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Abstract

This thesis investigates the integration of Vehicle-to-Grid (V2G)
technology into the IEEE 33-bus distribution network to address critical
challenges in modern power systems, including voltage stability, peak load
management, and power loss reduction. By leveraging the Particle Swarm
Optimization (PSO) algorithm and a 24-hour load forecast, the study
develops a scalable optimization framework for the strategic placement

and sizing of Electric Vehicle (EV) batteries.

The findings demonstrate significant improvements in grid
performance, including a 10.57% reduction in power losses, enhanced
voltage stability within the limits of 0.9 to 1 p.u., and effective peak
shaving, which is seen at Node 26's where the loading improved from
approximately -0.11 p.u. to around -0.07 p.u with cuts of up to 36.4%.
These results validate the potential of V2G-enabled EVs as dynamic
distributed energy resources, capable of providing reactive power support

and improving grid resilience.

The study contributes to the theoretical understanding of dynamic grid
support frameworks and offers practical insights for utilities and
policymakers. By addressing the challenges of integrating renewable
energy and EVs into distribution systems, this research underscores the
transformative potential of V2G technology in achieving sustainable and
reliable energy systems. Future research is encouraged to extend this
framework to larger networks and explore real-world implementation

scenarios.
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1.1 Background

In the evolving landscape of energy systems, Vehicle-to-Grid (V2G)
technology has emerged as a promising solution to enhance the flexibility
and resilience of power networks (Clement-Nyns, Haesen, & Driesen,
2010). By enabling bi-directional energy flow between electric vehicles
(EVs) and the grid, V2G facilitates demand-side management, peak load
shaving, and grid stabilization. This innovation is particularly relevant in
the context of broader energy trends, such as the global shift towards
decarbonization and the increasing integration of renewable energy sources

(Kempton & Tomig¢, 2005).

However, the transition to such advanced technologies is not without
challenges. Unresolved issues, such as the lack of standardized charging
infrastructure, cybersecurity concerns, and high implementation costs,
have hindered the widespread adoption of V2G (Noel, de Rubens, Kester,
& Sovacool, 2019). Social concerns, including equitable access to V2G
infrastructure and its implications for energy justice, further complicate
this landscape (Sovacool & Dworkin, 2015). These challenges underline
the need for targeted research to bridge gaps in understanding and
application, particularly in distribution networks like the IEEE 33-bus
system, which is widely recognized for its applicability in assessing the

performance of advanced power system technologies.

Electric vehicles (EVs) have seen rapid adoption globally, driven by
advancements in battery technologies and growing concerns over climate
change (Lund & Kempton, 2008). However, existing charging topologies
predominantly rely on unidirectional power flow, which limits their
potential contribution to grid support. Research into bi-directional

charging, as facilitated by V2G technology, has opened avenues for EVsto
2



act as distributed energy resources, thereby improving energy flexibility

and efficiency (Clement-Nyns et al., 2010).

Existing research on V2G technology has explored various aspects,
including its economic viability, operational challenges, and integration
into renewable energy systems (Lund & Kempton, 2008). These studies
highlight the potential of V2G to support grid stability, but they also
underscore unresolved challenges, such as optimal control strategies and

infrastructure requirements.

1.2 Unresolved Issues

Enhancing grid stability in the IEEE 33-busdistribution network has
been extensively studied using various heuristic algorithms. Techniques
such as Genetic Algorithms (GA), Salp Swarm Algorithm (SSA), and
Whale Optimization Algorithm (WOA) have been applied to optimize
power flow, minimize losses, and improve voltage profiles (Baran & Wu,
1989). For instance, the Salp Swarm Algorithm has been utilized to
mitigate voltage deviations and enhance stability, demonstrating
effectiveness in improving voltage stability and reducing power losses in

the IEEE 33-bus system (Kennedy & Eberhart, 1995).

Particle Swarm Optimization (PSO) has also been employed in
similar contexts. Studies have applied PSO for optimal placement and
sizing of distributed generation units to minimize power losses and
enhance voltage profiles in the IEEE 33-bus system (Ghosh, Ghosh, &
Ghoshal, 2019). Additionally, PSO has been used to improve voltage
stability indices in microgrids, with simulations on the IEEE 33-bus system
validating its effectiveness (Eberhart & Shi, 2001).



Despite these applications, gaps remain in the research, particularly
concerning the integration of Vehicle-to-Grid (V2G) technology and the
dynamic interaction between electric vehicles (EVs) and the grid. While
PSO has been applied for the optimal placement of EV charging stations
(Optimal Placement of Electric Vehicle Charging Station by Particle
Swarm Optimization, n.d.), comprehensive studies focusing on the real-
time operational benefits and limitations of V2G using PSO in the IEEE

33-bus system are limited.

This thesis aims to fill this gap by employing PSO to analyze the
localized impacts of V2G at multiple nodes within the IEEE 33 -bus system.
By focusing on the dynamic interaction between EV batteries and the grid,
this research seeks to provide a detailed analysis of V2G's operational
benefits and limitations, offering insights that can inform distribution

network planning and operation.

In summary, while heuristic algorithms, including PSO, have been
applied to enhance grid stability in the IEEE 33-bus system, the specific
application of PSO in optimizing V2G integration remains underexplored.
This research addresses this gap by focusing on the node-level effects of
V2G, contributing to a more comprehensive understanding of'its potential

in distribution networks.

1.3Context

The proliferation of electric vehicles and renewable energy sources
has introduced complexities in power system operation, especially at the
distribution level. One major issue is grid overload caused by the
simultaneous charging of EV's, which can strain the distribution network

during peak hours. Integrating Vehicle-to-Grid (V2G) technology offers a

4



solution by enabling EVs to return energy to the grid during these peak
periods, thereby facilitating peak shaving. Additionally, V2G contributes
to maintaining voltage stability in the network by dynamically adjusting
the flow of energy from EV batteries to balance supply and demand.
Traditional networks, designed for unidirectional power flow, face
challenges such as voltage fluctuations, congestion, and load imbalances
(Lund & Kempton, 2008). Unidirectional chargers treat electric vehicles
purely as loads on the grid, exacerbating these issues as EV adoption
grows. This increasing load necessitates frequent and costly upgrades to

distribution networks to maintain reliability.

Furthermore, areas with high loading at specific nodes may require
operational measures to mitigate stress on the system. By contrast,
integrating bi-directional chargers through V2G technology allows EVsto
actively participate in reducing modal load and managing grid demand.
These systems can regulate reactive power injection and absorption,
thereby supporting voltage control and stabilizing the grid. Integrating
V2G technology offers a pathway to address these challenges. This
research focuses on evaluating the impact of V2G on the IEEE 33-bus
distribution network, emphasizing the broader impacts across multiple
nodes. By addressing specific problem areas such as voltage stability, load
balancing, and modal load reduction, the study aims to provide a holistic
understanding of V2G's role in enhancing the operational efficiency and

reliability of distribution networks.

The analysis incorporates a 24-hour load forecast under peak day
conditions, which is significant as it captures the temporal variations in
grid load and energy demand. This forecast allows for evaluating the
dynamic interaction between EV batteries and the grid in real-time

scenarios, providing insights into how V2G technology can be leveraged
5



to address peak demand, improve load balancing, and enhance overall grid

stability.
1.4 Purposes

This thesis sets out to achieve the following objectives:

1. Enhancing Grid Stability: Optimize the use of V2G
technology within the IEEE 33-bus network using Particle
Swarm Optimization (PSO) to bolster grid stability and
reliability.

2. Optimizing Battery Deployment: Identify the best locations
and capacities for EV batteries in the network to effectively

shave peak loads and distribute energy demand.

1.5 Aimed Task

1. Voltage Regulation with EVs: Explore how EVs, through
reactive power compensation, can help maintain stable voltages
across the network’s nodes.

2. Understanding Power Flow Dynamics: Analyze the
relationship between bidirectional active power flow from EVs
and nodal angle variations, providing insights into power
system operations.

3. Assessing Nodal Impacts: Compare the load profiles of
network nodes before and after deploying V2G-enabled EVsto
understand their impact on distribution.

4. Battery Performance Analysis: Investigate the operational
states of EV batteries, detailing their charge-discharge patterns

and contributions to grid functionality at each node.



1.6 Significance

The findings of this study are significant for several reasons:

e Topic (Problem Situation): Addressing grid stability in the
context ofincreasing EV adoption is critical for maintaining the
reliability and efficiency of power distribution networks. The
rapid growth of EVs imposes new challenges, such as voltage
fluctuations and grid overload, particularly during peak
demand periods. Integrating V2G technology provides a novel
solution by enabling EVsto actas distributed energy resources,
which can mitigate these challenges through peak shaving and
voltage regulation.

e Methodology: This research employs Particle Swam
Optimization (PSO), a robust heuristic algorithm well-suited
for solving complex, non-linear optimization problems. PSO's
application in this study ensures that the sizing and placement
of EV batteries are optimized for maximum impact, addressing
both local and global grid stability issues. The use of PSO also
allows for exploring real-time interactions between EVs and
the grid, which is a key methodological contribution.

e The gap in the Literature: While existing studies have
explored the benefits of V2G technology and heuristic
optimization algorithms in power networks, there is a notable
lack of research focusing on real-time, node-level impacts of
V2G within the IEEE 33-bus system. This study bridges that
gap by analyzing the effects of bi-directional power flow,

reactive power compensation, and nodal voltage regulation,

7



providing new insights that are critical for future grid planning

and operation.
1.7Scope and Definitions

e Scope: This study is confined to the IEEE 33-bus distribution
network and considers only the impact of EV batteries
integrated at randomly allocated nodes. The analysis excludes
other distributed energy resources, large-scale generators, and
transformers.

e Definitions:

o V2G Technology: A system enabling bi-directional energy
exchange between electric vehicles and the power grid.

o PSO Algorithm: A heuristic optimization technique inspired
by the social behavior of birds and fish, used to solve complex
nonlinear optimization problems.

o Load Flow Algorithms: Computational methods are used to
analyze the power flow and voltage conditions in an electrical
network under steady-state operation.

o IEEE 33 Network: A widely used test distribution system
consisting of 33 nodes and associated branches, utilized for
evaluating power system technologies and optimization
techniques.

o Reactive Power Compensation: The process of managing
reactive power in the network to improve voltage stability and
reduce power losses.

o Peak Shaving: The technique of reducing electricity usage
during peak demand times, often by utilizing stored energy or

distributed energy resources.



o PSO Algorithm: A heuristic optimization technique inspired
by the social behavior of birds and fish, used to solve complex

nonlinear optimization problems.

1.8 Thesis Outline

The remainder of this thesis is organized as follows:

e Chapter 2: Literature Review: Reviews existing studies on
V2G technology, distribution network performance, and
heuristic optimization challenges.

o Chapter 3: Research Design: Describes the methodology,
including network modeling, load forecasting, optimization
techniques, and MATLAB coding used for simulation and
analysis.

e Chapter 4: Results and Analysis: Presents the outcomes of
the simulations and discusses the findings in the context of

existing literature and identifies potential improvements.

e Chapter5: Conclusions: Summarizes the study, highlights its

contributions, and offers recommendations for future research.



Chapter 2: Theoretical Background and

Literature Review

2.1 Historical Background

2.2 Bi-directional V2G Technology and Energy Systems

2.4 Implementation Challenges and Opportunities for V2G
in the IEEE 33 Network .......cccoeveeviiviinieieeeeeeeeee, 32

2.5 Summary and Implications..........ccccccvevverienienreenenne. 36



This chapter reviews the existing literature on key topics related to the
research focus. Section 2.1 provides a historical background of V2G
technology and its role in energy systems. Section 2.2 discusses bi-
directional V2G technology, its principles, and its application in power
distribution networks. Section 2.3 examines the IEEE 33 network as a test
model for evaluating power system performance under various conditions.
Section 2.4 explores the integration of EV batteries into distribution
systems, focusing on optimization methods and their challenges. Finally,
Section 2.5 summarizes the findings from the literature, identifies research

gaps, and develops the conceptual framework for this study.
2.1 Historical Background

2.1.1 Origins and Early Development

Vehicle-to-grid (V2G) technology emerged as a transformative
concept in energy systems during the late 1990s, driven by the rapid
electrification of transportation and the global push for renewable energy
integration. The seminal work of Kempton and Letendre (1997) intro duced
the idea of using electric vehicles (EVs) not only as a mode of
transportation but also as a flexible, distributed energy resource capable of
feeding energy back to the grid. This concept was underpinned by the
observation that private vehicles remain idle for approximately 95% of
their operational life, presenting an untapped opportunity for grid support

and optimization.

Technological advancements in battery storage systems played a
pivotal role in making V2G technology feasible. Early research focused on
lead-acid and nickel-metal hydride batteries; however, the emergence of

lithium-ion batteries revolutionized the field due to their superior energy
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density, longer life cycle, and faster charging capabilities (Nykvist &
Nilsson, 2015). Furthermore, the development of bidirectional power
inverters enabled EVs to seamlessly transition between charging and
discharging modes, facilitating two-way energy flow between vehicles and
the grid. These advancements coincided with significant improvements in
communication technologies, particularly the implementation of standards
such as ISO 15118, which established protocols for vehicle-to-grid
communication, ensuring secure and efficient energy exchange (ISO

15118, 2014).

2.1.2 Milestones in V2G Evolution

The early 2000s marked the first practical demonstrations of V2G
systems, primarily in pilot projects conducted in Europe, the United States,
and Japan. Notable examples include the "e-Mobility" project in Germany,
which explored the potential of EV fleets for frequency regulation, and the
University of Delaware’s pioneering efforts in V2G integration for
ancillary services (Kempton et al., 2008; e-Mobility Project, 2011). These
studies highlighted the ability of V2G systems to provide grid stability,
enhance renewable energy penetration, and reduce operational costs for

utilities.

In parallel, the adoption of renewable energy sources such as wind
and solar created an urgent need for grid flexibility and energy storage
solutions. V2G technology emerged as a complementary solution by
addressing the intermittent nature of renewables. For instance, studies
demonstrated how V2G-enabled EVs could absorb excess solar energy
during the day and discharge during evening peak demand, effectively
flattening the load curve and reducing reliance on fossil-fuel-based peaking

plants (Lund & Kempton, 2008).
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Standardization efforts also gained momentum during this period,
with organizations such as IEEE, IEC, and SAE International working to
establish guidelines for V2G interoperability and safety. These efforts
culminated in the development of universal charging standards like CCS
(Combined Charging System), which supported both unidirectional and
bidirectional power flow (SAE International, 2016).

2.1.3 Challenges and Early Limitations

Despite its potential, early V2G systems faced significant challenges,
particularly regarding battery degradation and economic feasibility.
Studies revealed that frequent charging and discharging cycles could
accelerate battery wear, reducing the economic viability of V2G
participation for individual EV owners (Neubauer & Pesaran, 2011).
Additionally, the lack of robust infrastructure, such as bi-directional
chargers and advanced grid management systems, hindered widespread

adoption.

Regulatory frameworks further complicate early implementations.
Policies governing energy markets were often designed for centralized
generation models, making it difficult to integrate distributed energy
resources like V2G systems. For instance, tariff structures in many regions
failed to account for the dual role of EVs as consumers and suppliers of
energy, resulting in financial disincentives for V2G participation (Smith et

al., 2014).
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2.1.4 Transition to Modern Applications

Advancements in smart grid technology and Internet of Things (IoT)
integration have significantly enhanced the feasibility and appeal of V2G
systems. Modern V2G applications leverage real-time data analytics,
predictive algorithms, and blockchain-based transaction platforms to
optimize energy flows and ensure fair compensation for EV owners (Zhao
et al., 2018). These innovations have enabled V2G systems to provide
ancillary services such as frequency regulation, voltage support, and black

start capabilities with greater efficiency and reliability.

The relevance of V2G technology to standardized test networks such
as the IEEE 33-bus distribution system has also increased. Researchers
now use these benchmarks to evaluate the impact of V2G-enabled EVson
voltage stability, power loss reduction, and load balancing under various
scenarios. This evolution underscores the critical role of V2G technology
in modern power systems and sets the stage for the focused analysis

presented in this thesis (Zhu et al., 2020).
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2.2 Bi-directional V2G Technology and Energy
Systems

2.2.1 Overview of Bi-directional V2G Technology

Bi-directional Vehicle-to-Grid (V2G) technology represents a pivotal
advancement in modern energy systems, enabling electric vehicles (EVs)
to operate as both energy consumers and suppliers. Unlike conventional
unidirectional charging systems, which solely draw energy from the grid,
bi-directional systems facilitate two-way energy flow. This capability is
achieved through advanced bidirectional chargers and power electronics
that allow energy stored in EV batteries to be returned to the grid when
needed. Such systems have been instrumental in redefining the role of EVs,

transforming them into mobile distributed energy resources (DERS).

At the core of bi-directional V2G technology lies the interaction
between EVs and the grid. Bidirectional chargers not only handle energy
transfer but also communicate with grid operators via standardized
protocols such as ISO 15118 and Open Charge Point Protocol (OCPP).
These protocols ensure secure, reliable, and efficient integration of EVs
into power distribution networks. Additionally, the technological
development of lithium-ion batteries with enhanced energy density and
durability has further bolstered the feasibility of V2G systems. Recent
advancements in battery management systems (BMS) enable precise
control over charge-discharge cycles, minimizing degradation while

maximizing efficiency (Nykvist & Nilsson, 2015; ISO 15118, 2014).
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The potential applications of bi-directional V2G technology are vast,
ranging from peak shaving and load balancing to providing ancillary
services such as frequency regulation and voltage support. These
functionalities have made V2G systems a cornerstone of smart grids and
an essential component of the transition to renewable energy-based power
systems. By leveraging the flexibility of bi-directional energy flow, V2G
technology contributes to the decarbonization of the energy sector while
improving grid resilience and operational efficiency (Kempton et al.,

2008).
2.2.2 Technical Details of Bi-directional Systems

Bidirectional chargers are the cornerstone of V2G technology. These
devices consist of key components, including DC/AC inverters, power
converters, and control systems that ensure the synchronization of EVs
with the grid’s voltage and frequency. The DC/AC inverter converts direct
current (DC) from the EV battery to alternating current (AC) for grid
compatibility. Power converters manage the flow of energy, ensuring
efficient bidirectional transfer while minimizing losses. The typical rating
of a bidirectional charger ranges from 3.3 kW for residential use to 50 kW
or more for commercial and fleet applications. These chargers often
employ silicon carbide (SiC)- based converters, which offer high efficiency

and reduced heat dissipation compared to traditional silicon-based systems.

The operational process of V2G involves precise coordination
between the EV’s battery management system (BMS) and grid
requirements. The charger dynamically adjusts power flow to match grid
conditions, maintaining voltage and frequency stability. To illustrate,
Figure 1 shows a schematic diagram of a typical V2G system, including

the EV, bidirectional charger, grid connection point, and control interface,
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adapted from Zhao et al. (2018). The diagram details the bidirectional
energy flow and highlights the coordination between key components for

efficient grid integration.
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Figure 1 shows a schematic diagram of a typical V2G system, including the EV, bidirectional charger; grid connection
point, and control interface, adapted from Zhao et al. (2018),

Modern bidirectional chargers are equipped with advanced features
such as real-time monitoring, fault detection, and adaptive power
management. These capabilities enable seamless integration into smart
grid systems, where energy demand and supply are dynamically balanced.
For example, during peak-demand periods, EVs can discharge stored
energy to stabilize the grid, while in low-demand periods, they recharge
using excess renewable energy, contributing to load leveling and peak

shaving (Lund & Kempton, 2008).
2.2.3 Use Cases and Pilot Studies

One of the most notable pilot studies is the "Parker Project" in
Denmark, which demonstrated the feasibility of integrating EVs into the
grid for frequency regulation and peak shaving. This project utilized a fleet
of V2G-enabled EVs with a total capacity of 100 kW, connected to a
medium-voltage grid at 10 kV. The findings revealed that V2G systems
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could respond to grid frequency deviations within milliseconds,
significantly enhancing grid stability and reducing operational costs for the
utility. Moreover, the project highlighted the potential for EV owners to
earn up to €1,000 annually through frequency regulation services,

providing strong economic incentives (e-Mobility Project, 2011).

Similarly, in Japan, V2G systems have been deployed to provide
backup power during natural disasters. These systems were connected to
residential distribution grids at 400 V, supplying emergency power to
critical facilities such as hospitals and evacuation centers. The findings
showed that V2G systems could sustain essential operations for up to 24
hours during grid outages, demonstrating their potential to enhance energy

resilience and disaster preparedness (e-Mobility Project, 2011).

In commercial applications, companies like Nissan and Tesla have
implemented V2G-compatible charging infrastructure, enabling EV
owners to participate in energy markets. These initiatives have
demonstrated that bi-directional V2G systems not only offer technical

benefits but also provide financial incentives for EV owners by enabling

them to sell stored energy back to the grid (Neubauer & Pesaran, 2011).
2.2.4 Technological and Operational Challenges

Despite its advantages, bi-directional V2G technology faces several

technical and operational challenges:

1. Battery Degradation: Frequent charge-discharge cycles in V2G
operations accelerate battery wear, which may reduce the
overall lifespan by 10-20%. To mitigate this, researchers are

exploring advanced battery chemistries, including solid-state
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and lithtum-sulfur technologies, which promise higher cycle
life and reduced degradation rates (Smith et al., 2014).

. Energy Losses: The bidirectional energy flow involves
conversion losses, primarily in the DC/AC inverters, which can
range between 5% and 10%. High-efficiency silicon carbide
(S1C) converters have been developed to reduce these losses
significantly, ensuring improved system efficiency (Lund &
Kempton, 2008).

. High Infrastructure Costs: The initial investment required for
bidirectional chargers and grid upgrades is substantial.
Strategies such as government subsidies and economies of
scale from mass production are being explored to reduce costs
and encourage adoption (Zhu et al., 2020).

. Communication Latency: Real-time communication between
EVs and grid operators is critical for maintaining system
stability. Delays in signal transmission can compromise
efficiency, butadvancements in 5G technology and low-latency

communication protocols are expected to resolve these issues

(Zhao et al., 2018).
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2.2.5 Research Trends

Recent research highlights several trends in V2G development,

focusing on integration, optimization, and deployment strategies:

1. Integration with Renewable Energy and Microgrids: V2G
systems are increasingly integrated with renewable energy
sources, such as solar and wind, to address their intermittency.
Studies have demonstrated how EVs can store surplus energy
generated during peak production periods and discharge it
during low renewable output, enhancing grid stability (Zhu et
al., 2020). Microgrid deployments with V2G further provide
localized energy management and improve resilience in
isolated regions (Lund & Kempton, 2008).

2. Advanced Deployment Strategies: Pilot projects like the
"Parker Project" and "e-Mobility" have demonstrated
mmnovative scheduling algorithms and predictive models to
optimize V2G operations. These strategies aim to minimize
energy costs, maximize grid services, and ensure reliable
operation (e-Mobility Project, 2011).

3. Machine Learning and Predictive Analytics: Advanced
analytics are being applied to optimize charge-discharge
cycles. By predicting grid demand and user driving patterns,
machine learning algorithms can reduce battery wear and
maximize grid contributions, making V2G systems more
efficient and cost-effective (Smith et al., 2014).

4. Blockchain-based  Energy  Transactions:  Blockchan
technology is being explored for secure and transparent energy

transactions in V2G networks. This innovation ensures reliable
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tracking of energy exchanges, prevents double transactions,
and provides real-time compensation for EV owners (Zhao et

al., 2018).

These advancements are shaping the future of V2G technology,
improving its integration into modern energy systems and enhancing its

potential to support a sustainable and resilient power grid.

While promising, bi-directional V2G technology faces challenges,
including battery degradation, energy losses during conversion, and high
mitial costs for infrastructure. To address these issues, researchers are
developing advanced battery chemistries, such as solid-state batteries,
which offer higher efficiency and longer lifespans (Zhu et al., 2020).
Additionally, innovations in bidirectional converter designs and improved
thermal management systems help reduce energy losses and extend the

operational life of both the chargers and batteries (Smith et al., 2014).

Moreover, the integration of machine learning and predictive
analytics has enabled more efficient charge-discharge scheduling, reducing
wear on batteries while maximizing grid benefits. These advancements are

paving the way for more widespread adoption of bi-directional V2G

systems in modern power networks (Zhao et al., 2018).

23 The I1IEEE 33 Network and Power

Distribution Systems

2.3.1 Introduction to the IEEE 33 Network

The IEEE 33-bus distribution system serves as a widely adopted
benchmark for analyzing power flow, voltage stability, and optimization

techniques in radial distribution networks. Originally introduced by Baran
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and Wu (1989), this network represents a simplified yet realistic model of
a typical medium-voltage distribution system. Its design enables
researchers to evaluate various load conditions, test optimization
algorithms, and study the impact of distributed energy resources (DERS)
such as renewable energy systems and Vehicle-to-Grid (V2G) technology.
By simulating real-world scenarios, researchers can analyze the
effectiveness of advanced energy solutions in addressing critical
challenges, such as voltage drops, load balancing, and power loss
reduction. Additionally, this benchmark provides a controlled environment
for assessing the operational benefits of integrating renewable energy and
V2G technologies, ensuring their practical viability in modern grid

systems.

This system allows researchers to test and validate advanced control
strategies, including V2G integration, which can improve grid resilience
and optimize energy flow. Moreover, its radial topology and realistic load
distribution make it an effective tool for evaluating novel optimization
algorithms under practical constraints. For example, Baran and Wu (1989)
demonstrated how reconfiguring the IEEE 33 network by altering the status
of tie-line switches can significantly reduce power losses and improve
voltage profiles. They utilized optimization algorithms to identify optimal
configurations that enhance load balancing while maintaining the radial
structure of the network. By studying its behaviorunder diverse scenarios,
researchers can develop strategies to enhance overall network efficiency

and reliability (Baran & Wu, 1989).

The IEEE 33 network comprises 33 buses (nodes) and 32 branches
(lines), with a total load of approximately 3.7 MW and 2.3 MVAr under
nominal conditions. The network operates at a base voltage of 12.66 kV

and features multiple tie-line switches, which can be reconfigured to
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optimize performance or enhance reliability (Baran & Wu, 1989). The
radial nature of the network simplifies power flow analysis while
presenting challenges such as significant voltage drops and high-power
losses under peak load scenarios. Figure 2 illustrates the IEEE 33-bus
system, showing its radial structure and tie-line switches that enable
reconfiguration (Baran & Wu, 1989). This diagram helps visualize the flow
of power and the placement of critical nodes and branches. Such visual
representation is crucial forunderstanding the network’s configuration and

the potential benefits of optimization strategies.
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Figure 2 illustrates the IEEE 33-bus system, showing its radial structure.

2.3.2 Technical Characteristics

The technical layout of the IEEE 33-bus system is essential for
understanding its operational challenges and potential enhancements. Key

features include:

e Topology and Load Distribution: The system comprises a
main feeder with lateral branches, supplying loads at different
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nodes. The loads vary between 60 kW to 200 kW, with
corresponding reactive power demands ranging from 20 kVar

to 100 kVar (Baran & Wu, 1989).

Voltage Profile: Voltage levels along the feeder range from
1.00 p.u.at thesubstationto as low as 0.903 p.u. at the farthest
nodes under full load, highlighting the need for voltage
regulation and reactive power compensation. Integrating V2G
technology can play a crucial role in addressing these issues.
By leveraging the reactive power capabilities of EVs, V2G
systems can provide localized voltage support, improving grid
stability and reducing voltage drops along the feeder. This
enhances the operational efficiency of the distribution network
and minimizes the risk of power quality issues.

Line Impedance: The system includes high-resistance lines,
with typical values 0f 0.0922 Q for resistance and 0.047 Q for
reactance per kilometer, contributing to significant IR losses
in heavily loaded branches.

Tie-line Switches: The network is equipped with five tie-line
switches that allow for reconfiguration, enabling load
balancing and fault isolation. These switches are integral to
distribution automation strategies and loss minimization

techniques.

The IEEE 33-bus system serves as a versatile platform for testing

various methodologies, including load flow analysis, fault detection, and

optimization algorithms such as Particle Swarm Optimization (PSO) and

Genetic Algorithms (GA). Its adaptability makes it an invaluable tool for

researchers aiming to integrate advanced technologies like V2G into

modern distribution systems.
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2.3.3 Applications in Research

The IEEE 33 network has been extensively used in research to explore
methods for improving power distribution system efficiency, reducing
power losses, and enhancing voltage stability. One notable application
involves the use of optimization algorithms to minimize real power losses
while maintaining voltage levels within acceptable limits. For instance,
Baran and Wu (1989) demonstrated that through network reconfiguration,
system losses could be significantly reduced by identifying optimal
configurations for tie-line switches. Their study showed a 6% reduction in
system losses after reconfiguring the network, highlighting the potential

for operational improvements.

Another key area of research is voltage stability analysis. Studies have
used the IEEE 33 network to simulate load variations and test the
effectiveness of voltage control devices, such as capacitors and on-load tap
changers (OLTCs), in maintaining grid stability. These simulations have
provided insights into optimal capacitor placement and sizing, which can
reduce power losses and improve voltage profiles along the feeder (Chis et

al., 1997).

In addition to static voltage analysis, dynamic studies involving
renewable energy sources have also been conducted. Researchers have
integrated distributed generation (DG) units, such as solar photovoltaics
(PV) and wind turbines, into the IEEE 33 network to examine their impact
on grid performance. Findings indicate that DG integration can
significantly improve voltage stability, but it also introduces new
challenges, such as reverse power flows and voltage fluctuations during
intermittent generation periods (Singh & Reddy, 2013). V2G technology

has been proposed as a solution to these challenges, with EV's providing
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reactive power support to mitigate voltage fluctuations and enhance overall

grid reliability.

Furthermore, the IEEE 33 network has been employed to evaluate the
performance of heuristic optimization techniques, such as Particle Swamm
Optimization (PSO), Genetic Algorithms (GA), and Ant Colony
Optimization (ACO). These methods have been applied to solve complex
power flow and load balancing problems, achieving notable improvements
in system efficiency. Forexample, a study by Khan et al. (2015)used PSO
to optimize the placement of DG units in the IEEE 33 network, achieving

a 12% reduction in total power losses and improved voltage profiles.

Finally, recent research has focused on integrating V2G systems into
the IEEE 33 network to explore their potential to improve grid stability and
reduce losses. Simulations have shown that strategic placement of V2G-
enabled EVs at critical nodes, such as node 10, can enhance voltage
profiles and reduce overall system losses by up to 10% (Zhao et al., 2021).
This demonstrates the value of V2G technology in modern power
distribution systems, making the IEEE 33 network a vital tool for

advancing research in this domain.
2.3.4 Challenges in the IEEE 33 Network

The IEEE 33 network, while widely used as a benchmark for research
and optimization, presents several challenges that reflect real-world
operational issues in power distribution systems. These challenges arise
due to its radial topology, high resistance lines, and significant load

variations.
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e Voltage Drops

One of the most critical challenges in the IEEE 33 network is the
occurrence of significant voltage drops at nodes located farther from the
substation. For instance, under peak load conditions, voltage levels at some
distant nodes can drop below the acceptable threshold of 0.9 p.u,
compromising power quality and grid stability (Baran & Wu, 19809).
Voltage drops lead to increased power losses, reduced operational
efficiency, and potential equipment malfunctions due to under-voltage
conditions. To counter this, voltage regulation devices like capacitors and
on-load tap changers (OLTCs) are often employed. Capacitors provide
reactive power support, improving voltage levels and reducing losses,
while OLTCs regulate voltage by adjusting transformer tap settings.
However, the deployment of these technologies can be costly, involving
high capital expenditure and maintenance costs. Despite these costs, they
are vital for ensuring grid reliability and improving the power factor,
ultimately leading to long-term savings by enhancing overall system

efficiency.

e High Power Losses

The network's high-resistance lines contribute to substantial I°R
losses, where the total power loss can be expressed as, representing the
current and the line resistance. Under heavily loaded conditions, high
current levels result in exponential increases in power losses. Studies have
shown that these losses can account for up to 8% of the total load,
significantly impacting system efficiency. An 8% loss not only raises
operational costs but also exacerbates the need for additional generation
capacity to meet demand, leading to higher fuel consumption and increased

emissions in fossil-fuel-based systems. This ripple effect can compromise
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grid sustainability and economic feasibility. To address these losses,
researchers often explore network reconfiguration or the integration of
distributed generation (DG) units, which can alleviate stress on heavily
loaded branches and reduce current flow through high-resistance lines,

thereby lowering overall losses.

e Limited Grid Flexibility

The radial topology of the IEEE 33 network, while simplifying fault
isolation, limits its ability to handle sudden load changes or accommodate
new loads without reconfiguration. This limitation arises because radial
systems lack redundancy, meaning there are no alternate pathways for
power to flow during load variations or outages. Consequently, any sudden
load increase can lead to voltage sags, overloaded lines, or even
transformer failures. Furthermore, adding new loads often requires
reconfiguring the network to redistribute power flow, which can be both
time-consuming and operationally disruptive. These constraints highlight
the need for dynamic reconfiguration capabilities and the integration of
advanced control systems to enhance network flexibility. This lack of
flexibility poses a challenge in maintaining reliable service during dynamic
operational conditions, such as load surges or outages. Addressing this

requires advanced control strategies and dynamic reconfiguration

capabilities.
e Reactive Power Deficiency

The network often suffers from inadequate reactive power
compensation, which exacerbates voltage instability issues. Reactive
power deficiency can lead to a poor power factor, further increasing system

losses and reducing the efficiency of power delivery. For example, when
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the power factor drops below 0.9, the apparent power required to deliver
the same active power increases significantly. This results in higher current
flow through the system, leading to elevated IR losses and increased stress
on transformers and cables. Having sufficient reactive power reserves in
the network is crucial to maintaining a high power factor, ensuring efficient
energy delivery, and preventing equipment overloading. Capacitors, which
supply leading reactive power, and V2G systems can provide dynamic
supportto stabilize the power factor, improve voltage profiles, and reduce
overall system losses. The strategic placement of capacitors and the
integration of V2G-enabled EVshave been proposed as potential solutions

to mitigate these deficiencies (Zhao et al., 2021).
e Integration of Distributed Energy Resources (DERSs)

The increasing penetration of distributed energy resources (DERs),
such as solar PV and wind turbines, introduces new challenges to the IEEE
33 network. These include reverse power flows, voltage fluctuations, and
intermittency in power generation. While DERs offer the potential to
reduce losses and improve voltage profiles, their intermittent nature
requires advanced control mechanisms to ensure grid stability and

reliability (Singh & Reddy, 2013).

Addressing these challenges is critical for optimizing the performance
of'the IEEE 33 network and enhancing its role as a benchmark for modem

power distribution research.

2.3.5 Relevance to V2G Technology

The integration of Vehicle-to-Grid (V2G) technology into the IEEE
33 network offers a promising approach to addressing several challenges
in power distribution systems. By leveraging the bidirectional energy flow
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capabilities of V2G-enabled electric vehicles (EVs), significant

improvements in grid stability, efficiency, and flexibility can be achieved.
1. Mitigating Voltage Drops

Voltage drops in the IEEE 33 network, particularly at distant nodes,
pose a critical challenge to maintaining power quality. V2G systems can
supply reactive power locally, enhancing voltage stability at these nodes.
Forinstance, by deploying V2G-enabled EVs at critical nodes, the reactive
power supplied can offset the voltage sags, bringing voltage levels within
the acceptable range of 0.9 to 1 p.u. This capability reduces the need for
costly infrastructure upgrades, such as installing additional capacitors or

OLTCs.
2. Reducing Power Losses

High powerlosses in the IEEE 33 network, primarily because of I’R
losses in high-resistance lines, can be mitigated through V2G technology.
By strategically discharging EVs at peak load times, V2G reduces the
current flowing through overloaded branches, thereby minimizing power
losses. Studies have shown that incorporating V2G systems can lead to a
reduction in system losses by up to 10%, improving overall efficiency

(Zhao et al., 2021).
3. Enhancing Grid Flexibility

The radial topology of the IEEE 33 network limits its operational
flexibility, especially during sudden load changes or outages. V2G
technology introduces dynamic flexibility by providing a mobile and fast-
response energy resource. During peak demand or fault conditions, V2G-

enabled EVs can discharge stored energy to support the grid, effectively
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acting as distributed energy storage units. This capability enhances the
network’s ability to maintain reliable service under dynamic operational

conditions.
4. Supporting Distributed Energy Integration

The integration of distributed energy resources (DERs) such as solar
PV and wind turbines introduces intermittency challenges in the IEEE 33
network. V2G systems can complement these resources by providing gnid
support during periods of low renewable generation. For example, EVs can
store excess energy produced during high renewable output periods and
discharge it during low generation times, ensuring a steady power supply.

This reduces the reliance on conventional generation and improves grid

sustainability.
5. Practical Case Studies

Several studies have demonstrated the effectiveness of V2G
integration in improving the IEEE 33 network’s performance. For instance,
simulations incorporating V2G systems at strategic nodes have shown
improvements in voltage profiles and reductions in system losses by up to
10% (Zhao et al., 2021). Another study by Singh et al. (2018) highlighted
the ability of V2G to enhance load balancing, resulting in more uniform
power distribution across the network. These case studies underscore the
practical benefits of V2G technology and its relevance to modern power

distribution systems.

In conclusion, V2G technology represents a transformative solution
for addressing the operational challenges of the IEEE 33 network. By

providing reactive power support, reducing losses, enhancing flexibility,
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and supporting DER integration, V2G systems pave the way for more

efficient and resilient power distribution networks.

2.4 Implementation Challenges and

Opportunities for V2G in the IEEE 33 Network

The deployment of Vehicle-to-Grid (V2G) technology in the IEEE 33
network offers both significant opportunities and distinct challenges. While
V2G systems have the potential to enhance grid stability, reduce power
losses, and support the integration of distributed energy resources (DERs),

their implementation in radial distribution networks like IEEE 33 requires

careful planning and technical refinement.
1. V2G Deployment Strategies in Radial Networks

One of the key considerations in deploying V2G technology in the
IEEE 33 network is the optimal placement of V2G-enabled electric
vehicles (EVs). Strategic positioning at critical nodes allows for localized
voltage support and efficient reactive power compensation. By aligning the
deployment with load and voltage sensitivity analysis, V2G systems can
significantly improve voltage profiles and reduce stress on heavily loaded
branches. Moreover, time-coordinated charging and discharging schedules
can optimize grid performance by balancing peak demand and utilizing off-

peak renewable generation.
2. Technical Challenges Specific to IEEE 33

The implementation of V2G technology in a radial network presents

several technical challenges:
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A. Overloading of Local Branches: While beneficial, the
introduction of bidirectional V2G technology may lead to the
overloading of local distribution branches if not carefully
managed. Without proper control strategies, the reverse flow of
energy from EVs to the grid can result in increased IR losses,
leading to excessive heat generation, accelerated aging of
cables and transformers, and a higherrisk of equipment failure.
This issue is particularly pronounced in radial networks like
IEEE 33, where limited redundancy magnifies the impact of
branch overloads. To prevent these adverse effects, it is
essential to implement advanced load management techniques
and real-time monitoring systems that can dynamically regulate
and balance energy flows across the network. Ensuring such
safeguards are in place is critical for realizing the full benefits
of V2G without compromising network integrity.

B. Reactive Power Coordination: Managing reactive power
across multiple V2G units requires precise coordination to
avoid voltage fluctuations. V2G systems can mitigate these
issues by dynamically supplying or absorbing reactive power
at critical nodes, effectively stabilizing voltage levels in real-
time. This becomes particularly challenging in radial networks,
where voltage drops are more pronounced due to the lack of
redundancy and longer feeder distances, but V2G technology
provides a localized and flexible solution to maintain grid
reliability.

C. Communication Latency: Effective integration of V2G
systems depends on real-time communication between EVs,
charging infrastructure, and grid operators. Delays in data

exchange can compromise the accuracy of control signals,
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leading to suboptimal performance or even grid instability.
Recent studies have explored the use of 5G networks to
significantly reduce communication latency, providing faster
and more reliable data transmission between V2G units and
grid operators. Additionally, edge computing has been
proposed to process data locally at charging stations,
minimizing the need for long-distance communication and
ensuring real-time decision-making. These advancements
bridge the gap in communication challenges, enhancing the
overall efficiency and stability of V2G integration.

D. Maintaining Radial Configuration: To preserve the
operational simplicity ofthe [IEEE 33 network, V2G integration
must ensure that the radial topology is maintained, which may
limit the extent of reconfiguration and energy redistribution. In
a radial network, power flows in a single direction from the
substation to the end nodes, simplifying control and fault
isolation. However, this structure lacks redundancy, meaning
there are no alternative paths for power to flow during faults or
high-demand periods. This limitation can lead to service
interruptions and increased stress on specific branches. V2G
systems can help address these challenges by providing
localized energy storage and reactive power support, reducing
the strain on heavily loaded lines, and improving overall
network reliability without compromising the radial structure.

3. Opportunities for Optimization

The IEEE 33 network provides an ideal platform for applying
advanced optimization techniques to enhance V2G integration.

Optimization objectives can include minimizing total power losses,
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maximizing voltage stability, and improving energy storage utilization. For
instance, Particle Swarm Optimization (PSO) and Genetic Algorithms
(GA) have been successfully employed to determine optimal V2G
placement and scheduling, achieving notable improvements in network
efficiency. By incorporating real-time data from V2G systems, these
algorithms can dynamically adapt to changing load and generation

conditions, further enhancing grid performance.
4. Practical Simulation Insights

Recent simulation studies have highlighted the tangible benefits of
V2G integration in the IEEE 33 network. Forinstance, research by Kim et
al. (2020) demonstrated that deploying V2G systems with adaptive reactive
power control significantly improved voltage stability at critical nodes.
Additionally, a study by Ahmed et al. (2021) explored the impact of
dynamic scheduling for V2G-enabled EVs, showing a 15% reduction in
overall system losses and enhanced load balancing across the network.
These findings further underscore the practical viability of V2G technology

as a tool for modernizing radial distribution networks.
5. Prospects and Technological Trends

Looking ahead, emerging technologies promise to further streamline
V2G implementation in the IEEE 33 network. Artificial intelligence (AI)-
driven control systems can optimize the real-time operation of V2G
systems, while blockchain technology can ensure secure and transparent
energy transactions between EV owners and grid operators. Additionally,
the development of high-efficiency bidirectional chargers and low-latency
communication protocols will address current limitations, paving the way

for more resilient and adaptable power distribution systems.
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In summary, while the integration of V2G technology in the IEEE 33
network presents notable challenges, it also offers significant opportunities
for improving grid performance. By addressing these challenges through
advanced optimization, innovative technologies, and strategic deployment,
V2G systems can play a pivotal role in the evolution of modern power

distribution networks.
2.5 Summary and Implications

2.5.1 Summary of Key Findings

This chapter has explored the foundational aspects of Vehicle-to-Grid
(V2G) technology and its integration into power distribution systems, with
a specific focus on the IEEE 33 network. Section 2.1 provided a historical
background, highlighting the evolution of V2G systems and their role in
modern energy systems. Section 2.2 examined the technical details and
applications of bi-directional V2G technology, emphasizing its potential to
enhance grid stability and efficiency. Section 2.3 delved into the IEEE 33
network as a benchmark for studying power distribution challenges and
opportunities, while Section 2.4 analyzed the specific implementation
challenges and optimization opportunities for V2G within this network.
Collectively, these sections underscore the critical role of V2G in
addressing key distribution system challenges such as voltage stability,

power losses, and reactive power management.
2.5.2 Research Gaps Identified

Despite the growing body of research on V2G systems and the IEEE
33 network, several gaps remain. First, while numerous studies have

examined V2G’s impact on voltage profiles and power loss reduction,
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limited research has focused on its dynamic integration under varying load
conditions in radial networks like IEEE 33. Additionally, most studies
emphasize static optimization methods, leaving a gap in exploring real-
time, adaptive control strategies for V2G deployment. Lastly, there is a
need for comprehensive simulation frameworks that integrate V2G with
renewable energy sources, considering both their intermittency and grid

reliability requirements.
2.5.3 Theoretical and Practical Implications

From a theoretical perspective, this study aims to contribute to the
development of adaptive optimization models that address the dynamic
nature of V2G integration in radial networks. These models will bridge the
gap between static optimization and real-time control, offering insights into
the interplay between reactive power support and load balancing.
Practically, the findings will inform the deployment of V2G systems in
real-world distribution networks, providing utilities with strategies to
enhance grid resilience and operational efficiency. The study will also offer
guidance on leveraging V2G to support renewable energy integration, thus

advancing the transition toward sustainable energy systems.
2.5.4 Development of Conceptual Framework

The insights gained from the literature review inform the conceptual
framework for this research, which centers on optimizing V2G deployment

in the IEEE 33 network. Key components of the framework include:

1. Node Sensitivity Analysis: Identifying critical nodes for V2G

placement based on voltage sensitivity and load distribution.
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2. Optimization Algorithms: Employing heuristic and machine
learning-based algorithms for real-ttime V2G scheduling and
reactive power control.

3. Performance Metrics: Evaluating the impact of V2G on voltage
stability and load balancing under various operational scenarios,
while ensuring the least amount of penalty associated with system
violations. The optimization problem specifically focuses on
identifying the optimal placement of V2G-enabled EVs to always
guarantee safe and normal operational limits across the IEEE 33

network.

This framework provides a structured approach to addressing the
identified research gapsand sets the stage for the methodological approach
presented in the next chapter. By aligning theoretical insights with practical
applications, the study aims to deliver meaningful contributions to both

academia and industry.

38



Chapter 3: Methodology

3.1 Methodology and Research Design...............c..c......... 40
3.1.1 Methodology......ccoveeieeieeiieiieieeceeeee e 40
3.1.1.1 Optimization Problem ...........cccccoeeiiiiiiniieennen. 44

3.1.1.2  Heuristics Algorithm - Particle Swarm

Optimization (PSO) .....ccceeiiviiieieeeeeeeceeeeeeee 48
3.1.1.3 MATLAB Coding Explanation.............c..ccu.cu....... 52
3.1.2 Research Design........c.cccueeveeiieieecieeiecieeeeeeeee 57
3.1.2.1 Participants .........cccceeeveeeeeieeieeceeeee e 59
3.1.2.3 ANAlYSIS..ciiiiiiiiiicieeeee et 6

3.1.2.4 Ethics and LimitationS........ceeveeeeeeeeeeeieeeeeeeeeeeeeeens 62



3.1 Methodology and Research Design

3.1.1 Methodology

This research employs a Particle Swarm Optimization (PSO)-based
approach to integrate V2G technology into the IEEE 33-bus distribution
network. The methodology focuses on optimizing the placement and sizing
of EV batteries to enhance voltage stability, manage peak loads, and
provide reactive power support. The optimization problem is formulated to
minimize the total installed EV battery capacity while maintaining grid
performance within operational limits. Constraints such as state-of-charge
(SoC), voltage magnitudes, and line flow limits are incorporated to ensure

safe and efficient operation.

The methodology involves several stages, including load flow
analysis, the implementation of optimization constraints, and the dynamic
simulation of EV charging and discharging cycles over a 24 -hour forecast.
A detailed flowchart that summarizes the research framework, highlighting
the iterative nature of the PSO algorithm to achieve near-optimal solutions
for grid stability and efficiency, will be presented later for more clarity. The
following tables summarize the system data and optimization parameters
used in this study. For instance, Table 1 shows the active and reactive
power loadings in all 33 nodes used in the IEEE 33 bus network.
Meanwhile, Table 2 shows the per-unit values of the resistive (r) and
reactive (x) branches data specified for the (from-bus) and the (to-bus), as
well as for the IEEE 33 bus network. Also, Table 3 illustrates some of the
important parameters that were set during the fine-tuning process to get the
optimal solution for the optimization problem. The terms highlighted in

Table 3 will be explained later in depth in this chapter.
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Table 1 Shows the loadings in the system (Pd - active power demand, Qd - reactive power demand) and node
types

Bus Type Pa[kW] Qu [kVar]

1 3 0 0

2 1 100 60
3 1 90 40
4 1 120 80
5 1 60 30
6 1 60 20
7 1 200 100
8 1 200 100
9 1 60 20
10 1 60 20
11 1 45 30
12 1 60 35
13 1 60 35
14 1 120 80
15 1 60 10
16 1 60 20
17 1 60 20
18 1 90 40
19 1 90 40
20 1 90 40
21 1 90 40
22 1 90 40
23 1 90 50
24 1 420 200
25 1 420 200
26 1 60 25
27 1 60 25
28 1 60 20
29 1 120 70
30 1 200 600
31 1 150 70
32 1 210 100
33 1 60 40

41



Table 2 Shows the branch data (v - resistive p.u value of branch, x - reactive p.u value of branch, fbus- from
bus, tbus- to bus).

FBus TBus  ripy x[pu]
1 2 0.0922 0.047
2 3 0.493 02511
3 4 0.366 0.1864
4 5 03811 0.1941
5 6 0.819 0.707
6 7 0.1872 0.6188
7 8 0.7114 02351
8 9 1.03 0.74
9 10 1.044 0.74
10 T 0.1966 0.065
1 12 03744 0.1238
12 13 1468 1.155
13 14 0.5416 0.7129
14 15 0.591 0.526
15 16 0.7463 0.545
16 17 1289 1721
17 18 0.732 0.574
2 19 0.164 0.1565
19 20 15042 13554
20 21 0.4095 0.4784
21 2 0.7089 0.9373
3 23 04512 0.3083
23 24 0.898 0.7091
24 25 0.896 0.7011
6 26 0.203 0.1034
26 27 0.2842 0.1447
27 28 1.059 0.9337
28 29 0.8042 0.7006
29 30 0.5075 0.2585
30 31 0.9744 0.963
31 32 0.3105 0.3619
32 33 0.341 0.5302
21 8 2 2
9 15 2 2
12 2 2 2
18 33 0.5 0.5
25 29 0.5 0.5
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Table 3 Shows PSO parameters that are used in the simulation.

w log(linspace(e®-92, %98, iter max))
C log(linspace(e'?, €%, iter max))
C2 log(linspace(e'?, €%, iter max))
population
size AL
iter max 200
vV max 15

In addition to the optimization parameters summarized in Table 3, the
system operation is governed by a set of predefined technical constraints.
These constraints are essential for ensuring safe, reliable, and efficient
performance of the grid during the simulation and optimization processes.
Table 4 presents the operational limits applied throughout this study,
including battery capacity, power flow thresholds, state-of-charge (SoC)
boundaries, voltage limits, and electrical angle constraints. These factors
were incorporated into the optimization algorithm to maintain compliance

with practical grid requirements and manufacturer specifications.

Table 4 presents the operational limits applied throughout this study.

‘ Factor Limit Unit
Maximalpower flow through the line 1.1 p.u.
Maximal battery capacity 5 MWh
Max charging/discharging power 100 kWh
Charging efficiency 100%
Discharging efficiency 100%
Minimal state of charge (SOC) 0.1 p.u.
Maximal state of charge (SOC) 0.9 p.u.
Minimal voltage magnitude 0.9 p.u.
Maximal voltage magnitude 1.1 p.u.
Minimal electrical angle -90 degree
Maximal electrical angle 90 degree
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3.1.1.1 Optimization Problem

To perform the peak shaving operation, to stabilize the grid
conditions, due to the change in the loading conditions with time, we

formulate the following optimization problem.
Variable Representation
The following variables are defined for the optimization problem:

e y; Binary variable indicating whether an EV charger is placed
at node 1 at time t.

e B;.-Energy state of the battery at node 1 at time t.

e (p;-Capacity of the EV charging battery at node 1.

e V;.-Voltage magnitude at node 1 at time t.

e 0;,-Voltage angle at node 1 at time t.

e P, ,-Active power nodal injection at node 1 at time t.

e ();.-Reactive power nodal injection at node 1 at time t.

* Sriowije-Apparentpower flow between nodesi and j at time t.

Objective Function:

N
minz yiCp; (1)
i=1
Where:

® y;.1s a binary variable indicating the presence of a battery at

node I,

e (p; Represents the battery capacity at node 1.
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Constraints:

The goal of this optimization problem is to minimize the total installed
battery EV capacity needed to shave peaks obtained at the forecasting stage

of the nodal loads. The constraints imposed are:

1. Battery Operating Limits:

0< B,; <y,Cy, VtET,ViEN (2)

If the battery is placed at the nodei (y, = 1The battery energy state is
always equal to zero. On the other hand, if the battery is placed at node 1,
the battery energy state is always greater than or equal to zero and lower

than the maximal battery capacity. C .

Cpi < Cpuyax, ViEN (3)

The capacity of the battery should be less than the maximum battery
capacity.

2. Active and Reactive Power Balances for the EV’s Batteries:

Ppat,, = Lei + Loi— Py VE € T)Vi € N (4)

Qbaei = Qu,; + 01, — Qe VEET, Vi € N (5)

The above equations (4) and (5) represent the active and reactive
power balance for the EV batteries, which helps in reflecting the active and

reactive power for each of'the nodes selected in this optimisation problem.

3. Charging Efficiency:

n%(Bt,i ~Bpy1) = \/(Pbattt.i)z + (Qbatt,i)Z'Vt eT,vie N (6)
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This equation illustrates that the Battery charging and discharging
power at each time-step should be equal to the apparent power flowing

to/from the battery (this constraint represents the reactive power

compensation).
nec (Bt,i - Bt+1,i) < PC/Dc,maert €T, VieN (7)
DC

Meanwhile, equation (7) indicates that the charging and discharging
power at each time step should be less than the maximal
charging/discharging power specified by the manufacturer of each battery.
In most cases, the value of the maximal charging/discharging power is a

fixed proportion of the total battery capacity (10% - 20%).

4. State of Charge (SoC) Limits:

SOC,pinCpi < By < SOC

ti — max

Cy; YVt ET,Vi €N (8)

In this equation, the State of charge of the battery (SoC) should be in
between the minimal and maximal specified state of charge (in most cases,
we don’t want to go below 10% of the state of charge to not damage the
battery, and above 90% to not introduce harmonics and deteriorate the

battery lifetime).
5. Binary Placement:

y; €{0,1},Vie N (9)
The variable vy, It is a binary variable used to represent whether the

battery is placed at node | or not.

6. Voltage Equations:
V,-(YV) =L,vt €T (10)
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Equation (10) represents the AC load flow equation.

Voin V. <V, .Vt ET,Vi €N (11)

ax’

This equation shows the limits of the voltage magnitude.
7. Line Flow Limits:

6, <6,<6 ., VteT (12)

max’

In this equation, the voltage angle limits are presented.

0 < Stow t < Smaxs VE € T, Vi € N (13)

Apparent line power flows are in their respective limits.

Snow s 2 |(A7) V|, veeT (19)

Expressions for the apparent line power flows are formulated as two

inequalities.

These constraints ensure that the batteries operate within safe state-
of-charge limits, respect voltage and line flow boundaries, and maintain
grid stability. For this study, the maximum battery capacity is limited to 5
MWh. Strategic battery placement has been shown to improve voltage
profiles and stabilize the grid under varying load conditions (Lund &
Kempton, 2008; Mojumder et al., 2022; Tan et al., 2020).

It is important to mention that only some of the decision variables
participate in the optimization algorithm (heuristics algorithm - PSO). The
reason behind this is that some of the variables can be calculated only from
the equality constraints, after imposing the values of other variables. In this
case, we choose the following variables to participate in the optimization
problem, while all the other variables are enforced later, through the

equality constraints presented.
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Decision Variables:

® ;.- binary variable indicating if the EV charger is at node 1 at
time t.

e B;. - Energy state of the battery at node i at time t.

e (p;- Capacity of the EV charging battery at node 1.

e P, .- Active power nodal injection at node 1 during time t.

* Pyar,, - Active power battery charging at node i during time t.

Additionally, voltage magnitudesV;,, phase anglesf;,, and line

flowsS 0w e They are computed through load flow analysis.

3.1.1.2 Heuristics Algorithm - Particle Swarm
Optimization (PSO)

To solve the optimization problem, a heuristic approach is adopted,
focusing on obtaining solutions that, while not guaranteed to be globally
optimal, are sufficiently effective for practical application. Specifically,
this variation of the optimal power flow (OPF) problem aims to minimize
the system’s operating costs while satisfying constraints such as power
balance, voltage limits, and operational requirements (Celli, Ghiani,

Mocci, & Pilo, 2005).
Objective Function Definition

The primary objective is to minimize the total installed EV battery
capacity over a 24-hour forecast period. This reduces the required number
of EVs in the distribution system, optimizing space for other uses. A
penalty term is added to the objective function to enforce feasibility by

discouraging constraint violations:
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Objective = min(X(CB)) + ¥ (penalty) (15)
Where:
e Y(CB)Total installed EV battery capacity.
e Y(penalty)An additional term is added for violating

constraints, ensuring solutions remain feasible.
Algorithm Stages
a. Initialization

The algorithm begins by randomly initializing a swarm of particles
within the search space. Each particle represents a potential solution, with
variables bounded by their respective limits. To enhance variability and
avoid constraint violations, the particles are initialized within their
allowable ranges. Approximately 20 particles are chosen, balancing
diversity and computational efficiency (Elnozahy, Youssef, & Abdel-
Akher, 2015).

b. Fitness Evaluation

The fitness function evaluates the quality of each particle by
determining how well it minimizes the objective function while satisfying
the system constraints. It assigns a numerical value to each particle,
reflecting its performance in achieving the goal of minimizing battery
capacity while maintaining grid stability and having the least percentage of
penalty. For non-convex constraints, such as load flow equations,
adjustments are made after the particles are initialized to ensure they adhere

to system requirements. This process includes recalculating variables like
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voltages and power flows to ensure feasibility under real-world operating

conditions (Wang & Luh, 2014).
c. Velocity and Position Updates

The position of each particle represents a potential solution, while the
velocity determines the rate of change in its position. These are updated

iteratively using the following equations (Kennedy & Eberhart, 1995):

v=wx*v+ C; *rand() * (gpex — %) + C, *rand() * (o — x) (16)
x=x+v(17)

For binary variables, the activation function is used:

p(x) = (18)

1+eV

Where p(x) represents the probability of a bit changing in the next

iteration, depending on the current velocity.

Here is the probability ofa bit flipping in the next iteration, calculated
using the velocity. The velocity represents the rate at which a particle
moves within the search space, influencing how quickly the particle

converges to a solution. Three key parameters control the velocity update

process:

e Inertia Weight (w): This parameter balances exploration and
exploitation by controlling how much of the previous velocity
is retained. A higher value encourages exploration by allowing
particles to move further, while a lower value promotes
exploitation by focusing the search on the current best

positions.
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e Cognitive Coefficient (C,): This parameter represents the
particle’s tendency to return to its personal best position
(Pbest). It influences the particle’s self-confidence and helps
refine local searches around promising solutions.

e Social Coefficient (C,): This parameter guides the particle
toward the global best position (Gbest), encouraging
collaboration among particles to find the overall best solution.
Higher values emphasize group behavior, improving the

algorithm's ability to avoid local minima.

The interplay between Inertia Weight (w), Cognitive Coefficient (C,),
and Social Coefticient (C,) ensures that particles explore the search space

efficiently while converging to accurate solutions. Fine-tuning these

parameters enhances the algorithm’s robustness and solution quality.

d. Convergence Criterion

The algorithm iterates until a termination condition is met, such as
reaching a maximum number of iterations, achieving a satisfactory
solution, or detecting stagnation in the swarm’s movement. Fine-tuning of
parameters like inertia weight (w) and cognitive/social coefficients C; and

C, ensures optimal convergence (Shi & Eberhart, 1998).
e. Solution Extraction

After convergence, the global best solution in this study corresponds
to the optimal placement and sizing of EV batteries within the IEEE 33 -
bus network. This solution also ensures that the penalty definitions related
to constraint violations, such as voltage and line flow limits, are minimized.
By achieving this, the system enhances grid stability, improves voltage

profiles, and facilitates peak load shaving at critical nodes.
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Advantages of PSO for OPF Problems

PSO is particularly effective for solving OPF problems due to its
ability to handle non-linear and multimodal objective functions, ease of
implementation, and capacity to explore large search spaces efficiently.
Unlike traditional optimization techniques, such as gradient-based
methods, PSO does not require gradient information, making it highly
suitable for complex, non-differentiable problems. Moreover, its ability to
balance exploration and exploitation allows for robust performance in
avoiding local minima and converging toward near-optimal solutions.
Proper parameter tuning, including the adjustment of inertia weight,
cognitive coefficient, and social coefficient, further enhances its accuracy
and convergence speed, providing an edge over other heuristic algorithms
such as Genetic Algorithms (GAs) and Simulated Annealing (SA) (Beyer
& Schwefel, 2002).

3.1.1.3 MATLAB Coding Explanation

From the previous two sections, the equations of the optimization
problem, load flow equations developed by Baran and Wu (1989) for the
IEEE 33-bus distribution system (Appendix 1), and PSO techniques were
implemented in MATLAB. This section provides a detailed explanation of
the MATLAB coding structure and its role in simulating grid performance

and solving the optimization problem.
1. Data Preparation

In the iitial stage, the Kaggle dataset on historical hourly
consumption patterns was normalized so that its mean values matched the
original loading profile of the IEEE 33 system. This normalization allowed

us to extract temperature, humidity, and wind datasets for further analysis.
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Thenodal loading profiles of different power consumption areas were then
configured and stored as loading tables. The original active and reactive
power loading profile was converted to the per-unit system, with pre-
allocated power profiles for each node incorporatinga 10% variance. These
loading profiles were structured as outputs to be used in the optimization

problem (Appendix 2).
2. System Configuration

The next step involved integrating bi-directional V2G technology into
the MATLAB simulation (Appendix 3). The IEEE 33-bus distribution
system was modeled by implementing the admittance matrix, commonly
referred to as the Y-bus matrix. This matrix, essential for solving power
flow problems, represents the relationship between node voltages and
currents using Kirchhoff’s laws (IEEE Std 399-1997). The number of
nodes and branches was defined to accurately calculate the power flow in

each branch (Appendix 4).
The nodes in the network were categorized as follows:

e PV Nodes (Voltage-Controlled): These nodes maintain
constant voltage magnitudes and are associated with
generators. They provide key information such as voltage
angles, generator active power, and reactive power support.

e PQ Nodes (Load Nodes): These nodes represent consumer
power demands, specifying active and reactive power

consumption (Guille & Gross, 2009).

Slack Node (Reference Node): This node serves as the reference for

voltage magnitude and phase angle, typically connected to the largest
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generator. Its voltage magnitudeis set to 1 p.u., and its angleis 0°. All other

node values are calculated relative to this node (IEEE Std 1159-2019).
3. Load Flow Analysis

A custom function, “LoadFlowAlgorithm,” was developed to solve
the load flow equations (Appendix 5). This function plays a crucial role in
determining missing grid states, such as voltage magnitudes for PQ nodes
and the required reactive power for PV nodes. It leverages the net active
and reactive power to verify solution feasibility. If convergence is
achieved, the solution is stored; otherwise, re-initialization is triggered for
specific particles and time steps to improve convergence. The function
incorporates iterative adjustments to align with real-world grid dynamics
and includes safety checks to handle potential errors. For example, voltage
deviations are corrected iteratively by recalculating the Jacobian matrix
and solving for power mismatches (Equality Constraints, Lines 8-26,
Appendix 5). The Jacobian matrix represents the relationship between
changes in voltage and phase angles with active and reactive power
mismatches at each node (Appendix 6). It is used to linearize the nonlinear
power flow equations, enabling iterative corrections to improve
convergence in the Newton-Raphson load flow method. By recalculating
the Jacobian matrix, the algorithm ensures that voltage and power
discrepancies are minimized, enhancing the accuracy and stability of the
solution. A counter ensures that particles failing to converge after 100
attempts are restarted for those specific time steps, improving overall

algorithm stability and accuracy.

4. Optimization with V2G Integration
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With the system configuration established, the optimization problem
was solved iteratively using PSO. In each iteration, a random loading
profile for the IEEE 33 network was generated, and the PSO algorithm
searched for the global best solution. This solution aimed to minimize the
penalty terms associated with constraint violations, such as voltage and line
flow limits, while satisfying the objective function. Key features of the

code include:

« Penalty Definition: Constraints such as battery SoC, voltage
magnitudes, and generator output limits were strictly enforced,
with penalties assigned to solutions that violated these limits
(Penalty Definition, Lines 3-19, Appendix 7).

5. Explanation of Constraints:

1. Battery  Energy State  Constraints  (ConstraintsBUpper,
ConstraintsBLower): These ensure the battery's energy state stays
within operational limits. Violations result in penalties for exceeding
the maximum or dropping below zero energy levels, promoting
efficient energy use.

2. Generator Active Power Constraints (ConstraintsPUpper,
ConstraintsPLower): Active power outputs are limited to predefined
maximum and minimum values. Penalties are applied for exceeding
these limits, ensuring that distributed generators operate safely
within their capacity.

3. Generator Reactive Power Constraints (ConstraintsQUpper,
ConstraintsQLower): Like active power, these constraints regulate
reactive power output, maintaining grid stability and adequate
voltage support.

4. Battery Capacity Constraints (ConstraintsC_BUpper,

ConstraintsC_Blower): These ensure battery capacities do not
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exceed specified thresholds or drop below zero, critical for avoiding
overloading and maintaining system safety.

5. Charging Power Constraints (ConstraintsChargingPower): This
limits the charging and discharging rates to protect battery lifespan,
avoiding rapid cycles that could degrade the batteries prematurely.

6. State of Charge (SoC) Constraints (ConstraintsSOCUpper,
ConstraintsSOCLower): SoC 1s kept within 10% to 90% to avoid
overcharging or deep discharging, ensuring both battery health and
operational reliability.

7. Voltage Constraints (ConstraintsVLower, ConstraintsVUpper):
Voltages at nodes are constrained between acceptable limits (e.g.,
0.9to 1 p.u.), crucial for preventing instability and maintaining grid

reliability.

These constraints guide the PSO algorithm to explore feasible

solutions, improving grid performance while adhering to operational safety

limits.

e Random Initialization: Battery capacities, energy states, and
EV charger locations were randomly initialized, ensuring
diverse starting points for optimization.

e Velocity and Position Updates: The PSO algorithm updated
particle velocities and positions iteratively, guided by inertia
weight, cognitive, and social coefficients. The specific
equations for these updates, along with adjustments for binary
variables, ensured smooth exploration and convergence.

6. Challenges and Solutions

During the simulation, challenges such as non-convergence were

addressed by  re-initializing  particles and  refining the
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“LoadFlowAlgorithm.” Fine-tuning the PSO parameters, including inertia
weight, cognitive, and social coefficients, further improved the
convergence rate and solution accuracy (Kennedy & Eberhart, 1995).
Additionally, flags were implemented to identify unrealistic solutions,
triggering re-initialization for those particles (Equality Constraints, Lines
8-26, Appendix 7). The best solution obtained had an objective value of
0.264278, with a penalty of 0.174404. While the target was a zero-penalty
solution, the precise voltage limits of 0.9 to 1 p.u. Imposed a significant
constraint since the target was to try and comply with the Bahrain Grid
Code. If the voltage range were extended to 0.9 to 1.1 p.u., itis likely that
a penalty-free optimal solution could have been reached. Additionally, the
PSO algorithm's tendency to converge prematurely to local optima resulted
in overshoots in some extracted values. This occurs because PSO heavily
relies on personal and global best values, which can mislead particles if
those values are suboptimal. To mitigate this, techniques such as dynamic
adjustment of the inertia weight (w) and random particle reinitialization
can improve exploration and avoid stagnation. These methods help balance
exploration of the solution space and exploitation of promising areas,

ultimately improving convergence reliability.
3.1.2 Research Design

This study adopts a quantitative research design, leveraging
computational simulations and optimization techniques to evaluate the
impact of V2G integration on the IEEE 33-bus distribution network. The
design focuses on identifying the optimal placement and sizing of EV
batteries using Particle Swarm Optimization (PSO). The research
incorporates a 24-hour load forecast under peak conditions, enabling a

dynamic and realistic assessment of grid performance.
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Key components of the research design include:

e IndependentVariables: Placement and sizing of V2G-enabled
EVs at various nodes.

e Dependent Variables: Voltage profiles, power losses, and load
balancing metrics.

e Control Parameters: Voltage magnitude limits (0.9 to 1 p.u.),
line flow capacities, and state-of-charge (SoC) constraints for

EV batteries.

The study begins with a baseline analysis of the IEEE 33 -bus system
without V2G integration, followed by iterative optimization using PSO.
MATLAB simulations are conducted to compare grid performance under
different scenarios. Statistical validation ensures the reliability of results,
and sensitivity analyses are performed to assess the impact of varying load
conditions and penalty definitions. This design provides a robust
framework for addressing the research objectives and improving grid

stability through V2G technology.
3.1.2.1 Participants

The participants in this study refer to the nodes and branches of the
IEEE 33-bus distribution network, with a specific focus on the nodes
selected for V2G-enabled EV battery integration. These nodes were
strategically chosen to enhance grid performance by improving voltage
profiles, reducing power losses, and achieving load balancing. The selected
nodes are as follows:4,5,6,7,9,10,13,14,15,19,22,26,27,29,31, and
32.
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By deploying V2G systems at these nodes, the research aims to
evaluate the effectiveness of bi-directional energy flow in mitigating

voltage deviations and managing peak loads.

For detailed descriptions of the node classifications (Slack, PV, and
PQ) and their roles in the system, refer to Section 3.1. This approach
ensures a targeted analysis of V2G technology's impact within a

standardized and widely recognized distribution network.
3.1.2.2 Procedure and Timeline

This research follows a structured approach to achieve the objectives
of optimizing V2G-enabled EV placement and enhancing grid
performance. Below is the procedure and timeline for the study, spanning

nine months in total:

e 1-2 Months (April - May 2024): An intensive literature review
will be conducted to establish the conceptual framework,
identify provided services and benefits, highlight potential
barriers, and explore suitable optimization techniques for V2G
technology.

e 2-4 Months (June - July 2024): Conduct the research design
stage by defining system parameters, configuring the
optimization problem, and running initial PSO simulations.
The goal is to obtain preliminary results that provide insights
into the feasibility and effectiveness of V2G integration. These
results will also help in refining the optimization process and
validating the methodology.

e 4-6 Months (August - September 2024): Evaluate the effect

of implementing V2G technology in a specific context, such as
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the Kingdom of Bahrain’s power system. This stage will
analyze the impact on active power support, reactive power
compensation, ancillary  services, renewable energy
integration, and EVs as energy storage units.

e 6-7 Months (October 2024): Share the research findings with
relevant respected journals in the engineering field. This step
will benefit the research in many aspects, especially in getting
feedback from the journal reviewers and trying to enhance the
research further if possible.

e 7-10 Months (November 2024 - January 2025): Analyze and
validate the results of simulations, finalize the optimization

framework, and compile the findings into the final thesis report.

This timeline ensures a methodical approach to addressing the

research objectives and delivering actionable insights for V2G integration.
3.1.2.3 Analysis

The analysis phase involves processing and interpreting the data
obtained from MATLAB simulations to evaluate the effectiveness of V2G
integration in the IEEE 33-bus distribution network. This section outlines
the methods used to analyze the results, validate the optimization

framework, and ensure alignment with the research objectives.
1. Data Processing

The data collected during the simulations includes voltage profiles
before and after the EV's batteries' placement in the network, battery
energy state during the worst-case scenario, state of charge (SoC) values,

and equivalent loading profile for the selected nodes. These outputs are
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systematically organized into tables and graphs for detailed examination.

The key steps in data processing include:

e Voltage Stability Analysis: The voltage profiles at each node
are analyzed to ensure they remain within the permissible range
of 0.9 to 1.1 p.u. Statistical metrics, such as the mean and
standard deviation, are calculated to assess the overall stability.

e Peak Shaving Assessment: The peak shaving capability of
V2G systems is evaluated by analyzing load reductions at the
selected nodes during peak demand periods. By discharging
stored energy from EV batteries, the system effectively reduces
stress on the grid, particularly at high-degree nodes such as 19,
6, and 26. This load leveling helps prevent voltage sags,
improves operational efficiency, and ensures the network
remains within its safe operating limits.

o Penalty Assessment: The penalty values associated with
constraint violations (e.g., voltage or SoC limits) are evaluated
to ensure they are minimized, indicating a feasible and efficient
solution.

2. Interpretation of Results

The optimized V2G placements and battery sizes are assessed based

on their impact on grid performance metrics. Key areas of focus include:

e Improvement in Voltage Profiles: Nodes with significant
voltage deviations before V2G integration are analyzed to
determine the extent of improvement. The effectiveness of
high-degree nodes (e.g., nodes 19, 6, and 26) in stabilizing
voltage is highlighted.
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e Load Balancing and Peak Shaving: The ability of V2G
systems to distribute load evenly and reduce peak demands is
examined. Comparative analyses between peak load conditions
with and without V2G are presented.

e Convergence and Optimization Efficiency: The performance
of the PSO algorithm is evaluated based on convergence time
and solution accuracy. Particular attention is given to the
penalty score of the best solution (0.174404) and the factors
contributing to its non-zero value, such as tight voltage
magnitude limits.

3. Validation and Sensitivity Analysis

To ensure the robustness of the results, sensitivity analyses are
conducted by varying key parameters, such as load profiles, battery
capacities, and voltage limits. These tests help identify the conditions under
which the V2G optimization framework performs optimally and highlight

potential areas for improvement.

By systematically processing and interpreting the simulation data, this
analysis phase provides a comprehensive evaluation of V2G technology's
potential to enhance grid stability, reduce losses, and achieve effective load

management.
3.1.2.4 Ethics and Limitations
Ethical Considerations

This research adheres to ethical principles by ensuring transparency
in the data collection and simulation processes. The Kaggle dataset and

IEEE 33-bus system parameters were appropriately sourced and cited, with
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no modifications that could bias the results. All simulation results were

presented objectively, and care was taken to avoid data manipulation.

From an environmental perspective, the study highlights the potential
benefits of V2G technology, such as reducing peak loads and enhancing
the integration of renewable energy. These findings contribute to a broader
understanding of sustainable energy solutions and align with global efforts
to reduce carbon emissions. Socially, the deployment of V2G systems
should ensure equitable access to EV charging infrastructure, promoting

energy justice in diverse communities.
Limitations

1. Simulation-Based Framework: The research relies heavily on
MATLAB simulations, which, while robust, may not fully capture
the complexities of real-world power distribution systems. Real-
time implementation could reveal additional challenges not
accounted for in the simulation.

2. Constraint Sensitivity: The optimization framework uses narrowed
voltage limits of 0.9 to 1 p.u. to align with Bahrain's grid code
requirements. This adjustment, compared to the typical range of 0.9
to 1.1 p.u., impacted the feasibility of achieving a zero-penalty
solution. A broader range might yield different results but could
compromise grid stability.

3. Algorithmic Challenges: The PSO algorithm, while effective, has
a known tendency to converge to local optima, potentially limiting
its ability to find the global best solution. This could lead to
suboptimal V2G placements or sizing.

4. Generalizability: The study focuses on the IEEE 33-busnetwork, a

widely used benchmark in power system research. However, results
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may vary when applied to larger or more complex networks with
different load profiles or renewable energy penetration levels.

5. Data Availability: The research was constrained by the availability
of real-world data, particularly regarding EV adoption rates and
renewable energy integration plans in specific regions.

Collaborations with local authorities were limited to simulation data.

Despite these limitations, the study provides a solid foundation for
understanding the potential of V2G technology in enhancing grid stability

and operational efficiency.
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Chapter 4: Results and Analysis
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4.1 Results

This chapter presents the results of the study on the integration of
Electric Vehicle (EV) batteries into a distribution grid using a Particle
Swarm Optimization (PSO) algorithm. The results are organized to address
the research objectives and hypotheses outlined in Chapter 1. The structure

of this chapter includes:

Voltage Profiles Before and After Battery Placement,
Optimal EV Battery Allocation,

Battery Energy State Analysis,

Equivalent Loading Profiles at Nodes,

Peak Shaving Results,

AN I e

Total System Power Losses Before and After the EV Battery
Placement,

7. Comparative Analysis with Other Studies,

8. Summary.

4.1.1 Voltage Profiles Before and After Battery

Placement

The voltage magnitude profile for the worst-case day, before EV
battery placement, is presented in Figure 3. It shows a significant voltage
dip during mid-day peak load conditions, indicating the necessity for
intervention to maintain system stability. This dip represents a critical point
where system performance is most vulnerable. After running the PSO
algorithm, the optimized voltage profile is shown in Figure 4,
demonstrating a marked improvement, with voltage levels consistently

maintained within the prescribed limits 0 0.9 to 1.1 p.u.
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By comparing the pre- and post-optimization voltage profiles, it is
evident thatthe EV battery placement significantly mitigates voltage drops,
particularly during high-demand periods. This highlights the critical role
of reactive power compensation in maintaining voltage stability and

overall grid performance.

1.4 Voltage magnitudes in time (prior to battery placement)
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Figure 3 Voltage profile before battery placement.

A small subset of buses exhibits short-duration excursions slightly
above 1.1 p.u. This behaviour is expected and stems from two interacting

factors:

1. Radial topology & local compensation: Because the IEEE-33
network is strictly radial, reactive-power support injected at one end
cannot be perfectly counter-balanced upstream. When local EV
batteries supply leading reactive power to correct an impending
under-voltage, adjacent lightly-loaded segments may momentarily

overshoot the upper limit.
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2. Constraint hierarchy in the optimiser: The PSO gives higher
weight to eliminating under-voltage violations (0.9 p.u floor) and
minimising total losses. Once those objectives are satisfied, further
iterations that could trim marginal over-voltages are terminated to
respect battery SOC and power-rate limits. Attempting tighter
control would require either (i) additional VAR devices further
up-stream or (i) relaxation of battery-life constraints, both of which

fall outside the present study’s scope.

Importantly, the excursions are temporary, which means they don’t
last for more than one hourly interval and are confined to lightly-loaded
branches where equipment ratings comfortably accommodate 1.1 p.u.
Therefore, while flagged for completeness, they do not compromise system
security and are considered operationally acceptable under the Bahrain

Grid Code.

Voltage magnitudes in time (after battery placement)
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Figure 4 Voltage profile after battery placement.
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To represent the Voltage profile improvements made with the battery
allocation, as can be seen in Figure 4, the average percentage voltage

improvement across the whole grid for each of'the nodes can be displayed

using equation (20). The percentage voltage improvement s calculated as:

Voost — Vopri
Volatge Improvement % = POSt__PTOT 100 (19)

prior

Here, V.5 represents the voltage magnitude at the node level after
the battery placement, while V., Represents the voltage before the

battery placement.

Average voltage improvement after the battery placement

20
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Average voltage improvement [%)]
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Figure 5 Voltage improvement percentage profile after battery placement.

From Figure 5, it is very clear that we are having a good average

voltage improvement across all the participant nodes. The dip that is shown
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in this figure between nodes 15 and 19 is because there are no batteries that

are placed in these nodes, as will be illustrated in the next section.

Furthermore, three nodes with the largest percentage impact (nodes
17,18, and 33) are viewed in Figure 6 to clearly represent their respective

change in temporal voltage profile.

Voltage magnitudes in time
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Figure 6 Voltage profile before/after battery placement for nodes 17, 18, and 33.

It can clearly be seen from the image above that the method was able
to level the voltages around 1pu, although most of the time, prior to the

battery placement, they were below the required lower limit.
4.1.2 Optimal EV Battery Allocation

The optimal placement of EV batteries within the IEEE 33-bus

distribution network was determined through a multi-constraint
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optimization process using the Particle Swarm Optimization (PSO)
algorithm. This technique evaluates potential battery placements by
minimizing the total installed battery capacity required to improve voltage
stability, reduce power losses, and enable effective peak shaving. The
algorithm considers various system constraints, including voltage
magnitude limits (0.9-1.1 p.u.), line flow capacities, battery state-of-
charge (SoC) limits, and reactive power compensation needs. Each particle
in the PSO swarm represents a candidate solution comprising binary
variables for placement and real-valued variables for battery capacity.
Through iterative updates based on inertia, cognitive, and social
components, the PSO converges toward optimal placements—identifying
nodes with the greatest voltage sensitivity, highest load demand, and
greatest impact on system performance. Notably, nodes such as 6, 19, and
26 were prioritized for placement due to their critical role in mitigating

voltage violations and enabling load balancing in their respective branches.

Table 5 Optimal EV battery placement and its capacities.

Node Capacity (kWh)

4 450
5 690
6 150
7 840
9 60
10 640
13 950
14 550
15 420
19 630
22 540
26 870
27 220
29 830
31 630
32 520
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2} 24 258

19 20 21 22

Figure 7 Placement of EV batteries within the IEEE 33 network.

Furthermore, it can be noted that from Figure 7, most of the batteries
are placed in the branch with the node from 26 to 33, and their
corresponding main feeder branch (nodes 4-7). This means that the need
for compensation is largest at those nodes because of the high consumption
demand in that region. The largest batteries are placed at nodes 7, 13, 26,
and 29, as those values are seen in Table 5. In the later part of this chapter,
we will show that batteries at nodes 7 and 26 also lead to the largest peak

shaving in the system.
4.1.3 Battery Energy State Analysis

The energy state of each EV battery during the worst-case day is
shown in Figure 8. This figure is important to illustrate the selected nodes
in this simulation and to have an overall look at the battery’s energy for
each of those nodes. Later in section 4.1.5, an in-depth analysis ofnodes 7,
14, and 26 will be displayed to connect the relationship of the battery
energy state and peak shaving of each of those EV batteries that are placed
at these nodes. The State of Charge (SOC) constraints, ranging between
10% and 90%, were adhered to, ensuring the reliability and longevity of

the batteries. These constraints were critical for preventing overcharging
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or deep discharging, which could negatively impact battery performance

and lifespan.

Throughout the day, the SOC fluctuated as batteries alternated
between charging and discharging modes to provide power compensation.
This dynamic operation underscores the flexibility of EV batteries as
distributed energy resources capable of responding to real-time grid

demands.
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Figure 8 The battery's energy state during the worst-case scenario.

4.1.4 Equivalent Loading Profiles at Nodes

Equivalent loading profiles at the nodes with battery placement are
depicted in Figure 9. These profiles illustrate the optimized load

conditions, aligning with system stability requirements. By comparing the
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pre- and post-optimization loading profiles, it is evident that the battery
placement significantly reduced load imbalances and enhanced the uniform

distribution of power across the grid.

The results highlight nodes 9, 29, and 32 as critical points for power
compensation due to their substantial load fluctuations. The peak shaving
on those nodes in (p.u) are 0.4395 p.u, 0.3304 p.u, and 0.0804 p.u,
respectively. The optimized equivalent loading profiles indicate a more
stable and efficient system operation, reducing the likelihood ofoverloads

and improving overall grid performance.
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Figure 9 Equivalent loading profile for nodes with batteries.

Figure 10 summarizes the equivalent loading profiles at each of the
nodes where the battery was placed, represented as the equivalent sum of

the supply coming from high voltage transmission equipment, such as a
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high voltage step-down transformer, demand, and battery power. This
result shows the comparison of how the ” optimized” equivalentload at

each node should look for the system to be optimized in terms of its static
limits, stability, and performance. The equivalent loading can be positive
(if there 1s equivalent injection into the system) and negative (if there is
equivalent demand in the system). We can observe thatat somenodes there
are larger fluctuations in the equivalent load, compared to the case when
the battery is not placed, signalizing that these nodes are important for
power compensation, as their effect is larger compared to the remaining
nodes (nodes 7 (0.3575 p.u), 14 (0.2138 p.u) and 26 (0.1859 p.u)). To
represent the effectiveness of the proposed battery placement, we also

include the total power losses in the system before and after battery

placement.
0 Equivalent load for the nodes with largest peak shaving
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Figure 10 Equivalent loading profile for nodes 7, 14, and 26.
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4.1.5 Peak Shaving Results

The peak-shaving of each of the batteries placed is here defined as the
total energy difference between the equivalent loading of the nodes before
and after battery placement, during the battery discharge, across the whole

timespan of interest.

The effectiveness of peak shaving is particularly evident at nodes 7,
14, and 26, where significant reductions in peak load were achieved. These

results confirm the potential of EV batteries to serve as a valuable resource

for managing peak demand and improving overall grid efficiency.

The battery energy state (in p.u) with the largest peak shaving (nodes
7, 14, and 26), as well as their respective state of charge in time, are

represented in the following plot:
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Figure 11 Battery energy state and State of Charge of the batteries during the worst-case day for nodes 7,
14, and 26.
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The upper part of the figure shows that the battery at node 26 during
midday is heavily charging, to be able to perform peak shaving during other
parts of the day. Remaining batteries locally charge and discharge to be

able to supplement the oscillations in consumption locally.

Thus, the lower part ofthe figure clearly represents the state-of-charge
battery health state, with the requirements always being between 10% and
90%. The batteries at nodes 7 and 14 are charged during the off-peak hours,
in the morning and evening, while they get discharged during the midday.
On the contrary, the battery at node 26 is charging during midday, while it

gets discharged in the morning and evening.

4.1.6 Total System Power Losses Before and After the
EV Battery Placement

To represent the effectiveness of the proposed battery placement, the
total power losses in the system before and after battery placement need to

be presented. These losses are calculated for the total system.

0.08 Losses before and after battery placement

Hour

Figure 12 Total system power losses before and afier the EV batteries' placement.
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Thelosses are indeed decreased for almost all hours analysed (except
for the hour 23). The losses are in the range of 0.05 p.u most of the day,

and they increase as the day progresses.

Figure 12 illustrates the variation of total system losses per unit (p.u)
across a 24-hour simulation period, both before and after the integration of
EV batteries. The results clearly show that the placement of EV batteries
leads to a consistent reduction in system power losses throughout the day.
Notably, peak loss values observed during midday and late evening are

mitigated post-placement.

During hours of maximum loading, particularly around hours 11 and
22, the system experienced its highest losses under the pre-placement
scenario. The implementation of EV batteries significantly reduced these
peaks by enhancing power balance and reducing the burden on distant
supply routes. This outcome demonstrates the role of optimized battery
placement in minimizing real power losses by supporting local voltage

levels and alleviating line stress.

The greatest reduction in losses occurred during the critical load
peaks, confirming the effectiveness of EV batteries not just for voltage
supportbutalso for enhancing energy efficiency. This finding underscores
the dual benefit of the proposed approach—voltage stability and loss
minimization—thereby reinforcing the overall performance improvement

in the network.
4.1.7 Comparative Analysis with Other Studies

The results are compared with findings from three related studies:
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e Whale Optimization Technique (Mehroliya & Arya, 2024):
This method, while effective for radial systems, showed
limitations in meshed network scenarios. Its reliance on
forward-backward power flow equations restricted its
scalability and applicability to larger, more complex grids.

e Collaborative Planning Model (Wang et al., 2023): This
approach optimized charging costs and grid costs but lacked
scalability for meshed systems. Furthermore, its reliance on
the dist-flow model limited its effectiveness in addressing the
challenges of voltage stability and reactive power
management.

e V2G Reactive Power Support (Rezvani & Khoud, 2019):
Focused on parking lots for reactive power, this method did
not optimize EV battery placement and sizing. While it
demonstrated improvements in voltage profiles, its narrow

scope limited its overall impact on grid performance.

Our study outperformed these approaches by leveraging a PSO-based
optimization that effectively addresses the challenges of meshed
distribution systems. Unlike the Whale Optimization Technique, our
method demonstrated superior scalability and adaptability to complex grid
configurations. Additionally, while the Collaborative Planning Model
optimized specific costs, our approach provided a comprehensive solution
that includes voltage stability, reactive power management, and peak load
mitigation. Compared to the V2G Reactive Power Support study, our work
not only enhanced voltage profiles but also optimized the placement and
sizing of EV batteries, achieving a balanced and resilient grid performance

across all tested scenarios.
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4.1.8 Summary

The study demonstrates the effectiveness of integrating Electric
Vehicle (EV) batteries as reactive power compensators and power
balancers within a distribution grid using a particle swarm optimization
(PSO) algorithm. The presented methodology provides significant
improvements in voltage stability, reactive power management, and overall

grid performance, particularly during high-demand periods.

The PSO algorithm effectively maintained voltage magnitudes within
the static limits 0f 0.9 to 1.1 per unit (p.u) across the distribution grid. This
result underscores the algorithm’s robustness in handling peak demand

scenarios, which are the most critical for grid operation.

EV batteries were optimally allocated at nodes4,5,6,7,9,10,13, 14,
15,19,22,26,27,29, 31, and 32, with capacities ranging from 150 kWh
to 950 kWh. These placements ensured that reactive power compensation
was provided precisely where it was most needed, particularly at nodes
experiencing significant voltage dips or load fluctuations. The EV batteries
demonstrated the ability to dynamically absorb and inject reactive power,
effectively mitigating voltage magnitude violations and supporting grid
stability. This capability was especially beneficial during periods of peak

load when the risk of voltage collapse and other instabilities is highest.

The voltage magnitude profile after battery placement showed a
significant reduction in voltage dips, ensuring a smoother and more stable
grid operation. The state of charge (SOC) of the batteries remained within
static limits throughout the worst-case day, confirming the reliability and

effectiveness of the proposed strategy. The equivalent loading profiles at
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nodes with battery placements revealed that optimized loads aligned well

with system constraints, enhancing grid efficiency and stability.

The proposed PSO-based optimization approach demonstrates a
scalable and effective solution for integrating EV batteries into modem
distribution systems, paving the way for a more resilient and adaptive
energy landscape. As the penetration of renewable energy and electric
vehicles continues to grow, such strategies will be indispensable in
maintaining efficient, reliable, and sustainable power systems. The results
confirm the viability of EV batteries as proactive grid assets, providing a
promising outlook for future energy systems where EVsplay a pivotal role

in achieving grid stability and performance goals.

4.2 Analysis

4.2.1 Introduction

This chapter provides a comprehensive analysis of the results
presented in Chapter 4 with the theoretical framework and literature
discussed in Chapter 2. The primary focus is on evaluating the integration
of Electric Vehicle (EV) batteries into the IEEE 33 network using a Particle
Swarm Optimization (PSO) algorithm. The analysis is structured around
the study objectives, which include improving voltage stability, optimizing
battery allocation, and enhancing grid efficiency through peak shaving and

load balancing.

For each objective, the results are discussed about key literature,
highlighting the alignment and deviations from existing studies.
Additionally, this chapter explores the theoretical implications of the

findings, providing insights into the potential for new models or
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frameworks. By connecting the research outcomes to the literature review,
this analysis aims to reinforce the rationale for integrating bi-directional

Vehicle-to-Grid (V2G) technology in modern power distribution systems.
4.2.2 Objective-Based Discussion

4.2.2.1 Voltage Stability and Reactive Power

Compensation

Theresults from Chapter 4 demonstrated significant improvements in
voltage stability across the IEEE 33 network after the strategic placement
of EV batteries using the PSO algorithm. Before battery placement, voltage
magnitudes at several nodes fell below the permissible limit of 0.9 p.u,
particularly during peak load periods, as shown in Figure 3 of Chapter 4.
For instance, node 19 recorded a minimum voltage of 0.903 p.u, which
posed a risk to system stability. Post-placement, the optimized voltage
profile (Figure 4 in Chapter 4) consistently maintained voltage levels
within the specified range of 0.9 to 1 p.u., with node 19 showing an

improved voltage of 0.962 p.u, a 6.5% increase.

This improvement aligns with findings from previous studies, such as
those by Baran and Wu (1989), which emphasize the role of distributed
energy resources in mitigating voltage drops in radial networks.
Additionally, Zhao et al. (2021) demonstrated similar outcomes when
V2G-enabled EVs were deployed at critical nodes, further validating the

effectiveness of this approach.

Reactive power compensation plays a crucial role in stabilizing
voltage levels, particularly under high-demand conditions. For example,
node 10, equipped with a 640 kWh EV battery, contributed 15 kVar of

reactive power during peak hours, significantly reducing voltage dips in its
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vicinity. By dynamically absorbing or injecting reactive power, EV
batteries ensured a balanced load flow, reducing voltage dips at critical
points. This capability aligns with the theoretical framework discussed in
Section 2.3 of Chapter 2, underscoring the role of V2G systems in

improving grid reliability and efficiency.

The analysis of the pre- and post-optimization voltage profiles reveals
that nodes 6, 10, and 19 benefited the most from reactive power suppott,
with improvements ranging from 5% to 8% in their voltage levels. These
results highlight the strategic importance of placing EV batteries at nodes
with high sensitivity to load variations. The graphical representation in
Figures 3 and 4 of Chapter 4 underscores these improvements, showcasing
a smoother and more stable voltage profile throughout the distribution

network.

Additional insights into voltage stability were obtained by analyzing
Figures 5 and 6. Figure 5 illustrates the percentage of average voltage
improvement at each node following the strategic placement of EV
batteries. The data reveal that the most substantial improvements were
observed at nodes 18, 30, and 33, with average voltage improvements
exceeding 18%. Conversely, nodes such as 1 and 20 displayed minimal
enhancements, indicating that these locations were either sufficiently
stable before the intervention or received less reactive support due to

optimization priorities.

Figure 6 provides a closer examination of nodes 17, 18, and 33,
presenting hourly voltage magnitudes before and after battery placement.
Before battery integration, all three nodes operated below the nominal
voltage threshold of 0.9 p.u. during peak hours (hours 9-14), with the
lowest recorded voltage dipping to approximately 0.84 p.u. at node 33.
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Post-placement, the voltage profile for each node significantly improved,
maintaining magnitudes above 0.9 p.u. Throughout the day. Node 18
displayed a marked uplift, evidencing the effectiveness of targeted battery

deployment in stabilizing voltage across vulnerable network points.

These findings reinforce the earlier conclusion that optimized battery
placement enhances grid reliability. The inclusion ofthese detailed profiles
also validates the PSO algorithm’s ability to identify and mitigate voltage

weaknesses across both a broad and localized scale.

4.2.2.2 Optimal Battery Allocation and Grid
Efficiency

The Particle Swarm Optimization (PSO) algorithm identified the
optimal placement of EV batteries at 16 nodes across the IEEE 33 network,
as detailed in Table 1 of Chapter 4. The allocation prioritized nodes with
high load sensitivity and significant potential for improving voltage
stability and power flow efficiency. For instance, nodes 6, 19, and 26
emerged as critical locations due to their proximity to high-demand areas

and their influence on voltage profiles.

The allocation strategy resulted in a balanced distribution of reactive

power support and load compensation. Notably:

e Node 6, with an allocated capacity of 150 kWh, provided
reactive power support of 10 kVar during peak load, stabilizing
local voltage levels from 0.914 p.u. to 0.961 p.u, a 5.1%
improvement.

e Node 26, equipped with 870 kWh, mitigated voltage drops by
contributing 20 kVar, achieving an 8.3% increase in voltage

stability at this node.
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e Node 10, with its 640 kWh allocation, contributed significantly
to both reactive power and load balancing, improving grid

efficiency in its vicinity.

Figure 3 in Chapter 4 illustrates the spatial distribution of battery
placements, highlighting a strategic approach to optimizing grid
performance. The PSO algorithm's ability to consider both local and
system-wide impacts ensured that the allocated batteries addressed critical

bottlenecks in the network.

The optimization also led to reduced power losses, with overall
system losses decreasing by approximately 10.57%. Thisupdated value is
supported by Figure 12, which presents the total system losses across 24
hours before and after battery placement. Although most hours exhibited
noticeable loss reductions, a slight increase in losses was observed at hour
21, where the losses increased from approximately 0.067 p.u. Before
optimization to 0.072 p.u. After. This localized rise is attributed to two
factors: first, the State of Charge (SOC) constraints limiting EV battery
discharge capacity at that hour; second, the higher baseline system demand

already present at hour 23 before battery placement.

Despite this minor late-hour anomaly, the overall day-long profile
showed substantial improvements, with early morning (hour 4) and

evening hours (hour 20) demonstrating the most significant loss reductions.

This reduction was calculated using the formula (note: all loss values

are expressed in per unit (p.u.)):

» Loss Reduction (%) = (

(Initial Losses — Optimized Losses))

Initial Losses

100 (20)
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» Substituting daily peak loss values: Loss Reduction (%) =
((0.067 -0.072)/0.067) x 100 = -7.46%

It should be noted that a negative value indicates a slight increase in
system losses at hour 21 after EV battery placement, attributed to SOC

constraints and higher base demand at that hour.

However, considering the full-day profile and average hourly
differences, the cumulative loss reduction remains positive overall. As an
alternative approach, the average hourly percentage loss reduction across

the 24 hours was calculated as follows:

» Hourly Loss Reduction (%) = ((Lossbefore.t _Lossafter,t)) .

LosSpeforet
100 (21)
» Average Hourly Reduction (%) =

i Y22, Hourly Loss Reduction (22)

> Average Hourly Reduction (%) = iZ§§1[4.29 +
2143 + 10.00 + 20.00 + 16.67 + 17.65 + 15.00 +
16.00 + 10.00 + 9.52 + 8.89 + 14.29 4+ 9.76 +
10.00 + 13.51 + 4.44 + 2.38 + 8.33 + 30.00 —
5.00 — 7.46 + 4.11 + 5.00 + 4.76] =~ 10.57%

This result provides additional confirmation that, on average, the

optimization produced a meaningful and consistent reduction in system

losses across the entire day.

These findings align with Zhao et al. (2021), who demonstrated that
integrating V2G-enabled EVs at key nodes can reduce system losses.

Furthermore, this study reinforces the value of node-specific allocation in
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enhancing grid efficiency, as highlighted in earlier works by Baran and Wu

(1989).

By optimizing battery placement, the network achieved enhanced
load balancing, particularly at nodes 9, 29, and 32, which experienced
significant reductions in peak load. This demonstrates the potential for EV
batteries to act as distributed energy resources, dynamically adapting to

real-time grid demands.
4.2.2.3 Peak Shaving and Load Balancing

The integration of EV batteries demonstrated significant contributions
to peak shaving and load balancing within the IEEE 33 network. Figure 9
in Chapter 4 illustrates the reductions in peak load at critical nodes,
highlighting the role of strategically placed batteries in alleviating stress on

the grid during high-demand periods.

Figure 10 provides a detailed analysis of the equivalent loading
profiles at nodes 7, 14, and 26, before and after battery placement. The
equivalent loading is expressed per unit (p.u.), and it reflects positive
values fornet injection and negative values for net demand. All three nodes
exhibited significant reductions in negative equivalent load after
optimization, indicating decreased local demand due to active battery
support. For instance, Node 26's loading improved from approximately -
0.11 p.u. to around -0.07 p.u, and Node 7 shifted from -0.50 p.u. Closer to
-0.40 p.u. during the peak window.

The percentage improvement in equivalent loading at each node was

calculated as:

» Equivalent Load Improvement (%) = ((|Load_before| —
|Load_after|) / |Load_before|) x 100 (23)
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Applying this:

» Node 7: ((0.50 - 0.40) / 0.50) x 100 =20%

» Node 26: ((0.11 -0.07) /0.11) x 100 = 36.4%

» Node 14: modest shift from approximately -0.16 p.u. to -0.13
p.u., = 18.75%

These shifts represent not only peak shaving but also the load-leveling

benefit of EV batteries, which ultimately smoothens system demand.

Further insights are offered by Figure 11, which shows the battery
energy states (in p.u.) and the state of charge (SOC in %) at the same nodes.
The top subplot highlights dynamic variations in the energy injected into
or drawn from the system. Node 7 shows the highest variability, reflecting
its dominantrole in peak shaving. In contrast, Node 14 maintains a steadier
profile with limited fluctuations, suggesting a more regulated

charge/discharge cycle.

The lower subplot on SOC reveals complementary patterns: nodes
with aggressive peak shaving (such as Node 26) show deeper dipsin SOC
during heavy discharge, reaching nearly 45%, whereas nodes with less
aggressive cycles (like Node 14) stay mostly above 75%. This reinforces
the strategic coordination between battery dispatch patterns and localized

load demands.

Together, Figures 10 and 11 underscore the effectiveness of PSO in
orchestrating charge-discharge patterns that maximize peak shaving while
maintaining healthy SOC ranges, thereby supporting both system stability
and battery longevity.
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4.2.3 Comparative Analysis with Other Studies

Theresults ofthis study demonstrate significant advancements in grid

performance metrics compared to similar studies in the field. For example:

e Voltage Stability: While Zhao et al. (2021) reported a 7%
improvement in voltage levels using a heuristic-based V2G
deployment, this study achieved up to an 18.5% increase in
average voltage at key nodes (Figure 5), such as nodes 18, 30,
and 33. This underscores the enhanced optimization
capabilities of the PSO algorithm in addressing voltage
instability.

e Power Loss Reduction: The reduction in total power losses,
approximately 10.57% based on averaged hourly values in
Figure 12, aligns with findings by Baran and Wu (1989), who
achieved a 6-9% reduction using reconfiguration techniques.
This study’s approach, however, incorporates the dynamic
flexibility of V2G systems, enhancing performance through
both reactive support and real-time load balancing.

e Peak Shaving and Load Smoothing: Compared to Rezvani
and Khoud (2019), who explored static reactive power
injections for voltage support, this study demonstrated dynamic
peak shaving at nodes 7, 14, and 26. Figure 10 showed
significant equivalent load improvements (up to 36.4%), and
battery coordination confirmed in Figure 11 indicated adaptive

dispatch patterns tied to SOC conditions.

In contrast to traditional methods, the PSO-based optimization
presented here integrates real-time adaptive strategies, addressing the

limitations of static models. The dynamic functionality of V2G-enabled
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EVs further differentiates this work by providing grid support during
fluctuating demand conditions, a capability not explored in previous

studies like those by Wang et al. (2023).
4.2.4 Theory Building and Implications

The results of this study offer several contributions to the theoretical
understanding of Vehicle-to-Grid (V2G) technology and its integration into
power distribution systems. By leveraging the PSO algorithm, this research
provides a novel approach to optimizing battery placement and operation
in the IEEE 33 network. These findings contribute to theory building in the

following areas:

1. Dynamic Grid Support Framework:

The study demonstrates the ability of V2G-enabled EVs to provide
real-time reactive power support, voltage stabilization, and load balancing.
This is evidenced by the enhanced voltage profiles in Figures 5 and 6 and

the precise battery dispatch patterns reflected in Figure 11.
2. Optimization Strategies for Radial Networks:

The study extends the traditional static models by integrating dynamic
control via V2G technology. Figures 10 and 11 illustrate that heuristic
optimization, such as PSO, can tailor battery operation at a node level
based on load fluctuations and SOC ranges. This supports scalable

deployment and improves robustness.
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3. Enhanced System Resilience:

Battery-supported peak shaving reduced equivalent demand at critical
nodes (e.g., a 36.4% load improvement at Node 26), which collectively
enhances the grid’s resilience under stress. The findings suggest a robust

and adaptable framework for managing unpredictable load scenarios,

particularly when integrated with renewable sources.
4.2.5 Practical Implications

1. Grid Planning and Policy:

Theresults support the integration of V2G systems into grid planning
strategies, emphasizing the need for regulatory frameworks to
accommodate dynamic energy resources. Policymakers could incentivize

the adoption of V2G technology through subsidies or tariffs that reward

energy market participation and ancillary services.
2. Energy Market Participation:

The demonstrated ability of EV batteries to provide ancillary services
such as reactive power compensation and peak shaving highlights their
potential for participation in energy markets. Mechanisms such as dynamic
pricing models, which reward EV owners for discharging during peak
demand, and capacity markets, where EVs bid for grid support services,
provide financial incentives. Pilot programs, like the "Parker Project" in
Denmark, have already showcased the feasibility of these systems, with
EV owners earning up to €1,000 annually through grid services (e-Mobility
Project, 2011). Regulatory frameworks must evolve to support these

initiatives, offering streamlined protocols for energy transactions and
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equitable compensation structures, thus improving the economic feasibility

of V2G adoption.
3. Scalable Deployment:

The scalability of the PSO-based optimization approach suggests its
applicability to larger grids and complex network configurations. Utilities
could adopt this method to streamline V2G integration in modern energy
systems, ensuring resilience against demand variability and supporting

renewable energy adoption.
4.2.6 Summary

The analysis in this chapter highlights the significant impact of
integrating V2G-enabled EV batteries into the IEEE 33 network. Key

findings include:

1. Voltage Stability:

e Strategic battery placement improved voltage levels at critical
nodes, with average voltage improvement reaching up to 18.5%
(Figure 95).

e Nodes with historically poor voltage performance, such as
nodes 17, 18, and 33, achieved stable operation above 0.95 p.u.
Across a 24-hour cycle (Figure 6).

2. Power Loss Reduction:

e Total system losses were reduced by approximately 10.57%
when averaged across all hours (Figure 12), validating the
effectiveness of the PSO algorithm in minimizing
inefficiencies.

3. Peak Shaving and Load Balancing:
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e Atnodes7, 14, and 26, equivalent loading was reduced by up
to 36.4%, showing clear peak shaving performance (Figure 10).

e Complementary SOC profiles and battery energy states (Figure
11) confirmed responsive and sustainable dispatch cycles
aligned with grid demand.

4. Comparative and Theoretical Strengths:

e Compared to previous studies, this work demonstrated
enhanced voltage performance, greater loss reduction, and
intelligent coordination between load and storage. These results
support the theoretical framework for scalable, flexible V2G

integration.

The implications of these findings underscore the transformative
potential of V2G technology. By integrating adaptive optimization
strategies, utilities can enhance grid resilience, support renewable energy
integration, and incentivize EV owners through market participation.
These results provide a strong foundation for scaling V2G systems and
adapting regulatory frameworks to modernize power distribution

networks.
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5.1 Introduction and Chapter Structure

This chapter concludes the thesis by summarizing the study,
discussing its key findings, addressing limitations, and providing
recommendations for practical implementation and future research. The
chapter begins with an overview of the research objectives and
methodology before delving into the main conclusions. It then highlights
the limitations encountered during the study and concludes with actionable
recommendations and a final reflection on the broader implications of the

findings.
5.2 Summary of the Study

This research explored the integration of Vehicle-to-Grid (V2G)
technology into the IEEE 33-bus distribution network using the Particle
Swarm Optimization (PSO) algorithm. The study aimed to optimize the
placement and sizing of Electric Vehicle (EV) batteries to enhance grid
stability, manage peak loads, and improve voltage profiles. Key objectives

included:

e Improving voltage stability through strategic battery
placement.

e Reducing power losses and achieving effective load balancing.

e Evaluating the potential of V2G-enabled EVs for reactive
power compensation.

e Developing a scalable optimization framework for V2G

integration.
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A 24-hour load forecast under peak day conditions was used to
simulate grid performance. The PSO algorithm identified optimal battery

placements, enabling dynamic energy redistribution and reactive power

support.
5.3 Key Conclusions

1. Voltage Stability and Reactive Power Compensation:
The strategic placement of EV batteries significantly improved
voltage stability across the IEEE 33 network. Voltage levels at
critical nodes were maintained within the permissible range of 0.9
to 1 p.u., with notable improvements ofup to 18.5% atnodes 18, 30,
and 33 (as shown in Figure 5). The voltage profile at vulnerable
nodes such as 17, 18, and 33 (Figure 6) demonstrated stable
operation post-placement. The dynamic reactive power
compensation provided by EV batteries was crucial in mitigating
voltage dips during peak load periods, validating the algorithm’s
ability to adaptively support grid reliability.

2. Optimal Battery Allocation and Load Management:
The PSO algorithm effectively optimized EV battery allocation,
targeting nodes with high load sensitivity. This allocation led to a
reduction in overall power losses by approximately 10.57% (Figure
12) and improved system efficiency. Load balancing was
particularly enhanced at nodes 9, 29, and 32, with node 29 showing
a 25% reduction in load variability. These improvements confirm
the success of the optimization strategy in enhancing grid stability
through intelligent and adaptive load support.

3. Peak Shaving and Local Demand Reduction:

The integration of EV batteries delivered substantial peak shaving at
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key locations. At node 26, a peak load reduction of 18.7% was
recorded, while equivalent load improvements at nodes 7, 14, and
26 reached up to 36.4% (Figure 10). Battery operation was
dynamically managed based on load demand, as evidenced by the
real-time battery states and SOC profiles in Figure 11. This
adaptability reduces strain on generation and transmission
infrastructure while maintaining healthy state-of-charge levels.

. Scalability and Adaptability of V2G-Integrated Optimization:
The PSO-based optimization framework proved scalable and robust
under dynamic grid conditions. Battery dispatch was responsive and
coordinated, matching fluctuations in local demand while avoiding
over-discharge. These results demonstrate the real-world viability of
Vehicle-to-Grid (V2G) technology in supporting renewable energy
integration, improving operational flexibility, and contributing to

long-term grid modernization efforts.

5.4 Limitations

Despite the promising results, the study faced several limitations:

e Simulation Dependency: The research relied on MATLAB
simulations, which may not fully capture the complexities of
real-world grid operations.

e Algorithmic Challenges: The PSO algorithm occasionally
exhibited premature convergence, potentially limiting its
ability to identify global optimal solutions.

e Scope Constraints: The study focused solely on the [EEE 33-
bus network, which may limit the generalizability of findings

to larger or more complex grids.
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e Data Limitations: The lack of real-world data on EV adoption
rates and renewable energy integration constrained the

analysis.

5.5 Recommendations

1. Practical Applications:

e Policymakers and utilities should develop regulatory
frameworks that incentivize V2G participation, including
dynamic pricing and compensation models.

e Utilities should consider deploying pilot projects to validate the
feasibility of V2G integration in diverse grid environments.

2. Future Research Directions:

e Extend the study to larger networks and meshed distribution
systems to assess scalability.

e Investigate real-time implementation challenges, including
communication latency and infrastructure costs.

e Explore the integration of V2G technology with renewable
energy sources, such as solar and wind, to address intermittency
issues.

e Develop advanced algorithms to mitigate premature

convergence in optimization processes.

5.6 Final Reflection

This study underscores the transformative potential of V2G
technology in modern power distribution systems. By leveraging the
flexibility of EV batteries, the research demonstrated significant
improvements in grid stability, efficiency, and reliability. The findings

contribute to the theoretical understanding of dynamic grid support
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frameworks and offer practical insights for utilities and policymakers. As
the adoption of EVs and renewable energy continues to grow, V2G

technology will play an integral role in achieving sustainable and resilient

energy systems.

In conclusion, the study provides a robust foundation for advancing
V2G integration and highlights the need for continued research and

innovation to address the evolving challenges of modern power networks.
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Appendix 1: Case33bw

function mpc = case33bw
%CASE33BW Power flow data for 33 bus distribution system from Baran & Wu
Please see CASEFORMAT for details on the case file format.

NN

Data from ...
M. E. Baran and F. F. Wu, "Network reconfiguration in distribution
systems for loss reduction and load balancing," in IEEE
ransactions
on Power Delivery, vol. 4, no. 2, pp. 1401-1407, Apr 1989.
doi: 10.1109/61.25627
URL: http://doi.org/10.1109/61.25627

3R R R

R -

3R R

%% MATPOWER Case Format : Version 2
mpc.version = '2';

%o = === Power Flow Data ----- %%
%% system MVA base
mpc.baseMVA = 100;

%% bus data

% bus_i type Pd Qd Gs Bs area Vm Va baseKV
zone Vmax Vmin

mpc.bus = [ %% (Pd and Qd are specified in kW & kVAr here, converted to MW
& MVAr below)

1 3 0 0 0 0 1 1 0 12.66 1 1 1;

2 1 100 60 0 0 1 1 0 12.66 1 1.1 0.9;
3 1 90 40 9] 0 1 1 0 12.66 1 1.1 0.9;

4 1 120 80 0 0 1 1 0 12.66 1 1.1 0.9;
5 1 60 30 9] 0 1 1 0 12.66 1 1.1 0.9;

6 1 60 20 9] 0 1 1 0 12.66 1 1.1 0.9;

7 1 200 100 0 0 1 1 0 12.66 1 1.1 0.9;
8 1 200 100 0 0 1 1 0 12.66 1 1.1 0.9;
9 1 60 20 9] 0 1 1 0 12.66 1 1.1 0.9;
10 1 60 20 0 0 1 1 0 12.66 1 1.1 0.9;
11 1 45 30 0 0 1 1 0 12.66 1 1.1 0.9;
12 1 60 35 0 0 1 1 0 12.66 1 1.1 0.9;
13 1 60 35 0 0 1 1 0 12.66 1 1.1 0.9;
14 1 120 80 0 0 1 1 0 12.66 1 1.1 0.9;
15 1 60 10 0 0 1 1 0 12.66 1 1.1 0.9;
16 1 60 20 0 0 1 1 0 12.66 1 1.1 0.9;
17 1 60 20 0 0 1 1 0 12.66 1 1.1 0.9;
18 1 90 40 0 0 1 1 0 12.66 1 1.1 0.9;
19 1 90 40 0 0 1 1 0 12.66 1 1.1 0.9;
20 1 90 40 0 0 1 1 0 12.66 1 1.1 0.9;
21 1 90 40 0 0 1 1 0 12.66 1 1.1 0.9;
22 1 90 40 0 0 1 1 0 12.66 1 1.1 0.9;
23 1 90 50 0 0 1 1 0 12.66 1 1.1 0.9;
24 1 420 200 0 0 1 1 0 12.66 1 1.1
0.9;

25 1 420 200 0 0 1 1 0 12.66 1 1.1
0.9;

26 1 60 25 0 0 1 1 0 12.66 1 1.1 0.9;
27 1 60 25 0 0 1 1 0 12.66 1 1.1 0.9;
28 1 60 20 0 0 1 1 0 12.66 1 1.1 0.9;
29 1 120 70 0 0 1 1 0 12.66 1 1.1 0.9;



30 1 200 600 0 0 1 1 0 12.66 1 1.1
0.9;

31 1 150 70 0 0 1 1 0 12.66 1 .1 0.9;

32 1 210 100 0 0 1 1 0 12.66 1 1.1
0.9;

33 1 60 40 0 0 1 0 12.66 1 1.1 0.9];
mpc.bus(:,3:4) = mpc.bus(:,3:4)/1e3;
%% generator data
% bus Pg Qg Qmax Qmin Vg mBase status Pmax
Pmin Pcl Pc2 Qclmin Qclmax Qc2min Qc2max ramp_agc
ramp_10 ramp_30 ramp_q apf
mpc.gen = [

1 0 0 10 -10 1 100 1 10/4 0 0 0 0
0 0 0 0 0 0 9;

1
%% branch data
% fbus tbus r X b rateA rateB rateC ratio
angle status angmin angmax
mpc.branch = [ %% (r and x specified in ohms here, converted to p.u.
below)

1 2 0.0922 0.0470 0 0 0 0 0 0 1 -360
360;

2 3 0.4930 0.2511 0 0 0 0 0 0 1 -360
360;

3 4 0.3660 0.1864 0 0 0 0 0 0 1 -360
360;

4 5 0.3811 0.1941 0 0 0 0 0 0 1 -360
360;

5 6 0.8190 0.7070 0 0 0 0 0 0 1 -360
360;

6 7 0.1872 0.6188 0 0 0 0 0 0 1 -360
360;

7 8 0.7114 0.2351 0 0 0 0 0 0 1 -360
360;

8 9 1.0300 0.7400 0 0 0 0 0 0 1 -360
360;

9 10 1.0440 0.7400 0 0 0 0 0 0 1 -360
360;

10 11 0.1966 0.0650 0 0 0 0 0 1 -360
360;

11 12 0.3744 0.1238 0 0 0 0 0 1 -360
360;

12 13 1.4680 1.1550 0 0 0 0 0 1 -360
360;

13 14 0.5416 0.7129 0 0 0 0 0 1 -360
360;

14 15 0.5910 0.5260 0 0 0 0 0 1 -360
360;

15 16 0.7463 0.5450 0 0 0 0 0 1 -360
360;

16 17 1.2890 1.7210 0 0 0 0 0 1 -360
360;

17 18 0.7320 0.5740 0 0 0 0 0 1 -360
360;

2 19 0.1640 0.1565 0 0 0 0 0 0 1 -360
360;



19 20 1.5042 1.3554
360;

20 21 0.4095 0.4784
360;

21 22 0.7089 0.9373
360;

3 23 0.4512 0.3083
360;

23 24 0.8980 0.7091
360;

24 25 0.8960 0.7011
360;

6 26 0.2030 0.1034
360;

26 27 0.2842 0.1447
360;

27 28 190 0.9337
360;

28 29 0.8042 0.7006
360;

29 30 0.5075 0.2585
360;

30 31 0.9744 0.9630
360;

31 32 0.3105 0.3619
360;

32 33 0.3410 0.5302
360;

21 8 2.0000 2.0000
360;

9 15 2.0000 2.0000
360;

12 22 2.0000 2.0000
360;

18 33 0.5000 0.5000
360;

25 29 0.5000 0.5000
360] ;
%do- - - - - OPF Data ----- %%
%% generator cost data
% 2 startup shutdown

mpc.gencost = [2 (%] 0

0

0 0
0 0
0
0 0
0 0
0
0 0
0
0 0
0 0
0 0
0 0
0 0
0
0
0 0
0 0
0 0
c(n-1)
20
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Appendix 2: Load Forecasting, Create
Loading Profile, and Historical Loading Profile

e [oad Forecasting

function Sol = CreatelLoadingProfile(mpc,MeanLoad)

LoadFP = [];
TemperaturesFP = [];
HumidityFP = [];
WindSpeedFP = [];

Load = MeanLoad*[0.2 ©.15 0.1 0.1 0.1 ©0.15 0.2 0.4 0.8 0.7 0.7 0.65 0.6
0.6 0.6 0.7 0.9 1.1 1.1 1 0.9 0.8 0.6 0.3];

Temperatures = [55 56 55 53 52 51 50 51 51 51 50 51 51 53 52 54 54 53
53 52 52 51 50 51];

Humidity = [0.69 ©.69 0.69 0.8 0.8 0.83 0.83 0.8 0.77 0.77 0.8 0.8 0.74
0.71 0.59 0.55 0.61 0.61 ©.63 0.66 0.74 0.74 0.74 0.71],;

WindSpeed = [15 16 17 14 13 15 16 15 14 14 14 15 18 15 20 16 10 8 8 3 5
55 0];

for i =1:7
for j = 1:1length(Temperatures)
LoadFP = [LoadFP normrnd(1*Load(j),0.05*Load(j))];
TemperaturesFP = [TemperaturesFP
normrnd (Temperatures(j),0.05*Temperatures(j))];
HumidityFP = [HumidityFP
normrnd (Humidity (j),0.05*Humidity(3j))1;
WindSpeedFP = [WindSpeedFP
normrnd (WindSpeed(j),0.05*WindSpeed(j))];
end
end

Sol = LoadForecasting(mpc, MeanLoad, TemperaturesFP,
HumidityFP,WindSpeedFP, LoadFP);
end

function gbest = LoadForecasting(mpc, Load, Temperature, Humidity,
WindSpeed, Historicalload)

FP = mpc.FP;
pop = 10000;
max_iter = 100;

initial = zeros(pop,FP);
objective = zeros(pop,1);

for i = 1:pop
initial(i,:) = normrnd(1*Load,0.05*Load,[1,FP]);

end
Rtemp = 0.3;
Rhum = 0.4;

Rwind = 0.4;
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Rhload = 0.4;

for 1 = 1:pop
objective(i) = (CorrCoeff(initial(i,:),Temperature) - Rtemp)”2 +
(CorrCoeff(initial(i,:),Humidity) - Rhum)?2 + ...
+ (CorrCoeff(initial(i,:),WindSpeed) - Rwind)"2 +
(CorrCoeff(initial(i,:),HistoricallLoad) - Rhload)”2;
end

gbest = initial(find(objective == min(objective)),:);
pbest = initial;

gbestobj = min(objective);

pbestobj = objective;

w = linspace(0.9,0.9,max_iter);
C1l = linspace(2,2,max_iter);
C2 = linspace(2,2,max_iter);

X
v

initial;
X5

for i = 1:max_iter
for j = 1:pop
v(j,:) =w(i)*v(j,:) + C1(i)*rand()*(gbest-x(j,:)) +
C2(i)*rand()*(pbest(j,:)-x(3,:));
end

X = X + V;

for j = 1:pop
objective(j) = (CorrCoeff(x(j,:),Temperature) - Rtemp)"2 +
(CorrCoeff(x(j,:),Humidity) - Rhum)”2 + ...
+ (CorrCoeff(x(j,:),WindSpeed) - Rwind)"2 +
(CorrCoeff(x(j,:),HistoricalLoad) - Rhload)”"2;
end

for j = 1:pop
if objective(j) < pbestobj(j)
pbest(j,:) = x(J,:);
pbestobj(j) = objective(j);
if objective(j) < gbestobj
gbest = x(j,:);
gbestobj = objective(j);
end
end
end
end

end

108



« Create Loading Profile

function Sol = CreatelLoadingProfile(mpc,MeanLoad)

% url =
"https://www.wunderground.com/history/daily/gb/bridgend/IBRIDGEN3/date /2023

B

LoadFP = [];
TemperaturesFP = [];
HumidityFP = [];
WindSpeedFP = [];

Load = MeanLoad*[©.2 ©0.15 0.1 0.1 ©
0.6 0.6 0.7 0.9 1.1 1.11 0.9 0.8 0.6 ©

Temperatures = [55 56 55 53 52 51 5
53 52 52 51 50 51];

Humidity = [0.69 ©0.69 ©0.69 0.8 0.8 0.83 0.83 0.8 0.77 0.77 0.8 0.8 0.74
0.71 0.59 0.55 0.61 0.61 0.63 0.66 0.74 0.74 0.74 0.71],;

WindSpeed = [15 16 17 14 13 15 16 15 14 14 14 15 18 15 20 16 10 8 8 3 5
55 09];

.10.15 0.2 0.4 0.8 0.7 0.7 0.65 0.6

3]
® 51 51 51 50 51 51 53 52 54 54 53

for i =1:7
for j = 1:1length(Temperatures)
LoadFP = [LoadFP normrnd(1*Load(j),0.05*Load(j))];
TemperaturesFP = [TemperaturesFP
normrnd (Temperatures(j),0.05*Temperatures(j))];
HumidityFP = [HumidityFP
normrnd (Humidity (j),0.05*Humidity(3j))1;
WindSpeedFP = [WindSpeedFP
normrnd (WindSpeed(j),0.05*WindSpeed(j))];
end
end

Sol = LoadForecasting(mpc, MeanLoad, TemperaturesFP, HumidityFP,
WindSpeedFP, LoadFP);
end

function gbest = LoadForecasting(mpc, Load, Temperature, Humidity,
WindSpeed, Historicalload)

FP = mpc.FP;
pop = 1000;
max_iter = 100;

initial = zeros(pop,FP);
objective = zeros(pop,1);

for i = 1:pop
initial(i,:) = normrnd(1*Load,@.05*abs(Load),[1,FP]);
end

Rtemp = 0.6;
Rhum = 0.4;
Rwind = 0.6;
Rhload = 0.8;

for i = 1:pop
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objective(i) = (CorrCoeff(initial(i,:),Temperature) - Rtemp)”2 +
(CorrCoeff(initial(i,:),Humidity) - Rhum)?2 + ...
+ (CorrCoeff(initial(i,:),WindSpeed) - Rwind)"*2 +
(CorrCoeff(initial(i,:),HistoricallLoad) - Rhload)”2;
end

gbest = initial(find(objective == min(objective)),:);
pbest = initial;

gbestobj = min(objective);

pbestobj = objective;

w = linspace(0.2,0.2,max_iter);
C1 = linspace(2,2,max_iter);
C2 = linspace(2,2,max_iter);

X
v

initial;
X;

for 1 = 1:max_iter
for j = 1:pop
V(3,:) = w(i)*v(d,:) + Cl(i)*rand()*(gbest-x(j,:)) +
C2(i)*rand()* (pbest (], :)-x(j,:));
end

X = X + V;

for j = 1:pop
objective(j) = (CorrCoeff(x(j,:),Temperature) - Rtemp)"2 +
(CorrCoeff(x(j,:),Humidity) - Rhum)”2 + ...
+ (CorrCoeff(x(j,:),WindSpeed) - Rwind)"2 +
(CorrCoeff(x(j,:),HistoricalLoad) - Rhload)”"2;
end

for j = 1:pop
if objective(j) < pbestobj(j)
pbest(j,:) = x(J,:);
pbestobj(j) = objective(j);
if objective(j) < gbestobj
gbest = x(j,:);
gbestobj = objective(j);
end
end
end
end

end
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e Historical Loading Profile

function LoadingData = HistoricallLoadingProfile

% Use the Kaggle dataset on historical hourly consumption pattern,

% normalized it, so its mean value becomes equal to the original
loading

% profile of IEEE 33 system.

% Working with IEEE 33 bus system
mpc = case33bw;

% Read the Kaggle dataset
data = readtable("powerconsumption.csv");

DateTime = table2array(data(:,1));

% Extracting temperature, humidity and wind datasets
Temperature = table2array(data(:,2));

Humidity = table2array(data(:,3));

Wind = table2array(data(:,4));

% Loading tables, store different power_consumption areas
Load = table2array(data(:,7));

Load [Load table2array(data(:,8))];

Load [Load table2array(data(:,9))];

% Original active and reactive power loading profile
P = mpc.bus(:,3)/100;
Q = mpc.bus(:,4)/100;

% Converting to per unit system
Load = Load/mpc.baseMVA/1e6;

% Preallocation of active and reactive power profiles, for each of the

% nodes
LoadProfileP = zeros(size(Load,1),length(P));
LoadProfileQ = zeros(size(Load,1),length(P));

% Active and reactive power profiles for each of the nodes, with 10%
% variance (of mean value).
for i = 1:1ength(P)
ind = randi([1,3]);
LoadProfileP(:,i) = Load(:,ind)*P(i)/mean(Load(:,ind));
LoadProfileP(:,i) = LoadProfileP(:,i) +
normrnd (0,0.1*mean(LoadProfileP(:,1i)));
LoadProfileQ(:,i) = Load(:,ind)*Q(i)/mean(Load(:,ind));
LoadProfileQ(:,i) = LoadProfileQ(:,i) +
normrnd (0,0.1*mean(LoadProfileQ(:,1i)));
end

% Storing the output structure
LoadingData = [];

LoadingData.DateTime = DateTime;
LoadingData.P = LoadProfileP;
LoadingData.Q = LoadProfileQ;
LoadingData. Temperature = Temperature;
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LoadingData.Humidity = Humidity;
LoadingData.Wind = Wind;

Labels = "1";
for i = 2:33
Labels = [Labels num2str(i)];
end
Labels = [Labels "Temperature" "Humidity" "Wind"];
writetable(array2table([LoadingData.P LoadingData.Temperature
LoadingData.Humidity LoadingData.Wind], 'VariableNames', Labels),

"ActivePowerDemand.csv')

end
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Appendix 3: V2G Integration

%
clear

% Define the system to test
mpc = case33bw;

% Forecasting period
mpc.FP = 24*7;

% Admittance matrix and the size of the system
mpc.Y = AdmittanceMatrix(mpc);

mpc.N = length(mpc.bus(:,2));

mpc.Nbr = size(mpc.branch(:,1),1);

% Initialize the PV, PQ and slack nodes
mpc.PV = [];

mpc.PQ = [];

mpc.Slack = [];

% PV, PQ and Slack nodes
for i = 1:mpc.N
if mpc.bus(i,2) == 2
mpc.PV = [mpc.PV mpc.bus(i,1)];
elseif mpc.bus(i,2) ==1
mpc.PQ = [mpc.PQ mpc.bus(i,1)];
else
mpc.Slack = [mpc.Slack mpc.bus(i,1)];
end
end

% Clean the data
mpc.clean = [];

for i = 1:mpc.N
if ismember(i,mpc.Slack) ==
mpc.clean = [mpc.clean i];
end
end

for i = 1:mpc.N
if ismember(i,mpc.PQ)
mpc.clean = [mpc.clean i+mpc.N];
end
end

% Maximal power flow through the line
mpc.Smax = 1.1;

% Maximal battery capacity in 100MWh
mpc.C_B_max = 0.1;

% Maximal charging/discharging power
mpc.Pdcmax = mpc.C_B_max*0.1;

% Charging/discharging efficiency
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mpc.etac = 1;
mpc.etadc = 1;

% Minimal and maximal state of charge - SOC
mpc.SOCmin = 0.1;
mpc.SOCmax = 0.9;

% Minimal and maximal voltage magnitude
mpc.Vmin = 0.9;
mpc. Vmax 1.1,

% Minimal and maximal electrical angle
mpc.thetamin = -pi/2;
mpc.thetamax = pi/2;

% Loading conditions
mpc.Lp = mpc.bus(:,3)/100;
mpc.Lq = mpc.bus(:,4)/100;

LoadingP = zeros(mpc.N,mpc.FP);
LoadingQ = zeros(mpc.N,mpc.FP);

LoadingData = HistoricallLoadingProfile;

for i = 2:mpc.N
if mpc.Lp(i)
ind = find(max(LoadingData.P(:,i))==LoadingData.P(:,1));
LoadingP (i, :) = LoadingData.P(ind-mpc.FP/2:ind+mpc.FP/2-1,1i);
end
if mpc.Lq(i)
ind = find(max(LoadingData.Q(:,i))==LoadingData.Q(:,1i));
LoadingQ(i, :) = LoadingData.Q(ind-mpc.FP/2:ind+mpc.FP/2-1,1i);
end
end

% Emulated forecast - HERE WE SET UP THE NEW LOAD PROFILE
for t = 1:mpc.FP
for i = 1:length(mpc.Lp)
mpc.FLp(t,i) = -LoadingP(i,t);
mpc.FLg(t,i) = -LoadingQ(i,t);
end
end

%Xsol = SLOPF(mpc);
initial = [];

% Must be approximately equal to the dimensionality of the system
% in this case 3*mpc.FP*mpc.N + mpc.N - we choose 50
mpc.pop = 50;

for i = 1l:mpc.pop
for j = 1:mpc.N
initial.C_B(i,j) = rand()*mpc.C_B_max;
% Initialize such that charging power is not violated
initial.B(i,1,j) = mpc.SOCmin*initial.C_B(i,j) +
rand ()* (mpc.SOCmax-mpc.SOCmin)*initial.C_B(i,j);
for t = 1:mpc.FP
if ~ismember(j,mpc.PQ)
ind = find(j == mpc.gen(:,1));
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initial.P(i,t,j) = mpc.gen(ind,10)/100 +
rand()*(mpc.gen(ind,9) -mpc.gen(ind,10))/100;
initial.Q(i,t,j) = mpc.gen(ind,5)/100 +
rand()*(mpc.gen(ind,4)-mpc.gen(ind,5))/100;
else
initial.P(i,t,j)
initial.Q(i,t,j)

9;
9;

end
end
for t = 2:mpc.FP+1
% Initialization like this - to satisfy SOC constraint
initial.B(i,t,j) = initial.B(i,t-1,j) - @©.1*initial.C_B(i,j) +
2*rand()*0.1*initial.C_B(i,j);
if initial.B(i,t,j) < mpc.SOCmin*initial.C_B(i,j)
initial.B(i,t,j) = mpc.SOCmin*initial.C_B(i,j);
elseif initial.B(i,t,j) > mpc.SOCmax*initial.C_B(i,j)
initial.B(i,t,j) = mpc.SOCmax*initial.C_B(i,j);
end
end
end
end

% Randomly allocate all of the EV chargers
initial.y = randi([©,1],mpc.pop,mpc.N);

% Randomly allocating the battery capacities and battery energy states
for i = 1l:mpc.pop
for j = 1:mpc.N
initial.B(i,:,J)
initial.C_B(i,j)

initial.y(i,j)*initial.B(i,:,3);
initial.y(i,j)*initial.C_B(i,j);

end
end

for i = 1l:mpc.pop
for j = 1:mpc.N
for t = 1:mpc.FP
initial.BatPowerActive(i,t,j) = initial.y(i,j)*(-
abs(mpc.etac*(initial.B(i,t,j) - initial.B(i,t+1,3))) +
2*rand()*abs(mpc.etac*(initial.B(i,t,j) - initial.B(i,t+1,3))));
end
end
end
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Appendix 4: Admittance Matrix

function Y = AdmittanceMatrix(mpc)

% Define the size of the system
N = size(mpc.bus,1);

% Sending nodes
SN = mpc.branch(:,1);

% Receiving nodes
RN = mpc.branch(:,2);

% Initialize the admittance matrix
Y = zeros(N,N);

% Populate the matrix
for i = 1:size(mpc.branch(:,1),1)

Y(SN(i),RN(i)) = -1/complex(mpc.branch(i,3),mpc.branch(i,4));

Y(RN(1),SN(i)) = Y(SN(i),RN(i));

Y(SN(i),SN(i)) = Y(SN(i),SN(i)) +
1/complex(mpc.branch(i,3),mpc.branch(i,4));

Y(RN(i),RN(i)) = Y(RN(i),RN(i)) +
1/complex(mpc.branch(i,3),mpc.branch(i,4));

Y(SN(i),SN(i)) = Y(SN(i),SN(i)) + complex(@,mpc.branch(i,5));
Y(RN(i),RN(i)) = Y(RN(i),RN(i)) + complex(@,mpc.branch(i,5));
end
for i = 1:N
Y(i,i) = Y(i,i) + complex(mpc.bus(i,5),mpc.bus(i,6))/100;
end

end
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Appendix 5: Equality Constraint with

Reactive Power Support

function current = EqualityConstraintsWithReactivePowerSupport(current,mpc)

% Check for each time step and for each particle
tol = le-5;

flag = zeros(mpc.pop,mpc.FP);

for i = 1:mpc.pop
for j = 1:mpc.N
for t = 1:mpc.FP
if ismember(i,mpc.PQ)

if abs(current.BatPowerActive(i,t,j)) >

abs(mpc.etac*(current.B(i,t,j) - current.B(i,t+1,3)))
current.BatPowerActive(i,t,j) = current.y(i,j)*(-

abs(mpc.etac*(current.B(i,t,j) - current.B(i,t+1,j))) +
2*rand()*abs(mpc.etac*(current.B(i,t,j) - current.B(i,t+1,3))));

end

current.BatPowerReactive(i,t,j) =
sqrt ((mpc.etac*(current.B(i,t,j) - current.B(i,t+1,j)))"2 -
current.BatPowerActive (i, t,j)"2);

current.Lp(i,t,J) current.BatPowerActive(i,t,j) +

mpc. FLp(t,j);

current.Lq(i,t,]j) current.BatPowerReactive(i,t,j) +

mpc.FLq(t,3);
else
if abs(current.BatPowerActive(i,t,j)) >
abs(mpc.etac*(current.B(i,t,j) - current.B(i,t+1,3)))
current.BatPowerActive(i,t,j) = current.y(i,j)*(-
abs(mpc.etac*(current.B(i,t,j) - current.B(i,t+1,j))) +
2*rand()*abs(mpc.etac*(current.B(i,t,j) - current.B(i,t+1,3))));
end
current.BatPowerReactive(i,t,j) =
sqrt ((mpc.etac*(current.B(i,t,j) - current.B(i,t+1,j)))"2 -
current.BatPowerActive (i, t,j)"2);
current.Lp(i,t,]j)
mpc.FLp(t,j) + current.P(i,t,j);
current.Lq(i,t,]j)
mpc.FLq(t,j) + current.Q(i,t,j);
end
current.Powers(i,t,j) = current.Lp(i,t,]j);
% Reactive power support
current.Powers(i,t,j+mpc.N) = current.Lq(i,t,]);
end

current.BatPowerActive(i,t,j) +

current.BatPowerReactive(i,t,j) +

end
end

counter_max = 50;
i=1;

while i <= mpc.pop
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counter = 0;
for t = 1l:mpc.FP
% If we reiterate too many times, call whole new solution for
% the particle
while ~ flag(i,t) && counter < counter_max
current = RepeatInitialization(current,mpc,i,t);
[aux, Pcheck, Qcheck, flag(i,t)] =
LoadFlowAlgorithm(reshape(current.Powers(i,t,:),[2*mpc.N,1]),mpc,tol);
current.V(i,t,:) = aux(l:mpc.N,1);
current.theta(i,t,:) = aux(1+mpc.N:2*mpc.N,1);
current.Iflow(i,t,:) =
IncidenceMatrix(mpc)*(reshape(current.Vv(i,t,:),[mpc.N,1]).*exp(complex(0,re
shape(current.theta(i,t,:),[mpc.N,1]))));
current.Sflow(i,t,:) =
abs(conj(reshape(current.Iflow(i,t,:),[2*mpc.Nbr,1])).*(VoltageMatrix(mpc)*
reshape(current.V(i,t,:),[mpc.N,1])));
current.P(i,t,mpc.Slack) Pcheck (mpc.Slack);
current.Q(i,t,mpc.Slack) Qcheck (mpc.Slack);
current.Pcheck(i,t,:) = Pcheck;
current.Qcheck(i,t,:) = Qcheck;
counter = counter + 1;

end

end

if counter == counter_max
current = RepeatInitializationParticle(current,mpc,i);
i=1-1;

end

i=1i+ 1;
end
end

function current = RepeatInitialization(current,mpc,i,t)

for j = 1:mpc.N
if ~ismember(j,mpc.PQ)
ind = find(j == mpc.gen(:,1));
current.P(i,t,j) = mpc.gen(ind, 10)/100 +
rand()*(mpc.gen(ind,9) -mpc.gen(ind,10))/100;
current.Q(i,t,j) = mpc.gen(ind,5)/100 + rand()*(mpc.gen(ind,4) -
mpc.gen(ind,5))/100;
else
current.P(i,t,j)
current.Q(i,t,j)

9;
H

end
end

% Initialization like this - to satisfy SOC constraint
if t ==
current.B(i,t,j) = mpc.SOCmin*current.C_B(i,j) +
rand ()* (mpc.SOCmax-mpc.SOCmin)*current.C_B(i,j);
else
current.B(i,t,j) = current.B(i,t-1,j) - @.1*current.C_B(i,j) +
2*rand()*0.1*current.C_B(i,3j);
end

if current.B(i,t,j) < mpc.SOCmin*current.C_B(i,j)
current.B(i,t,j) = mpc.SOCmin*current.C_B(i,j);

elseif current.B(i,t,j) > mpc.SOCmax*current.C_B(i,3j)
current.B(i,t,j) = mpc.SOCmax*current.C_B(i,j);
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end

for j = 1:mpc.N
current.B(i,:,J)
current.C_B(i,j)
for t = 1l:mpc.FP
current.BatPowerActive(i,t,j) = -abs(mpc.etac*(current.B(i,t,j)
- current.B(i,t+1,j))) + 2*rand()*abs(mpc.etac*(current.B(i,t,j) -
current.B(i,t+1,3)));
end
end

current.y(i,j)*current.B(i,:,3);
current.y(i,j)*current.C_B(i,j);

for 1 = 1:mpc.pop
if ismember (i, mpc.PQ)
current .BatPowerActive(i,t,j) =
current.y(i,j)*current.BatPowerActive(i,t,j);
current .BatPowerReactive(i,t,j) =
sqrt ((mpc.etac*(current.B(i,t,j) - current.B(i,t+1,j)))"2 -
current .BatPowerActive(i,t,j)"2);
current.Lp(i,t,j) = current.BatPowerActive(i,t,j) +
mpc. FLp(t,J);
current.Lq(i,t,j) = current.BatPowerReactive(i,t,j) +
mpc.FLq(t,3);
else
current .BatPowerActive(i,t,j) =
current.y(i,j)*current.BatPowerActive(i,t,j);
current .BatPowerReactive(i,t,j) =
sqrt ((mpc.etac*(current.B(i,t,j) - current.B(i,t+1,j)))"2 -
current.BatPowerActive (i, t,j)"2);
current.Lp(i,t,j) = current.BatPowerActive(i,t,j) +
mpc.FLp(t,j) + current.P(i,t,j);
current.Lq(i,t,j) = current.BatPowerReactive(i,t,j) +
mpc.FLq(t,j) + current.Q(i,t,j);
end
current.Powers(i,t,j) = current.Lp(i,t,j);
% Reactive power support
current.Powers (i, t,j+mpc.N) = current.Lq(i,t,j);
end
end

function initial = RepeatInitializationParticle(initial,mpc,i)

for j = 1:mpc.N
initial.C_B(i,j) = rand()*mpc.C_B_max;
% Initialize such that charging power is not violated
initial.B(i,1,j) = mpc.SOCmin*initial.C_B(i,j) +
rand ()* (mpc.SOCmax-mpc.SOCmin)*initial.C_B(i,j);
for t = 1:mpc.FP
if ~ismember(j,mpc.PQ)
ind = find(j == mpc.gen(:,1));
initial.P(i,t,j) = mpc.gen(ind,10)/100 +
rand()*(mpc.gen(ind,9) -mpc.gen(ind,10))/100;
initial.Q(i,t,j) = mpc.gen(ind,5)/100 +
rand()*(mpc.gen(ind,4) -mpc.gen(ind,5))/100;
else
initial.P(i,t,j)
initial.Q(i,t,j)

0;
0;

end
end
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for t = 2:mpc.FP
% Initialization like this - to satisfy SOC constraint
initial.B(i,t,j) = initial.B(i,t-1,j) - ©.1*initial.C_B(i,j) +
2*rand()*0.1*initial.C_B(i,j);
if initial.B(i,t,j) < mpc.SOCmin*initial.C_B(i,j)
initial.B(i,t,j) = mpc.SOCmin*initial.C_B(i,j);
elseif initial.B(i,t,j) > mpc.SOCmax*initial.C_B(i,j)
initial.B(i,t,j) = mpc.SOCmax*initial.C_B(i,j);
end
end
end

% Randomly allocate all of the EV chargers
initial.y(i,:) = randi([©0,1],1,mpc.N);

% Randomly allocating the battery capacities and battery energy states

for j = 1:mpc.N
initial.B(i,:,Jj)
initial.C_B(i,3J)
for t = 1l:mpc.FP
initial.BatPowerActive(i,t,j) = -abs(mpc.etac*(initial.B(i,t,j)
- initial.B(i,t+1,3j))) + 2*rand()*abs(mpc.etac*(initial.B(i,t,j) -
initial.B(i,t+1,3)));
end

initial.y(i,j)*initial.B(i,:,]);
initial.y(i,j)*initial.C_B(i,j);

end

for t = 1:mpc.FP
for j = 1:mpc.N
if ismember(i,mpc.PQ)
initial.BatPowerActive(i,t,j) =
initial.y(i,j)*initial.BatPowerActive(i,t,j);
initial.BatPowerReactive (i, t,j) =
sqrt ((mpc.etac*(initial.B(i,t,j) - initial.B(i,t+1,j)))"2 -
initial .BatPowerActive(i,t,j)"2);
initial.Lp(i,t,J)

initial.BatPowerActive(i,t,j) +

mpc. FLp(t,J);
initial.BatPowerReactive(i,t,j) +

initial.Lq(i,t,J)
mpc. FLg(t,3);
else
initial.BatPowerActive(i,t,j) =
initial.y(i,j)*initial.BatPowerActive(i,t,j);
initial.BatPowerReactive (i, t,j) =
sqrt ((mpc.etac*(initial.B(i,t,j) - initial.B(i,t+1,j)))"2 -
initial.BatPowerActive(i,t,j)"2);
initial.Lp(i,t,3)
mpc.FLp(t,j) + initial.P(i,t,j);
initial.Lq(i,t,3)
mpc.FLq(t,j) + initial.Q(i,t,j);
end
initial.Powers(i,t,j)
% Reactive power support
initial.Powers(i,t,j+mpc.N) = initial.Lq(i,t,j);

initial.BatPowerActive(i,t,j) +

initial.BatPowerReactive(i,t,j) +

initial.Lp(i,t,3);

end
end
end
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Appendix 6: Jacobian Matrix

function J = Jacobian(Y,V)
N = size(Y,1);

J = zeros(2*N,2*N);

for i = 1:N
for j = 1:N
if i ~=3j

3(i,j) = -V(i)*(real(Y(i,j))*cos(V(N+i) -
V(N+3))+imag(Y(i,]))*sin(V(N+1) -V(N+3))) ;

J(N+i, ) = -V(i)*(real(Y(i,j))*sin(V(N+i)-V(N+j))-
imag (Y(1i,J))*cos(V(N+i)-V(N+3)));

J(i,N+j) = -V(i)*V(F)*(real(Y(i,j))*sin(V(N+i)-V(N+j)) -
imag(Y(1,]3))*cos(V(N+i)-V(N+])));

J(N+i,N+j) = -V(i)*V(j)*(-real(Y(i,j))*cos(V(N+i)-V(N+j)) -
imag (Y(1,3))*sin(V(N+1)-V(N+3)));

J(i,i) = I(i,i) - V(j)*(real(Y(i,j))*cos(V(N+i)-
V(N+3))+imag(Y(i,]))*sin(V(N+1) -V(N+3)));

J(N+i, i) = I(N+i,i) - V(3)*(real(Y(i,j))*sin(V(N+i)-
V(N+3)) -imag(Y(i,J))*cos(V(N+i) -V(N+j)));

J(i,N+1i) = J(i,N+i) - V(F)*V(i)*(imag(Y(i,]j))*cos(V(N+i)-
V(N+3)) -real(Y(i,J))*sin(V(N+i)-V(N+j)));

J(N+i,N+i) = J(N+i,N+i) -
V(i)*V(j)*(real(Y(i,j))*cos(V(N+i) -V(N+j))+imag(Y(i,j))*sin(V(N+i)-
V(N+3)));

else
J(i,i) =
J(N+i, i)
end
end
end
end

J(i,i)-2*V(i)*real(Y(i,i));
= J(N+i,i) + 2*V(i)*imag(Y(i,i));
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Appendix 7: Penalty Definition

function [penalty, current] = PenaltyDefinition(current,mpc)

current.
current.
current.
current.
current.
current.
current.
current.

current

current.
.ConstraintsSOCLower
current.
current.
current.
.ConstraintsthetaUpper =
current.
current.

current

current

for i =
for

ConstraintsBUpper =
ConstraintsBLower =
ConstraintsPUpper =
ConstraintsPLower =
ConstraintsQUpper =
ConstraintsQLower =
ConstraintsC_BUpper
ConstraintsC_BLower

ConstraintsSOCUpper

ConstraintsVLower =
ConstraintsVUpper =

zeros (mpc.pop,1);
zeros (mpc.pop,1);
zeros (mpc.pop,1);
zeros(mpc.pop,1);
zeros(mpc.pop,1);
zeros(mpc.pop,1);

= zeros(mpc.pop,1);
= zeros(mpc.pop,1);
.ConstraintsChargingPower
= zeros(mpc.pop,1);
= zeros(mpc.pop,1);

zeros(mpc.pop,1);

zeros (mpc.pop,1);
zeros (mpc.pop,1);
ConstraintsthetalLower =

zeros(mpc.pop,1);
zeros(mpc.pop,1);

ConstraintsFlow = zeros(mpc.pop,1);
SlackProhibited = zeros(mpc.pop,1);

1:mpc.pop
j = 1l:mpc.N
for t = 1:mpc.FP

if current.B(i,t,j) > current.C_B(i,]j)
current.ConstraintsBUpper(i) =

current.ConstraintsBUpper (i) + current.B(i,t,j) - current.C_B(i,j);

end

if current.B(i,t,j) < ©

current.ConstraintsBLower(i) =

current.ConstraintsBLower (i) - current.B(i,t,j);

end

if ~ismember(j, mpc.PQ)

ind = find(j == mpc.gen(:,1));

if current.P(i,t,j) > mpc.gen(ind,9)/100

current.ConstraintsPUpper (i) =

current.ConstraintsPUpper (i) + current.P(i,t,j) - mpc.gen(ind,9)/100;

end

if current.P(i,t,j) < mpc.gen(ind,10)/100

current.ConstraintsPLower (i) =

current.ConstraintsPLower (i) - current.P(i,t,j) + mpc.gen(ind,10)/100;

end

if current.Q(i,t,j) > mpc.gen(ind,4)/100

current.ConstraintsQUpper (i) =

current.ConstraintsQUpper (i) + current.Q(i,t,j) - mpc.gen(ind,4)/100;

end

if current.Q(i,t,j) < mpc.gen(ind,5)/100

current.ConstraintsQLower (i) =

current.ConstraintsQLower (i) - current.Q(i,t,j) + mpc.gen(ind,5)/100;

current.ConstraintsChargingPower(i) + current.B(i,t,j)
- current.C_

end
end

if current.B(i,t,j) - current.B(i,t+1,j) >
current.C_B(i,j)*0.5

current.ConstraintsChargingPower (i) =

B(i,j)*e.5;
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end
if current.B(i,t+1,j) - current.B(i,t,j) >
current.C_B(i,j)*0.5
current.ConstraintsChargingPower (i) =
current.ConstraintsChargingPower(i) + current.B(i,t+1,j) - current.B(i,t,j)
- current.C_B(i,j)*0.5;
end
if current.B(i,t,j)*100/current.C_B(i,j) > 90
current.ConstraintsSOCUpper(i) =
current.ConstraintsSOCUpper(i) + current.B(i,t,j)*100/current.C_B(i,j) -
909;
end
if current.B(i,t,j)*100/current.C_B(i,j) < 10
current.ConstraintsSOCLower(i) =
current.ConstraintsSOCLower(i) - current.B(i,t,j)*100/current.C_B(i,j) +
10;
end
if current.Vv(i,t,j) > mpc.Vmax
current.ConstraintsVUpper(i) =
current.ConstraintsVUpper (i) + current.V(i,t,j) - mpc.Vmax;
end
if current.V(i,t,j) < mpc.Vmin
current.ConstraintsVilower(i) =
current.ConstraintsVLower (i) - current.V(i,t,j) + mpc.Vmin;
end
if current.theta(i,t,j) > mpc.thetamax
current.ConstraintsthetaUpper (i) =
current.ConstraintsthetaUpper(i) + current.theta(i,t,j) - mpc.thetamax;
end
if current.theta(i,t,j) < mpc.thetamin
current.Constraintsthetalower (i) =
current.ConstraintsthetaLower(i) - current.theta(i,t,j) + mpc.thetamin;
end
end
if current.C_B(i,j) > mpc.C_B_max
current.ConstraintsC_BUpper (i) =
current.ConstraintsC_BUpper(i) + current.C_B(i,j) - mpc.C_B_max;
end
if current.C_B(i,j) < ©
current.ConstraintsC_BLower (i) =
current.ConstraintsC_BLower(i) - current.C_B(i,j);
end
end

for t = 1l:mpc.FP
for j = 1:length(current.Sflow(i,t,:))
if current.Sflow(i,t,j) < -mpc.Smax
current.ConstraintsFlow(i) = current.ConstraintsFlow(i)
+ (mpc.Smax - current.Sflow(i,t,j));
end
if current.Sflow(i,t,j) > mpc.Smax
current.ConstraintsFlow(i) = current.ConstraintsFlow(i)
- (mpc.Smax - current.Sflow(i,t,j));
end
end
end
current.SlackProhibited(i) = current.y(i,mpc.Slack);
end

123



% Create the penalty vector
for 1 = 1:mpc.pop
penalty(i) =
sum( [current.ConstraintsBUpper(i);current.ConstraintsBLower(i)...

scurrent.ConstraintsC_BUpper(i);current.ConstraintsC_BLower(i)...
;current.ConstraintsPUpper(i);current.ConstraintsPLower (i) ...
s;current.ConstraintsQUpper(i);current.ConstraintsQLower(i) ...
s;current.ConstraintsChargingPower(i). ..

s;current.ConstraintsSOCUpper (i) ;current.ConstraintsSOCLower(i)...
s;current.ConstraintsVLower(i);current.ConstraintsVUpper(i)...

s;current.Constraintsthetalower(i);current.ConstraintsthetaUpper(i)...

s;current.ConstraintsC_BLower (i) ;current.ConstraintsC_BUpper(i);current.Cons
traintsFlow(i);
current.SlackProhibited(i)]);
end
end
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