7616  -0.5868 -0.2195 -0.8849 20  -0.0663 -0.0508 -0.0195 -0.0769

-0.7423  -0.5715 -0.2146 -0.8624 21 -0.0331  -0.0254 -0.0098 -0.0385

-0.3190 -0.2449 -0.0938 -0.3702 23  -0.3084 -0.2364 -0.0909 -0.3581

-0.2469  -0.1894 -0.0727 -0.2865 24 -0.1545 -0.1184 -0.0455 -0.1794

2
3
a4
5
6 -0.3924  -0.3012 -0.1154 -0.4554 22  -0.3411 -0.2615 -0.1005 -0.3960
-
8
9

-0.2253  -0.1728 -0.0663 -0.2615 25  -0.3336 -0.2566 -0.0959 -0.3879

10 -0.2037 -0.1561 -0.0600 -0.2364 26 -0.3119 -0.2399 -0.0897 -0.3627

11 -0.1872 -0.1435 -0.0551 -0.2173 27 -0.2904 -0.2233 -0.0836 -0.3377

12 -0.1652 -0.1266 -0.0487 -0.1918 28 -0.2702 -0.2075 -0.0786 -0.3140

13 -0.1434 -0.1099 -0.0423 -0.1665 29 -0.2274 -0.1744 -0.0667 -0.2641

14 -0.0993 -0.0761 -0.0293 -0.1153 30 -0.1545 -0.1183 -0.0455 -0.1793

15  -0.0773 -0.0592 -0.0228 -0.0897 31 -0.0994 -0.0761 -0.0293 -0.1154

16 -0.0552 -0.0423 -0.0163 -0.0641 32 -0.0221 -0.0169 -0.0065 -0.0257
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Table C.8 Hourly bus power flow results for the MCAP case from OOV2G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
17 18 19 20 17 18 19 20

1 2.1130 45037 49740 4.6915 17  0.0497 0.1105 0.1285 0.1178
2 1.8549 42222 49393  4.5676 18  0.1993 0.4440 0.5171 0.4738
3 1.2734 28951 3.4243 31342 19  0.1495 0.3332 0.3880  0.3555
4 1.2014  2.7252 32184 29463 20  0.0995 0.2214 0.2577 0.2362
5 1.1629  2.6302 3.0998 2.8384 21 0.0498  0.1107 0.1288 0.1181
6 0.6017 13559 15875 1.4524 22 05168 1.1556  1.3480  1.2345
7 0.4907 1.1082 1.2992 1.1882 23  0.4661 1.0408 1.2133 1.1114
8 0.3768 0.8469 0.9904 0.9064 24 02325 05179 0.6031 0.5526
9 0.3425 0.7676 0.8964 0.8207 25  0.5171 11570 1.3593  1.2475
10 03083 0.6894 08041 07365 26 04832 1.0810 1.2697 1.1653
11 02833 0.6334 0.7388 0.6766 27 04491 1.0041 1.1787 1.0818
12 0.2499 0.5583  0.6507  0.5961 28 04127 09207 1.0768  0.9878
13 02160 0.4807 05591 05125 29  0.3442 0.7670 0.8948 0.8204
14  0.1494 03326 0.3869 0.3546 30 0.2326 0.5180 0.6029  0.5526
15 0.1162 0.2585 0.3007 0.2757 31 0.1493  0.3317  0.3857  0.3536
16 0.0830 0.1844 02143 0.1965 32  0.0332 0.0737 0.0856  0.0785
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Table C.8 Hourly bus power flow results for the MCAP case from OOV2G (Continued)

Hourly Bus Power Flow (Mw)

Hourly Bus Power Flow (MW)

No. No.
line Hours line Hours
21 22 23 24 21 22 23 24

1 44897 4.8398 4.7989  4.6822 17  0.1200 0.1322 0.1422  0.1398
2 4.6539 4.2381 4.6423  4.5392 18 04827 05321 05731  0.5632
3 3.1931 35237 37995  3.7289 19 0.3623 0.3993  0.4301 0.4226
4 3.0016 3.3117 35703 35044 20  0.2407 0.2652 0.2856  0.2807
5 2.8917 3.1896  3.4376 33748 21 0.1203  0.1326  0.1427  0.1403
6 1.4802 1.6345 1.7628 1.7314 22 1.2580  1.3874  1.4949  1.4688
7 1.2110 13378 14434 14174 23 1.1325 1.2488  1.3452  1.3218
8 0.9238 1.0196 1.0992 1.0798 24 05631 0.6206 0.6684  0.6568
9 0.8363 0.9226 0.9943 09768 25 1.2703  1.3975 1.5031 1.4763
10 0.7505 0.8276 0.8917  0.8761 26 1.1866  1.3054  1.4039  1.3790
11 0.6895 0.7603 0.8191 0.8049 27 1.1016  1.2119  1.3033  1.2802
12 0.6074 0.6697 0.7213 0.7088 28 1.0061  1.1075 1.1914  1.1706
13 05222 05753 06193 06087 29  0.8358 0.9206 0.9908 0.9736
14 03613 0.3981 0.4285 04212 30  0.5630 0.6204  0.6680  0.6565
15 02809 0.3094 0.3331 0.3274 31 0.3602  0.3968  0.4271  0.4199
16  0.2002 0.2204 02372 0.2332 32  0.0800 0.0881 0.0948 0.0932
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Abstract— This paper proposes the methodology for
optimal EV charging scheduling (OEVCS) using particle
optimization (PSO). The goal of this work is to minimize
the total energy losses of the distribution system. The
proposed PSO-based OEVCS was tested by the IEEE 33-
bus system with modifications to include the charging
load of the EVs. Simulation results show that the
proposed EV charging scheduling method can minimize
the total daily system energy losses.

Keywords— optimal EV charging scheduling, particle
swarm optimization, total system loss minimization.

NOMENCLATURE
NB : The total number of buses
PN : The penalty factor.
Protaioss = The total daily power loss (kW)
Prowlev  : The total power charging (kW)

Plioss : The hourly power loss (kW)
Plgy : The hourly power of charging (p.u.)

P'engy: The power in hours of charging (p.u.)
Py : The power in hours of not charging (p.u.)
Vi : The voltage of bus i (p.u.)
Gy : The conductance on branch ij
Vin : The hourly voltage magnitude of bus-i
Vi : The hourly voltage magnitude of bus-j
Oy : The load angle difference between bus i and j in
radian
EVen : The matrix of EV charging

I. INTRODUCTION

At present, global warming is an environmental
problem that countries around the world are paying
attention to and are committed to solving the problem
of increasing global temperatures. The increase in
greenhouse gases in the atmosphere is one of the causes
of this. Carbon dioxide is one element of the
greenhouse effect. The primary causes of it are human
activities, such asusing fuel, operating machinery, and
operating cars. As a result, a number of governments
have taken measures to reduce carbon dioxide
emissions. One way to reduce carbon dioxide
emissions is by supporting the transition from internal
combustion engines (ICE) to electric vehicles (EVs).
Due to EVs do not emit carbon dioxide. Research
suggests that by 2030, EVs can cut CO2 emissions by
28% [1].

As aresult of many campaigns to encourage the use
of EVs [2], the use of EVs has greatly increased.
Therefore, the demand for electrical energy is also
increasing. The grid is negatively impacted by the

979-8-3503-8359-1/24/$31.00 ©2024 IEEE

connection of an increasing number of EVs to the grid,
as follows; (1) Impact on system losses: The
transmission of large amounts of electrical energy
causes additional electrical losses in the systems. (2)
Harmonic impact: EV chargers are power electronic
devices. Switching on electronic equipment can affect
the power quality of the grid and may lead to equipment
damage. (3) Effects of phase and voltage imbalance:
Charging of massive electric vehicles causes high
voltage within the network. Causes a phase imbalance
from charging EVs with single-phase alternating
current. (4) Stability impact: Charging EVs results in
increased energy demand on the grid.

This results in a decrease in the stability of the
electrical network system. Therefore, the increase in
EVs results in large load shifts. It has a significant
effect on the network system. As the quantity of EVs
increases and the preference of owners to charge their
vehicles during peak hours, there is a greater demand
for electrical energy than usual. Causes more power
loss than before. It is also apparent that the increasing
number of EVs directly threatens grid stability. For
consumers' charging EV behavior, it can generally be
assumed that users will charge their EVs at home
immediately after returning from work. This is the
demand for charging electrical energy at the same time
as the demand for normal electrical energy use, causing
the demand for electrical energy during peak periods to
increase. The network system may become unstable
due to higher peak demand and sudden load changes.
Increased energy losses result in inefficient electrical
transmission and distribution systems. This causes a
reduction in the quantity of power available to
consumers. Electrical transmission lines are inefficient.
This results in lower quality and reliability of power
supply, as well as having a negative impact on the
financial performance of utilities [3]. For this reason,
the charging time of electric vehicles must be properly
managed to minimize energy loss.

The optimal electric vehicle charging time and the
impact of EV loads on the distribution system have
therefore been prominent research topics in the last
decade. For instance, the authors in [4] suggest that
improving the charging duration of EVs with the use of
genetic algorithms can reduce the home load's peak-
valley differential. The authors in [S] propose a method
to minimize the total daily charge cost by using mixed
integer linear programming (MILP) to determine the
optimal charging scheduling. Further, the author in [6]
has suggested a scheduling approach that incorporates
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charge and discharge control with EV path planning. A
mixed integer linear programming (MILP) model is
enhanced to improve the low-cost charging benefit of
EVs. This model increases EV charging efficiency
while simultaneously optimizing the load on the power
grid. In addition, [7] has suggested using mixed integer
nonlinear programming to reformulate an ideal V2G
scheduling model to increase the effectiveness of EV
dispatching.

Although many researchers proposed mathematical
optimization methods, such as genetic algorithms,
mixed integer linear programming, and mixed integer
nonlinear programming, to effectively optimize the EV
charging schedule, there are a limited number of studies
that aim to minimize system losses. The proposed
problem formulation is a highly nonlinear optimization
problem. Therefore, it is a limitation for using classical
or deterministic optimization methods such as linear
programming.

Therefore, this paper proposes using a PSO to
solve the optimal EV charging scheduling problem, to
minimize the total power loss of the system from large
and sudden load changes. The proposed algorithm is
tested on an IEEE 33-bus distribution system [8]
connected to EV loads. The load profile of the
northeastern region of Thailand and the EV load profile
in [9]. The simulation results show that the proposed
method can effectively minimize the daily system
energy losses.

The remaining sections of the paper is structured as
follows: The formulation of the OEVCS problem was
covered in Section II. The PSO approach for resolving
the OEVCS is presented in Section III. In section IV
presents and discusses the simulation results of the
proposed PSO-OEVCS using the IEEE 33-bus system.
The conclusion is the last section.

II. PROBLEM FORMULATION

In this paper, the OEVCS problem formulation is
to determine the charging schedule that minimizes the
total system daily loss. The total daily loss of the
system over the course of a day can be calculated by
summing up the power loss incurred during each hour
throughout the day. as in (1).

h=24
Pt i M
h=1
Where the hourly loss can be calculated by:
NB NB
Prs= " " G, ) () 2Vial o3 (6],
i=l j=1
J#

Jor ij=1,..,NB, h=1,...,24. 2)

A. Objective functions

The objective of the scheduling algorithm is to find
the optimal EV charging time interval to minimize
daily total system power losses. Mathematically, the

power loss minimization problem can be formulated as
follows:

h=24
minimize Py~ ) Pl + PN, ()
h=1
subject to the following constraints:

0 <Py, <1, (4)
Ph"”m',,;.u. 0 ., 5)
h=24
Z P"ey= Py » h=1, ..., 24. (6)
h=1

Equation (3) represents the objective function to be
minimized. From the behavior of EV owners who
mostly charge their vehicles immediately after
returning home and stop charging when leaving for
work. Therefore, it is determined that there is no
charging during the hos period, as shown in (5).
Therefore, every remaining hour (h,,) is determined to
have the EV charged, with the charging power in per
unit (p.u.) as shown in (4). While (6) establishes a link
between hourly charging power and total charging
power.

ITI. PSO BASED OEVCS

Kennedy and Eberhart [10] proposed the PSO as a
population-based optimization method. Using a
population of particles, the PSO approach finds the
best solution. Each particle is a potential solution to the
problem. PSO is essentially created by simulating bird
flocking in two dimensions [11].

‘ Obiain load profile, EV profile and network data.

v

[ Generate inffiflipopulation matrix in (7).

v

[ Run PSO-OEVCS model for obtain each of population.

I Caletlate the P, of Particle and G',_, of population.

—

I Update P',_,, G, particle |

Fig. 1 Computation procedure of the PSO-based OEVCS.
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The PSO algorithm begins by randomly creating
particles in the function domain search space. The
population matrix of the EVs charging energy each
hour, as shown in (7), is used to acquire the EVs
charged each hour value obtained from the charging
schedule by PSO. The objective function is to
minimize the daily power loss of the system in (3). The
position in the EV, of the best fitness returned for a
specific particle is PPes. The position in the EV.p of the
best fitness returned for the entire swarm is Ges. The
computational procedure is illustrated in Fig. 1.

EVy=[P'g, ... PPy, PP5], )
h=1,...,24

IV. SIMULATION RESULTS

In this section, we focus on the effect of EV charge
scheduling by PSO on the total energy loss of the
electrical system over the course of a day. Figure 2
displays the modified IEEE 33-bus distribution system
under study, which includes EV charging on each bus.
The load profile of the northeastern region of Thailand
is used as the system base load, as shown in Fig. 3.
Based on the charging habits of electric vehicle owners
who charge after coming home and off-charge when
leaving for work. Therefore, in this simulation, electric
cars are not charged in hours 7-16 and are charged in
the remaining hours.
O

2% 21 28 20 30 3
9| r@|

19 20 21

32 3

12 13 14 18 16 a7 a8
G 9

Fig. 2 The modified IEEE 33-bus distribution test system with
EV charging.

The load profile of the Northeast of Thailand

Load(kW)

2 4 6 8 w12 M 16 18 220 2 24
hours.

Fig. 3 System base load profile.

In this article, two case studies will be considered,
as follows:

A. Case I: IEEE 33-bus distribution system with
Uncontrolled EV charging.

In Case I, it is a simulation test of results on the
IEEE 33-bus distribution system under study with EV
charging. In this case, there is no control over the
charging. The EV load profile is based on the user's
basic charging behavior, according to [8]. As a result,
PSO isn't using the optimal charging schedule.

The simulation results showed that the system was
without charging control. The total daily system
energy losses will be 10,054.34 kW.

B. Case II: The IEEE 33-bus distribution system with
Controlled EV charging.

In Case II, the charging schedule is optimized
using PSO. To minimize the total daily system energy
losses per day, a new EV load profile will be obtained
from the charging scheduling by PSO result, as shown
in Table I (the adjusted EV load profile shown in Table
1 is the average value obtained from the calculation by
PSO for 30 trials.).

The outcomes of the simulation demonstrate that
the system has regulated charging. The total daily
system energy loss will be 8,107.18 kW. Figure 4
represents the convergence plot of the suggested total
daily system energy loss value for Case II.

TABLE L EV LOAD PROFILE AND TOTAL DAILY SYSTEM
POWER LOSSES RESULTS OF IEEE 33-BUs
SYSTEM
Power consumption (p.u.)
Hour Case | Case IT
Puacoatrolied cn (P-1.) Peoairolied e (P-.)
1 0.576923077 0.655359241
2 0.384615385 0.69284192
3 0307692308 0.706330417
4 0.230769231 0.709446676
4 0.192307692 0.687877491
6 0.173076923 0.595910022
7 0 0
8 0 0
9 0 0
10 0 0
11 0 0
12 0 0
13 0 0
14 0 0
15 0 0
16 0 0
17 0.615384615 0.580212928
18 0.769230769 0.463772578
19 0.942307692 0.400388115
20 0.961538462 0.409415789
21 1 0.47795148
22 0.769230769 0.534180498
23 0.615384615 0.575878624
24 0.576923077 0.625818835
Protalloss
(kW) 10,054.34 8,107.18
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From the simulation results, as shown in Table 1, it
will be seen that when using PSO By improving the
charging time of EVs from Case I to Case I1, the power
during peak hours will decrease. As a result, the
system's overall power loss is reduced.

TABLE II.  THE MINIMUM, AVERAGE, AND MAXIMUM DAILY
ENERGY LOSS OF THE SYSTEM FROM 30 TRIAL
SOLUTIONS OF MODIFIED IEEE 33-BUS SYSTEM

(Caes 1D
PSO-OEVCS
DAILY Min. Avg. Max.
ENERGY
LOSSES 8,106.03 8,107.18 8,109.02
(kW)

Table II and Fig. 5. illustrate the results from 30
trials of the proposed method. The daily energy losses
of the system of the minimum and maximum solutions
are 8,106.03 kW and 8,109.02 kW respectively. The
average daily energy loss of the system from 30 trials
is 8,107.18 kW.

Minimum total daily loss

§

£

=
H

=
3
2

Total daily energy loss of the system (KWh)
=
NS LE NSNS S

8150 |

0 10 20 30 4 50 60 7 50 9% 100
Iteration

Fig. 4 The convergence plot of the proposed OEVCS for Case IL

e © PSO-OEVCS
~— Average Line

nergy loss (KWh)

Daily e
H
°
°
°
°

s 10 15 20 25 30
Interation

Fig. 5 The results from 30 trials of PSO-OEVCS for Case II.

1800 T T

[ |emm [EEE 33-bus system with Uncontrolled EV charging,

«+++ IEEE 33-bus system with Controlled EV charging

Power Loss (kW)

2 4 6 5 012 4 16 s 20 n
Hours

Fig. 6 The comparison of power loss between IEEE 33-bus
with Uncontrolled EV charging and IEEE 33-bus with
Controlled EV charging.

According to the simulation results, Figure 6
displays the results of comparing the hourly power
losses of Case I and Case I1. It is evident that the system
with controlled EV charging will minimize power
losses during peak hours. Compared to the system with
uncontrolled charging.

V. CONCLUSION

In this paper, the use of PSO for optimal EV
charging scheduling is proposed to minimize the total
system power losses. According to simulation results
on the IEEE 33-bus distribution system with EV
charging, the proposed algorithm resulted in the most
suitable electric vehicle charging schedule. In
addition, the system peak demand can be substantially
reduced, leading to ultimately reduction in the total
system loss.
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Multi-Objective Optimization of EV Charging for Cost and Loss
Minimization Under TOU Tariff

Suwimon Techanok, Keerati Chayakulkheeree”

Abstract

This study proposes an optimal electric vehicle (EV) charging (OEVC) management methods to minimize
electricity costs and energy losses in the distribution system, which arise from the growing demand for EV charging.
a multi-objective particle swarm optimization (MOPSO) algorithm is used to solve the OEVC multi-objective
optimization (MOO). Additionally, the time-of-use (TOU) tariff is used to coordinate between the distribution
system operator and EV users, which can help increase the efficiency of the charging schedule. Monte Carlo
Simulation (MCS) is used to model virtual EV user behavior and create EV charging load profiles. The proposed
MOPSO-based OEVC approach is verified on the modified IEEE 33-bus distribution test system, using MATLAB
software, under both uncontrolled and controlled charging case studies. The simulation results demonstrate that the
proposed method optimizes EV charging efficiently, achieving reductions of approximately 7.60% in electricity

costs and 28.73% in energy losses compared to the uncontrolled charging case.

Keywords: optimal EV charging (OEVC), multi-objective optimization (MOO), electricity cost minimization,
energy loss minimization, time-of-use (TOU) tariff

1. Introduction

Global warming poses a critical threat to ecosystems and human well-being. Many countries aim to achieve net zero
emissions (NZE) as the solution under the Paris Agreement, with a key strategy being the transition from internal combustion
engines (ICEs) to electric vehicles (EVs). Fuel combustion in ICEs is a major source of CO,, and studies indicate that
widespread EV adoption can reduce emissions by up to 20% [1-2]. Under the most ambitious scenarios, EVs could account
for up to 65% of all light car sales globally by 2030, driven by strong policy support, advancements in battery technology, and
market expansion in major regions. This projection aligns with the NZE by 2050 Scenario outlined in the Global EV Outlook
2024 [3].

However, the rapid increase in EV adoption also presents significant challenges for electricity grid management. As EV
users typically charge their vehicles after returning home, this coincides with peak electricity demand from other daily
activities, leading to elevated peak electricity loads. Without proper planning, this can result in significant negative impacts on
the grid, such as voltage instability, increased power losses, and transformer overloading. For instance, studies [4] analyzing
the impact of uncoordinated EV charging on grid performance, have shown that peak demand can increase by up to 53%. To
address these challenges, implementing strategies such as smart charging, time-of-use (TOU) tariffs, and vehicle-to-grid (V2G)
technology is crucial for ensuring the sustainable integration of EVs into the energy system [5]. Fig. | demonstrates the impact

of EV charging on the load profile.

+ Corresponding author. E-mail address: keerati.ch@sut.ac.th
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Consequently, many studies are being conducted to find the management approaches to the rapid increase in EV numbers
within the electricity system. In [5], an efficient and accurate predictive model for EV charging demand is proposed,
specifically designed for use in the management and planning of urban transportation infrastructure. In [6], the authors propose
sequential heuristic (SH) and global heuristic (GH) approaches to solve the optimal EV charging (OEVC) scheduling problem
to minimize charging costs. In [7-8], centralized EV scheduling problems are proposed to minimize grid load imbalance
through valley filling. In [9], the optimization of EV charging and discharging primarily aims to decrease energy costs by

shifting loads to low-cost periods and regulating power system demand more efficiently.

Various algorithms have been studied and developed to optimize charging scheduling. Heuristic rule-based algorithms
have been proposed in [10-11] to handle a variety of scheduling challenges considering variables such as the number of
instances, the available limitations, and computational, including the scheduling of EV charging sessions at charging stations
while solving an optimal power flow problem. However, heuristic rules are applied to problems with a small number of

decision variables and lower computational complexity.

In contrast, metaheuristic algorithms are better suited for handling complicated problems, especially when it comes to
scheduling optimization and power system challenges. In [12], the crow search algorithm (CSA) is used to optimize the energy
control system and minimize operating costs. In [13], the focus is on minimizing the peak-to-valley difference in grid load and
reducing user charging costs, proposing the use of genetic algorithms (GA) for optimal scheduling schemes for electric
vehicles. In [14], the particle swarm optimization (PSO) algorithm can be employed to optimize EV charging scheduling to
effectively minimize power loss, although it does not account for the uncertainty in user charging behavior. However, in [15],
the uncertain behavior of EVs using a Markov decision process, with optimal charging management achieved through the
bounded real-time dynamic programming (BRTDP) algorithm. In [16], GA and monte carlo simulation (MCS) are used to
minimize distributed generators' investment costs. Adjusting EV users' charging behavior is crucial for optimizing charging

schedules for maximum efficiency.

Demand side management (DSM) is an alternative solution for controlling electricity demand, including the demand for
EV charging. DSM has been successfully applied in large-scale buildings through various demand response programs, such as
real-time demand reduction, load shifting, and energy efficiency enhancement, as demonstrated in real-world case studies
proposed in [5]. Dynamic pricing is important for managing conflicting energy demands from EV charging. In [17], it was
demonstrated that the dynamic real-time demand electricity pricing mechanism can significantly reduce electricity costs. The
TOU considered in [18] was applied for optimal energy scheduling to reduce system costs and minimize CO; emissions,
utilizing the multi-objective grasshopper optimization algorithm (MOGOA). Meanwhile, [19] introduced a model developed
using the learnable partheno-genetic algorithm (LPGA) to determine the optimal EV routes to minimize total distribution costs

under the TOU framework.
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However, MOGOA is still a relatively new algorithm with limited development and improvements, and LPGA is
susceptible to becoming caught in local optima in the absence of a well-thought-out methodology. By contrast, multi-objective
particle swarm optimization (MOPSO) is a widely used algorithm with several improved versions, making it highly effective
for solving specific problems. MOPSO also has a strong capability to explore solution spaces efficiently and avoid local optima
while offering flexibility in various applications. In [20], MOPSO has been used to optimize the power flow. Many studies
focus on solving multi-objective scheduling problems, such as [21-22] minimizing grid load imbalance and focusing on

reducing EV users' charging prices.

However, many studies primarily target reducing costs for the benefit of EV users. From the perspective of solving
scheduling issues to minimize the distribution system operator's (DSO) expenses, this aspect is one of the most challenging
issues. In large-scale EV charging, power losses from extensive electricity transmission impose significant challenges that are
comparable to other grid impacts. Insufficient electricity to meet rising demand may also force the DSO to procure additional
power, often from international sources, which could elevate costs due to fluctuating global energy prices. Moreover, both

escalating costs and rising power losses have substantial and interconnected impacts on the grid’s sustainability.

Therefore, both issues should be considered simultaneously in any comprehensive optimization strategy. The study in [5]
focuses on developing a predictive model to accurately forecast EV charging demand by leveraging advanced deep learning
techniques, primarily emphasizing long-term planning and resource allocation for charging station operators. However, it does
not address the critical challenges associated with large-scale EV integration into the power grid, such as increased power
losses and higher operational costs for DSOs. Meanwhile, this study aims to address this gap by focusing on optimizing EV

charging to minimize both electricity costs and energy loss in the distribution system for the benefit of the DSO.

Based on the discussion above, this study proposes an integrated approach for OEVC that uses the MOPSO algorithm to
minimize electricity costs and energy losses, achieving a balanced optimization between both objectives. In the methodology
presented in this article, dynamic pricing is incorporated by integrating a TOU tariff as a representative example of price-based
demand response actively used in Thailand in conjunction with MOPSO. Moreover, the versatility of MOPSO allows
adaptation to other pricing schemes, which provides a flexible framework for diverse market conditions. While accounting for
the uncertainty in the user charging behavior, the MCS generates EV load profiles based on actual usage data. The proposed
MOPSO-based OEVC algorithm was tested on the IEEE 33-bus distribution system using the central Thailand household load
profiles. The simulation results show that the proposed OEVC method effectively minimizes electricity costs and energy losses

compared to charging profiles generated by MCS.
This study is structured as follows: Section 2 addresses the OEVC problem formulation, Section 3 presents the MOPSO

method for solving the OEVC, Section 4 presents the simulation results and discusses the results of the MOPSO base OEVC,

and Section 5 presents the conclusions.

2. Problem Formulation

In this section, objective functions are formulated to minimize electricity costs and energy losses. The MCS is used to
model EV user behavior and handle the variability resulting from EV user behavior uncertainty. This part will also cover the

TOU tariff, which is a time-based program that encourages response to the OEVC scheduling.

2.1. Time of Use (TOU) Tariff

The TOU rate is an electricity rate that represents the cost of generating power over two periods. Electricity costs are
calculated based on the user's electricity usage period. As shown in Fig. 2, electricity costs during peak hours (from 9:00 AM
to 10:00 PM) are higher than those during off-peak hours (from 10:00 PM to 9:00 AM). Implementing the TOU tariff

encourages EV users to adjust their charging times to take advantage of the lower rates.
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Fig. 2 Typical TOU tariff pattern

2.2. The probabilistic modeling of the EV user's behavior

For the behavior of EV users, MCS is applied to address the uncertainty of EV users' behavior. The random variables
considered include the time at which EVs depart from home (T4, ), the duration from home to work (T, ), the duration back
from work to home (T¢py,), and the duration EVs are parked at work without being connected to the grid (T,,,). Additionally,
the model considers battery capacity and distance. The probability distributions and parameter values used for these variables
were derived from empirical studies on real-world EV user behavior in European countries, which investigated travel patterns,
parking durations, and charging preferences. These findings provided the basis for determining the means and standard
deviations for each parameter, as presented in Table 1 from [23]. The lower and upper bounds of random variables are 0-24
hours. Fig. 3 illustrates the EV user activity model generated using MCS. This model creates an EV charging load profile,

which is combined with the household load profile. These inputs and network data are provided to the MOPSO algorithm to
solve the OEVC.

Load profile
EV Charging

“
EV Charging {a" EV Charging
—_— — .
+  EVsstayathome

Monte Carlo simulation @0 The owner drives to work
[ EVsstayatwork

| £V | EVv Evm e l " gl {0 The owner drives to home

I ‘.D.\ ﬁ H 0 The EVsarrive home
ATV? ATV ATV @ Maximum SOC

(U ge———

@ Decreasing SOC
(CLCT IO ]] @ ConstantSOC
= 1 1 Increasing SOC

ATV

% SOC

Time step

Fig. 3 Framework of MOPSO-based OEVC with probabilistic EV user activity model

Once these random time variables are obtained from the MCS, they serve as inputs to model the EV usage activities of
users. The model for EV usage activities is based on the assumption that EVs are primarily used for commuting within urban

areas, where they only travel from home to work and do not account for regional variations in user behavior or external factors
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such as traffic conditions or weather. Therefore, the activities of EV users include the time of departure from home, the time

of return to home, the travel duration, and the duration of parking without charging, as described in Eqgs. (1)—(6).

ATV gy, = ATV + ATV + ATV + ATV, + ATV, 1)
ATV = q1: T -1y, @
ATV = 0 T 4T ®
ATV = (T T, + 1T, T, T @
ATV = T + Ty + T +1: T + T, WL LT ), Q)
.11Tl'5" = :Tel(,lr B Th’;w + e,:)p - Te,[’ﬂz +1:np}, (6)

Jorn=1.. ,NCit=1,...;p

where, ATV j,,, represents the daily activities of the n*™ EV usage. The nt" EVs stay at home before leaving for work in activity
ATV, ATV} is the owner who drives the n*" EVs to work. The user of the n*" EV parks the EVs at work without connecting
to the grid by ATV} is the activity in which the user of the n®* EV parks the EV at work without connecting to the grid. The
owner, ATV," takes the n*"* EVs home. Lastly, ATVZ represents the owner of the n*" EVs after they get home from work.

In order to estimate the electricity consumption from EV charging and create the load profile for uncontrolled charging
of EVs, it is necessary to calculate the state of charge (SOC). Based on the assumption that EV usage begins in the morning
after overnight charging, it is initially considered that the battery is fully charged, as indicated in Eq. (7) [24]. Considering only
the charging state, it is assumed that the SOC is limited to a minimum depth of discharge (DOD), determined by the fraction

Pgoq and the maximum SOC when fully charged, denoted as SOC,, ., as shown in Eq. (8).

socy =socy %)
it o o
Pdod ‘S()Cmin sSO(I =50 max (®)

The level of SOC changes according to EV usage activities. It increases when the EV is charged at home and decreases
when the user drives the EV. For the time step of the SOC at time increases from its initial state according to the charging
power when the EV is charged. It decreases according to the energy consumption when the EV is driven, as calculated in Eq.

).

S()('t" +Pc At, . forcharging mode

Vs e
S()(H_

1= S()("" -Clar Jfordriving mod e

(&)
soc In " else

Jor n=1,.. ,NC,t=1,....,np
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B S0C; =50Cy,
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At home

Time period

Fig. 4 The SOC varies over time under different EV charging strategies

Fig. 4 illustrates the SOC profiles of an EV under different charging strategies across key activity periods, including
staying at home, driving to work, parking at work without charging, EV driving back home, and charging at home. Each
segment reflects the change in SOC based on the corresponding activities, where SOC decreases during driving, remains

constant while parked at work, and increases when charging at home, following Egs. (7)-(9).

The EV charging load profile Py}, ; . will be equal to or dependent on P, following the vehicle usage activities at that time

initially, as shown in Eq. (10). The total EV charging load profile is determined by summing the charging loads of all EVs, as
described in Eq. (11).

- _{ PC , forcharging mod e

ev,it 0, else (10)
NC
total _ n
Foie= T o iy (n

n=

Jorn=1,..,NC,t=1,....np

The power EV charging Py, ; , must be taken into account hourly in the data analysis to ensure that the information is in
line with the objective function, understandable, and adheres to standard procedure. The outcome of changing the time step
from one minute to one hour is displayed in Eq. (12).

NC
total _

N( A
el
evih= 2 llev.i,h (12)

Jorn=1,..,NC,h=1,...,24

2.3. Objective functions

This research focuses on managing the increasing electricity demand resulting from EV charging by searching for the
OEVC time with two objectives. The first objective is to reduce electricity costs, and the second is to minimize energy losses
in the system. The objective functions of the electricity cost minimization problem are presented in Eq. (13) and the energy
loss minimization problem is presented in Eq. (14).

24
Minimize(e"”“’ -y ch

13
ho1 P (13)
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Jtotal
Mlmmzzel:la“ hz Il(m (14)

where the hourly electricity cost can be calculated by:

~h _<NB ~h ~h ~h
=Z; —l(elll+(ftl+(\11r,i (15)

h _  ph h h
en,i (Phh i Pe\ ) "ou (16)
h h h

(Ill (Phhl+Pe\1)x1, (17)

ch »=((vh +ch

vat,i en,i ' " Fi, I)X,AI

(18)

fori=l,...,NB,h=1,...,24

The hourly loss can be calculated using Egs. (19)-(20), the equations are referred from the load flow equations in [25].

z’\Bl,ll -(I’h +I,h )

low =1"G,i “hh,i” “ev,i (19)

loss

h  NB .
P :Ll. _Z llj[(yij cos(éi -Jj)+ l)‘U. sm(5i -5j )] (20)
j =

Jori=1,.. ,NBh=1,..,24
2.4. Constraints

According to the MCS of EV user behavior, EVs are not charged from the moment they leave home until they return.

Thus, Pc'::(i" represents the charging power at the time / at bus 7 when the EV is charging, with its value ranging between a

maximum, the total power charge of all EVs at bus i, and the minimum is a percentage of the total number of cars (pnc). While

P'l °fT indicates the total power charge at the time /4 at bus i when the EV is not charging, which equals 0. According to Egs.

(21)-(22).

. NC ph h,on NC
(p”(xznzll)(“i.”)<l)()\ i <(Zn-l cyi; n) @
hoff _
il <, 22)

Jori=1,..,NB,n=1,..,NC,h=1,...,24

The equality constraints, which represent the load flow equations, are as follows in Eqgs. (23)-(24)[25].

NB
)Gi '1)[)1' - PI. .Z lPj[Gl.l. cos(&i - éjl.)+ BI/ sm(é'i -6j )]=0 23)
j —




206

Advances in Technology Innovation 8

NB
QGi 'QDI - PIJE ]Vj[Gij sm(5l. - 5/.)- Bij cos(zS[ -5j )]=0 24)

fori=1,..,NB,h=1,....24

The inequality constraints establish the system's operational bound, as follows. Generator constraints, including voltage,

active power, and reactive power at the i*" bus, are restricted between their upper and lower bounds, as shown in

- min < <y max
| Gi _| Gi —’ Gi
P min dr.|<lp max
| Gi —| Gi —‘ Gi (25)
) min <o I<lo max
i <[0ail<leg:
Transformer tap settings are confined within specified limits, as detailed in
min max
I (26)
Shunt compensations are subject to their respective limits, as outlined in
min max
0,M<0.<0., ; @7
and line flow constraints in
. ~ max
VY (28)

3. Multi-Objective Particle Swarm Optimization (MOPSO)

In this section, the MOPSO algorithm designed for the problem considered in this article is discussed. Furthermore, the
concept of Pareto dominance, which is important for the operation of MOPSO for handling multi-objective optimization

(MOO) problems, is explained.

3.1. Basic Concept of Pareto Dominance

Problem-solving with multiple objectives, as presented in this article, targets reducing electricity costs and minimizing
energy losses. Therefore, it requires carefully balancing conflicting goals. The Pareto dominance concept is applied to analyze
and solve the MOO problem. The Pareto dominance helps identify solutions in which an improvement in one objective cannot
be achieved without causing a deterioration in another. In other words, if a solution x; is better than a solution x,, then the
solution x; is said to be the dominating one. Thus, the set of non-dominated solutions, which is known as the Pareto frontier,

naturally represents a balanced trade-off between the two objectives.

Coello and Salazar Lechuga were among the first to extend the PSO algorithm to handle multi-objective problems by
incorporating the principle of Pareto dominance. The key advancements include using an external repository to store and
update non-dominated solutions and employing a leader selection mechanism based on Pareto criteria. These modifications

guide the swarm toward less crowded regions of the objective space, promoting diversity and ensuring that the final set of
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solutions maintains a balanced trade-off between minimizing electricity costs and reducing energy losses. This method is

known as MOPSO [26].

3.2. MOPSO algorithm

| Specify the parameter for MOPSO |

v

I Initialize search population with random position and velocity I

I Initialize the repository for the Pareto frontier and set of non—dominated solution I

Does MOPSO fulfill the

convergence criteria? Barsts frorties
(Repository)
=|[ Loop each particlep = 1, ..., NP
Post p g
| Update the velocity and position of each ginicle as follows in (29) and (30), respectively. |
| p=ptl | | Enhance diversity by using a mutation prevent getting stuck in local optimal. I

[E' the objective functi

ch particle according to (13) and (14). |

| Update the repository of non-dominated soluti

discard points with the lowest crowding distance. |

I Caleulate spread and qu?ﬁkali;: mean dista@'_é according to (31) and (32). l

Fig. 5 The proposed MOPSO-based OEVC computational procedure

MOPSO is an extension of the PSO concept, maintaining the fundamental principles of PSO while incorporating the
core concept of Pareto dominance to manage MOO [27-28]. Therefore, in each iteration, the equations for velocity and position
updates remain as defined in Egs. (29)-(30), respectively. V; ,; is the velocity at iteration 7 and V; ., is the updated velocity at
iteration /+/ of particle i. x; , is position at iteration £, and x;,, is the updated position at iteration /+/ of particle i. wis the
inertia weight. Parameters ¢; and ¢, are the cognitive constant and the social constant respectively. r; and r;, are the random

numbers uniformly distributed between 0 and 1. xf best is the best position of particle i at an iteration. This is the best solution

that the particle has found till the current iteration. xft”“t is the global best position across all particles up to the current. This

is the non-dominated solution or best solution found by the swarm.

4 . . ( Pbes! Gbest
Viest =WV, +en(x;; SXp) el (X X 29)

4

il =Xt ,n.nl (30)

The MOPSO algorithm has been developed and detailed in [29] and is called the multiple design option (MDO)-MOPSO.
In this research, the MDO-MOPSO algorithm has adapted to suit the specific characteristics of the problem in this article while
still considering the spread and the mean of the crowding distances (quand mean) as convergence criteria according to Egs.
(31)-(32). Fig. 5 illustrates the methodology of the MDO-MOPSO algorithm.
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_ pto
spread ——#+Q7 31
quand mean= (32)

where p is the parameter that quantifies whether the extreme values of the Pareto frontier have changed between two
consecutive iterations. o and d are the standard deviation and the arithmetical average of the crowding distances of point £,
and Q is the number of points on the Pareto frontier. This modified version of the MOPSO algorithm integrates performance
metrics and includes a post-processing step to identify MDO. The iterative process stops when one of the following three
conditions. The first is when the maximum number of iterations is reached. The second is that the change in the spread measure
falls below a specified relative and absolute tolerance of, or the final, the change in the quadratic mean of crowding distances

falls below a specified absolute and relative tolerance.

In the post-processing section, a process is conducted to identify the optimal solutions according to predefined criteria.

The steps are as follows:

(1) Identify the search area for selecting extreme values and conducting trade-off analysis based on the Pareto frontier.

(2) Remove any outliers to ensure only relevant and feasible solutions are considered.

(3) Select extreme designs that maximize energy shares, focusing on solutions that provide the best balance between
objectives.

(4) Calculate key performance indicators (KPIs). KPIs are computed to evaluate and compare the diversity characteristics
among the original Pareto frontier, the enhanced Pareto frontier, and the selected MDO points. The calculation of KPIs
is based on the Manhattan measure. Details of this calculation are presented in [29].

(5) Plot the trade-offs and results to visually assess and compare the final solutions.

4. Simulation Results and Discussion
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Fig. 6 The modification IEEE 33-bus distribution test system with EV charging devices

This section discusses the simulation of a system modified from the IEEE 33-bus distribution test system by adding EV
connections at each bus, as shown in Fig. 6. According to this research study, the OEVC scheduling controls the increasing
demand for electricity to minimize electricity costs and energy losses in the system. The MOPSO algorithm is used for OEVC

scheduling, and the simulation is performed with MATLAB software.
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4.1. IEEE 33-bus distribution system without EV charging device

The IEEE 33-bus distribution system is used as the base system for this study, as shown in Fig. 6. In the base case, the
simulation is performed without connecting any EV charging devices to the system, while other cases include EV charging
devices. The load profile used as the system's base load for households is the central Thailand load profile for July, as shown

in Fig. 7. This case study contrasts the outcomes of the OEVC scheduling for objective functions of different purposes.

4.2. IEEE 33-Bus distribution system with EV charging device

The IEEE 33-bus distribution system with the integration of EV charging devices, as shown in Fig. 6. This system is used
for the simulation under uncontrolled and controlled charging conditions. For the controlled scenario, three case studies are

presented to assess and compare the performance of the proposed algorithm in solving the OEVC problem.

4.2.1. Uncontrolled EV charging devices

L e
! i
I ( Base Load Profile [ Household Only | l" ‘-‘
1500 7| -~ Total Load Profile | Houschold + EV charging | | 4
< 1000
5
£
500
iy S PR
012345678 9101112131415161718192021222324

Time (Hours)
Fig. 7 The Load Profiles of the System without and with EV Charging

IEEE 33-bus distribution system with EV charging device, as shown in Fig. 6. EV charging input parameters are as in
[24] and the BYD Atto 3 model, as shown in Table 2. The load profile for EV charging follows user behavior as suggested by
the MCS, which is shown in Fig. 7. The uncontrolled EV charging load profile, location status based on user activities and

SOC by considering the time period #p = 1440 minutes, is shown in Fig. 8. Simulation results indicate that without controlling

EV charging, the daily electricity cost for the entire system is 105.6815 kTHB/kWh, and the daily energy loss is 6.16 MWh.

Location status based on user activities
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Fig. 8 Uncontrolled EV charging simulation
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Fig. 9 Comparison of real-world EV charging and MCS results

Fig. 9 presents the comparison of the EV charging load profile from the MCS and the real-world EV charging data from
the Denmark study [30]. The outcomes indicate that the load profile generated by the MCS agrees with the real-world data. In

particular, the peak electricity demand is close to real-world values and occurs between 8:00 PM and 9:00 PM.

Table 1 Mean and variance of EV usage patterns Table 2 Input parameters of EV charging

Random Mg Variance : Parameter values
variable (%) SOC, .« 60.48 kWh

Te: 7:15 AM 30 min F 3.7kWh

Ly, 30 min 15 min Ddod 0.6

/. 9 h:]ril: 20 50 mid C,"of Jun-Aug 1.1

T, 30 min 15 min Vn 60 km/h

C, 0.257 kWh/km
N 1/60 h
pr 0.1

4.2.2. Controlled EV charging devices

In this article, household consumption at a voltage level lower than 12 kV is used, using the TOU pricing of Thailand as
indicated in Table 3. In this study, the OEVC scheduling is proposed in three case studies to assess the effectiveness of optimal

charging planning, including using the algorithms differently to solve the problem. The three case studies are as follows:

Table 3 Time of Use rate (TOU rate) for type 1 residential households

Energy charge (Bath/kWh)
Voltage level Peak Off-Peak
(09:00 a.m.-10:00 p.m.) | (10:00 p.m.-09:00 a.m.)
At voltage level 12 — 24 kV 5 P185 2.6037
At voltage level lower than 12 kV 5.7982 2.6369
(1) Case I: Single objective for minimizing Electricity cost

In this case, the PSO and GA determine the OEVC scheduling, considering the single objective function of minimizing
the electricity cost of the system. The result of the PSO achieved a minimum daily electricity cost of 96.92823 kTHB, leading
to a daily energy loss of 5.4966 MWh. In comparison, the result of the GA produced a minimum daily electricity cost of
98.1728 kTHB, leading to a daily energy loss of 5.5542 MWh. Across 30 trials in this case, the resulting averages of PSO and
GA were 97.1056 kTHB and 98.4532 kTHB.

(2) Case II: Single objective for minimizing Energy losses

In this case, the PSO and GA determine the OEVC scheduling, considering the single objective function of minimizing

the energy loss of the system. The result of the PSO achieved a minimum daily energy loss of 4.0900 MWh, leading to a daily
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electricity cost of 97.752 kTHB. In comparison, the result of the GA produced a minimum daily energy loss of 4.208 MWh,
leading to a daily electricity cost of 100.442 kTHB. Across 30 trials in this case, the resulting average of PSO and GA was
4.3195 MWh and 4.3560 MWh.

3) Case III: Multi-objective for minimizing Electricity cost and Energy losses

The MOPSO will be used to determine the OEVC scheduling in this case, considering both the objective function that
minimizes electricity cost and minimizes energy loss. The results of the MOPSO indicate that in the system with controlled

charging, the daily electricity cost for the entire system is 97.651 kTHB, and the daily energy loss is 4.39 MWh.

Table 4 Objective function values from 30 trials by PSO and GA (Case I and Case II)

Case studies
Objective function values Case I Case II
Electricity cost (kTHB) | Energy loss (MWh)
Algorithm PSO GA PSO GA
Max 99.3399 101.8907 | 4.8523 | 4.5714
Avg. 97.6148 | 099.5013 | 4.3196 | 4.3560
Min 96.2823 098.1728 4.0900 4.2085

Table 4 and Fig. 10 show the results of the objective function values of the maximum, minimum, and average obtained
from 30 PSO and GA trials for case I and case II. The comparison of the performance of PSO and GA for Case I and II, as
shown in Fig. 10(a) and Fig. 10(b). Each figure includes the results of 30 trials, showing the average trend line across trials,
with the best result marked by a red diamond and the worst result marked by a black circle. The simulation results show that
PSO is better than GA in both cases, with the PSO achieving a minimum daily electricity cost 0f 96.2823 kTHB and a minimum
daily energy loss of 4.09 MWh. The EV charging scheduling results by PSO and GA for case I and case II are the minimum

electricity cost and energy loss obtained from the simulation results for 30 trials, as indicated in Table 5.
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Fig. 10 The results from 30 trials of the PSO and GA algorithm

* History of evaluated fitness values
9 MDO points
~— Pareto frontier

Lnergy Loss (MWh)

40.00 60.00 §0.00 100.00 120
Electricity Cost (K<THB/kWh)

Fig. 11 Pareto Frontier of the proposed MOPSO-based OEVC
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Fig. 11 shows the results from MDO-MOPSO for case III. The history of fitness values evaluated during the MOPSO
process, including optimal and suboptimal solutions, is represented by black points. The blue points indicate the MDO solution
set selected after post-processing analysis. The red line shows the Pareto frontier, representing the optimal trade-offs between
electricity cost and energy loss. The most suitable set of solutions is derived from the Pareto frontier after further filtering
using a diversity criterion based on crowding distance and a post-processing step that retains only the solutions within a
predefined tolerance. This process indicates that the final solutions reflect a balanced trade-off between minimizing electricity

costs and reducing energy losses.

Table 5 EV load profiles and minimum objective function values for the IEEE 33-Bus system

Power consumption (kWh)
Psiis Uncontrolled Controlled charging
charging Case | Case II Case III
PSO GA PSO GA MOPSO
1 0 229.40 331.27 | 231.58 | 265.42 296.96
2 0 346.16 173.09 | 221.73 | 106.09 282.31
3 0 379.73 468.63 | 255.62 | 089.09 221.05
4 0 459.64 225.38 | 194.35 | 133.60 143.07
5 0 570.91 22449 | 211.49 | 187.90 241.65
6 0 138.92 | 105.90 | 373.12 | 652.74 | 372.80
7 0 222.69 | 249.58 740 408.66 | 675.08
8 0 0 0 0 0 0
9 0 0 0 0 0 0
10 0 0 0 0 0 0
11 0 0 0 0 0 0
12 0 0 0 0 0 0
13 0 0 0 0 0 0
14 0 0 0 0 0 0
15 0 0 0 0 0 0
16 0 0 0 0 0 0
17 0 0 0 0 0 0
18 332.445 103.23 074.66 | 292.30 | 382.40 135.02
19 740.000 080.39 074.66 | 121.54 | 076.07 138.28
20 740.000 074.01 074.66 | 074.69 | 369.62 138.72
21 740.000 074.00 108.62 | 088.67 | 175.42 135.02
22 740.000 122.09 339.17 | 150.63 | 155.40 222.82
23 096.015 132.41 482.71 | 212.92 | 226.21 203.80
24 0 454.92 455.67 | 219.86 | 159.88 181.92
CL! (KTHB) 105682 | 96.2823 | 98.1728 | 97.752 | 100.442 | 97.651
E/o! (MWh) 6.16 54966 | 5.5542 | 4.0900 | 4.2085 | 4.3917

Table S presents the results of EV charging scheduling in the three cases compared to uncontrolled EV charging schedules.
The results of all three cases show that optimized charging schedules reduce electricity costs and energy loss. In case I, the
best result among PSO and GA is a daily electricity cost of 96.922 KTHB, but the energy loss remains relatively high at
5.4966 MWh. In case II, the best result among PSO and GA is a daily energy loss of 4.0900 MWh, but the electricity cost
remains relatively high at 97.752 kTHB. The obtained solution in case III is the OEVC. It achieves a daily electricity cost of
97.651 kTHB and an energy loss 0f 4.3917 MWh. Cases I and II, which consider minimizing a single objective function, using
the PSO and GA, achieve the minimum value for that specific objective function. However, the values for the other objective

function are higher. Furthermore, the PSO shows slightly superior performance compared to GA.

Conversely, OEVC scheduling with MOPSO considers the balance between the two objective functions in that the results
for the obtained objective values are not minimum. But these are the optimal results for both objectives. Therefore, the

electricity cost and energy loss values in case III fall between cases I and II. The comparison of the EV load profile, electricity




213

Advances in Technology Innovation 15

cost, and energy loss for each hour is shown in Fig. 12. The simulation results in Fig. 12(a) compare the system load profiles,
showing that the system with charging control under TOU pricing results in lower on-peak energy demand, which helps reduce

electricity costs and energy loss, as shown in Fig. 12(b) and Fig. 12(c).
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Fig. 12 Comparison of results from all cases

5. Conclusions

This study proposed a method for OEVC that uses the MOPSO algorithm to solve the multi-objective optimization
problem. The goal is to minimize electricity costs and energy losses in the system caused by the large increase in EVs. MCS
is used to model the uncertain behavior of EV usage. Additionally, a TOU tariff was used to promote OEVC. The experiments
were conducted using MATLAB software and tested on the IEEE 33-bus distribution system. According to the simulation

results, the conclusion is given below.

(1) MCS has effectively modeled the uncertain behavior of EV users, which can create realistic EV charging load profiles.
This shows that the energy demand during peak periods increases, leading to higher electricity costs and energy losses.

(2) The MOPSO algorithm is designed to explore a balanced set of solutions using the Pareto frontier. This approach enables
it to effectively address the multi-objective challenge of OEVC by reducing both electricity costs and energy losses.
However, MOPSO cannot minimize either aim to the lowest possible level because it operates with the Pareto frontier,

which focuses on balancing both objectives without allowing one to outperform the other.
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In the future, improvements might include adaptive tuning of parameters, combining MOPSO with other techniques, or

using real-time data to boost specific performance while still maintaining the overall balance.
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Abbreviations and Symbols

BEV Battery Electric Vehicle By, The real power demand at bus i
DOD Depth of Discharge i The real power of the generator at bus i
EV Electric Vehicle 1{;,"" The minimum real power of the generator at bus i
MOPSO BVgEl e O et ve ikt caol St /e The maximum real power of the generator at bus i
Optimization
MDO Multiple Design Option Opi The reactive power demand at bus i
MOO Multi-Objective Optimization Osi The reactive power of the generator at bus i
NB The total number of buses Qa"" The minimum shunt VAR compensator
NC The total number of cars o The maximum shunt VAR compensator
PSO Particle Swarm Optimization r;(},'u The electricity pricing at hour &
SOC State of Charge SOCy Initial State of charge of n cars
TOU Time of Use SOC, .« The maximum state of charge of n cars
B; The susceptance on branch ij SOCpi The minimum state of charge of n cars
(e The total daily electricity prices N The time the n-th EV departs from its residence
ch . J o The duration of time it takes for the n-th EV to travel
P The total hourly electricity prices B 708 home to the workplace
ch The electricity energy prices at bus i and T The duration of time the n-th EV is parked in the
ol hour /4 o garage at the workplace
ch The electricity fuel adjustment charge 7 The duration of time it takes for the n-th EV to travel
L prices at bus i and hour / ebh from workplace to the home
h The electricity value added tax prices at i b, .
Coe i o i The minimum transformer tap settings
ﬁ The MVA flow of line / T The maximum transformer tap settings
fo The maximum limit of line / Vij The voltage of bus i and j
The fuel Adjustment Charge (at the given
Ft time) VAT The value-added tax
Gij The conductance on branch ij 8,‘] The phase difference of voltages between bus 7 and j
F ol The total daily energy losses C Season coefficient
Pe:ofa;{ T Chargll?fulr) (;’wer atdii (™ Electricity consumption in distance (kWh/km)
B, The charging po“:;u(;f hn cars at bus i and P Charging power (kWh)
I;;'SS The hourly power loss Pand Depth of discharge fraction
B,';, The hourly power of the household load Pear Vehicle usage probability
on The charging power of n cars at bus i that :
f:,"'.v,v,, is dharging N Time step length (hr)
:‘“,’j{ The charging PONEL oin cas bt § that Vi The average velocity for a private vehicle trip
s is not charging
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