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Abstract

The integration of photovoltaic (PV) systems into distribution networks has been in-
creased due to government policies promoting renewable energy schemes. However, this
increased integration presents challenges, such as over-voltage and current harmonics. The
thesis explores the strategic placement of power electronic (PE) based compensators in
PV-rich power distribution networks to address these issues and enhance overall system
performance.

The optimal placement of these compensators significantly reduces energy losses and
improves the voltage profile of the network. The modeling and allocation planning of
Series Compensators (SECs) and Shunt Compensators (SHCs) are presented to mitigate
voltage sag/swell and current harmonics, respectively. In addition to the technical aspects,
the thesis conducts a comprehensive economic evaluation of multiple SHC allocations in
highly PV-integrated networks. The solution strategy chosen is Particle Swarm Opti-
mization (PSO), meta-heuristics-based optimization algorithm. Over a 20-year planning
horizon, profit maximization is performed by considering factors, such as PV integration,
load growth, seasonal load variations, and intermittent PV generation profiles.

An operational optimization approach is proposed to determine the time-varying re-
active power injection set-points for SHCs, considering varying load and PV generation
scenarios. This approach shows that injecting time-varying reactive power into the net-
works reduces the annual energy loss costs. Due to the time-varying nature of load and
PV generation, the objective function for annual energy loss costs involves many variables.
A novel multi-swarm surrogate-assisted PSO algorithm has been developed to address this
high-dimensional optimization problem. This new PSO variant combines the Gaussian Pro-
cess Regression (GPR) technique with PSO in a multi-swarm framework, utilizing parallel
computing. This approach demonstrates substantial capability in solving high-dimensional
optimization problems.

An optimization approach is proposed to maximize PV hosting capacity (PVHC) and
minimize energy losses. PVHC is defined as the maximum PV capacity a network can
accommodate without degrading its operational performance. This process involves opti-
mizing the time-varying reactive power injection set-points for SHCs and the time-varying
charging and discharging set points for Battery Energy Storage Systems (BESS) in response
to time-varying load and PV generation. A multi-objective planning approach is developed
to address the conflicting objectives of maximizing PVHC and minimizing energy loss.
This approach simultaneously optimizes these two objectives using the Strength Pareto
Evolutionary Algorithm-2 (SPEA2)-based Multi-Objective GPR assisted PSO (SPEA2-
MO-GPRS-PSO). The solution provides a set of options from which utilities can choose
based on their preferences. Additionally, the proposed SEC and PV-integrated SHC (PV-
SHC) allocation aims to minimize network power losses, the rating of compensators, and
the number of undervoltage nodes. A multi-objective planning approach is also developed
to optimally allocate SEC and PV-SHCs in distribution networks using the SPEA2-MO-
GPRS-PSO.

The proposed planning models are validated using the 33-bus and 69-bus test distribu-
tion networks.
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Chapter 1

Introduction and Literature Review

1.1 Introduction

The increasing demand for electricity rapidly depletes traditional energy sources, while

continued reliance on fossil fuels significantly contributes to environmental degradation.

As India’s growth continues, its demand for energy and resources is projected to rise sub-

stantially. Energy use has doubled in the past 20 years and is expected to grow by at

least another 25% by 2030 [1]. Transitioning to renewable energy is essential to meet these

growing energy needs.

To promote sustainable energy and ensure a greener future, the Government of India

has introduced a plan to integrate 450 GW of renewable energy capacity by 2030, including

140 GW of wind power and 280 GW of solar photovoltaic (PV) generation [1]. Over the

past decade, due to India’s policies, the country’s solar installed capacity has significantly

increased, growing from 160 MW in the financial year 2014-15 to 74,310 MW in 2023-

24 [2]. However, as the world’s most populous country with 1.42 billion people and a

high population density, India faces challenges in securing vacant land for PV installations.

Therefore, large-scale integration of rooftop PV systems, particularly at the distribution
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network level, is essential [2].

To address these issues and to achieve the 280 GW target for PV integration, the Gov-

ernment of India has launched several initiatives. One notable scheme under the Ministry

of New and Renewable Energy (MNRE) is the PM Surya Ghar: Muft Bijli Yojana, which

promotes rooftop solar installations in rural areas and provides free electricity up to 300

units monthly for 10 million households. The scheme offers central financial assistance of

60% of the system cost for 2 kW installations and 40% for systems between 2 kW to 3

kW [3]. This policy is expected to reduce annual electricity costs by $7500 million while

increasing renewable energy generation and reducing carbon emissions.

Rooftop solar PV systems are crucial in maximizing the use of limited land resources.

These systems can connect to the local power grid or household loads, reducing grid de-

pendency and easing the burden on the transmission and distribution system. Despite

these advantages, high penetration of PVs into distribution networks can increase network

power and energy losses. Therefore, it is crucial to determine the maximum PV capacity

that a network can accommodate without compromising operational performance. This

determination is known as PV hosting capacity (PVHC).

Various technologies and strategies are employed to manage these challenges effectively

and ensure the reliable operation of distribution networks. The primary goal of distribution

networks is to deliver high-quality power reliably, especially when integrating distributed

generations (DGs), which can introduce additional challenges. Custom Power Devices

(CPD) are integrated within DG-integrated distribution networks to deliver distortion-free

and balanced electrical power [4]. These CPDs, based on Power Electronics (PE), are

designed to mitigate voltage and current distortions. The CPDs in distribution networks

include Series Compensators (SEC) and Shunt Compensators (SHC). The SEC is typically

used to address voltage sags and swells [5]. Meanwhile, SHCs are connected in parallel with

the system to provide Volt-Ampere reactive (VAr) support and mitigate current harmonics

[6].

2
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Enhancing the voltage profile of DG-integrated networks involves various compensator

models and techniques. The classification diagram of DG-integrated CPD (DG-CPD) is

provided in Fig. 1.1. This classification primarily considers integrating DGs and CPDs

into distribution networks in two ways. In the first approach, DGs are connected directly

to the DC link of CPDs (DGCC) [7–9]. This setup facilitates real-time coordination,

allowing the compensating device to adjust its operations based on the performance of the

DG. In the second approach, DGs and CPDs are not directly connected (DGCNC) [10–

12]. This method provides greater flexibility by optimizing each component independently,

which can simplify the system design and reduce the complexity of interactions between

DGs and CPDs. The second level of classification focuses on strategies explored in the

literature to improve network performance. This research focuses on integrating CPD with

appropriate control strategies and employing optimization techniques. Control algorithms

monitor and adjust inverter operations in real-time to enhance network performance [13–

15]. Meanwhile, optimization techniques aim to achieve objectives, such as minimizing

CPD ratings, power and energy losses, investment costs, and maximizing factors like voltage

stability and PVHC [16–18]. The third level of classification examines the types of DGs and

storage technologies investigated in the research. Various combinations of PV, Wind Energy

(WE), and energy storage systems (ESS), including Battery ESS (BESS), are explored

[19–21]. BESS integration in distribution networks manages DG variability, particularly

in PV systems. These BESS units store excess PV energy during off-peak periods and

discharge stored energy when PV generation is low or during peak load hours. Lastly,

the fourth level of classification presents the various control and optimization techniques

applied in distribution networks.

4
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1.2 Literature survey on the optimal integration of DG, ESS,

and compensators in distribution networks

The integration of DG, ESS, and compensators such as SHCs has gained significant

attention in recent years. This thesis focuses on the optimization techniques for integrating

these components into distribution networks. The primary objective is to optimize the allo-

cation, sizing, and operational strategies of DGs, ESS, and compensators to enhance system

performance. These optimization algorithms address multiple constraints and objectives

to improve overall system performance.

1.2.1 Objective functions considered in the literature

Studies on integrating DG, ESS, and compensators in distribution networks address

various objective functions. These objectives typically include minimizing power and energy

losses, improving voltage stability, and optimizing economic costs.

The objectives addressed in the literature are as follows:

� Power loss minimization: Minimizing power losses in the network is vital for

enhancing distribution network performance. These losses result from the resistance

in distribution lines and transformers, representing real power losses at any given

moment, typically measured in kilowatts (kW). The goal is to optimize the network

configuration, component ratings, and operating conditions. Several studies focus

on reducing these power losses through strategically placing and sizing DGs and

compensators [22,23]. It is essential to select the optimal locations and practical sizes

for DGs and compensators, as improper placement or sizing can result in increased

system losses. The authors in [24] proposed an approach to optimize the location and

sizing of DGs and DHC, aiming to minimize power losses and improve voltage profiles

in distribution networks under varying load conditions. Additionally, reference [25]

employs an optimization technique to minimize power loss by integrating PV-BESS

5
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with SEC and SHC.

� Energy loss minimization: Energy loss minimization aims to reduce the total en-

ergy lost over a specified period, often expressed in kilowatt-hours (kWh). Unlike

power loss minimization, which addresses instantaneous losses, energy loss minimiza-

tion accounts for cumulative losses over time, considering fluctuations in load and

generation patterns. This approach targets reducing overall energy losses, leading to

significant cost savings. The authors in [26] optimized single and double DG unit lo-

cations, sizes, and power factors, considering seasonal uncertainties in generation and

consumption to minimize Annual Energy Losses (AEL) and voltage deviations. Ref-

erence [27] examines methodologies for optimizing network configurations and com-

ponent sizes, focusing on the impact of time-varying voltage-dependent load models

on wind DG planning to achieve lower energy losses. Moreover, studies such as [28]

and [29] discuss energy loss reduction through the optimal allocation of SEC and

SHC within the distribution network.

� PVHC Maximization: PVHC aims to maximize the benefits of integrating PV

systems with hybrid configurations, such as battery storage or other complementary

technologies. PVHC maximization involves optimizing the placement, sizing, and

operational strategies of PV systems and their hybrid components to enhance energy

utilization. Researches such as [30] and [31] explores strategies to optimize the PV

generation planning to maximize the PVHC within distribution networks. Moreover,

reference [32] proposes an equilibrium optimizer-based approach to enhance PVHC

by effectively planning PV generation and addressing integration challenges. Simi-

larly, reference [33] employs a hybrid optimization approach to estimate PVHC in

distribution networks.

� Voltage stability and deviation: Maintaining an optimal voltage profile across

the network is essential for the reliable operation of the network. Objective functions

6
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that focus on minimizing voltage deviations ensure that voltage levels remain within

acceptable limits, enhancing system stability. References [30] and [31] focus on im-

proving voltage stability through optimal DG and ESS placement. Reference [34]

reduces voltage deviation and improves voltage profiles by optimally placing SHCs in

the network.

� Economic cost optimization: A key objective in distribution network optimiza-

tion is minimizing the total operational and investment costs, which include expenses

related to power losses, maintenance, and infrastructure investments. Many stud-

ies aim to design cost-efficient networks that enhance performance while keeping

expenses low. References [35] and [23] present a day-ahead scheduling model that

addresses uncertainties in PV energy, electricity prices, and load demands. This

model incorporates demand response strategies to reduce microgrid operational costs

while supporting the integration of renewable energy sources. In [36], the authors

propose a hierarchical optimization model for distribution network planning, focus-

ing on the grid connection of DERs. This model accounts for various factors, such

as network loss, line investment, power purchase costs, carbon emission costs, and

policy subsidies. The goal is to reduce investment costs through optimal DG place-

ment. Similarly, reference [31] focuses on maximizing the investment benefits of DG

placement by minimizing the cost associated with line losses.

� Reliability enhancement: Improving the reliability of distribution networks is a

crucial objective, focusing on minimizing outages and ensuring the network’s ability

to recover from disturbances. Reliability-focused strategies aim to increase the net-

work’s resilience. In [37], the authors propose network reconfiguration techniques to

optimize the operation of tie switches. This approach is designed to reduce power

losses, enhance voltage profiles, and improve voltage stability, contributing to net-

work reliability. Reference [38] analyses the effects of forced outage rates, peak load

7
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variations, and the penetration of DGs and ESS on microgrid reliability. Further,

reference [39] investigates the impact of electric vehicle charging stations on power

loss, stability, and overall network reliability. Reference [40] uses Monte Carlo sim-

ulation to evaluate the reliability of two feeders within a distribution network. The

study examines system adequacy and the impact of varying levels of DG penetration

on network reliability.

1.2.2 Decision variables considered in the literature

In distribution network optimization, the variables include the optimal placement and

sizing of DGs, ESS, and compensators. The decision variables considered in the literature

include:

� DG sizing and placement: Decision variables related to the sizing and placement of

DGs are essential for optimizing network performance. These variables help determine

the DG unit’s optimal capacity and location to maximize their benefits, such as

reducing power losses and improving voltage stability [41]. The optimal integration

of DGs is explored in studies like [42] and [43], which analyze the optimal allocation

of PV and WE systems. References [44] and [35] consider the placement of multiple

DGs to improve network performance.

� Compensator placement and sizing: Variables related to the placement and siz-

ing of compensating devices, such as capacitors and CPDs, are essential for managing

voltage levels and reactive power. These decision variables optimize the network’s per-

formance by minimizing voltage deviations and enhancing system stability [45]. The

optimal allocation of compensators such as SEC and SHC is crucial. Reference [34]

determine the optimal placement of SHC, while [23] and [24] explore the combined

placement of SHC and DGs. Reference [46] focuses on optimizing the locations of

SEC and SHC in the distribution network.
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� Load scheduling: Load scheduling and demand response are essential for opti-

mizing distribution network operations. Adjusting load timing and consumption

helps balance supply and demand, reduce peak loads, and enhance efficiency [47].

Reference [48] formulates a nested optimization problem to ensure the simultaneous

optimal planning and operation of DGs and hybrid ESS. This approach addresses un-

certainties in DG generation, load demand, price-based demand response, and SHCs

functionality while accounting for distribution network constraints.

� ESS management: Decision variables for managing ESS include the charging and

discharging schedules and the sizing of storage units. These variables are essential for

enhancing grid stability, managing intermittency, and improving load management

[49]. References [44] and [35] consider the placement of multiple DGs and BESS to

improve network performance.

Each of these decision variables is integral to formulating and solving distribution net-

work optimization problems, with their selection and optimization adapted to the specific

objectives and constraints of the network under study.

1.2.3 Constraints employed in the literature

In distribution network optimization, various constraints are considered to ensure that

solutions are feasible and practical. These constraints represent the physical, operational,

and regulatory boundaries within a distribution network. Some of the most commonly

discussed constraints in the literature include:

� Power balance constraints: These constraints ensure that the total generated

active and reactive power equals the total power demand, including system losses.

They are crucial for ensuring supply consistently meets demand [50].

� Voltage constraints: Voltage levels at each bus in the network must remain within

9
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specified limits to guarantee reliable operation. Exceeding these limits can result in

equipment damage [51].

� Thermal constraints: These constraints relate to the thermal limits of distribution

lines and transformers. Current flows must not exceed these thermal limits to prevent

overheating and potential equipment failure, which is vital for maintaining network

safety [52].

� Reactive power constraints: When reactive power compensators are installed in

the network, it is essential to ensure that the reactive power supplied does not exceed

the maximum rating of the compensators. This is essential for effective voltage control

and loss minimization [53].

� Capacity constraints: These constraints involve the maximum capacities of DG

units, ESS, compensators, and other network components. Capacity limits ensure

that the optimization model does not suggest unrealistic or impractical expansions

[54].

These constraints are essential in developing distribution network optimization mod-

els. The specific constraints selected and their incorporation into the optimization process

depend on the unique objectives and characteristics of the distribution network considered.

1.2.4 Optimization models

In distribution network optimization, various mathematical models address complex

decision-making processes. These models are the basis for formulating optimization prob-

lems, aiming to minimize or maximize a specific objective, such as reducing power losses,

lowering operational costs, or improving system reliability while adhering to constraints.

The selection of an appropriate model depends on the nature of the objective and the

constraints, which can range from linear to highly non-linear relationships. Different opti-

mization models to address specific types of problems are explained below.
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� Linear Programming (LP): LP involves optimizing a linear objective function sub-

ject to linear constraints. This method is particularly effective for problems where re-

lationships between variables are linear. LP is well-suited for large-scale optimization

problems due to its linear problem formulation and efficient solution techniques [55].

� Non-linear Programming (NLP): NLP extends LP to handle cases where either

the objective function or the constraints are non-linear. This is important in power

systems, where power flow equations and other system dynamics are inherently non-

linear. NLP allows for optimizing more complex objectives, such as reducing gener-

ation costs while considering non-linear system behaviors. However, NLP problems

can be more challenging due to their non-convex nature [56].

� Mixed-Integer LP (MILP): MILP incorporates continuous and discrete variables

into the LP framework. This approach is helpful for problems involving discrete

decisions, such as the placement and sizing of distributed generation units or the

switching of network components. MILP combines the linearity of LP with the flexi-

bility to handle integer constraints, making it suitable for combinatorial optimization

problems [57].

� Mixed-Integer NLP (MINLP): MINLP combines non-linear relationships with

continuous and integer decision variables. This method is mainly for complex distri-

bution network problems where the objective function and constraints are non-linear,

and decisions involve discrete choices. Although MINLP offers a flexible solution for

complex problems, it can be computationally expensive and typically needs advanced

solving methods [58].

� Quadratic Programming (QP): QP is a form of NLP where the objective function

is quadratic and the constraints are linear. It is often used in optimal power flow

problems to minimize a quadratic cost function, such as generation costs or power
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losses. QP balances complexity and accuracy, providing a more refined representation

of specific cost structures compared to linear models [59].

� Dynamic Programming (DP): DP addresses optimization problems by breaking

them into simpler, interrelated sub-problems. This approach is ideal for multi-stage

decision problems where each stage depends on the previous outcomes. In distribution

network optimization, DP can be used for sequential decisions, such as the placement

of DG units or network reconfigurations. While highly effective, DP can be difficult to

apply to large-scale problems due to its computational and memory requirements [60].

1.2.5 Solution strategies based on the type of optimization methods

The literature employs various solution strategies to address the optimization problems

related to DG, ESS, and compensator integration. These strategies include metaheuristic

methods and mathematical approaches.

1.2.5.1 Metaheuristic algorithms

Metaheuristic algorithms have proven to be highly effective in addressing the com-

plexities of multi-dimensional optimization problems, particularly in optimizing DG and

compensator placement in power systems. A brief overview of some commonly used meta-

heuristic algorithms is as follows:

� Particle Swarm Optimization (PSO): PSO is an optimization technique inspired

by the social behavior of birds flocking together. In this algorithm, each individual

in the population, known as a particle, represents a potential solution. Particles

move through the solution space by adjusting their positions based on their own

experience and the experiences of neighboring particles. The movement is guided by

the best-known positions in the swarm, leading to convergence towards optimal or

near-optimal solutions. PSO is particularly effective in handling complex, non-linear

problems [61].

12
TH-3570_206102108



Introduction and Literature Review

� Genetic Algorithm (GA): GA is based on natural selection and genetics principles.

It starts with a randomly generated population of potential solutions, each encoded

as a chromosome. The algorithm generates new offspring solutions through crossover

(recombination of parent solutions) and mutation (random alterations). Over succes-

sive generations, the population evolves, with fitter solutions more likely to survive

and reproduce, improving solution quality. GA is widely used for its ability to effec-

tively explore a large solution space [62].

� Ant Lion Optimization (ALO): ALO is inspired by the predatory behavior of ant

lions in nature. In this algorithm, candidate solutions represent prey, while ant lions

represent traps in the solution space. The positions of prey (solutions) are iteratively

adjusted, simulating the process of being trapped by ant lions. As the algorithm

progresses, the prey is guided towards better solutions, imitating the natural selection

process where only the best solutions survive. ALO is particularly useful for solving

optimization problems with complex landscapes [43].

� Lightning Search Algorithm (LSA): LSA draws inspiration from the natural

phenomenon of lightning, which follows an unpredictable yet directed path. The

algorithm simulates this behavior by balancing exploration (searching new areas of the

solution space) and exploitation (refining existing solutions). LSA uses a combination

of local and global search strategies to effectively navigate the solution space, making

it suitable for a wide range of optimization problems, especially those requiring a

balance between finding and refining solutions [22].

� Teaching–Learning Based Optimization (TLBO): TLBO is modeled after the

educational process, where a teacher transmits knowledge to students. In this al-

gorithm, the population of solutions is divided into learners, with the best solution

acting as the teacher. The teacher improves the overall knowledge (quality) of the

class (population) by guiding learners toward better solutions. The learning process
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is divided into two phases: the teaching phase, where learners improve based on the

teacher’s guidance, and the learning phase, where learners improve by interacting

with each other. TLBO is simple, efficient, and does not require algorithm-specific

parameters, making it easy to implement [63].

� Bacterial Foraging Optimization (BFO): BFO is inspired by the foraging be-

havior of bacteria, particularly their movement towards nutrient-rich areas. The

algorithm simulates the chemotaxis process, where bacteria move toward increasing

nutrient concentration, representing better solutions. The population of solutions un-

dergo processes like reproduction (replication of the best solutions) and elimination-

dispersal (removal of poor solutions and random generation of new ones) to explore

the solution space efficiently. BFO is well-suited for optimization problems that in-

volve complex, dynamic environments [34].

� Cuckoo Search Algorithm (CSA): CSA is based on the brood parasitism of

cuckoo birds, which lay their eggs in the nests of other birds. In this algorithm,

each solution represents a cuckoo egg. Host birds attempt to discover and remove

the alien eggs, representing a selection process where poor solutions are discarded.

The algorithm employs Levy flights, a random walk strategy, to explore the solution

space, ensuring that the search is global and diverse. CSA is effective for finding

high-quality solutions in complex optimization problems due to its ability to balance

exploration and exploitation [24].

� Simulated annealing: Simulated annealing is a probabilistic optimization algo-

rithm inspired by the annealing process in metallurgy. It explores the solution space

by accepting better and worse solutions with a probability that decreases over time,

allowing the algorithm to escape local minima and search more broadly. This tech-

nique is useful for complex optimization problems where the search space is large and

poorly understood, providing good approximations to global optima [64].

14
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These algorithms are widely adapted to optimize DG and compensator placement due

to their adaptability and ability to handle the high-dimensional, non-linear nature of power

distribution systems.

1.2.5.2 Mathematical algorithms

Mathematical approaches to optimization are essential in solving distribution network

problems, mainly due to their precision and ability to handle well-defined mathematical

structures. These methods depend on formulating the optimization problem as a set of

mathematical equations and inequalities, often involving objective functions that need to

be minimized or maximized [65, 66]. An overview of various widely used mathematical

algorithms is presented below:

� Simplex algorithm: The Simplex algorithm is widely used for solving LP problems,

where both the objective function and constraints are linear. It operates by iteratively

moving along the edges of the feasible region defined by the constraints to locate the

optimal vertex. This method is efficient for large-scale problems, providing optimal

solutions quickly by systematically improving the objective function value with each

iteration [67].

� Branch and bound: The Branch and bound algorithm is used to solve integer

programming and combinatorial optimization problems. It systematically explores

branches of a decision tree, each representing a subset of potential solutions. The al-

gorithm eliminates branches that cannot surpass the current best solution by applying

bounds. This approach effectively narrows the search space and delivers accurate so-

lutions for complex problems involving discrete choices [68].

� Gradient descent: Gradient descent is an iterative optimization technique used to

find the minimum of a function by moving in the direction of the steepest descent, as

indicated by the negative gradient. It is beneficial for optimizing non-linear functions
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and is commonly employed in machine learning to minimize loss functions during

model training. While effective, it may converge to local minima depending on the

choice of step size (learning rate) and the function’s characteristics [69].

� Newton’s method: Newton’s method is an iterative algorithm designed to find

better approximations to the roots of a real-valued function by using both the first

derivative (gradient) and the second derivative (Hessian). This method accelerates

convergence compared to gradient descent by incorporating curvature information

of the function. It is well-suited for smooth optimization problems but requires the

computation of second-order derivatives, which can be computationally expensive

[70].

� Conjugate gradient method: The Conjugate gradient method is used for solving

large systems of linear equations and quadratic programming problems. It iteratively

generates a sequence of approximations to the solution, using conjugate directions

to improve efficiency. This method is particularly effective for large, sparse matri-

ces where direct methods are impractical, requiring less memory and computational

resources [71].

These mathematical approaches are essential in distribution network optimization, pro-

viding various methods to attain optimal solutions across different constraints and objec-

tives. The selection of a particular approach depends on the specific characteristics of the

problem, with each method presenting its strengths and limitations.

1.2.6 Solution strategies based on the number of objective functions

Optimization approaches are generally categorized into single-objective and multi-objective

optimization depending on the number of objective functions involved in the problem.
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1.2.6.1 Single-objective optimization

Single-objective optimization focuses on finding the optimal solution for a single ob-

jective function while meeting specific constraints [72]. This approach aims to identify

the best possible solution that either maximizes or minimizes the given objective. It is

advantageous when a clear and singular goal needs to be achieved.

In practice, single-objective optimization problems are typically structured as follows:

Objective: Minimize (or Maximize) f(x) (1.1)

Subject to gi(x) ≤ 0 for i = 1, 2, . . . ,m (1.2)

hj(x) = 0 for j = 1, 2, . . . , p (1.3)

Here, f(x) represents the objective function that aims to optimize, while gi(x) and hj(x)

denote the constraints that must be satisfied, with gi(x) being inequality constraints and

hj(x) being equality constraints.

Standard techniques to address single-objective optimization problems contain mathe-

matical methods and various metaheuristic algorithms. These approaches are particularly

effective for scenarios where the goal is clearly defined and singular, making them well-

suited for providing practical solutions to complex issues.

1.2.6.2 Multi-objective optimization

Multi-objective optimization involves simultaneously optimizing two or more objective

functions, subject to constraints. Unlike single-objective optimization, which focuses on

finding the best possible solution for a single goal, multi-objective optimization generates

a set of solutions representing trade-offs between different objectives [73]. The objective

here is to balance competing goals and provide a range of solutions from which one can

choose based on specific preferences or requirements. In this approach, solutions are often
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visualized as a Pareto front, where no solution is superior in all objectives. Instead, solutions

on this front are considered optimal because improving one objective leads to a trade-off

with another.

In multi-objective optimization, the problem is formulated as follows:

Objective: Minimize (or Maximize) f(x) = [f1(x), f2(x), . . . , fk(x)] (1.4)

Subject to gi(x) ≤ 0 for i = 1, 2, . . . ,m (1.5)

hj(x) = 0 for j = 1, 2, . . . , p (1.6)

Here, f(x) denotes the vector of objective functions [f1(x), f2(x), . . . , fk(x)] that need

to be optimized simultaneously. The constraints gi(x) and hj(x) are similar to those in

single-objective optimization, with gi(x) representing inequality constraints and hj(x) rep-

resenting equality constraints.

The methods used in multi-objective optimization are as follows:

� Weighted sum method: This approach aggregates multiple objectives into a single

composite objective function by assigning weights to each objective. The weighted

sum is then optimized using standard single-objective optimization techniques. This

method explores different trade-offs between objectives by varying the weights as-

signed to each objective. Changing the weights adjusts the relative importance of

each objective, leading to a set of solutions representing different balances among

the objectives. For example, increasing the weight of one objective will generally

lead to solutions that favor that objective more while potentially compromising on

others [74].

� ϵ-constraint method: In this method, one objective is chosen to be optimized as the
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primary goal, while the other objectives are treated as constraints with predefined

thresholds, or ϵ-values. Multiple single-objective optimization problems are solved

by systematically varying these thresholds. Each ϵ-value represents a different con-

straint level, leading to various solutions that achieve various trade-offs between the

objectives. As the constraints are varied, the algorithm produces a series of solutions,

each providing a different balance between the primary objective and the constraints

imposed on the other objectives [75].

� Pareto-based optimization: This approach identifies solutions that form the Pareto

front, representing the trade-offs between objectives. Solutions on the pareto front

are not dominated by any other solution in all objectives, meaning that improving

one objective would worsen another. Multi-objective evolutionary algorithms, such

as Non-dominated Sorting Genetic Algorithm II (NSGA-II) [76] and Strength Pareto

Evolutionary Algorithm 2 (SPEA2) [77], are commonly used to explore and converge

towards this front. These algorithms evolve a population of solutions over time, ensur-

ing diversity and convergence to handle multiple objectives effectively. This approach

helps to identify solutions that best meet the various goals set by decision-makers.

The above literature on DG, ESS, and compensator integration reveals a wide range

of objectives and solution strategies to improve network performance. A summary of the

various optimization methods explored in the literature is provided in Table 1.1. The

development of advanced optimization techniques and compensator designs suggest the

potential for enhancing the distribution network’s performance and economic viability.

1.3 Motivation behind this thesis

Conventional distribution networks often experience poor energy efficiency and lower

bus voltage magnitudes due to the high R/X ratio of distribution lines. Integrating DGs

can enhance energy efficiency and bus voltages. However, integrating large-scale PV sys-
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Table 1.1: Literature review on distribution network optimization

Ref. No.
Type of DER Type of CPD Objective function Solution strategy

DG ESS SEC SHC
Power

Losses

Energy

Losses
PVHC

Voltage

stability
Cost Reliability Metaheuristic Mathematical

[22] ✓ × × ✓ ✓ × × ✓ × × ✓ ×
[23] ✓ × × ✓ ✓ × × ✓ ✓ × ✓ ×
[24] ✓ × × ✓ ✓ × × ✓ × × ✓ ×
[25] ✓ ✓ ✓ ✓ ✓ × × × ✓ × ✓ ×
[28] ✓ ✓ ✓ ✓ × ✓ × × ✓ × ✓ ×
[29] × × ✓ ✓ × ✓ × × × × × ✓

[30] ✓ × × × ✓ × × ✓ ✓ × × ✓

[31] ✓ ✓ × × ✓ × × ✓ ✓ × ✓ ×
[32] ✓ × × × × × ✓ × × × ✓ ×
[33] ✓ × × × × × ✓ × × × × ✓

[34] × × × ✓ ✓ × × ✓ × × ✓ ×
[35] ✓ ✓ × × × × × × ✓ × ✓ ×
[36] ✓ × × × ✓ × × × ✓ × ✓ ×
[37] ✓ ✓ × ✓ ✓ × × ✓ × ✓ ✓ ×
[38] ✓ × × × × × × × ✓ ✓ × ✓

[39] ✓ × × ✓ ✓ × × ✓ × ✓ ✓ ×
[40] ✓ × × × × × × ✓ ✓ ✓ × ✓

[41] ✓ × × × × ✓ × × × × ✓ ×
[42] ✓ × × × ✓ × × ✓ × × ✓ ×
[43] ✓ × × × ✓ × × ✓ × × ✓ ×
[44] ✓ ✓ × × × ✓ × × × × ✓ ×
[45] × × ✓ ✓ ✓ × × ✓ ✓ × ✓ ×
[46] × × ✓ ✓ × × × × ✓ × ✓ ×
[47] ✓ × × ✓ ✓ × × ✓ × × ✓ ×
[48] ✓ ✓ × ✓ × × × ✓ ✓ × × ✓

[49] ✓ ✓ × × × × × × ✓ × ✓ ×
[50] ✓ × × ✓ × × × ✓ ✓ × ✓ ×
[51] × × × ✓ × × × × ✓ × ✓ ×
[52] × × × ✓ × ✓ × × ✓ × ✓ ×
[53] ✓ × × ✓ × × × × × ✓ ✓ ×
[54] ✓ × × × ✓ × × ✓ × × ✓ ×
[59] ✓ × × ✓ ✓ × × ✓ ✓ × × ✓

[62] ✓ × × ✓ ✓ × × × × × ✓ ×
[63] ✓ × × × × × × × ✓ × ✓ ×
[65] × × × ✓ ✓ × × ✓ × × × ✓

[66] ✓ × × × ✓ × × ✓ × × × ✓

[72] ✓ × × ✓ ✓ × × × × × ✓ ×
[73] ✓ × × × ✓ × × ✓ ✓ × ✓ ×
[74] ✓ × × × ✓ × × ✓ × × ✓ ×
[76] ✓ ✓ × ✓ × × × ✓ ✓ ✓ ✓ ×
[77] ✓ × × × ✓ × × × ✓ × ✓ ×
[78] ✓ × ✓ ✓ × ✓ ✓ × × × ✓ ×
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tems into existing networks poses several challenges, even in a country like India, which is

geographically well-suited for solar energy. Ground-mounted PV installations face signif-

icant challenges due to the scarcity of vacant or unused land in densely populated areas.

Rooftop solar installations solve this problem by utilizing available rooftop space in resi-

dential households. This research is motivated by the potential to mitigate land scarcity

issues through rooftop PV installations and their integration into distribution networks.

In the coming years, rooftop PV installation capacities are expected to increase rapidly,

driven by the Government of India’s policies that encourage customers to integrate more

rooftop PVs. However, injecting large PV generation into distribution networks can in-

crease power losses and voltage and current harmonics. Improving PVHC can be achieved

through various methods, including reactive power compensation.

This research addresses these issues using CPDs, such as SHCs, to ensure an energy-

efficient power distribution system. Integrating PV systems and deploying SHCs require

significant investment, motivating an economic analysis to explore financially viable so-

lutions. Furthermore, PV generation depends on environmental conditions, such as solar

irradiation, site coordinates, and shading objects, which can affect the continuous feeding

of loads. Incorporating BESS alongside PV systems can address this issue by storing excess

power generated during peak hours and supplying it during non-PV generating hours or

peak load times. These challenges highlight the importance of appropriate solutions to

overcome the challenges associated with PV integration, intermittency in PV generation,

and economic feasibility, ultimately supporting a sustainable energy transition in India.

Existing literature on optimization goals focuses on minimizing converter rating require-

ments, reducing power and energy losses, and maximizing PVHC. The time-varying load

and PV generation in distribution networks increase the number of variables, necessitating

the assessment of real-time behavior for designed objective functions. Although similar

multi-dimensional optimization problems have been addressed, there is a need for more ef-

ficient techniques. Consequently, research is required to develop new optimization variants
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that effectively address high-dimensional objective functions.

1.4 Research gaps

Considering the issues highlighted above, the following research gaps have been identi-

fied:

� Compensation to PV-rich distribution networks: Studies have predominantly

focused on integrating large PVs at specific network locations to minimize power

losses. However, understanding the impact of distributing PV integration throughout

the network and its effect on overall network performance is essential, especially

considering space limitations for larger PV units in residential distribution networks.

� Optimal allocation of multiple SHCs: Previous studies have focused on optimiz-

ing the allocation of PVs and SHCs to minimize power losses. However, it is necessary

to investigate the optimal placement of multiple SHCs within PV-rich distribution

networks to minimize energy losses, particularly while considering time-varying PV

generation and load profiles.

� Comprehensive cost-effectiveness assessment: Despite economic benefits ex-

plored for SHC deployment in passive networks, the potential advantages in active

distribution networks with high PV penetration remain understudied. Conducting

economic analyses to assess the benefits of SHC installation in active networks is

crucial. The research studies should address the optimal allocation of multiple SHCs

to maximize saved energy-derived profit.

� Operational optimization of BESS and SHCs: Previous studies have not ex-

plored the potential adaptation of BESS converters to supply reactive power despite

their primary role in supplying active power to distribution networks. Moreover,

practical strategies for charging/discharging BESS and managing the reactive power
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of SHCs based on time-varying load and PV generation are necessary. Additionally,

operational optimization of BESS and SHCs to maximize PVHC while minimizing

energy losses requires further research.

� Novel metaheuristic variants for distribution network optimization: The ob-

jective functions of power distribution networks become multi-dimensional problems

with more variables due to time-varying loads and PV generation. This complexity

makes it challenging to converge on a solution using existing optimization techniques.

Therefore, it is necessary to develop new metaheuristic variants capable of effectively

managing high-dimensional optimization problems with more than 150-200 variables.

1.5 Organisation of the thesis

The thesis is organized as follows.

� In Chapter-2, the modeling of SHCs within PV-rich distribution networks is discussed.

The chapter uses the forward-backward sweep load flow algorithm to determine net-

work parameters and calculate energy losses. It also explains how PSO is employed

to identify optimal locations for SHCs to minimize energy losses in the network. Ad-

ditionally, the chapter addresses the importance of factors such as voltage, thermal

limits, and power balance constraints in efforts to reduce energy losses. A performance

comparison of the proposed planning approach with similar methods in literature is

also provided.

� In Chapter-3, an economic evaluation is conducted on the combined placement of

PV units and SHCs in distribution networks. The planning approach is designed to

maximize profit by increasing revenue from PV generation and reducing network en-

ergy losses while accounting for the investment costs of SHCs and PVs. Additionally,

the strategic placement of multiple SHCs across the network is examined to analyze

economic and technical outcomes.
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� In Chapter-4, the operational optimization of SHCs is proposed by determining the

specific VAr injection for each hour to minimize AEL costs. The chapter introduces

a Gaussian Probability Distribution methodology to predict monthly load curves for

residential, commercial, and industrial sectors. The objective function of minimizing

AEL cost accounts for the 24-hour time-varying nature of load and PV generation

profiles over 12 months, resulting in a 288-variable objective function. A novel PSO

variant called Parallel Multi-Swarm Gaussian Process Regression (GPR) Surrogate-

based PSO (Parallel-MS-GPRS-PSO) is developed to address the challenges of opti-

mizing this high-dimensional problem.

� In Chapter-5, a multi-objective planning approach is introduced, focusing on opti-

mizing both PVHC and energy losses within distribution networks. This chapter

presents an operational optimization strategy designed to determine the VAr com-

pensation set-points for SHCs and the charging/discharging set-points for BESS in

response to time-varying load and PV generation. The multi-objective method is

proposed, utilizing the SPEA2-based multi-objective GPR Surrogate-assisted PSO

(SPEA2-MO-GPRS-PSO) to identify a set of non-dominated solutions.

� In Chapter-6, a multi-objective approach is introduced to optimize the placement

of SEC and PV-integrated SHCs (PV-SHC) in distribution networks. The approach

employs SPEA2-MO-GPRS-PSO to identify optimal locations for these compensators

to minimize the overall compensator rating, network power loss, and the number of

undervoltage nodes. Additionally, the chapter explores using existing PV systems to

provide both active and reactive power compensation by replacing conventional SHCs

in PV units.

� In Chapter-7, the overall conclusions of the thesis are presented, along with potential

future research directions in this field.

The appendix includes simulation data for the 33-bus and 69-bus radial distribution
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networks.

1.6 Contribution of the thesis

The contributions of this thesis are outlined below:

� Development of a planning approach to achieve minimum energy losses in PV-rich

distribution networks through optimal multiple SHC placement with different levels

of PV penetration.

� Development of a planning strategy aimed at maximizing profit while considering the

economic aspects of both PV units and SHCs, including factors, such as load growth,

seasonal load variations, and PV generation profiles.

� Development of Parallel-MS-GPRS-PSO approach, specifically designed to address

the challenges posed by the optimization problems with many variables.Furthermore,

a planning approach is formulated to minimize annual energy loss costs by estimating

monthly load curves for residential, commercial, and industrial sectors using Gaussian

Probability Distribution, accounting for variations in energy prices based on seasonal

changes and load levels.

� Development of an operational optimization approach to determine time-varying VAr

compensation set-points for SHCs and charging/discharging set-points for BESS,

based on time-varying load demand and PV generation. The converter units are

designed to supply reactive power alongside BESS active power injection, enabling

the simultaneous maximization of PVHC and reduced energy losses through a multi-

objective planning approach.

� Development of a multi-objective planning approach focusing on minimizing power

losses, reducing the number of undervoltage nodes, and the overall rating of compen-

sators in the network.
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Chapter 2

Optimal Placement of Multiple Shunt

Compensators for Energy Loss

Minimization in PV-Integrated

Distribution Networks

2.1 Introduction

The integration of renewable energy sources into distribution networks is driven by sev-

eral factors. These include the depletion of traditional energy supplies, the growing demand

for electricity, and the need for cleaner power generation to reduce carbon emissions and

pollution. However, the effective integration of DGs within power networks decreases power

losses and improves the voltage profile of the network [79, 80]. Additionally, incorporating

energy storage systems into power grids enhances power quality, mainly when DG units

are present [81]. However, integrating large-scale PV systems into distribution networks

presents various challenges, including voltage imbalances, exceeding ampacity limits, and

harmonics [82]. References [83] and [84] discuss voltage violations when an excess amount
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of PV plants are integrated into distribution networks. In order to improve PVHC, authors

in [85] suggests that supplying reactive power to the network can help maintain permissible

network losses and voltage profiles. PE-based voltage source compensators inject reactive

power into the network [27]. Proper integration of compensators can enhance PVHC in

distribution networks [86]. Optimal sizing and placement of PV units and SHCs in the

network can improve network parameters such as voltage profiles and reduce power and

energy losses [43, 44, 87]. Metaheuristic and mathematical optimization approaches are

utilized to determine the optimal locations for PV systems or compensators in the distri-

bution network [88,89]. Table 2.1 presents a qualitative comparison of previous approaches,

considering the minimization of network power and energy losses. The table also provides

information on the variables and optimization methods used in the respective chapter.

The studies cited in references [22–24, 34, 90, 91] focus on applying metaheuristic tech-

niques to minimize power losses in network systems. The objective function presented

in [34] aims to reduce power losses and enhance voltage stability. This study also intro-

duces an improved bacterial foraging search algorithm for determining the size and location

of SHCs within the distribution network. The approach discussed in [22] highlights DG

and SHC simultaneous installation in radial distribution networks. It optimizes a multi-

Table 2.1: Qualitative comparison of previous approaches for the optimal placement of
SHC and DG in distribution networks

Ref. No.

Objective function Variables Optimisation approach

Power

losses

Energy

losses

DG

location

SHC

location
Metaheuristic Mathematical

[26] × ✓ ✓ × ✓ ×
[34] ✓ × × ✓ ✓ ×
[22] ✓ × ✓ ✓ ✓ ×
[23] ✓ × ✓ ✓ ✓ ×
[24] ✓ × ✓ ✓ ✓ ×
[90] ✓ × ✓ × ✓ ×
[91] ✓ × × ✓ ✓ ×
[92] × ✓ × ✓ × ✓

Proposed work × ✓ ✓ ✓ ✓ ×
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objective function that includes minimizing power loss, maximizing the voltage stability

index, and minimizing total voltage deviation, employing a lightning search algorithm. The

objective function in [23] focuses on enhancing the voltage profile, minimizing power loss,

and reducing network operating costs. The optimal location and sizing of DG and SHC

are determined using the Bacterial Foraging Optimization Algorithm. Additionally, [24]

utilizes the cuckoo search algorithm to minimize power loss by allocating multiple DG and

SHCs in the distribution network. In [90] and [93], the allocation of DG units in radial

distribution networks is performed considering uncertainties in load demand. Similarly, [91]

employs the whale optimization algorithm to determine the optimal allocation of SHCs,

aiming to minimize power losses.

However, the mentioned studies [22–24,34,90,91] do not specifically address energy loss

minimization. In contrast, reference [26] focuses on DG allocation to determine the mini-

mum energy losses in the network. Furthermore, the authors in [92] determine the optimal

location of SHCs to achieve energy loss minimization using a mathematical optimization

approach.

These studies primarily concentrate on determining optimal locations of DGs or SHCs

and propose various approaches to improve power and energy loss in distribution networks.

However, more research must be concentrated on distribution networks with DG integration

on all the buses.

Based on the literature presented, the following research gaps emerge:

� Existing studies have primarily focused on integrating larger DGs at specific network

locations to minimize power losses. However, this approach becomes challenging

when considering larger PV units due to space limitations. Therefore, it is crucial to

investigate the impact of distributing PV integration throughout the network and its

effect on network performance.

� Previous research has predominantly addressed DG and SHC allocation for power loss
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minimization. However, a need remains to explore the optimal allocation of multiple

SHCs within DG-integrated distribution networks to minimize energy losses.

These identified research gaps serve as the motivation for the present study. This

chapter proposes the objective function of minimizing energy losses in the PV-integrated

distribution network. PE-based SHCs reduce harmonic content in the line current by

supplying reactive power to the network. Furthermore, the placement of SHCs in the

network is optimized for various PV penetration levels. The PSO approach is considered

for solving the objective function. The contributions of this chapter are as follows:

� The formulation of the planning approach is developed to obtain the minimum value

of energy losses in the PV-integrated distribution network by the optimal placement

of SHCs.

� The overall size of the compensator is determined for different penetrations of PVs

in the network by considering different numbers of SHC allocations.

The proposed planning approach has been validated using the 33-bus and 69-bus dis-

tribution networks.

2.2 Modeling of SHCs in PV-integrated distribution networks

for reactive power compensation

SHC is a compensator that utilizes PE-based technology and is connected in parallel

(shunt) to the buses in the distribution network. In the present study, SHCs are strategically

placed within the PV-integrated distribution network to provide reactive power compensa-

tion. The block model representation of SHCs in a PV-integrated distribution network is

depicted in Figure 2.1. This illustration visually represents the integration of PV units and

multiple SHCs into 33-bus and 69-bus distribution networks. Figures 2.2 and 2.3 illustrate
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the internal block diagram and phasor diagram of SHC, respectively. These figures visually

depict the configuration and operation of SHC within the distribution network.

The modeling approach employed for SHC in this study is similar to that used for

passive distribution networks. Initially, PV units are integrated into the network, and

their contribution to active power is determined. Subsequently, before the compensators

are installed, adjustments are made to the active power of the network. This adjustment

ensures that the PV units supply an appropriate amount of active power to the network

while the compensators provide reactive power compensation.

Distribution 

Substation

SHC

Variable 

Loads 

SHCSHC

PV PVPV

PV

PV

PV

PV

PV

PV

Fig. 2.1: Block model representation of proposed compensator in the PV-integrated dis-
tribution network

VL

Ish

IL

SHC

IˊL

Fig. 2.2: Modelling of SHC - internal block diagram
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IˊL

Ish

VL

ɸL

IL

Fig. 2.3: Phasor diagram of SHC

The rating of SHC is determined based on the amount of reactive power it provides,

which is a function of the Total Harmonic Distortion (THD) that needs to be compensated.

The considered THD to be mitigated is 0.2. From Figure 2.3, the shunt current to be

injected into the network can be evaluated using Equation 2.1 [78]:

Ish = IL sinΦL (2.1)

Here, Ish denotes the shunt current provided by the SHC. ΦL represents the phase angle

between the load voltage VL and the load current IL at the SHC connection point.

The SHC compensates for the distorted component of the load current, resulting in

Equation 2.2:

IdisL = Idissh (2.2)

IdisL and Idissh refer to the distorted components of the load current and shunt current,

respectively.

The THD is the ratio of the distorted component of the shunt current to the fundamental

component, as shown in Equation 2.3. From the definition of THD,

THDsh =
Idissh

Ifunsh

(2.3)
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Ish = Ifunsh

√
1 + (THDsh)

2 (2.4)

THDL IfunL = THDsh Ifunsh (2.5)

THDL and THDsh denote the THD of the load current and shunt current, respectively.

I funL and I funsh represent the fundamental components of the load current and shunt current,

respectively.

By using Equations 2.1, 2.4, and 2.5, Equation 2.6 can be derived:

Ish = IfunL

√
(sinΦL)

2 + (THDL)
2 (2.6)

The Volt-Ampere (VA) rating of SHC (Ssh) can be calculated using Equation 2.7:

Ssh = VLIsh (2.7)

Since no PV unit is connected in parallel to the SHC, it provides only reactive power

to the network, as stated in Equation 2.8:

Qsh = Ssh (2.8)

where Qsh represents the reactive power rating of SHC.

If multiple SHCs are placed in the network, they can be installed consecutively, and

their ratings can be calculated accordingly. The overall VA rating and reactive power rating

of the compensator can be evaluated using Equations 2.9 and 2.10, respectively:

(Ssh)total =
m∑
i=1

Sshi
(2.9)

33
TH-3570_206102108



Chapter 2

(Qsh)total =
m∑
i=1

Qshi
(2.10)

Here, Sshi
and Qshi

represent the VA rating and reactive power rating of the ith SHC,

respectively, and m denotes the total number of SHCs integrated into the network.

2.3 Incorporation of SHCs for network performance assessment

in distribution networks using load flow analysis

Load flow analysis plays a crucial role in assessing the operational parameters of a power

network, including bus voltages, line currents, and losses. It is an essential tool for solving

power system operation and planning problems. However, conventional load flow methods

like Newton-Raphson and Gauss-Seidel face challenges in distribution system power flow

analysis. This is primarily due to the radial topology of distribution networks and the

high R/X ratio of distribution lines. To overcome these challenges, the Forward-Backward

Sweep (FBS) load flow algorithm has emerged as an efficient approach for voltage and

current calculations in the distribution network [94]. Unlike the conventional methods, the

FBS load flow algorithm proves to be more suitable for distribution systems. It effectively

handles the radial nature of distribution networks.

2.3.1 FBS load flow algorithm for distribution network analysis

The FBS load flow algorithm is an iterative technique to determine the voltages and

currents at each bus in a distribution network [95]. It involves two steps: forward sweep

and backward sweep. In the backward sweep, the algorithm starts from the farthest bus

and moves towards the substation, updating the current values at each step. The equations

used in the backward sweep are as follows:

Im =
Pm − jQm

V ∗
m

, for m ∈ [2, . . . , N ] (2.11)

34
TH-3570_206102108



Optimal Placement of Multiple Shunt Compensators for Energy Loss Minimization
in PV-Integrated Distribution Networks

iter = 1

Start

Input distribution network’s line and load data

Initialize input parameters for SHC (THD)

Determine VA rating of 

compensator ‘i’

iter = iter + 1

Stop

i  ≥  N
No

Yes

Modify reactive power demands at 

the compensator location

Calculate branch currents of the network using FBS 

load flow analysis

Calculate magnitude and phase angle of voltages at 

each node

Modify real power demands of the 

buses at the PV locations

iter = 1

Start

Input distribution network’s line and load data

Initialize input parameters for SHC (THD)

Determine VA rating of 

compensators

iter = iter + 1

Stop

iter  ≥  N
No

Yes

Modify reactive power demands at 

the compensator locations

Calculate branch currents of the network using FBS 

load flow analysis

Calculate magnitude and phase angle of voltages at 

each node

Modify real power demands of the 

buses at the PV locations

Fig. 2.4: Flowchart of the FBS load-flow algorithm incorporating multiple PE compen-
sators in PV-integrated distribution network (N = total number of iterations)
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Imn = In +
∑
i∈ℵ

Ii, for mn ∈ [1, . . . , N − 1] (2.12)

Here, Im represents the load current at busm, which is calculated using the active power

Pm, reactive power Qm, and the complex conjugate of the bus voltage V ∗
m. Imn represents

the line current of line mn, calculated as the sum of the load currents at the receiving end

(n) and all downstream buses i in the set ℵ.

In the forward sweep, the algorithm updates the bus voltages starting from the substa-

tion bus and traverses the network radially. The equation used in the forward sweep is as

follows:

Vn = Vm − ImnZmn, for mn ∈ [1, . . . , N − 1] (2.13)

Here, Vn represents the bus voltage at the receiving end of line mn, calculated as the

difference between the bus voltage Vm at the sending end and the product of the line current

Imn and the line impedance Zmn.

The FBS load flow algorithm continues iterating between the forward and backward

sweeps until convergence is achieved. This ensures accurate results for the network vari-

ables, including load currents, line currents, and bus voltages.

2.3.2 Incorporation of SHCs using FBS load flow for network performance

assessment in distribution networks

Incorporating SHCs into the network using the FBS load flow approach allows for

assessing their impact on network performance. This method considers the presence of

PV units in the network and adjusts the active and reactive power demands at each bus

accordingly. Initially, PV units are integrated into the network, which modifies the original

active power demands of the buses. The modified active power demand at bus i is calculated
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as

P ′
i (t) = Pi(t)− PPV (i)(t) (2.14)

where Pi(t) represents the original active power demand and PPV (i)(t) represents the active

power supplied by the PV unit at bus i at time t.

Similarly, the modified reactive power demand at the location of SHC is obtained as

Q′
i(t) = Qi(t)−Qsh(i)(t) (2.15)

where Qi(t) represents the original reactive power demand and Qsh(i)(t) represents the

reactive power supplied by the SHC at bus i at time t.

The energy losses can be determined by modifying the active and reactive power de-

mands in the network. The flowchart shown in Figure 2.4 illustrates the approach for

incorporating SHCs into the network using the FBS Load Flow method.

2.4 Problem formulation for minimizing energy losses in

PV-integrated distribution networks

The optimal placement of SHCs in a PV-integrated distribution network is essential

for improving network performance. Different numbers of SHCs are strategically placed

in the network to determine the minimum energy losses in a day, which are calculated by

summing the power losses during each load and PV generation profile scenario.

The objective function is expressed as follows:

Minimize Energy Losses =
∑
c∈η

∑
ef∈Z

PLef(c)tc (2.16)

where PLef(c) and tc correspond to the power losses on branch ef for scenario c and

duration of scenario c, respectively. Z represents the set of all branches in the distribution
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network. η represents the load and PV generation profiles set for all scenarios in a day.

When optimizing the objective function, the following constraints are considered:

� Power balance constraint: The power generated by the substation and PV units

must equal the network’s load demand and power losses. This constraint is expressed

by Equations 2.17 and 2.18:

PSS(t) + PPV (t) = PL(t) + Ploss(t), ∀t (2.17)

QSS(t) +QSHC(t) = QL(t) +Qloss(t), ∀t (2.18)

where PSS(t) represents the active power generated by the substation at time t, PPV (t)

represents the active power generated by the PV units at time t, PL(t) represents the

active power demand of the network load at time t, and Ploss(t) represents the active

power losses in the distribution network at time t. Similarly, QSS(t) represents the

reactive power generated by the substation at time t, QSHC(t) represents the reactive

power generated by the SHC at time t, QL(t) represents the reactive power demand

of the network load at time t, and Qloss(t) represents the reactive power losses at time

t in the distribution network.

� Voltage constraint: The bus voltages in the network must remain within their

permissible limits. The minimum and maximum bus voltage limits are denoted by

Vmin and Vmax, respectively. The voltage at bus i at time t is represented by Vi(t).

This constraint is given by Equation 2.19:

Vmin ≤ Vi(t) ≤ Vmax, ∀i, t (2.19)

� Thermal constraint: The current flowing through each line in the distribution
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network must not exceed its thermal limit. This constraint is expressed by Equation

2.20:

|Iline(ef, t)| ≤ Imax(ef, t), ∀t, ∀ef ∈ Z (2.20)

where, |Iline(ef, t)| denotes the magnitude of the current flowing through line ef at

time t. Imax(ef, t) represents the maximum permissible current limit for line ef in

the distribution network at time t.

� SHC location constraint: To avoid placing multiple SHCs at the same location,

a constraint restricts two SHCs from occupying the same location in the distribution

network. This constraint is represented by Equation 2.21, where LSHCi
and LSHCj

denote the locations of the ith and jth SHCs, respectively:

LSHCi
̸= LSHCj

(2.21)

These constraints collectively guide the optimization process to find the optimal place-

ment of SHCs in the PV-integrated distribution network.

2.5 Planning approach for optimal SHC placement in

PV-integrated distribution networks using PSO

In this chapter, the focus is on achieving minimum energy losses in the network through

the optimal allocation of SHCs. Additionally, the optimization approach is employed to

determine the locations of compensators. The PSO, a metaheuristic algorithm, is utilized

as a solution strategy to minimize energy losses in the network.
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z ≥ Np
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Input line data and load data of the distribution network

Initialise random velocity and position of particles 
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Determine initial Lbest and gbest
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Update Lbest and gbest accordingly

iter = iter + 1

Stop
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The final gbest values are the optimal locations of SHCs in the network

Yes
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Fig. 2.5: Flowchart illustrating the proposed distribution system planning approach based
on PSO 40
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2.5.1 PSO algorithm

The PSO algorithm draws inspiration from the collective behavior of birds flocking

or fish schooling [96, 97]. In PSO, the decision variables are particles, each possessing a

position and velocity. Each particle keeps track of its best location, known as the local best

(Lbest). Through communication, particles share their local best positions and collectively

determine the best solution, represented as global best (gbest). The global best solution

represents the best outcome achieved collectively by all particles in the swarm through the

optimization process after each iteration. This collective achievement is crucial for guiding

the algorithm towards convergence and exploration.

The velocity (Uz) and position (Xz) of each particle are updated iteratively using the

following equations:

U iter+1
z = wU iter

z + c1r1(L
iter
best,z −X iter

z ) + c2r2(g
iter
best −X iter

z ) (2.22)

X iter+1
z = X iter

z + U iter+1
z (2.23)

Here, c1 and c2 are acceleration coefficients, and r1 and r2 are random numbers selected

between 0 and 1. The inertia weight, denoted as w, controls the impact of the particle’s

previous velocity (momentum) in the velocity equation. The cognitive and social parts in

the equation represent the influence of a particle’s local best position and the global best

position, respectively, on its velocity update. By iteratively updating the velocities and

positions of particles, the PSO algorithm effectively explores the search space to find the

optimal solution for optimization problems.

2.5.2 PSO-based planning approach for SHC placement

In the PSO algorithm, the particles are encoded with the potential locations of SHCs in

the network. The objective is to minimize energy losses within the network by finding the
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optimal locations of SHC placement. The algorithm iteratively updates the velocities and

positions of the particles based on their previous experiences and the collective knowledge

of the swarm. After every iteration, the particle values corresponding to the SHC locations

are decoded, and the network’s energy losses are calculated. The algorithm aims to con-

verge to the best solution, representing the optimal placement of SHCs, resulting in the

minimum energy losses. The proposed PSO-based distribution network planning approach

is illustrated in Figure 2.5.

Table 2.2: Results obtained from evaluating various PSO parameter sets

Parameters Average of

optimal values
Optimal value

w c1, c2 Np MaxIt

0.6

1.5, 1.5 200 100

1.5092 1.5016

0.7 1.4994 1.4971

0.8 1.4975 1.4939

0.9 1.4985 1.4968

0.8

1.5, 0

200 100

1.5015 1.4991

0, 1.5 1.5032 1.4968

1.5, 1.5 1.4975 1.4939

2.0, 2.0 1.4981 1.4968

2.5, 2.5 1.5017 1.4973

0.8 1.5, 1.5

50

100

1.5051 1.4999

100 1.5011 1.4994

200 1.4975 1.4939

250 1.4958 1.4939

0.8 1.5, 1.5 200

50 1.5038 1.4968

75 1.4993 1.4973

100 1.4975 1.4939

150 1.4962 1.4939

Table 2.3: PSO parameters

Parameters Considered values
Inertia weight, w 0.8

Acceleration coefficient, c1 1.5
Acceleration coefficient, c2 1.5

Population size, Np 200
Maximum number of iterations, MaxIt 100
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2.5.3 Selection of PSO parameters

The selection of appropriate PSO parameters is essential for optimizing the performance

of the PSO algorithm. The evaluation in Table 4.1 explores various combinations of pa-

rameters (w, c1, c2, Np, and MaxIt) to assess their impact on minimizing energy losses in

a 33-bus distribution network with three SHCs.

The analysis reveals that setting w = 0.8 leads to the best overall performance. Keeping

c1 and c2 at 1.5 yields optimal results across different parameter combinations. Also,

maintaining MaxIt at 100 and choosing Np as 200 or 250 achieves the same optimal

outcomes. However, increasing Np results in longer execution times. Similarly, fixing

Np at 200 and varying MaxIt between 100 and 150 yields optimal results but extends

the execution time. Therefore, selecting Np = 200 and MaxIt = 100 offers a balanced

approach, delivering the better results while minimizing execution time. These insights

are valuable for setting effective PSO parameters that enhance convergence. Table 2.3

summarizes the selected parameter values for the optimization process.

2.6 Simulation results and analysis

The proposed approach in this study is validated using the MATLAB/Simulink environ-

ment. Two test systems, namely a 33-bus and a 69-bus distribution network, are simulated

to evaluate the effectiveness of the approach. The substation bus is identified as the initial

bus in both networks, with the other buses categorized as PQ buses. Buses integrated

with PV units are classified as PQ buses rather than load buses. PQ buses indicate nodes

where both active and reactive power are injected into or extracted from the system. This

differentiation is essential for accurately modeling distributed generations and assessing the

system’s power flow and voltage profiles. The details of these networks are provided below:

� 33-bus radial distribution network [98] : This is a single feeder radial distribution

system with a base VA of 100 MVA and a base voltage of 12.66 kV. During peak

43
TH-3570_206102108



Chapter 2

hours, this network experiences a total active power demand of 3.715 MW and a

reactive power demand of 2.3 MVAr. Detailed data for this network are available in

the Appendix A.

� 69-bus radial distribution network [99] : This is also a single feeder radial distribution

system with a base VA of 10 MVA and a base voltage of 12.66 kV. During peak hours,

this network has a total active power demand of 3.8022 MW and a reactive power

demand of 2.6946 MVAr. Detailed network data can be found in the Appendix A.

Fig. 2.6: Load and PV generation profile in a day

The daily load curve and PV generation profile are sourced from [100], as shown in

Figure 2.6. It is important to note that the energy losses depend on the specific load and

PV generation profile considered for each hour. The bus voltage limits are set at 0.9 pu

for the minimum and 1.05 pu for the maximum limit, as specified in [101]. The thermal

limits for the 33-bus and 69-bus networks are obtained from [102] and [99], respectively.

The SHCs are placed at any network bus except the substation bus.

Previous studies on PV system integration in distribution networks have often focused

on a limited number of nodes or buses with capacities ranging from approximately 1 MW

to 3 MW [23, 24, 26]. However, this approach may not accurately represent real-world
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scenarios, especially in urban areas where spatial constraints limit the installation of large-

capacity PV systems at specific locations. To address this limitation, this chapter proposes

a methodology evenly distributing PV generation capacity across all buses in the distri-

bution network. Each node in the distribution network represents a distinct geographical

area, which can be distributed evenly or unevenly. This research focuses on the even distri-

bution of PV systems, assuming each distribution transformer serves an equal area. This

approach introduces novelty by exploring the possibilities of PV installation, providing a

comprehensive analysis, and enhancing the study’s applicability.

To minimize energy losses, three cases are considered for SHC placement in the distri-

bution network:

� Case-A: Optimization is performed to determine the optimal location for one SHC.

� Case-B: Optimization is performed to determine the optimal locations for two SHCs.

� Case-C: Optimization is performed to determine the optimal locations for three

SHCs.

The ratings of the SHCs are determined after integrating the desired level of PV units

into the distribution network. An equal amount of PV is assumed to be integrated at

each distribution network bus, except for the substation bus. The findings of this research

highlight the outcomes of integrating PV systems at different capacity levels within the

network. This approach facilitates a comprehensive examination of system behaviors across

various penetration levels of PV integration.

The MATLAB simulations are conducted on a Ryzen 7-5800 CPU with 16 GB RAM

and a 1.9 GHz processor. Table 2.4 presents the optimization times for the 33-bus and

69-bus networks in each case study. It is evident from the table that the 69-bus network

requires more time to converge compared to the 33-bus network, primarily due to the higher

number of variables involved. Additionally, in Case-C, where three SHCs are integrated,

the processing time is longer than in the other cases. This observation highlights that
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the convergence time is influenced by both the network’s size and the number of SHCs

integrated.

Table 2.4: Convergence time of distribution networks in different case studies

Distribution network

considered

Planning

cases

Execution time

(in minutes)

33-bus

network

Case-A 10.05

Case-B 13.39

Case-C 17.09

69-bus

network

Case-A 20.19

Case-B 32.71

Case-C 40.09

(a) (b)

Fig. 2.7: Energy Losses variation when different numbers of SHCs are placed in (a) 33
bus network (b) 69 bus network

2.6.1 Energy losses of the network

Table 2.5 provides the parameter values for the base-case networks. The energy losses

of the network after placing the compensators are presented in Tables 2.6 and 2.7 for the

33-bus and 69-bus networks, respectively. Moreover, the tables present the variation in

network power losses across all scenarios in 24 hours. In both networks, for all cases and

at different levels of PV penetration, the energy losses are lower compared to the base-case

scenario. Figure 2.7 depicts the variation of energy losses for the base-case condition and
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(a) (b)

Fig. 2.8: Convergence curves showing the variation in energy losses for the (a) 33-bus and
(b) 69-bus networks with three SHCs installed

(a) (b)

Fig. 2.9: SHC Rating variation when different numbers of SHCs are placed in (a) 33 bus
network (b) 69 bus network

all three cases in both networks. Additionally, Figure 2.9 displays the variations in SHC

ratings across all three cases for both networks.

Tables 2.6 and 2.7 show that the energy losses decrease initially as the PV penetration

increases. However, after reaching a certain level of PV penetration, the energy losses start

to increase again. In the case of the 33-bus network, the minimum energy losses occur when

the total PV rating reaches 100% of the peak load, after which the losses increase. On the

other hand, for the 69-bus network, the minimum losses are achieved when the total PV

rating is 125% of the peak load. It is also noteworthy that Case-B, with 2 SHCs, yields

the minimum energy losses for the 33-bus network, while Case-C, with 3 SHCs, results in
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the minimum losses for the 69-bus network. These findings indicate that the number of

SHCs required for achieving minimum energy losses depends on the network dimensions.

This underscores the significance of network size in optimizing the deployment of SHCs to

reduce energy losses effectively. Furthermore, the convergence curves presented in Figure

2.8 illustrate the energy loss variations in the 33-bus and 69-bus networks when three SHCs

are integrated. These results demonstrate the optimization performance and impact of the

proposed compensator placement strategy in minimizing energy losses across both network

configurations.

2.6.2 Rating of compensators

The rating of compensators exhibits slight variations with increasing PV penetration.

However, Tables 2.6 and 2.7 reveal differences in the compensator ratings among the three

cases. In the 33-bus network, compared to Case-A, Case-B requires approximately double

the overall rating of compensators, while Case-C necessitates lower ratings than Case-B.

Notably, Case-B leads to the minimum energy losses in the 33-bus network.

Similarly, for the 69-bus network, Table 2.7 indicates that Case-C requires the highest

overall rating of SHCs, while Case-A and Case-B have lower ratings. It is observed that

Case-C yields the minimum energy losses in the 69-bus network. These results suggest that

higher ratings of compensators are needed to achieve minimum energy losses. Additionally,

the findings suggest that the selection of SHC ratings is more influenced by achieving

minimum energy losses rather than solely by the number of SHCs installed. Therefore,

optimal network integration with higher-rated compensators minimizes energy losses.

2.6.3 Voltage improvement in the networks

Tables 2.6 and 2.7 show that both the minimum and maximum bus voltages increase

with the increase in PV penetration. This indicates that PV integration in the network

contributes to voltage improvement. Table 2.8 illustrates the probability of occurrence of
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Table 2.8: Probability of occurrence of minimum and maximum bus voltages

Distribution network

considered

Planning

cases

Probability of occurrence

Minimum bus voltage Maximum bus voltage

33-bus network

Case-A 1/24 1/24

Case-B 1/24 1/24

Case-C 1/24 1/24

69-bus network

Case-A 1/24 1/24

Case-B 1/24 1/24

Case-C 1/24 1/24

minimum and maximum bus voltages occurring within the analyzed distribution networks.

The minimum bus voltage occurs at the 18th hour for the considered load profile, where

the peak demand is 0.9 pu and the total PV generation is 0.1 pu. On the other hand, the

maximum bus voltage is observed at the 12th hour when the load is at 0.8 pu of the peak

load and the entire PV generation is available. It is observed that the bus voltages are

influenced by the amount of PV generation in the network.

The presented results for the 33-bus and 69-bus networks consider PV penetration up

to 125% and 150% of the peak load, respectively. However, if the PV penetration rating

exceeds an additional 25% of the peak load, the maximum bus voltage would surpass the

limit of 1.05 pu. Hence, it is essential to note that PV penetration should be carefully

managed to avoid violating the voltage constraint.

Table 2.9: Quantitative comparison of the proposed approach with a previous method for
the 69-bus distribution network

Parameters Approach presented in [78] Proposed approach

Location of SHC 17, 61, 49 61, 12, 17

Location of SEC 2 -

Total SHC rating (MVA) 1.9683 1.726

Overall rating of compensators (MVA) 4.022 1.726

Energy losses (MWh) 1.538 1.4789

Total PV installed (MW) 2.9209 2.9209

Minimum bus voltage (pu) 0.9343 0.9316
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2.6.4 Quantitative comparison of the proposed approach with previous

approaches

Tables 2.9 and 2.10 provide a quantitative comparison between the proposed approach

and previous approaches [78, 103–105]. These results are specifically for the 69-bus distri-

bution network.

Table 2.9 compares the parameter values obtained from the proposed method and the

previous method [78]. The proposed approach considers equal PV penetration for all net-

work buses except the substation bus. On the other hand, [78] considers non-uniform PV

penetration across the network. Additionally, the proposed approach focuses on optimal

SHC placement, while [78] considers both SEC and SHC placement. The results in Table

2.9 demonstrate that the proposed approach achieves lower energy losses compared to [78]

for the same level of PV integration. The proposed approach also lowers the total SHC

rating and overall compensator rating. However, it should be noted that including SEC

in [78] increases the overall compensator rating and helps mitigate voltage sag.

Table 2.10 compares the present approach with [103], [104] and [105]. The minimization

of energy losses depends on the ratings and placement of compensators in the network. The

compensator and PV locations in [103–105] are determined to minimize network power loss.

The energy losses are calculated based on the optimal compensator and PV ratings provided

in [103–105] to facilitate comparison. These energy losses consider the current load and

PV generation profile depicted in Figure 2.6. Table 2.10 shows that the proposed approach

achieves lower energy losses compared to [103–105], despite higher PV integration. The

minimum bus voltage remains relatively similar across all approaches.

2.7 Summary

This chapter focuses on achieving energy loss minimization through the optimal alloca-

tion of SHCs in PV-integrated distribution networks. The locations of SHCs are determined
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using the PSO technique. By supplying reactive power to the network, SHCs effectively

mitigate line current harmonics. Simulations are conducted for different levels of PV pen-

etration in the distribution network, and the results are analyzed for various scenarios

considering different numbers of SHCs integration. The key findings from the results are

as follows:

� The research findings indicate that achieving effective minimization of energy losses

requires the integration of 2 SHCs for the 33-bus network and 3 SHCs for the 69-

bus network. However, the exact number of SHCs needed depends on the specific

dimensions of the network.

� To achieve minimal energy losses, integrating compensators with higher capacities

into the network is necessary. This optimization strategy is vital in enhancing network

performance and effectively reducing energy losses.

� Bus number 30 is identified as one of the optimal locations for SHC integration in the

33-bus distribution network, while bus number 61 is optimal in the 69-bus network.

The high load demand at these specific locations in both networks influences this

choice.

� Compared to networks with PV integration without SHCs, the optimal placement of

SHCs in PV-integrated distribution networks yields an additional energy loss reduc-

tion of approximately 30-35%.
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Economic Evaluation of Multiple

Shunt Compensators and PV Units

in Distribution Networks for

Maximizing Profit

3.1 Introduction

The integration of PV systems into distribution networks is increasingly popular due to

the rising demand for renewable energy. This integration offers advantages such as reduced

reliance on non-renewable energy, lower greenhouse gas emissions, and enhanced energy

security [106]. However, the increase in PV installations presents technical and economic

challenges, including network instability due to the fluctuating nature of PV generation and

dynamic load demands, as well as power quality issues and voltage fluctuations [107–109].

Distribution system planning is crucial in addressing these challenges by minimizing costs

and maximizing benefits, such as reducing energy losses and improving voltage profiles.

Numerous research efforts have focused on enhancing technical features like voltage
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stability, power losses, and harmonic distortion through optimal SHC placement [110–112].

Reference [110] devised a method to minimize active and reactive power losses by identifying

optimal SHC sizes and locations. In [111], analyzing the effects of SHC allocation on

different load models and calculating annual energy savings are investigated. Additionally,

in [112], integrating PV systems with SHCs in distribution networks aims to enhance voltage

profiles and reduce energy loss, considering 24-hour load variations. Numerous research

endeavors have also delved into the optimal sizing and placement of DG units in distribution

networks. For instance, [113] formulates a cost function based on total system losses to

optimize DG unit sizing and placement across varying load scenarios. Genetic algorithms

are employed in [114] to optimize the configuration of a microgrid consisting of various DG

sources, aiming to maximize the present net worth. In [115], a multi-objective optimization

approach is employed to minimize the total active power losses of the network and reduce

the overall DG installation cost. The investigation into optimal placement of DG units

to maximize profit, minimize losses, and enhance voltage regulation within distribution

networks is explored in [116].

Recent research has begun to address the optimization of SHC placement in distribu-

tion networks while concurrently considering both technical and economic considerations.

Notably, [92, 117–119] have proposed methodologies that factor in technical and economic

elements when identifying optimal SHC locations. In [117], a study evaluated the techno-

economic benefits of distribution networks through the simultaneous optimization of PV

and SHC placements. Sensitivity analysis methods in [92] are utilized to identify SHC loca-

tions within mesh distribution networks, focusing on enhancing voltage profiles and achiev-

ing annual cost savings. Alternatively, [118] has introduced an optimization technique that

minimizes overall energy loss costs and SHC installation expenses over a predefined plan-

ning horizon. A multi-objective optimization framework for SHC allocation in distribution

networks is presented in [119], aiming to minimize total annual costs and enhance voltage

stability.
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Based on the literature discussed above, the following research gaps emerge:

� While the economic benefits of SHC deployment in passive distribution networks

have been explored, there is a lack of studies on their potential advantages in active

distribution networks. This highlights the need for an economic analysis to determine

the benefits of SHC installation in active networks. This significant research gap

necessitates a comprehensive assessment of the cost-effectiveness of deploying both

PV units and SHCs in distribution networks to determine their collective economic

viability.

� Despite the increasing interest in optimizing SHC placement in PV-rich distribution

networks, the literature has yet to address the optimal allocation of multiple SHCs

to maximize profit from saved energy losses while considering variations in PV gen-

eration, load demand, and annual load growth. This gap underscores the need for

advanced planning strategies that account for weather conditions and seasonal fluc-

tuations in PV power generation and load demand. Such strategies would enable a

more comprehensive placement of both PV units and SHCs to maximize the overall

benefits.

This chapter aims to optimize profit by considering installation costs and benefits from

energy loss reduction through SHC placement in distribution networks. Addressing research

gaps, the chapter undertakes an economic assessment of co-placing PV units and SHCs,

accounting for seasonal variations in PV generation and load demand. The PSO method

formulates an approach for SHC placement that maximizes overall profit and minimizes

energy losses within PV-integrated distribution networks. The contributions of this chapter

are as follows:

� Introducing an optimization model that balances installation costs against the bene-

fits of energy loss reduction to determine optimal SHC placements in PV-integrated
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distribution networks. This formulation aims to maximize profit while accounting for

the economic aspects of both PV units and SHCs.

� Determining optimal SHC allocations across various PV penetration levels to achieve

maximum profit within a designated planning horizon while considering load growth,

seasonal load variations, and PV generation profiles.

The proposed planning approach has been validated using the 33-bus and 69-bus dis-

tribution networks.

3.2 Modelling and placement of compensators in the network

This chapter uses the modeling approach outlined in Section 2.2 for SHC modeling.

Based on the methodology described in Section 2.3, this chapter employs the FBS load

flow algorithm to calculate SHC ratings, network voltages, and currents. The overall VA

and reactive power ratings for multiple integrated SHCs are calculated using Equations 2.9

and 2.10. Furthermore, the variation in active and reactive power demands of the buses due

to the placement of PV units and SHCs in the network are calculated through Equations

2.14 and 2.15.

3.3 Economic evaluation of PV and SHC investment costs

3.3.1 Investment cost of PV

The investment in PV contains installation, operational, and maintenance (OM) ex-

penses. Mathematically, it is represented as:

Investment of PV, (IN)PV = (IN)PV
initial + (IN)PV

OM (3.1)

Where (IN)PV denotes the investment cost of PV, (IN)PV
initial represents the initial invest-

ment, and (IN)PV
OM signifies the OM costs associated with the PV system. The initial cost
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of the PV system can be determined using:

(IN)PV
initial = CPV

initial P rating
PV (3.2)

In the equation, CPV
initial is the initial cost per unit capacity in $/kW, and P rating

PV denotes

the installed capacity of the PV system in kW.

To evaluate the costs and savings due to PV unit and SHC allocation, the Present Worth

Factor (PWF) analysis is conducted. Equations (3.3) and (3.4), are employed to determine

the present value of future cash flows, which depends on the interest rate (IR) and inflation

rate (IF). These equations are essential for conducting a comprehensive cost-benefit analysis

over the project’s lifespan.

PWF for nth year, βn =

(
1 + IF

1 + IR

)n

(3.3)

PWF for planning period, βTp =

Tp∑
n=0

(
1 + IF

1 + IR

)n

(3.4)

Here, Tp represents the project’s duration in years.

Equation (3.3) computes the PWF for the nth year, while equation (3.4) calculates the

cumulative PWF over the entire planning period.

The PWF of OM costs over the planning period can be expressed as:

(IN)PV
OM = CPV

OM P rating
PV βTp (3.5)

In this equation, CPV
OM denotes the PV system’s OM cost per unit capacity, measured in

$/kW/year.
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3.3.2 Investment cost of SHC

The calculation for the investment needed for the installation of an SHC is represented

by the equation:

(IN)SHC = CSHC
P SSHC

P βn (3.6)

In this equation, SSHC
P denotes the SHC’s rating in kVA, while CSHC

P signifies the cost of

the SHC in $/kVA.

3.4 Economic evaluation of benefits due to PV and SHC

3.4.1 Cost savings due to energy loss reduction

Reducing energy losses in the distribution network is one of the main goals for the

Distribution Network Owner (DNO), as this maximizes profit. The AEL is computed

using equation (3.7) based on the seasonal load and PV generation profiles [26]. The

seasonal load profile and PV generation curves are depicted in Figures 3.1 (a) and (b),

respectively. The four seasonal load and PV profiles are considered to determine the AEL,

i.e., Summer, Winter, Spring, and Autumn. It is important to note that in Figure 3.1 (b),

the PV generation curves for the spring and autumn seasons are identical.

AEL =
4∑

s=1

(
365

4

)
(ELs) (3.7)

where ELs represents the daily energy losses for season ’s ’ (in kWh).

The Saved AEL is then determined using equation (3.8). Here, the Saved AEL rep-

resents the reduced energy losses obtained by placing PV units and SHCs in the network

compared to the base-case scenario where no PV units or SHCs are installed.

Saved AEL = (AEL)BCS − (AEL)wPS (3.8)
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where (AEL)BCS and (AEL)wPS represent the AEL obtained for the base-case network

and, after placing PV units along with SHCs, respectively.

The PWF of the cost savings obtained from reducing AEL is calculated using the

following equation:

CSEL =

Tp∑
n=0

CEL (Saved AEL)n βn (3.9)

Here, CSEL represents the cost savings due to AEL reduction in $. CEL represents the cost

of energy loss in $/kWh. (Saved AEL)n represents the energy loss reduction achieved in

the nth year, considering the network’s annual load growth.

3.4.2 Financial returns due to the active power produced by PV

Integrating PV units into the distribution network can reduce electricity procurement

from the transmission grid, enabling the DNO to sell surplus electricity back to the grid

potentially. This analysis assumes that all generated electricity from the PV system is sold

to the grid. The PWF for the financial return due to PV-generated power is expressed as:

FRPV =

Tp∑
n=0

EPPV (RPPV )n βn (3.10)

Here, FRPV signifies the financial returns resulting from the active power produced by the

PV system in $. EPPV represents the price of PV-generated electricity in $/kWh. (RPPV )n

denotes the active power produced by the PV system in the nth year.

3.5 Problem formulation

The proposed methodology focuses on identifying optimal locations for SHCs within

a PV-integrated distribution network to maximize profit over a planning period. Vari-

ous numbers of SHCs are strategically placed at different levels of PV penetration. The

optimization approach addresses two scenarios:
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� Scenario-1: Distribution system companies integrate SHCs into the PV-integrated

network, with PVs already positioned in the network. The objective function for

Scenario-1 is represented as:

Maximize Profit, P rSc1 = CSEL − (IN)SHC (3.11)

Here, PrSc1 represents the objective function to maximize profit in Scenario-1.

� Scenario-2: Distribution network companies manage customer demand, PV opera-

tions, and network distribution. The objective function for Scenario-2 is represented

as:

Maximize Profit, P rSc2 = CSEL + FRPV − (IN)SHC − (IN)PV (3.12)

Here, PrSc2 represents the objective function to maximize profit in Scenario-2.

In Scenario-1, the investment cost is considered as the investment of SHC, while the

economic savings reflect the cost savings due to energy loss reduction. However, in Scenario-

2, the total investment cost is the investment cost involved in PV units and SHCs within the

network. The economic savings represent the overall cost savings from energy loss reduction

and the revenue generated by selling PV-generated energy to the electricity market.

When optimizing the objective function to determine the optimal SHC placements

within a PV-integrated distribution network, the constraints related to power balance and

SHC locations are considered. The power balance constraints are mathematically repre-

sented in equations 2.17 and 2.18. The SHC location constraint is mathematically expressed

in equation 2.21. This constraint ensures that no two SHCs are placed at the same location

within a particular distribution network.

64
TH-3570_206102108



Economic Evaluation of Multiple Shunt Compensators and PV Units in
Distribution Networks for Maximizing Profit

Table 3.1: PSO parameters

Parameters Considered values
Inertia weight, w 0.8

Acceleration coefficient, c1 1.5
Acceleration coefficient, c2 1.5

Population size, Np 200
Maximum number of iterations, MaxIt 100

(a) (b)

Fig. 3.1: Seasonal (a) Load profile (b) PV profile

3.6 Solution strategy

The primary objective of this study is to optimize the placement of SHCs within the PV-

integrated distribution network. The PSO algorithm is the solution strategy for determining

the optimal locations for SHCs in the network. The basics of the PSO algorithm are

discussed in subsection 2.5.1. The specific PSO parameters employed for this analysis are

elaborated in Table 3.1. The overall planning algorithm uses the FBS load flow algorithm

with the SHC model as the support subroutine. The optimization focuses on maximizing

the profit obtained due to the optimal placement of SHCs in the network. An illustration

of the sequential planning process is provided in the pseudo-code, shown in Figure 3.2.
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Fig. 3.2: Pseudo-code for PSO Algorithm to determine optimal SHC locations and maxi-
mum profit

Fig. 3.3: Considered load growth for planning period of 20 years
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Table 3.2: Planning and cost parameters

Planning parameters Cost parameters

T = 20 years [78] CPV
initial = 857 $/kW [120]

THD = 0.2 [78] CPV
OM = 14.1 $/kW/year [120]

IF = 9 % [121] EPPV = 0.048 $/kWh [120]

IR = 12.5 % [121] CSHC
P = 60 $/kVA [122]

- CEL = 0.08 $/kWh [123]

(a) (b)

Fig. 3.4: Investment of SHC for (a) 33-bus (b) 69-bus distribution networks

(a) (b)

Fig. 3.5: Annual energy loss savings for (a) 33-bus (b) 69-bus distribution networks
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(a) (b)

Fig. 3.6: (a) Energy loss savings and (b) Profit for 33-bus distribution network

(a) (b)

Fig. 3.7: (a) Energy loss savings and (b) Profit for 69-bus distribution network

3.7 Results and discussion : Scenario-1

In order to assess the efficacy of the proposed methodology, the current study employs

the MATLAB/Simulink environment to simulate two test systems: the 33-bus and 69-

bus distribution networks. The single-line diagrams of the 33-bus and 69-bus distribution

networks are provided in Figures A.1 and A.2, respectively. The computation of energy

losses depends upon seasonal load and PV profiles, contributing to variable energy loss

values influenced by daily load and PV patterns. The analysis relies on seasonal load

profiles and PV generation curves shown in Figure 3.1 [26]. Over 20 years, energy loss
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calculations consider load growth dynamics, as depicted in Figure 3.3, with a 6% annual

growth rate up to the tenth year, followed by a constant load level for the subsequent

planning duration [124].

The Ownership of PV installations in distribution networks typically falls into three

categories:

� PV owns by the DNO

� PV owns by customers

� PV owns by the third party

Typically, customers or third parties own PV installations in distribution networks

rather than the DNO. Customers benefit from receiving PV-generated energy at a lower

cost than conventional energy sources, while third parties benefit from utilizing resources

made available by customers. The present study assumes that customers or third parties

integrate PV units into the network.

This scenario considers three cases targeting optimal SHC placement for profit maxi-

mization within the PV-integrated distribution network. The cases are demonstrated based

on the number of SHCs integrated into the network. In Case-1, a single SHC is introduced

in the first year. Case-2 considers the deployment of two SHCs, with the first SHC posi-

tioned in the first year and the second in the eleventh year. Lastly, Case-3 involves the

installation of three SHCs, with two integrated in the first year and the third added in the

eleventh year. This study also considers various case studies with PV generation potential

ranging from 25% to 100% of the total peak load.

The present approach computes the compensator rating after integrating a predeter-

mined level of PV generation into the distribution network. The various planning param-

eters and related cost components used in the analysis are outlined in Table 3.2. Further-

more, Table 3.3 displays the positions and ratings of SHCs across varying cases and levels

of PV integration.
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3.7.1 Investment in SHCs

The investment needed to install SHCs in the 33-bus and 69-bus distribution networks

is presented in Figure 3.4 for all three cases. It is worth noting that for cases where SHCs

are placed in the eleventh year, approximate assessment of investment costs requires con-

sideration of the PWF. This adjustment ensures the desirable comparison of the investment

costs associated with SHCs in different years.

The analysis results reveal that Case-1 presents the lowest investment compared to

the other cases, given its installation of only one SHC in the first year. Case-2 requires

a higher investment than Case-1 but less than Case-3, considering the installation of two

SHCs. Case-3 demands the highest investment due to installing three SHCs, two in the

first year and one in the eleventh year. Therefore, the investment for SHC installation

varies depending on the number of SHCs and their ratings.

3.7.2 Cost savings from energy loss reduction

Figures 3.6 (a) and 3.7 (a) visually display the advantages obtained from energy loss

reduction due to the optimal installation of SHCs in various cases for both the 33-bus and

69-bus networks. Additionally, to highlight the effect of the proposed approach, Figures 3.5

(a) and (b) show the changes in AEL savings over 20 years, particularly through Case-3.

From Figure 3.5, it is evident that energy loss reduction increases gradually over the years.

This is because the base-case network’s energy losses rise annually due to growing loads.

Consequently, the saved energy losses also increase due to the installation of SHCs. The

findings highlight that the cost savings from energy loss reduction hold greater significance

in the subsequent ten-year period than its impact in the initial decade, as illustrated in

Figure 3.5. This difference is primarily due to the increased load growth during the last

ten years. The saved energy losses remain constant during the final ten years due to the

constant load conditions. However, the cost savings associated with energy loss reduction

experienced a gradual decline throughout the subsequent decade, reflecting the impact of
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the PWF.

Furthermore, an important observation is that energy loss reduction remains effective

up to PV integration reaching 100% of peak load demand. This implies that the network

can accommodate significant PV integration without compromising energy loss reduction.

A balanced approach between PV integration and SHC placement is crucial to optimize

cost savings. This is because excessive PV integration beyond a certain point could impact

the savings obtained due to energy loss reduction.

3.7.3 Overall profit

The profit resulting from the strategic placement of SHCs is illustrated in Figures 3.6

(b) and 3.7 (b) for the 33-bus and 69-bus networks across different cases. Notably, Case-

3 has higher profits than other cases. This outcome justifies the increased investment

required for its implementation. These findings underscore that reducing energy losses

from SHC integration in PV-integrated distribution networks can substantially enhance

the cumulative profit yield. Moreover, the outcomes validate the rationale behind investing

in installing multiple SHCs within the distribution network.

3.7.4 Comparative analysis of proposed approach and previous approach

A detailed comparison between the outcomes obtained from the present approach and

a previous methodology [125] is presented in Table 3.4 for the 69-bus distribution net-

work. Both approaches focus on optimizing the placement of SHCs in a radial distribution

network, considering technical and economic aspects. In this assessment, the SHC place-

ment and ratings from the previous approach are adopted for comparison, with simulations

conducted using the cost parameters specified in the present study.

The results highlight that the current approach achieves a superior profit outcome

compared to the previous methodology. This improvement is due to the strategic SHC

placement to optimize savings from energy loss reduction. The present methodology ef-
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fectively identifies SHC locations by incorporating factors such as PV integration, load

growth, seasonal load variations, and PV generation profiles. Consequently, it maximizes

profit by reducing energy losses within the PV-integrated distribution network.

3.8 Results and discussion : Scenario-2

This scenario explores two distinct cases, each designed to optimize overall profit in the

context of PV-integrated distribution networks:

� Case-A: This case study involves only the placement of PV units within the distri-

bution network without integrating compensators.

� Case-B: In the PV-integrated distribution network, the study places SHC-1 and

SHC-2 in the first year, while the integration of SHC-3 is scheduled for the eleventh

year. This sequencing is based on the favorable results observed in Scenario-1.

Table 3.5: SHC locations and ratings obtained for 33-bus and 69-bus distribution networks
at different PV penetration levels

Planning

cases

PV generation as

% of peak demand

33-bus network 69-bus network

Location of SHC Rating of SHC

(MVA)

Location of SHC Rating of SHC

(MVA)1st year 11th year 1st year 11th year

Case-B

20

30, 10 14

1.2956

61, 16 65

1.4136

40 1.2798 1.4073

60 1.2730 1.4043

80 1.2753 1.4045

100 1.2866 1.4078

Case-A No SHC is considered in this planning

3.8.1 Investment of PV and SHC

Table 3.5 presents the optimal locations and ratings of SHCs in the 33-bus and 69-bus

distribution networks at different levels of PV penetration. Figures 3.8 (a) and (b) visually

depict the total investment for the 33-bus and 69-bus networks, respectively. While the
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(a) (b)

Fig. 3.8: Bar chart presenting the total investment in both the cases for the (a) 33-bus
and (b) 69-bus distribution networks

(a) (b)

Fig. 3.9: Bar chart presenting the overall cost-saving resulting from Energy Loss reduction
in both the cases for the (a) 33-bus and (b) 69-bus distribution networks

investment in PV remains constant across both cases within the distribution network, Case-

B incurs slightly higher costs than Case-A due to the addition of compensators. Investment

in SHCs varies according to their respective ratings.

3.8.2 Profit obtained due to PV and SHC placement

Figure 3.9 illustrates the cost-savings due to energy loss reduction for both the 33-bus

and 69-bus distribution networks. Incorporating SHCs into the network has a noticeable

impact on the savings due to energy loss reduction. In Case-A, where only PV units

are integrated, the cost saving is relatively modest. Conversely, Case-B, featuring the
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(a) (b)

Fig. 3.10: Bar chart presenting the total profit obtained in two cases for the (a) 33-bus
and (b) 69-bus distribution networks

integration of three SHCs and PV units, offers more cost savings. Notably, the outcomes

signify that networks with higher PV integration exhibit more cost savings due to energy

loss reduction.

The bar charts in Figure 3.10 illustrate the overall profit obtained for the 33-bus and

69-bus distribution networks within the two examined cases. It is evident that as the pen-

etration of PV systems increases, the total profit also increases. The primary contributor

to profit is obtained from the active power generation derived from the PV installations, a

factor that remains constant across all cases. However, the advantageous impact of energy

loss reduction is more pronounced in Case-B. Consequently, there is a notable difference

in profit between the two cases, with Case-B generating the highest profit. Furthermore,

in Figure 3.11, the convergence patterns of the PSO algorithm are shown for both the

33-bus and 69-bus networks. The analyses are performed under the condition where the

PV capacity integrated into the network is equal to 100% of the base-case peak load.

3.8.3 Technical aspects in 33-bus and 69-bus distribution networks

The comparison of technical aspects between the 33-bus and 69-bus distribution net-

works at a load level of (1.06)10 of the base-case peak load is summarized in Table 3.6

and visualized in Figure 3.12. The considered PV integration corresponds to 100% of the
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(a) (b)

Fig. 3.11: Convergence plots for the GPRS-PSO Algorithm in the (a) 33-bus and (b)
69-bus networks, under 100% PV Integration

(a) (b)

Fig. 3.12: Comparison of power losses for four seasons (96 hours) with 100% PV integration
of initial base-case peak load in the (a) 33-bus and (b) 69-bus distribution network at the
10th year load condition

Table 3.6: Comparison of technical parameters for 100% PV integration of the initial
base-case network

Technical Parameter
33-bus network 69-bus network

without PV, SHC Case-A Case-B without PV, SHC Case-A Case-B

No. of nodes violating

voltage constraint
17 16 10 9 9 7

No. of branches violating

thermal constraint
5 5 4 17 11 3

peak load of the base case network. Table 3.6 shows that integrating SHCs and PV units

in Case-B yields a noteworthy reduction in node and branch count, although some volt-
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age and thermal constraints are violated. Conversely, Case-A, comprising only PV units,

shows a modest improvement compared to the case without PV or SHC units. Figure

3.12 visually indicates that Case-A significantly reduces power losses. On the other hand,

Case-B significantly reduces power losses compared to Case-A. These results suggest that

the combination of SHCs and PV units in Case-B leads to a notable improvement in the

technical parameters of the distribution network.

3.8.4 Comparative analysis between present and previous approaches

A comprehensive comparison between the outcomes achieved by the present approach

and the previous approach [126] is conducted for the 33-bus and 69-bus distribution net-

works. Table 3.7 compares the results obtained by both methodologies. It is noteworthy

that the previous approach involves the installation of PV units on specific buses, whereas

the present approach uniformly distributes them among all buses except the substation

bus. The PV and compensating device placements, along with their ratings, as per the

previous method [126], are used for comparison, employing the cost components from the

present work.

It is important to emphasize that while the current approach utilizes SHCs as the com-

pensating devices, the previous method employs capacitors. Although the cost of the SHC

is higher than that of the capacitor, it helps mitigate harmonic content in the line current.

In contrast, the capacitor only provides reactive power compensation. The comparative

analysis shows that the present approach yields higher cost-saving resulting from energy

loss reduction in the 33-bus network. The advantage of the previous method is more pro-

nounced in the 69-bus network due to the distinct PV locations. However, it is essential

to recognize that the overall profit is more significant in the present method due to the

increased penetration of PV in the network. Thus, installing both PV units and SHCs in

the present approach increases profitability and results in harmonic reduction.

78
TH-3570_206102108



Economic Evaluation of Multiple Shunt Compensators and PV Units in
Distribution Networks for Maximizing Profit

T
a
b
le

3
.7
:
Q
u
an

ti
ta
ti
ve

co
m
p
ar
is
on

of
p
ro
p
os
ed

ap
p
ro
ac
h
w
it
h
p
re
v
io
u
s
ap

p
ro
ac
h
fo
r
33
-b
u
s
an

d
69
-b
u
s
d
is
tr
ib
u
ti
on

n
et
w
or
k
s

P
a
ra

m
e
te
r

3
3
-b

u
s
n
e
tw

o
rk

6
9
-b

u
s
n
e
tw

o
rk

P
re
v
io
u
s
w
o
rk

[1
2
6
]

P
re
se
n
t
w
o
rk

P
re
v
io
u
s
w
o
rk

[1
2
6
]

P
re
se
n
t
w
o
rk

L
o
ca
ti
on

of
P
V

8
u
n
if
or
m
ly

d
is
tr
ib
u
te
d

61
u
n
if
or
m
ly

d
is
tr
ib
u
te
d

R
at
in
g
of

P
V

(M
W

)
1.
5

3.
71
5

1.
5

3.
80
1

L
o
ca
ti
on

of
ca
p
ac
it
or

30
-

61
-

R
at
in
g
of

ca
p
ac
it
or

(M
V
A
r)

0.
9

-
1.
2

-

L
o
ca
ti
on

of
S
H
C

-
30
,
10
,
14

-
61
,
16
,
65

R
at
in
g
of

S
H
C

(M
V
A
)

-
1.
28
66

-
1.
40
78

C
os
t
of

ca
p
ac
it
or

($
/k

V
A
r)

[1
26
]

3
-

3
-

In
ve
st
m
en
t
of

ca
p
ac
it
or

(×
10

3
$
)

2.
7

-
3.
6

-

In
ve
st
m
en
t
of

S
H
C

(×
10

4
$
)

-
7.
43
68

-
8.
44
69

C
os
t
S
av
in
g
d
u
e
to

en
er
gy

lo
ss

re
d
u
ct
io
n
(×

10
5
$
)

8.
23
47

11
.6
35

11
.7
24

10
.7
46

F
in
an

ci
al

re
tu
rn
s
d
u
e
to

P
V

su
p
p
ly

(×
10

6
$
)

2.
87
55

7.
12
16

2.
87
55

7.
28
64

T
ot
al

p
ro
fi
t
(×

10
6
$
)

3.
69
62

4.
23
81

4.
04
43

4.
21
20

79
TH-3570_206102108



Chapter 3

3.9 Summary

This chapter presents a comprehensive planning approach for deploying SHCs in PV-

integrated distribution networks. The primary focus is maximizing overall profit through

cost-saving from the considered scenarios. The proposed methodology is conducted across

various levels of PV penetration. The key findings from the simulation results can be

summarized as follows:

� The cost-benefit analysis shows that the savings from reducing energy losses justify

the initial investment required for SHC installation. Furthermore, case studies with

a higher number of SHCs result in increased overall profits.

� During the planning period of the study, the reduction in energy losses experiences

a more significant increase in the latter half, primarily due to more load growth.

Notably, incorporating three SHCs delivered superior energy loss reductions compared

to the other cases.

� The integration of PV systems shows significant potential for reducing energy losses

by approximately 30-40% compared to non-PV conditions. This translated to in-

creased profitability for network operators, highlighting the economic viability of PV

integration within distribution networks.

� Across both the 33-bus and 69-bus distribution networks, Case-B consistently shows

a 12-15% improvement in profit over Case-A in Scenario-2. This highlights the en-

hanced profitability achieved by integrating multiple SHCs alongside PV units.
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Multi-Swarm Surrogate Assisted

PSO for Operational Optimization of

Shunt Compensators to Minimize

Annual Energy Loss Cost

4.1 Introduction

Optimization is essential for addressing complex real-world challenges across various

domains [127,128]. As energy demands continue to rise and environmental concerns grow,

optimizing power distribution networks, especially those incorporating PV systems, has

become essential [129,130]. Optimizing power distribution networks presents specific chal-

lenges [131, 132]. One major challenge involves optimizing the operation of SHCs [133].

This optimization aims to improve network performance and minimize energy losses. The

time-varying load and PV generation within distribution networks increase the number of

variables, making it crucial to evaluate the real-time performance of the designed objec-

tive functions [134]. These challenges directly impact the goal of minimizing operational
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expenses, which is essential for maintaining the economic viability of distribution systems.

Optimization methods that are capable of handling such complexity are essential to address

these high-dimensional objective functions.

Various optimization techniques have historically been employed in power distribution

networks, including metaheuristic optimization algorithms [135, 136]. The PSO technique

is one of the most extensively studied metaheuristic algorithms in power system optimiza-

tion [137,138]. However, a key challenge with conventional PSO algorithms is their need for

many fitness evaluations to achieve near-optimal solutions, which limits their application

in computationally intensive problems. Over the years, researchers have proposed various

variants and improvements to enhance the performance and applicability of PSO in differ-

ent domains. Within the domain of power system optimization, several PSO variants have

been employed, including Cooperative PSO [139], Binary PSO [140], Adaptive PSO [141],

Quantum-Behaved PSO [142], and Social Learning-based PSO (SL-PSO) [143]. A notable

PSO variation is Multi-Swarm PSO, an extension of traditional PSO that introduces multi-

ple swarms, each with its unique set of particles [144,145]. These adaptations have proven

effective in addressing the complexities of power system optimization. Moreover, researchers

have developed innovative approaches to enhance PSO techniques further. One such ap-

proach is Surrogate-Based PSO, which integrates surrogate models into the optimization

process to reduce the computational cost of evaluating objective functions [146, 147]. For

instance, [148] introduced surrogate-assisted PSO by incorporating Gaussian process regres-

sion as the surrogate model, while [149] adapted a surrogate-based PSO for constrained

optimization problems.

Given the increasing complexity of modern power distribution networks and the growing

number of variables in objective functions, developing more effective PSO variants remains

a significant challenge. The literature reveals several research gaps, including:

� The optimization of power distribution networks becomes more complex due to time-

varying loads and PV generation, significantly increasing the number of variables
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involved. As the number of variables grows, particularly beyond 150-200, tradi-

tional optimization methods struggle to find solutions efficiently. To address this,

advanced metaheuristic algorithms must be developed to handle the complexity of

high-dimensional optimization problems more effectively.

� Developing PSO variants capable of effectively optimizing high-dimensional objective

functions characterized by many variables to address the increasing complexity of

power distribution networks.

� Investigating advanced surrogate models is essential for enhancing PSO performance

by integrating multiple sub-swarms, which enables more efficient exploration of multi-

dimensional optimization problems. Further research should evaluate the potential

advantages and effectiveness of combining surrogate-based PSO with a limited num-

ber of swarms to achieve improved optimization outcomes.

To address these research gaps, this chapter involves optimizing operational aspects

related to compensators in PV-integrated distribution networks, focusing on reducing AEL

cost. The optimization process involves determining the VAr set-points for SHCs based

on time-varying load and PV generation profiles. Furthermore, a hybrid PSO variant is

introduced to optimize objective functions with more variables.

This chapter presents its contributions as follows:

� To ensure an accurate evaluation of the AEL cost, a methodology for estimating

monthly load curves in the residential, commercial, and industrial sectors using Gaus-

sian Probability Distribution is employed. This method accounts for variations in

energy prices based on seasonal changes and load levels.

� A Parallel-MS-GPRS-PSO variant is designed to address the challenges of large-scale

optimization problems.
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� A comprehensive statistical analysis compares the proposed Parallel-MS-GPRS-PSO

approach with other established PSO variants. This evaluation provides valuable

insights into the performance and effectiveness of the proposed methodology, offering

a clear understanding of its advantages over existing approaches.

The proposed planning approach undergoes validation on both 33-bus and 69-bus dis-

tribution networks. Additionally, it undergoes testing using standard benchmark test func-

tions.

4.2 Optimization problem for minimizing AEL costs

The primary objective of this study is to optimize the operation of SHCs by determin-

ing the specific VAr injection for each hour, aiming to minimize AEL costs efficiently. The

AEL cost is determined based on energy pricing strategies during peak, off-peak, and inter-

mediate load levels across different seasons within the distribution network. The objective

function to minimize AEL cost is formulated as follows:

Minimize AEL Cost =
4∑

s=1

Hs∑
h=1

(PLhl EPsl) (4.1)

Here, PLhl represents the power losses at hour h and load level l, Hs denotes the total

number of hours in season s, and EPsl denotes the energy price for load level l in season s.

The optimization process integrates various constraints to minimize AEL costs in the

network. These constraints include power balance, bus voltage magnitude, and thermal

constraints, which are mathematically expressed in Eqs. 2.17-2.20, respectively. Addition-

ally, the SHC reactive power limit constraint is considered and expressed as:

|Qsh(i)(t)| ≤ QSHC max, ∀t (4.2)

where QSHC max denotes the maximum allowable reactive power injection limit of the SHC.
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4.2.1 Encoding and decoding particle positions for calculating AEL costs

In this method, the positions of particles are encoded to denote solutions within a multi-

dimensional search space. These values are then decoded to determine the amount of VAr

injections the SHCs provide. The system’s voltages and currents are subsequently computed

using the forward-backward sweep load flow technique, as discussed in the subsection 2.3.1.

The active and reactive power demands at the locations of PV and SHC are adjusted using

the equations 2.14 and 2.15 respectively. The AEL in the considered distribution networks

is determined based on the estimated load and PV generation curves. These estimates

are obtained using the Gaussian Probability Distribution technique explained in Section

4.3. Finally, the objective function value, which represents the AEL costs, is calculated by

considering all these factors.

4.3 Modeling load curves with gaussian probability distribution

This section presents the mathematical formulation for estimating load curves using the

Gaussian probability density function with varying mean and standard deviation for each

hour. This statistical model provides an approach for capturing the variations in the load

profile hourly.

4.3.1 Gaussian probability density function for hourly load variations

The Gaussian probability density function for each hour h can be formulated as:

f(xh) =
1

σh

√
2π

exp

(
−(xh − µh)

2

2σ2
h

)
(4.3)

In the given equation, f(xh) represents the probability density function at hour h, where

µh signifies the mean and σh represents the standard deviation.
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(a) (b)

Fig. 4.1: Monthly estimated average load curves for (a) PV (b) Residential sectors

(a) (b)

Fig. 4.2: Monthly estimated average load curves for (a) Commercial (b) Industrial sectors

4.3.2 Estimation of load curves

The Gaussian probability density function is employed to estimate load and PV gen-

eration curves. A series of random samples is generated for each hour h within the load

curve to represent the essential variability in the load profile. Extending this methodology

to estimate load curves for 12 months results in a comprehensive collection of load curves,

denoted as:

LC = (LC1, LC2, LC3, . . . , LC12) (4.4)

Here, LCn represents the load curve for the nth month. This study estimates monthly load

curves for PV, residential, commercial, and industrial load types. The approach involves
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utilizing data sourced from [100], which provides average daily load profiles for each load

category. Additionally, seasonal load curves are derived based on four distinct seasons

using data specified in [26]. Graphical representations of the resulting load profiles for the

PV, residential, commercial, and industrial sectors over 12 months, obtained through the

Gaussian probability density function, are shown in Figures 4.1 and 4.2.

4.4 Solution strategy: Parallel-MS-GPRS-PSO

This section presents the Parallel-MS-GPRS-PSO algorithm to determine the optimal

VAr set-points for SHCs. The fundamentals of the PSO algorithm are discussed in subsec-

tion 2.5.1. A detailed explanation of the MS-GPRS-based PSO is presented below.

4.4.1 GPR Newton’s approach for optimization

This subsection introduces the basics of GPR, followed by applying Newton’s method

for optimization tasks.

4.4.1.1 Modeling data distribution with GPR

GPR is a tool for modeling data distribution and constructing probabilistic models.

Given a dataset D = (xi, yi)
N
i=1, where xi represents input parameters and yi represents

corresponding objective function values, GPR can predict the distribution of an unobserved

target output ξ∗ at a new input point χ∗. The prediction p is formulated as:

p(ξ∗|χ∗,X ,Y) = N (µ(χ∗), σ2(χ∗)) (4.5)

In this equation, µ(χ∗) denotes the predictive mean, and σ2(χ∗) denotes the predictive

variance, which are parameters of a Gaussian distribution N . The sets X and Y represent

collections of variables or parameters used in the conditional probability p.

87
TH-3570_206102108



Chapter 4

4.4.1.2 Predicting potential optima with Newton’s method

Newton’s method is employed to optimize the GPR-based surrogate. This iterative

method aims to predict the local optima of a function by refining the global solution

progressively. In the optimization context, Newton’s method predicts potential optimal

values for the objective function. The equation governing Newton’s method is expressed

as:

Y (k+1) = Y (k) − ∇g(Y (k))

∇2h(Y (k))
(4.6)

In this equation, Y (k) represents the current estimate of the best solution, ∇g(Y (k))

is the gradient (first derivative), and ∇2h(Y (k)) is the Hessian matrix (second derivative)

of the objective function. The iterative process continues until the maximum number of

functional evaluations is reached.

4.4.1.3 Evaluating predicted optima and updating the global best

The objective function value f(χ∗) is evaluated at the predicted solution χ∗ to assess the

predicted optima. This assessment ensures that the predicted optima meets the problem’s

requirements. If the predicted objective function value f(χ∗) is better than the previously

known best objective function value, an update is made to the global best solution gbest:

gbest = χ∗, f(gbest) = f(χ∗) (4.7)

This iterative process continually improves the optimization performance, leading to

the discovery of the best solutions. The GPR Newton’s optimization method is outlined in

Algorithm 2.

4.4.2 Multi-swarm cooperative mechanism

The Multi-swarm cooperative approach enhances optimization by enabling information

exchange among multiple swarms. Each swarm operates independently, exploring different
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Algorithm 1 Overview of parallel-MS-GPRS-PSO approach

Input Parameters

�� wmax: Maximum inertia weight

� wmin: Minimum inertia weight

� num swarm: Number of swarms

� s iter: Surrogate data storage iteration threshold

� dim: Dimensionality of the problem

Initialization

�� Initialize a Parallel-environment with num swarm worker processes

� parfor swarm = 1 to num swarm:

– Initialize position and velocity of particles for size Np

– Calculate the objective function value for corresponding particles

– Determine pbest and gbest(m) in each swarm

– Find the global best solution among all the swarms

Optimization loop

�� iteration = 1

� While iteration ≤ MaxIt:

– parfor swarm = 1 to num swarm:

* For p = 1 to Np:

· Update position and velocity of particles using Equations 2.22 and 2.23

· Calculate objective function value

· If iteration ≤ s iter, the particle data is utilized to construct the surro-
gate model

· Otherwise, if iteration > s iter, Perform GPR Newton’s optimization
(see Algorithm 2)

· Update pbest and gbest(m) accordingly

· Update swarm

– Find the global best fitness value by sharing the best solutions among swarms
(Equation 4.8)

– iteration = iteration+ 1

Finalization

�� Close the Parallel-pool

� Display the final best objective function value and corresponding particle positions
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Algorithm 2 GPR newton optimization approach

Input parameters:

�� f eval: Maximum number of function evaluations

� maxLocalIter: Maximum local iterations for GPR Newton optimization

GPR Newton’s optimization

�� parfor swarm = 1 to num swarm:

– Train the GPR model using the stored surrogate data set

– For local iterations = 1 to maxLocalIter:

* Predict potential optima using Newton’s method with f eval function eval-
uations based on Equations 4.5 and 4.6

* Calculate the real objective function value of the predicted optimal particle

* Update gbest(m) if the predicted optimal objective function value is lower
than the previous value using Equation 4.7

regions of the search space. A cooperative mechanism is employed to enhance collaboration

and knowledge-sharing where each swarm’s best solutions are periodically shared among all

swarms. During each iteration, the global best solutions (gbest(m)) obtained by each swarm

m are compared to identify the most promising solutions. The overall global best value

(gbest) for that iteration is determined as the minimum among these global best values:

gbest = min(gbest(1), gbest(2), . . . , gbest(m)) (4.8)

Information exchange occurs after every iteration until the final iteration, providing contin-

uous collaboration among swarms throughout the optimization process. This cooperative

approach contributes to the overall convergence of the algorithm toward high-quality solu-

tions.

4.4.3 Parallel-MS-GPRS-PSO approach

The Parallel-MS-GPRS-PSO Approach integrates GPR and PSO within a multi-swarm

framework, employing parallel computing for efficient computation. In this approach, mul-
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Fig. 4.3: Flowchart for the proposed Parallel-MS-GPRS-PSO approach

tiple swarms of particles operate concurrently, each swarm executing its PSO algorithm

independently. This concurrent operation of sub-swarms significantly reduces the time re-

quired to converge to the optimal solutions. Knowledge-sharing mechanisms are employed
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among swarms to enhance the optimization process. The best solutions identified in one

swarm are periodically shared with others, facilitating a collaborative search for the best

solutions throughout the optimization process. Additionally, the approach incorporates

GPR Newton’s optimization after a predefined number of surrogate iteration thresholds

(s iter) to refine the search process. The optimization operates within a predefined maxi-

mum number of iterations. The final global best solution obtained at the end of iterations

represents the optimal solution for the objective function. To provide a comprehensive

understanding of the Parallel-MS-GPRS-PSO approach, the detailed algorithm is outlined

in Algorithm 1, and its corresponding flowchart is illustrated in Figure 4.3.

Table 4.1: Results obtained from evaluating various PSO parameter sets

Parameters Best value

among 10 runss iter f eval num swarm

25

1000 4

4.74E+01

50 3.52E+01

75 3.76E+01

100 8.98E+01

50

500

4

4.38E+01

750 4.17E+01

1000 3.52E+01

50 1000

2 1.08E+02

3 4.11E+01

4 3.52E+01

4.4.4 Parameter selection for the proposed approach

Selecting the best parameters is crucial for optimizing the performance of the proposed

algorithm. The outcomes of evaluating different parameter combinations, including s iter,

f eval, and num swarm, are summarized in Table 4.1, focusing on minimizing the 50-

dimensional Rosenbrock test function. The Rosenbrock test function details can be found

in [150].

From Table 4.1, the analysis reveals that setting s iter to 50 provides the best results.
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Maintaining f eval at 1000 yields the best results across different parameter configurations,

and additionally, setting num swarm to 4 yields the most favorable performance. These

insights are crucial for selecting parameters that improve convergence.

Sub-

station

181 2 3 4 5 6 7 8 9 10 11 13 151412 16 17

23 24 25 26 27 28 29 30 31 32 33

19 20 21 22

Commercial area

Commercial area

Industrial area

Residential area

Shunt Compensator

Load

Buses with PV

Fig. 4.4: 33-bus distribution network with PV and SHC

4.5 Simulation results and discussion

The validation of this study is performed using the MATLAB/Simulink environment,

focusing on 33-bus and 69-bus radial distribution networks. The single-line diagrams of

these networks are provided in Fig. 4.4 and Fig. 4.5, respectively. The geographical layout

of the network’s residential, commercial, and industrial zones is based on data from [100],

which provides detailed descriptions of these areas. PV units are uniformly distributed

across all buses except the substation bus. Each distribution network has strategically

positioned SHCs—two SHCs at buses 30 and 6 for the 33-bus network and three SHCs at

buses 17, 11, and 61 for the 69-bus network. The SHC placements are derived from chapter
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Fig. 4.5: 69-bus distribution network with PV and SHC

2 based on optimal results obtained by supplying constant reactive power from the SHCs

to minimize energy losses.

The present analysis considers variations in average load demand and PV generation

over 12 months to calculate the AEL cost. Monthly average load profiles are estimated using

the Gaussian probability density function, as illustrated in Figures 4.1 and 4.2. Seasonal

energy prices, corresponding to load conditions, are detailed in Table 4.3. Additionally,

Table 4.4 categorizes load levels by the percentage of load consumption [151]. The to-

tal reactive power demand allocated to SHCs at specific load levels is distributed among

individual SHCs based on their MVA ratings during the operational optimization.

The objective function for minimizing AEL costs incorporates the 24-hour time-varying

nature of load and PV generation profiles over 12 months, resulting in a high-dimensional

288-variable problem. A novel PSO variant named Parallel-MS-GPRS-PSO has been pro-
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posed to address the challenges of optimizing this high-dimensional objective function.

Furthermore, the proposed approach is compared with other PSO variants to assess its effec-

tiveness, including PSO with linearly decreasing inertia weight (PSO-LDIW) [152], Multi-

Swarm Self-Adaptive and Cooperative PSO (MSCPSO) [153], and PSO with GPR surro-

gate model (PSO-GPR) [148]. The experiments are conducted in the MATLAB/Simulink

environment, using a population size of 50 for 30-dimensional and 50-dimensional prob-

lems and 100 for 100-dimensional problems; for PSO-GPR and Parallel-MS-GPRS-PSO, a

threshold of 50 surrogate iterations is set for 30, 50, and 100-dimensional problems. Both

MSCPSO and Parallel-MS-GPRS-PSO use a total of 4 swarms during the optimization

process. Detailed parameter values for each optimization technique are provided in Table

4.2.

Table 4.2: Parameter values considered for different PSO variants

Type of PSO variant Parameter values

PSO-LDIW c1 = 1.5; c2 = 1.5; wmax = 0.9; wmin = 0.5; MaxIt = 200

MSCPSO c1 = 1.5; c2 = 1.5; wmax = 0.9; wmin = 0.5; num swarm = 4; MaxIt = 200

PSO-GPR
c1 = 1.5; c2 = 1.5; wmax = 0.9; wmin = 0.5; s iter = 50; f eval = 1000;

MaxIt = 200; maxLocalIter = 3;

Parallel-MS-GPRS-PSO
c1 = 1.5; c2 = 1.5; wmax = 0.9; wmin = 0.5; s iter = 50; f eval = 1000;

maxLocalIter = 3; num swarm = 4; MaxIt = 200

Table 4.3: Energy prices for different seasons at different load conditions

Seasons
Energy price ($/kWh) [151]

Off-peak Intermediate Peak

Summer 0.07 0.13 0.16

Winter 0.08 0.12 0.13

Spring/Autumn 0.07 0.09 -

Table 4.4: Load levels

Load levels

Off-peak Intermediate Peak

< 50 % 50 - 80 % > 80 %
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4.5.1 Comparative analysis of AEL cost reduction strategies with SHCs

The comparative analysis of two distinct approaches is presented for minimizing AEL

costs with SHCs: (i) SHCs with variable VAr injection set points and (ii) SHCs with

constant or rated VAr injection. Table 4.5 provides an overview of the AEL costs obtained

using these approaches across different levels of PV integration. The results highlight that

employing SHCs with variable VAr injection set points leads to significantly lower AEL costs

than using SHCs with constant or rated VAr injection. Additionally, there is a noticeable

decrease in AEL costs with increasing levels of PV integration, suggesting that increased

PV integration contributes to reduced energy losses within the distribution network.

Furthermore, the comparison extends to other PSO variants, demonstrating the superior

performance of the proposed Parallel-MS-GPRS-PSO approach in minimizing AEL costs.

The adaptive nature of the proposed approach is particularly beneficial in scenarios with

frequent load fluctuations. It determines the optimal reactive power SHCs provide based on

specific load demands. This strategy proves to be effective in addressing high-dimensional

optimization problems.

(a) (b)

Fig. 4.6: Qdemand, constant Q and optimal Q provided by SHC in the (a) 33-bus (b) 69-bus
distribution networks
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(a) (b)

Fig. 4.7: Convergence plots of PSO variants for the cost of AEL when 100% PV is inte-
grated into the (a) 33-bus (b) 69-bus distribution networks

4.5.2 Optimal VAr injection strategies for SHCs in response to load variations

Figure 4.6 displays the optimal reactive power injection settings for SHCs in both the

33-bus and 69-bus networks across a 288-hour load variation, utilizing the proposed Parallel-

MS-GPRS-PSO approach. These visuals illustrate the total reactive power demand profile

over this period, including the baseline constant reactive power supplied by the SHCs. An

important observation from these figures is the variation of the optimal VAr injection set

points for the SHCs in response to load fluctuations. These set points adjust dynamically

based on load demands, highlighting the necessity of variable VAr injection levels to mini-

mize overall AEL cost under varying load conditions. Specifically, the results demonstrate

an increased demand for VAr injection during periods of higher load. This highlights the

importance of operating SHCs to their rated VAr capacity during high-load scenarios.

Additionally, Figure 4.7 illustrates the convergence patterns of four PSO variants for

the 33-bus and 69-bus distribution networks, respectively. Both PSO-GPR and Parallel-

MS-GPRS-PSO exhibit the PSO approach for the initial 50 iterations. Beyond this stage,

the optimization procedure continues, incorporating best value estimation through GPR

Newton’s optimization method. The convergence plots visually demonstrate a significant

drop in achieved values after the 50th iteration. Notably, the Parallel-MS-GPRS-PSO

approach demonstrates superiority by achieving the optimal values compared to other PSO
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variants, highlighting its effectiveness in optimizing the AEL cost.

Fig. 4.8: Convergence plots illustrating the performance of different PSO variants on the
30-dimensional Rastrigin test function (F1)

Fig. 4.9: Convergence plots illustrating the performance of different PSO variants on the
50-dimensional Rastrigin test function (F1)
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Table 4.7: Comparative Results on 30-dimension benchmark test functions with other
PSO variants

Function No. Analytics PSO-LDIW MSCPSO PSO-GPR Parallel-MS-GPRS-PSO

F1

Best 1.40E+02 1.13E+02 4.65E+01 4.28E+01

Worst 2.84E+02 2.26E+02 1.43E+02 1.35E+01

Mean 2.08E+02 1.68E+02 1.05E+02 8.04E+01

Std. 4.16E+01 3.49E+01 3.21E+01 3.28E+01

F2

Best 2.21E+02 7.62E+01 9.38E+01 1.94E+01

Worst 3.04E+03 6.12E+02 2.78E+03 2.80E+01

Mean 6.77E+02 1.99E+02 1.29E+03 2.42E+01

Std. 8.49E+02 1.53E+02 1.22E+03 2.18E+00

F3

Best 3.19E+02 1.09E+02 1.68E+02 1.24E-03

Worst 3.42E+03 1.84E+03 5.43E+02 4.42E+02

Mean 1.15E+03 4.57E+02 3.91E+02 3.26E+02

Std. 1.08E+03 5.03E+02 1.11E+02 1.38E+02

F4

Best 5.13E+00 2.48E+00 3.26E-03 4.49E-04

Worst 8.59E+00 5.01E+00 1.34E+00 9.33E-04

Mean 6.43E+00 3.29E+00 3.48E-01 6.37E-04

Std. 1.03E+00 7.02E-01 5.57E-01 1.61E-04

F5

Best 2.61E+00 1.14E+00 1.09E-04 9.75E-06

Worst 9.74E+01 9.14E+01 6.66E-02 4.42E-02

Mean 3.99E+01 1.06E+01 1.38E-02 1.40E-02

Std. 4.65E+01 2.84E+01 2.08E-02 1.63E-02

F6

Best 2.56E+03 2.50E+03 2.85E+03 2.38E+03

Worst 5.49E+03 4.42E+03 5.61E+03 4.41E+03

Mean 3.78E+03 3.35E+03 3.97E+03 3.39E+03

Std. 8.44E+02 6.74E+02 8.22E+03 5.54E+02

F7

Best -1.12E+03 -1.12E+03 -1.09E+03 -1.13E+03

Worst -9.87E+02 -9.60E+02 -1.02E+03 -1.03E+03

Mean -1.04E+03 -1.04E+03 -1.06E+03 -1.08E+03

Std. 3.87E+01 4.43E+01 1.89E+01 2.97E+01

4.6 Empirical study on benchmark test functions

Extensive tests are conducted using seven common benchmark functions to evaluate

the proposed algorithm as described in Table 4.6 [150]. The mathematical equations for

the considered benchmark test functions are as follows:

Rastrigin Function, F1(x) = 10n+
n∑

i=1

[
x2
i − 10 cos(2πxi)

]
(4.9)
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Table 4.8: Comparative results on 50-dimension benchmark test functions with other PSO
variants

Function No. Analytics PSO-LDIW MSCPSO PSO-GPR Parallel-MS-GPRS-PSO

F1

Best 2.56E+02 1.71E+02 1.46E+02 9.78E+01

Worst 4.22E+02 3.92E+02 4.54E+02 3.19E+02

Mean 3.38E+02 2.89E+02 2.54E+02 1.88E+02

Std. 4.89E+01 6.02E+01 9.35E+01 7.86E+01

F2

Best 1.29E+02 1.13E+02 5.51E+01 3.52E+01

Worst 1.03E+04 8.20E+05 2.61E+03 2.55E+03

Mean 2.45E+03 5.74E+04 1.13E+03 3.54E+02

Std. 3.97E+03 2.07E+05 1.26E+03 7.75E+02

F3

Best 5.56E+02 4.13E+02 2.26E+02 4.37E+01

Worst 1.08E+04 7.57E+03 2.96E+03 3.31E+03

Mean 5.37E+03 3.59E+03 1.36E+03 5.68E+02

Std. 2.47E+03 1.87E+03 1.12E+03 9.92E+02

F4

Best 1.26E+01 6.42E+00 5.83E-01 2.51E-02

Worst 1.94E+01 1.72E+01 1.53E+01 1.52E+01

Mean 1.66E+01 1.29E+01 6.30E+00 7.01E+00

Std. 1.71E+00 3.21E+00 5.30E+00 7.16E+00

F5

Best 2.57E+01 1.03E+01 6.02E-01 1.70E-02

Worst 3.01E+02 2.80E+02 2.71E+02 9.09E+01

Mean 1.59E+02 7.84E+01 1.36E+02 6.33E+01

Std. 7.81E+01 7.30E+01 8.75E+01 4.36E+01

F6

Best 5.58E+03 5.65E+03 6.73E+03 5.45E+03

Worst 1.09E+04 8.65E+03 8.53E+03 8.47E+03

Mean 8.12E+03 7.18E+03 7.87E+03 7.33E+03

Std. 1.42E+03 9.66E+02 7.13E+02 9.60E+02

F7

Best -1.69E+03 -1.76E+03 -1.80E+03 -1.77E+03

Worst -1.46E+03 -1.58E+03 -1.58E+03 -1.65E+03

Mean -1.59E+03 -1.69E+03 -1.72E+03 -1.73E+03

Std. 6.44E+01 4.70E+01 6.10E+01 4.28E+01

Rosenbrock Function, F2(x) =
n−1∑
i=1

[
100(xi+1 − x2

i )
2 + (xi − 1)2

]
(4.10)

Powell Function, F3(x) =

n/4∑
i=1

[
(x4i−3 + 10x4i−2)

2 + 5(x4i−1 − x4i)
2

+ (x4i−2 − 2x4i−1)
4 + 10(x4i−3 − x4i)

4
] (4.11)
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Table 4.9: Comparative results on 100-dimension benchmark test functions with other
PSO variants

Function No. Analytics PSO-LDIW MSCPSO PSO-GPR Parallel-MS-GPRS-PSO

F1

Best 1.14E+03 9.34E+02 3.29E+02 2.91E+02

Worst 1.45E+03 1.35E+03 9.15E+02 8.38E+02

Mean 1.27E+03 1.16E+03 6.86E+02 5.66E+02

Std. 1.06E+03 1.11E+03 2.05E+02 2.01E+02

F2

Best 1.53E+05 3.93E+04 1.95E+03 9.87E+02

Worst 3.19E+05 2.91E+05 1.68E+05 1.12E+05

Mean 2.31E+05 1.68E+05 5.70E+04 5.41E+04

Std. 5.64E+04 6.60E+04 5.77E+04 3.43E+04

F3

Best 1.20E+04 1.15E+04 3.09E+02 2.91E+02

Worst 3.12E+04 2.96E+04 2.73E+04 7.02E+03

Mean 2.03E+04 1.95E+04 6.70E+03 1.88E+03

Std. 5.63E+03 4.43E+03 8.79E+03 2.26E+03

F4

Best 2.03E+01 1.91E+01 1.64E+01 5.27E+00

Worst 2.08E+01 2.07E+01 1.90E+01 1.71E+01

Mean 2.05E+01 2.01E+01 1.77E+01 1.23E+01

Std. 1.59E-01 3.28E-01 1.01E+00 3.83E+00

F5

Best 7.42E+02 5.51E+02 2.87E+02 9.72E+01

Worst 1.38E+03 1.02E+03 9.11E+02 6.31E+02

Mean 1.11E+03 7.58E+02 5.14E+02 3.81E+02

Std. 1.83E+02 1.38E+02 1.89E+02 1.73E+02

F6

Best 2.04E+04 1.68E+04 1.66E+04 1.44E+04

Worst 2.35E+04 2.18E+04 2.31E+04 2.17E+04

Mean 2.19E+04 1.94E+04 1.93E+04 1.86E+04

Std. 1.07E+03 1.46E+03 2.02E+03 2.39E+03

F7

Best -2.70E+03 -2.81E+03 -3.42E+03 -3.47E+03

Worst -2.24E+03 -2.45E+03 -3.17E+03 -3.18E+03

Mean -2.51E+03 -2.66E+03 -3.30E+03 -3.31E+03

Std. 1.43E+02 1.29E+02 8.55E+01 7.29E+01

Ackley Function, F4(x) = −20 exp

−0.2

√√√√ 1

n

n∑
i=1

x2
i

−exp

(
1

n

n∑
i=1

cos(2πxi)

)
+20+e

(4.12)

Griewank Function, F5(x) = 1 +
1

4000

n∑
i=1

x2
i −

n∏
i=1

cos

(
xi√
i

)
(4.13)
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Fig. 4.10: Convergence plots illustrating the performance of different PSO variants on the
100-dimensional Rastrigin test function (F1)

Schwefel Function, F6(x) = 418.9829n−
n∑

i=1

xi sin(
√

|xi|) (4.14)

Styblinski-Tang Function, F7(x) =
1

2

n∑
i=1

[
x4
i − 16x2

i + 5xi

]
(4.15)

4.6.1 Comparison results on benchmark problems with other PSO variants

The results of the comparative tests on benchmark functions are presented in Tables

4.7, 4.8, and 4.9 for 30-dimensional, 50-dimensional, and 100-dimensional problems, re-

spectively. Various variants of the PSO algorithm are considered during the evaluation,

including PSO-LDIW, MSCPSO, and PSO-GPR. The data includes the best, worst, mean,

and standard deviation values derived from 10 independent runs, providing valuable in-

sights into the performance of these PSO variants.

Analysis of the data in Tables 4.7, 4.8, and 4.9 reveals significant differences in the

best, worst, mean, and standard deviation values across the various optimization algo-

rithms. The disparities in the best fitness values underscore the impact of algorithm choice
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on optimization quality. Additionally, the standard deviations highlight varying levels of

spread in fitness values. Different algorithms exhibit strengths in optimizing specific bench-

mark functions. For instance, Parallel-MS-GPRS-PSO achieves the best fitness in Function

F1, indicating its effectiveness in solving that problem. Conversely, PSO-GPR excels in

Function F7 within a 50-dimensional analysis. The worst and mean values also vary and

do not consistently favor a single technique. These findings emphasize the importance of

selecting an algorithm corresponding to the characteristics of the optimization problem,

as no single algorithm consistently excels across all benchmark functions. However, it is

notable that the Parallel-MS-GPRS-PSO algorithm outperforms the others across differ-

ent test functions, achieving significantly lower objective function values and providing the

best solutions. Although Parallel-MS-GPRS-PSO often yields the best solutions, other al-

gorithms sometimes show lower standard deviation values for certain test functions. This

discrepancy may result from the closeness of the best values provided by specific algorithms

in individual runs. The proposed algorithm sometimes exhibits a wide range of solutions

across different runs, which can be attributed to the stochastic nature of optimization prob-

lems. These variations can be valuable, as they may help identify diverse solutions that

are useful in practice, especially for multi-modal objective functions.

The 100-dimensional test functions in Table 4.9 show that the Parallel-MS-GPRS-PSO

consistently outperforms conventional PSO variants by achieving lower best values. This

superiority is particularly evident for complex multi-modal test functions such as Rastrigin

and Griewank. Additionally, there is a more significant variation in the best values obtained

by the proposed approach compared to other PSO variants in the 100-dimensional analysis.

Conversely, for the 50-dimensional analysis, the best values provided by Parallel-MS-GPRS-

PSO show less variation than other techniques. These findings support using the proposed

approach for high-dimensional optimization problems to obtain more approximate optimal

values.

The Parallel-MS-GPRS-PSO algorithm demonstrates superior performance in terms of
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convergence compared to other PSO variants. Both PSO-GPR and Parallel-MS-GPRS-

PSO exhibit enhanced convergence after 50 iterations. This improvement is attributed to

the introduction of GPR-based Newton’s optimization at the 50th iteration, which signif-

icantly helps predict the best value around the global best solution and facilitates faster

convergence. Figures 4.8, 4.9, and 4.10 illustrate the convergence profiles for the Rast-

rigin test function when applied to 30-dimensional, 50-dimensional, and 100-dimensional

problems.

Fig. 4.11: Box-Plots illustrating optimal values obtained across 30 Runs for 50-
Dimensional Rastrigin function (F1) using four PSO Variants

4.6.2 Statistical analysis of various PSO variants

A comparative analysis of four different PSO variants is conducted for the 50-dimensional

Rastrigin test function to identify the best approach. The details of the Rastrigin test func-

tion are provided in [150]. Figure 4.11 displays a box plot illustrating the results of running

each PSO variant 30 times independently.

The Kruskal-Wallis test is employed to assess the performance differences among the
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PSO variants. This is a non-parametric statistical test suitable for non-normally distributed

data. The test yields a highly significant p-value of 4.4474 × 10−10, indicating that at

least one PSO variant outperforms the others. Subsequent post-hoc comparisons using

Bonferroni-corrected p-values reveal specific pairs of PSO variants with statistically signif-

icant performance distinctions. The adjusted p-values below 0.05 indicate these significant

differences. Table 4.10 summarizes the results of these comparisons, highlighting that the

Parallel-MS-GPRS-PSO variant exhibits notably superior performance compared to the

other three PSO variants. Additionally, Figure 4.11 highlights that the proposed PSO

variant achieves the lowest objective function values, indicating its superior performance

compared to the other variants. These results suggest that Parallel-MS-GPRS-PSO of-

fers a highly effective alternative to conventional PSO variants for optimizing objective

functions. Parallel-MS-GPRS-PSO demonstrates significant potential for high-dimensional

optimization challenges by consistently outperforming other PSO approaches.

Table 4.10: Results of post-hoc comparisons between PSO variants when Rastrigin func-
tion executed for 30 runs

PSO variant 1

(Group 1)

PSO variant 2

(Group 2)

Adjusted p-value

(Bonferroni)
Interpretation

PSO-LDIW MSCPSO 0.0734 No significant difference

PSO-LDIW PSO-GPR 0.0023 Significant difference

PSO-LDIW Parallel-MS-GPRS-PSO 0.0000 Significant difference

MSCPSO PSO-GPR 1.0000 No significant difference

MSCPSO Parallel-MS-GPRS-PSO 0.0001 Significant difference

PSO-GPR Parallel-MS-GPRS-PSO 0.0093 Significant difference

Table 4.11: Computational times (in seconds) for various PSO variants

PSO variant
Average computation time

(in seconds)

PSO-LDIW 1.21E+00

MSCPSO 2.41E+01

PSO-GPR 1.89E+02

Parallel-MS-GPRS-PSO 2.67E+02
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4.6.3 Performance comparison of PSO variants in computational efficiency

The MATLAB simulation is performed on a Ryzen 7-5800 CPU @ 16 GB RAM, 1.9

GHz processor. Table 4.11 presents a detailed analysis of the average computational times

associated with different PSO variants when applied to Rastrigin test functions. The table

displays the average computation times in seconds for each PSO variant. As shown in Table

4.11, significant differences exist in computational performance among the PSO variants.

PSO-LDIW is the most time-efficient option, while Parallel-MS-GPRS-PSO exhibits longer

computation times. Despite this, the optimization results demonstrate that the suggested

Parallel-MS-GPRS-PSO outperforms other PSO variations in terms of achieving superior

optimization outcomes. It is crucial to consider a balance between computational time

and optimization quality when selecting the most appropriate PSO variant, depending

on the problem’s dimensionality. These research findings highlight the effectiveness and

adaptability of various PSO variants. This provides valuable insights for making decisions

when customizing optimization algorithms to meet specific task requirements.

4.6.4 Comparison of the proposed approach with other surrogate-based PSO

and metaheuristic algorithms

A comprehensive analysis of results from various surrogate-based algorithms applied

to 30-dimensional and 50-dimensional benchmark test functions is presented in Tables

4.12 and 4.13, respectively. These tables include performance metrics for algorithms such

as Surrogate-Assisted Cooperative Swarm Optimization (SACOSO) [154], Multiobjective

Infill Criterion Driven Gaussian Process-Assisted SL-PSO (MGP-SLPSO) [155], Variable

Surrogate Model-Based PSO (VSM-PSO) [156], and Parallel-MS-GPRS-PSO on functions

F1, F2, F4, and F5. The data in these tables demonstrate that the Parallel-MS-GPRS-PSO

algorithm performs better than other surrogate algorithms across diverse test functions by

achieving the best objective function values. This indicates the effectiveness of the proposed

Parallel-MS-GPRS-PSO algorithm in optimizing high-dimensional objective functions. Al-
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though other surrogate methods may exhibit lower mean and standard deviation values for

certain test functions, the overall superiority of the Parallel-MS-GPRS-PSO algorithm is

evident in providing the optimal objective function values across various test functions.

The outcomes of various metaheuristic algorithms applied to 50-dimensional benchmark

test functions are summarized in Table 4.14. The algorithms evaluated include Radial Ba-

sis Functions Neighborhood Field Optimizer (aRBF-NFO) [157], Surrogate-Assisted Evo-

lutionary Algorithm with Hierarchical Surrogate Technique and Adaptive Infill Strategy

(SAEA-HAS) [158], Lipschitz Surrogate-Assisted Differential Evolution (LSADE) [159],

and Parallel-MS-GPRS-PSO, with functions F1, F2, F4, and F5 being analyzed. The re-

sults reveal that the Parallel-MS-GPRS-PSO algorithm consistently achieves the best mean

objective function values. However, the SAEA-HAS method is noted for having lower stan-

dard deviation values for certain test functions.

4.7 Summary

This chapter introduces Parallel-MS-GPRS-PSO, an advanced optimization technique

for addressing high-dimensional, constrained engineering problems. The methodology fo-

cuses on the operational optimization of SHCs to reduce AEL costs in PV-integrated dis-

tribution networks. The key outcomes from the simulations are as follows:

� The operational optimization of SHCs using the Parallel-MS-GPRS-PSO in the 33-

bus and 69-bus distribution networks results in significant reductions in AEL costs.

Specifically, the approach achieves a 9-15% reduction in AEL costs for the 33-bus net-

work and a 15-23% reduction for the 69-bus network, demonstrating its effectiveness

in optimizing operational costs in distribution networks.

� In the analysis of 100-dimensional benchmark functions, the Parallel-MS-GPRS-PSO

exhibits more significant variability in the best values achieved compared to other

PSO variants. Conversely, for 50-dimensional problems, this method shows reduced
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variability in the optimal values compared to other approaches. These findings val-

idate the Parallel-MS-GPRS-PSO’s capability to handle high-dimensional optimiza-

tion tasks effectively.

� Comprehensive testing and statistical analysis highlight the superior performance

of Parallel-MS-GPRS-PSO. It consistently outperforms conventional PSO variants

across various benchmark test functions and independent runs, validating its efficacy

in achieving the optimal objective function values.
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Simultaneous Optimization of PV

Hosting Capacity and Energy Losses

in Distribution Networks through

Operational Optimization of BESS

and SHCs

5.1 Introduction

The depletion of traditional energy sources and the rising electricity demand have driven

a global shift towards renewable energy alternatives. Integrating PV systems into distri-

bution networks has emerged as a strategy for achieving sustainability goals and reducing

carbon emissions. However, the rapid integration of PV systems into distribution networks

poses operational challenges such as over-voltage, line losses, and thermal constraints, par-

ticularly in high PV penetration areas. Additionally, the intermittent nature of solar power

complicates grid stability and reliability [160, 161]. Researchers and industry experts are
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exploring innovative solutions to address these challenges to enhance DG Hosting Ca-

pacity (DGHC) [162, 163]. Active network management technologies, including network

reconfiguration, reactive power compensation, and voltage control, have shown potential

in increasing DGHC and improving network performance [164, 165]. Numerous studies

have investigated how to boost PVHC in distribution networks. These approaches include

the optimal placement of SHCs [166], and BESS [167] to address voltage issues and maxi-

mize PV integration. Additionally, advanced control strategies for PV inverters have been

proposed to mitigate voltage fluctuations and enhance network stability [168,169].

Researchers have proposed various strategies to enhance hosting capacity and minimize

energy losses. In [170,171], a multi-objective, multi-period non-linear programming model

utilizes demand response to achieve these goals. In [172, 173], a multi-objective optimiza-

tion approach optimally allocates voltage source converters to improve PVHC and reduce

energy losses. The focus in [174] is on maximizing the hosting capacity for wind power

networks to benefit both wind farm owners and distribution network operators. A stochas-

tic multi-objective optimization model in [175] enhances hosting capacity in wind plants

by considering purchased energy costs and operation and maintenance costs. Active dis-

tribution network management through optimal capacitor switching, voltage regulator tap

adjustments, and smart PV inverter control are proposed in [176], formulated as a mixed-

integer non-linear programming model. The integration of smart inverters, particularly

during high solar radiation periods, is extensively explored in [177]. Furthermore, [178]

suggests a two-stage method to maximize hosting capacity amidst renewable energy un-

certainties, involving voltage profile adjustments and optimal PV and wind turbine plant

allocation.

Existing studies primarily focus on maximizing DGHC through various active network

management technologies and optimal allocation of compensating devices. However, several

research gaps exist, as follows:

� Integrating PV up to a certain threshold can enhance network performance by im-
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proving bus voltage magnitude, reducing energy loss, and minimizing line current

flow. Beyond this limit, network performance degrades, and energy loss increases.

Thus, there is a need for a simultaneous optimization approach to maximize PVHC

while minimizing energy loss.

� BESS and its converter can be a dispatchable source of active and reactive power.

Strategies for charging/discharging the BESS and managing reactive power based on

time-varying load and PV generation are essential to optimize this unit. Additionally,

the operational optimization of BESS to maximize PVHC while minimizing energy

losses still needs to be explored in the literature.

This chapter presents a multi-objective optimization approach to optimize PVHC and

energy losses in distribution networks simultaneously. An operational optimization strategy

is proposed to determine the VAr compensation/injection set-points for SHCs and BESS

charging/discharging set-points in response to time-varying load demand and PV genera-

tion. The selected solution approach is the multi-objective GPR Surrogate-Assisted PSO

(MO-GPRS-PSO) algorithm, which applies the Pareto dominance principle to identify a

set of non-dominated solutions, referred to as the Pareto-approximation set. The SPEA2

is incorporated within MO-GPRS-PSO for fitness assignment and solution archiving. The

key contributions of this work include:

� Developing a multi-objective planning approach for optimizing PVHC and energy

losses simultaneously in distribution networks.

� Modeling converter approaches to provide reactive power alongside BESS active power

injection, thereby maximizing PVHC and minimizing energy losses.

� Formulating an operational optimization approach to determine time-varying VAr

compensation set-points for SHCs and charging/discharging set-points for BESS. This

involves optimizing active and reactive power through a 24-hour period in response

to varying load demand and PV generation.
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Two distribution networks, the 33-bus network and the 69-bus network, are utilized for

analysis to validate the proposed approach.

5.2 Multi-objective optimization planning for PVHC and energy

loss in the distribution network

This section addresses the multi-objective optimization problem designed to optimize

both PVHC and energy loss in distribution networks simultaneously. It details the formu-

lation of this multi-objective optimization problem.

5.2.1 Multi-objective optimization problem

In a distribution network that includes PV units and BESS-integrated SHC (BESS-

SHC), SHCs provide reactive power compensation. This study focuses on optimizing the

operations of SHCs, BESS, and PVHC within the network. This optimization process,

called operational optimization, determines the optimal VAr injections by SHCs and the

hourly charging or discharging of the BESS. In this approach, the encoded particle po-

sitions are decoded to determine the total integration of PV systems, the reactive power

contributions by SHCs, and the charge or discharge operations of the BESS.

The optimization considers the following objective functions:

F1: Maximize PVHC (in %) =

∑A
i=2 PVi

PBCPL

(5.1)

F2: Minimize Energy Losses =
∑
c∈η

∑
ef∈Z

PLef(c) tc (5.2)

Here, PVi denotes the total capacity of PV systems installed at bus i within the distribution

network. The symbol A indicates the total number of buses present in the network. PBCPL

refers to the peak load of the distribution network in the base-case scenario prior to any

PV integration.
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5.2.2 Integration of PV, BESS, and SHC in the distribution network

The planning strategy is designed to minimize energy losses and maximize PVHC si-

multaneously within the distribution network. The FBS load flow algorithm is applied to

compute network voltages and currents, as outlined in Section 2.3. Following PV integra-

tion, the active power demands at the buses are adjusted hourly using Equation 2.14. The

revised reactive power demand for a bus equipped with a BESS-SHC is represented by

Equation 2.15.

The adjusted active power demand of a bus equipped with a BESS-SHC is calculated

based on whether the BESS is charging or discharging, as indicated by Equations 5.3 and

5.4.

P ′
i (t) = Pi(t)− PBESS(i)(t), if the BESS is in discharging mode (5.3)

P ′
i (t) = Pi(t) + PBESS(i)(t), if the BESS is in charging mode (5.4)

P ′
i (t) denotes the modified active power demand at bus i for hour t, accounting for

the BESS’s charging or discharging state. PBESS(i)(t) represents the active power, either

charging or discharging, of the BESS unit connected to bus i at hour t.

The BESS is considered to be in charging mode during periods of PV generation and

in discharging mode when there is no PV generation. The network’s energy losses can be

calculated after adjusting the reactive and active power demands for each hour.

5.2.3 Optimization constraints

The optimization process takes into account several constraints while optimizing the

network’s objective functions:

1. Power balance constraint: Refer to Equations 2.17 and 2.18.
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2. Voltage constraint: Refer to Equation 2.19.

3. Thermal limit constraint: Refer to Equation 2.20.

4. BESS State of Charge (SOC) constraint:

SOCmin ≤ SOC(t) ≤ SOCmax, ∀t (5.5)

where SOC(t) represents the SOC of the BESS at time t. SOCmin and SOCmax are

the minimum and maximum allowable SOC of the BESS.

5. BESS SOC balance constraint: This constraint ensures that the BESS starts and

ends the day with the same SOC, maintaining a balanced charge and discharge cycle

over 24 hours.

SOCb(tsd) = SOCb(ted) ∀b ∈ I (5.6)

where SOCb(tsd) and SOCb(ted) represent the SOC of BESS b at the beginning of the

day and the end of the day. I denotes the set of all BESS units under consideration.

6. SHC reactive power limit constraint: Refer to Equation 4.2.

Integrating PV systems beyond a certain threshold can lead to increased power losses.

As a result, efforts to maximize PVHC often lead to higher power and energy losses [179].

This creates a conflict between maximizing PVHC and minimizing energy losses, making

it necessary to employ a multi-objective optimization approach to balance both objectives

effectively. This multi-objective approach produces a set of non-dominated solutions, where

no individual solution is superior to the others [180]. Utilities can choose the most suitable

solution from this set based on their specific needs. For instance, if minimizing energy

losses is the priority, the solution with the lowest PVHC may be preferred, and vice versa.

Various multi-objective optimization techniques are available [181], such as weighted aggre-

gation, Pareto-based methods, and lexicographic ordering. In this study, the Pareto-based
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approach is employed.

5.2.4 Pareto-dominance principle

The Pareto-dominance principle [182] states that in an optimization problem with M

objectives, a solution ‘a’ is said to dominate another solution ‘b’ if the following two con-

ditions are satisfied:

1. Solution ‘a’ is not worse than solution ‘b’ across all objectives:

� For minimization objectives: ∀e, fe(a) ≤ fe(b)

� For maximization objectives: ∀e, fe(a) ≥ fe(b), where e = 1, 2, . . . ,M .

2. Solution ‘a’ is strictly better than solution ‘b’ in at least one objective:

� For minimization objectives: fh(a) < fh(b) for at least one h ∈ {1, 2, . . . ,M}

� For maximization objectives: fh(a) > fh(b) for at least one h ∈ {1, 2, . . . ,M}.

The set of all optimal non-dominated solutions is called the Pareto-optimal set.

5.3 Solution strategy: SPEA2-MO-GPRS-PSO

Multi-objective optimization is essential for managing multiple conflicting objectives

and identifying optimal trade-off solutions. This research employs the SPEA2-MO-GPRS-

PSO method to address these multi-objective challenges.

The MO-GPRS-PSO algorithm is an extension of the GPRS-PSO, adapted explicitly

for multi-objective optimization. Each particle in this approach is evaluated using multi-

ple fitness values corresponding to various objectives. Most multi-objective optimization

techniques use the Pareto-dominance principle to identify non-dominated solutions. These

solutions are graphically represented as the Pareto Approximation Front (PAF).

119
TH-3570_206102108



Chapter 5

Find set of non-dominated solutions and 

store in elite archive

Find fitness values of particles using 

SPEA2 fitness assignment strategy

iter = 1

z = 1

 z ≥ Np

 

No

Start

Input bus data and line data of the distribution network

Initialize input parameters of the network and planning 

parameters of PSO

Initialize random position and velocity of particles

Calculate energy losses and PVHC values

Determine initial Lbest and gbest

Update position and velocity 

of particles using GPRS-PSO

z = z + 1

   Update Lbest and gbest accordingly

iter = iter + 1

Stop

iter  ≥  MaxIt
No

Yes

Yes

Calculate considered objective function values

Fig. 5.1: Flow-chart for the proposed SPEA2-MO-GPRS-PSO approach
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In the SPEA2-MO-GPRS-PSO method, the process involves generating a new popula-

tion using the GPRS-PSO technique (refer to Sections 2.5.1 and 4.4.1). The non-dominated

solutions obtained from the MO-GPRS-PSO algorithm are stored in an elite archive. This

archive is crucial for assigning fitness values to the archive members and the current popu-

lation, following the SPEA2 fitness assignment strategy [183]. Fitness values are computed

based on each particle’s non-domination rank and the density of solutions in its neigh-

borhood [182]. The archive is updated iteratively with newly identified non-dominated

solutions, and the PAF is gradually being constructed. The SPEA2-MO-GPRS-PSO ap-

proach is illustrated in Figure 5.1, and the optimization parameters are detailed in Table

5.1.

Sub-

station

181 2 3 4 5 6 7 8 9 10 11 13 151412 16 17

23 24 25 26 27 28 29 30 31 32 33

19 20 21 22

BESS-SHC

Load

Buses with PV

Fig. 5.2: Incorporation of PV and BESS-SHC in 33-bus distribution network

5.4 Results and discussion

The optimization problems are solved using MATLAB/Simulink on a system with a

Ryzen 7-5800 CPU, 16GB of RAM, and a 1.9GHz processor. The approach for optimizing
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Fig. 5.3: Incorporation of PV and BESS-SHC in 69-bus distribution network

Table 5.1: Considered MO-GPRS-PSO parameters

Parameters Considered values
Inertia weight, w 0.8

Acceleration coefficient, c1 1.5
Acceleration coefficient, c2 1.5

Population size, Np 100
Surrogate threshold, siter 100

Maximum number of iterations, MaxIt 200

Table 5.2: Locations and ratings of BESS and SHC in the considered distribution networks

Parameters
33-bus network 69-bus network

Bus 13 Bus 24 Bus 30 Bus 11 Bus 18 Bus 61

BESS rated power (MW) [44] 0.880 1.190 1.150 0.564 0.420 1.878

BESS energy capacity (MWh) [44] 5.025 6.810 6.567 3.219 2.402 10.723

SHC capacity (MVA) 1.035 1.400 1.353 0.664 0.494 2.209

Maximum reactive power

provided by SHC (MVAr)
0.545 0.736 0.713 0.349 0.260 1.164
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(a) (b) (c)

Fig. 5.4: PAF obtained using the SPEA2-MO-GPRS-PSO in (a) Case-A (b) Case-B (c)
Cace-C, for 33-bus distribution network

(a) (b) (c)

Fig. 5.5: PAF obtained using the SPEA2-MO-GPRS-PSO in (a) Case-A (b) Case-B (c)
Cace-C, for 69-bus distribution network

(a) (b)

Fig. 5.6: Energy losses obtained for Solution-A in all cases for (a) 33-bus network and (b)
69-bus network
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(a) (b)

Fig. 5.7: SOC of BESS in (a) Case-B (b) Case-C, for 33-bus network

(a) (b)

Fig. 5.8: SOC of BESS in (a) Case-B (b) Case-C, for 69-bus network

PVHC and energy loss is validated on 33-bus and 69-bus radial distribution networks,

shown in Figures 5.2 and 5.3.

Three case studies are conducted with different configurations of SHC and BESS units:

1. Case-A: This represents the base-case scenario without BESS or SHC units.

2. Case-B: BESS and SHC units are incorporated into the distribution network. Dur-

ing hours of available PV generation, the BESS stores active power. Meanwhile,

it injects active power during PV non-generation hours, maintaining a constant or

rated SHC VAr output. In this case, the optimization determines the optimal charg-

ing/discharging set-points for the BESS, accounting for time-varying load and PV
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generation profiles.

3. Case-C: Similar to Case-B, Case-C also integrates BESS and SHCs into the distri-

bution network. However, Case-C focuses explicitly on optimizing both the reactive

power output of the SHC and the charging/discharging set-points of the BESS, con-

sidering the time-varying load and PV generation profiles.

To ensure network performance, bus voltage magnitude is maintained between 0.9 and

1.05 p.u [101]. Thermal limits for the 33-bus and 69-bus networks are in [102] and [99].

The daily load curve and PV generation profile are from [100], depicted in Figure 2.6.

Initial and final SOC for BESS units in a day is set at 30%, with SOC limits from 20% to

100% [184], assuming 100% charging/discharging efficiency.

Table 5.2 presents the locations and specifications of BESS in both networks [44]. SHC

ratings operate at a minimum power factor of 0.85, supplying reactive power [185]. Details

on SHC rating and maximum reactive power capability are also in Table 5.2. After integrat-

ing these components, the extent of PV integration is determined through optimization.

Each bus, except the substation, incorporates PV units uniformly. The optimization ap-

proach then regulates BESS charging/discharging and SHC operation to minimize energy

losses and maximize PVHC within the network.

5.4.1 Analysis of energy losses in distribution networks

The results of optimizing the 33-bus and 69-bus distribution networks under different

scenarios are summarized in Tables 5.3 and 5.4, respectively. The PAFs for these networks

are depicted in Figures 5.4 and 5.5. Two solutions are considered in these tables 5.3 and

5.4.

� Solution-A: The extreme solution in PAF corresponds to the minimum energy losses

� Solution-B: The extreme solution in PAF corresponds to the maximum PVHC in-

corporated into the network.
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In the 33-bus network, the base-case scenario shows energy losses of 1930.7 kWh. Op-

timization strategies in Case-A and Case-B significantly reduce energy losses. In Case-C,

energy losses are reduced to 355.69 kWh, demonstrating the effectiveness of the optimiza-

tion. This results in approximately 81.58% and 69.52% reduction in energy losses for

Solution-A and Solution-B, respectively. Similarly, the 69-bus network’s base case shows

energy losses of 2142.9 kWh, significantly reduced in Case-A and Case-B. In Case-C, energy

losses decrease to 807.4 kWh, highlighting the efficacy of the optimization technique.

Case-B shows lower energy losses in both networks than in Case-A due to the operational

optimization of BESS charging/discharging and SHC-rated VAr injection. Case-C achieves

even lower energy losses by optimizing SHC VAr injection for each hour based on load

requirements. Figure 5.6 illustrates energy losses for Solution-A over 24 hours, showing

Case-C’s consistent superiority in minimizing energy losses. These findings emphasize the

importance of optimization in reducing energy losses within distribution networks.

5.4.2 PVHC analysis in distribution networks

Table 5.3 shows that in the 33-bus network, both Case-A and Case-B exhibit notable

PVHC values. Case-C shows a substantial increase in PVHC compared to the base-case

and other scenarios, demonstrating the effectiveness of the optimization strategies. Sim-

ilarly, Table 5.4 indicates PVHC improvements in the 69-bus network, with significant

enhancements in Case-B compared to Case-A. The highest PVHC is achieved in Case-C,

underscoring the impact of optimization techniques on increasing the network’s capacity

to accommodate PV units. The maximum PVHC levels without violating constraints are

7.315 kW for the 33-bus network and 8.204 kW for the 69-bus network. These results

highlight the role of operational optimization in enhancing PVHC, promoting renewable

energy integration, and advancing sustainable energy practices.
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5.4.3 Reactive power provided by SHC

In Tables 5.3 and 5.4, the total reactive power supplied by SHCs is presented for different

scenarios in the 33-bus and 69-bus distribution networks, respectively. In Case-B, SHCs

provide rated VAr injection, improving system parameters compared to Case-A. In Case-

C, SHCs reactive power injection is optimized hourly based on load demands, minimizing

energy losses and enhancing PVHC. This highlights the importance of SHC integration and

VAr optimization for network performance.

5.4.4 SOC profiles of the BESS

The hourly charge/discharge schedules for BESSs in the 33-bus and 69-bus networks

are shown in Figures 5.7 and 5.8. These schedules illustrate optimal BESS operation,

storing energy during PV generation and discharging during non-PV generation hours,

thereby minimizing energy losses and maximizing PVHC. The BESS’s SOC remains within

prescribed limits throughout the day. Solution-B results in a higher maximum SOC than

Solution-A, as Solution-A focuses on minimizing energy losses, prioritizing PV power supply

during peak hours. Solution-B aims to maximize PVHC, leading to higher SOC storage.

Table 5.5: Comparative analysis between the proposed method and the previous method
for the 33-bus distribution network

Parameters Previous approach [44] Proposed approach

Location of PV 13, 24, 30 uniformly distributed

Rating of PV (MW) 6.033 6.033

Location of BESS 13, 24, 30 13, 24, 30

Power rating of BESS (MW) 3.220 3.220

Energy capacity of BESS (MWh) 18.402 18.402

Location of SHCs 13, 24, 30 13, 24, 30

Total rating of SHCs (MVA) 3.220 3.788

Total reactive power

provided by SHCs (MVArh)
- (Not optimized) 27.46

Energy losses (kWh) 717.90 384.96
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5.4.5 Comparison of the proposed approach with the similar approach

Table 5.5 compares the proposed methodology with the previous approach [44] for the

33-bus network. The previous method designated specific PV installation locations, while

the proposed method distributes PV uniformly across the network. For consistency, the PV

rating, load, and generation profiles from the previous study are used in the comparison.

The previous approach involves SHCs, in conjunction with the BESS, that provide only

active power compensation. In contrast, the proposed approach incorporates SHCs rated at

3.788 MVA, which provides both active and reactive power compensation. This integration,

along with the operational optimization of BESS and SHC, results in a 46.37% reduction

in energy losses, reducing them to 384.96 kWh, thereby demonstrating the superiority of

the proposed approach.

5.5 Summary

This chapter introduces a multi-objective planning approach based on SPEA2-MO-

GPRS-PSO for optimizing PVHC and energy loss in distribution networks. A coordinated

operational optimization method for BESS and SHCs is proposed to adapt to time-varying

load demand and PV generation. The simulation results provide the following insights:

� The approach significantly reduces energy losses, achieving approximately 81.58%

reduction for the 33-bus network and 62.32% for the 69-bus network in Case-C com-

pared to base-case energy losses.

� In Case-C, the maximum PVHC levels reach 196.89% for the 33-bus network and

215.77% for the 69-bus network of the base-case peak load, without violating con-

straints.

� Case-C consistently exhibits lower energy losses and higher PVHC than Case-A and

Case-B, demonstrating the effectiveness of optimizing BESS charging/discharging
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alongside SHC VAr injection.

� The difference in BESS SOC storage between maximizing PVHC and minimizing

energy losses highlights the trade-off between prioritizing PV power supply during

peak hours and storing energy in the BESS.
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Multi-Objective Optimization for

Allocating Series and Multiple

PV-Integrated Shunt Compensators

in Radial Distribution Networks

6.1 Introduction

The expanding integration of renewable energy sources may lead to distortions in voltage

and current waveforms, causing various undesirable effects [186]. Compensators such as

SEC and SHC are essential to address these power quality issues. SECs are used to reduce

voltage fluctuations [5], while SHCs are employed to mitigate harmonic distortion in line

currents [6].

Numerous strategies have been proposed in the literature to reduce voltage and cur-

rent distortions in distribution networks. Effective control techniques and optimization

methods are essential for managing these challenges [187]. Reference [188] presents a con-

trol method to minimize network disturbances caused by sensitive loads. Additionally,
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reference [189] introduces an innovative dual control strategy designed to manage power

oscillations in distribution networks that incorporate wind energy [190]. Furthermore, op-

timization techniques are required to minimize the compensator rating and determine its

optimal placement within the network [191]. Optimization techniques are typically used to

identify the optimal locations for SEC and SHC [192]. For effective mitigation of voltage

sags at load points, SECs are ideally placed near the substation bus [193]. Conversely, SHCs

should be located where harmonic distortions are most significant [78]. Detailed analysis

of SEC and SHC placement and their effectiveness is provided in references [194,195].

The existing literature primarily examines the use of single SEC and single SHC in

distribution networks, which often leads to higher VA ratings. However, reference [196]

proposes a hybrid compensator consisting of one SEC and multiple SHCs, effectively re-

ducing network losses. Although this study does not employ an optimization technique, it

manages to lower network losses despite a higher VA rating. While these studies use six

compensators, there is potential to enhance distribution network performance by reducing

the number of compensators while achieving minimal ratings and losses.

Based on the literature, this chapter presents the following contributions of the proposed

approach:

� A multi-objective planning approach is introduced, which targets the reduction of

power losses, the number of undervoltage nodes, and the total rating of compensators

within the network.

� Formulated a method to reduce the number of compensators in the network by in-

corporating one SEC and three PV-SHCs, optimized using SPEA2-MO-GPRS-PSO.

The proposed planning approach has been validated using the 33-bus and 69-bus dis-

tribution networks.
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Fig. 6.2: Phasor diagram of SEC

6.2 Modelling of compensator

In this chapter, the proposed approach involves placing an SEC and multiple PV-SHCs

within the distribution network.

6.2.1 Modelling of SEC

The SEC is designed to mitigate voltage sags by injecting voltage in series with the

distribution network. During sag conditions, the SEC operates at its maximum rating,

determined based on its ability to compensate for a maximum allowable sag of 0.8 [196].

The block diagram and phasor diagram corresponding to SEC are given in Fig. 6.1 and

6.2, respectively. From Fig.6.2, the series voltage to be injected during sag condition V sag
se
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is

V sag
se =

√
V 2
R + V ′2

R − 2VRV ′
R cos (δ′′ − δ′) (6.1)

where V sag
se represents the maximum series voltage that the SEC can provide. VR is the

receiving end voltage under normal (healthy) conditions. V ′
R is the receiving end voltage

during a sag condition. δ′ is the phase angle between the sending end voltage (VS) and the

receiving end voltage (VR) before compensation during the sag condition. δ′′ is the phase

angle between VS and VR after compensation during the sag condition.

From Fig. 6.2,

VR cos δ′′ = V ′
R cos δ′ + V sag

se sin∅ (6.2)

where ∅ represents the angle between VS and sending end current VS at the location of

the SEC.

VR sin δ′′ = V ′
R sin δ′ + V sag

se cos∅ (6.3)

By mapping VR and V ′
R onto IS,

VR cos (δ′′ +∅) = V ′
R cos (δ′ +∅) (6.4)

From Equations 6.2, 6.3 and 6.4,

δ′′ = cos−1

{
V ′
R

VR

cos (δ′ +∅)

}
−∅ (6.5)

VA rating of SEC is determined as

Sse = V sag
se Is (6.6)
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As the SEC is not connected across any PV sources, it can only provide reactive power

to the network. Therefore, V sag
se is injected perpendicular to IS. Accordingly, the total VA

rating of the SEC is equal to the reactive power of the SEC.

Qse = Sse (6.7)

VL

Ish

I˝L IL

PV

SHC

IˊL

θL

Iˊsh

VLIPV

ɸL

I˝L 

IL

Ish

Fig. 6.3: (a) Internal Block Diagram (b) Phasor diagram of PV-SHC

6.2.2 Modelling of PV-SHC

The SHC mitigates harmonics in the line current by injecting an appropriate shunt

current. In this work, the SHC is designed to integrate with a PV system, enabling active

and reactive power compensation. As PV is connected to SHC, the fraction of line current

(KPV) can be provided by the PV itself. The current compensation by PV (IPV) is evaluated

as

IPV = KPV IL (6.8)

From fig. 6.3 (b),

θL = tan−1

(
sinϕL

KPV

)
(6.9)
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Ish =
IL sinϕL

sin θL
(6.10)

where θL represents the angle between IL and Ish.

The VA rating of the PV-SHC is determined using Equation 2.7. The SHC is integrated

with the PV unit and compensates active and reactive power.

Active and reactive power ratings of PV-SHC are determined as

PPV−SHC = Ssh cos θL (6.11)

QPV−SHC = Ssh sin θL (6.12)

The PV unit is integrated into the SHC parallel to its DC link. The size of the PV

array to be installed is determined based on the active power injection capability of the

SHC.

PVi =
toh VL IPV

24 CUFPV

(6.13)

where toh is the operating hours of PV. CUFPV is the considered Capacity Utilisation

Factor of PV. Here, toh and CUF values are considered to be 5 and 0.18, respectively.

When multiple compensators are considered, adjusting the active and reactive power

demands at all buses where compensators are installed is necessary. The modified active

and reactive power demands at the location of a PV-SHC are given by:

P ′
i (t) = Pi(t)− PPV−SHC(i)(t) (6.14)

Q′
i(t) = Qi(t)−QPV−SHC(i)(t) (6.15)
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The modified reactive power demand at the location of SEC is

Q′
i(t) = Qi(t)−Qse(i)(t) (6.16)

The FBS load flow algorithm, as discussed in Section 2.3, calculates the voltages and

currents within the distribution network. Subsequently, the ratings for the SEC and PV-

SHC are determined, and an evaluation is performed to identify the number of undervoltage

nodes and to determine the power losses in the network.

6.3 Multi-objective optimization problem

This chapter presents a multi-objective approach to optimize the placement of SEC and

PV-SHC in distribution networks. The objective is to simultaneously minimize network

power losses, the number of undervoltage nodes, and the total VA rating of the compen-

sators.

The optimization process considers the following objective functions:

Objective function 1: Minimize Power Losses =
∑
ef∈Z

PLef (6.17)

Objective function 2: Minimize Rating of Compensator = Sse +
m∑
i=1

Sshi
(6.18)

Objective function 3: Minimize Number of undervoltage nodes =
∑
i∈A

Ni (6.19)

where SSEC and SSHC represent the total rating of SEC and SHCs in the network,

respectively. Ni represents a binary variable that equals 1 if node Ni is an undervoltage
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node, and 0 otherwise.

The optimization aims to minimize these objective functions while adhering to certain

constraints. These constraints ensure a power balance constraint, voltage, and thermal

constraints and require the SEC and PV-SHCs to be located at different positions (Refer

Equations 2.17-2.21).

The optimization process is conducted considering three cases:

� Case A: Optimization of objective functions 1 and 2 simultaneously.

� Case B: Optimization of objective functions 2 and 3 simultaneously.

� Case C: Optimization of objective functions 1, 2, and 3 simultaneously.

To minimize power losses, higher-rated compensators are typically required. Addi-

tionally, reducing the number of undervoltage nodes also demands higher-rated compen-

sators. Consequently, minimizing power losses, reducing undervoltage nodes, and optimiz-

ing compensator ratings often conflict. To solve these conflicting objectives, a Pareto-based

multi-objective optimization approach is employed. This approach produces a set of non-

dominated solutions, where no solution is better or worse than another [197, 198]. The

DNO can select the solution that best aligns with its specific requirements. Further details

on the Pareto dominance principle are discussed in Section 5.2.4.

6.4 SPEA2-MO-GPRS-PSO based solution approach

This chapter employs the SPEA2-MO-GPRS-PSO algorithm to determine the optimal

locations for SEC and PV-SHCs. The fundamental concepts of the GPRS-PSO algorithm

and the SPEA2-based MO-GPRS-PSO approach are briefly outlined in sections 4.4.1 and

5.3, respectively. The incorporation of SEC and PV-SHCs into the FBSLF algorithm is

detailed through Equations 6.14-6.16, while the comprehensive procedure of the FBSLF

algorithm is described in Section 2.3.

138
TH-3570_206102108



Multi-Objective Optimization for Allocating Series and Multiple PV-Integrated
Shunt Compensators in Radial Distribution Networks

Fig. 6.4: Pseudo code for the proposed SPEA2-MO-GPRS-PSO approach

The MO-GPRS-PSO-based planning algorithm employs the FBSLF subroutine to in-

corporate SEC and PV-SHCs into the distribution network. Each particle in this multi-

objective approach is represented by the locations of the SEC and PV-SHCs. The pseudo-

code for the SPEA2-MO-GPRS-PSO algorithm is illustrated in Figure 6.4. By optimizing

the objectives simultaneously, the algorithm produces a set of non-dominated solutions.
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Table 6.1: Network parameters from PAF using SPEA2-MO-GPRS-PSO for the 33-bus
network after placing SEC and designed PV-SHCs (Scenario-1)

Network parameters

Solution-1 Solution-2 Solution-3 Solution-4 Solution-5

SEC location 3 3 3 3 3

PV-SHC locations 9, 30, 6 14, 31, 30 14, 31, 13 16, 32, 15 18, 33, 16

SEC rating (MVA) 2.322 2.322 2.322 2.322 2.322

Overall SHC rating (MVA) 1.735 1.040 0.528 0.309 0.149

Total rating of compensator (MVA) 4.057 3.362 2.849 2.631 2.471

Network losses (kW) 98.74 114.7 131.4 149.3 165.9

Number of undervoltage nodes 2 6 15 16 17

Size of PV (kW) 625.63 296.29 222.55 132.69 64.01

Table 6.2: Network parameters from PAF using SPEA2-MO-GPRS-PSO for the 33-bus
network after placing SEC and conventional PV-SHCs (Scenario-2)

Network parameters

Solution-1 Solution-2 Solution-3 Solution-4 Solution-5

SEC location 3 3 3 3 3

PV-SHC locations 6, 30, 28 28, 29, 10 16, 30, 14 33, 14, 12 33, 16, 18

SEC rating (MVA) 2.322 2.322 2.322 2.322 2.322

Overall SHC rating (MVA) 0.701 0.457 0.247 0.151 0.059

Total rating of compensator (MVA) 3.023 2.779 2.569 2.473 2.381

Network losses (kW) 129.19 140.21 154.71 165.03 174.52

Number of undervoltage nodes 14 16 16 17 17

Size of PV (kW) 811.85 529.09 285.84 174.93 68.88

Table 6.3: Network parameters from PAF using SPEA2-MO-GPRS-PSO for the 69-bus
network after placing SEC and designed PV-SHCs (Scenario-1)

Network parameters

Solution-1 Solution-2 Solution-3 Solution-4 Solution-5

SEC location 3 3 3 3 3

PV-SHC locations 61, 58, 59 61, 20, 16 62, 17, 64 64, 62, 35 52, 27, 35

SEC rating (MVA) 2.796 2.796 2.796 2.796 2.796

Overall SHC rating (MVA) 1.863 1.446 0.67 0.289 0.018

Total rating of compensator (MVA) 4.659 4.24 3.466 3.085 2.814

Network losses (kW) 59.97 101.9 156.9 182.3 224.1

Number of undervoltage nodes 0 6 9 9 9

Size of PV (kW) 815.74 427.09 190.53 108.38 5.02
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Fig. 6.5: Incorporation of SEC and PV-SHC in 33-bus distribution network

6.5 Results and discussion

The effectiveness of the proposed optimization approach is tested on the 33-bus and 69-

bus radial distribution networks. Detailed information on the network data and single-line

diagrams is provided in Appendix A. Figures 6.5 and 6.6 illustrate the single-line diagrams

for one set of non-dominated solutions obtained through the Pareto-based approach. This

methodology effectively reduces the compensator rating, number of undervoltage nodes,

Table 6.4: Network parameters from PAF using SPEA2-MO-GPRS-PSO for the 69-bus
network after placing SEC and conventional PV-SHCs (Scenario-2)

Network parameters

Solution-1 Solution-2 Solution-3 Solution-4 Solution-5

SEC location 3 3 3 3 3

PV-SHC locations 59, 60, 61 61, 60, 24 63, 61, 25 62, 63, 13 52, 35, 27

SEC rating (MVA) 2.796 2.796 2.796 2.796 2.796

Overall SHC rating (MVA) 0.888 0.555 0.34 0.176 0.004

Total rating of compensator (MVA) 3.68 3.35 3.14 2.97 2.8

Network losses (kW) 128.04 153.04 175.61 203.9 224.65

Number of undervoltage nodes 6 8 9 9 9

Size of PV (kW) 1028.3 642.43 393.53 203.34 5.02
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Fig. 6.6: Incorporation of SEC and PV-SHC in 69-bus distribution network

(a) (b)

Fig. 6.7: Convergence curves showing the number of non-dominated solutions obtained at
each iteration for Case-A in the (a) 33-bus and (b) 69-bus networks using the SPEA2-MO-
GPRS-PSO approach

and power losses within the network. In this study, a bus voltage magnitude below 0.95 pu

is considered an undervoltage node [199].

This study considers two scenarios to analyze the objective functions:
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(a) (b)

Fig. 6.8: PAFs obtained for the 33-bus network using SPEA2-MO-GPRS-PSO when SEC
and designed PV-SHCs considered for (a) Case-A (b) Case-B (Scenario-1)

(a) (b)

Fig. 6.9: PAFs obtained for the 33-bus network using SPEA2-MO-GPRS-PSO when SEC
and conventional PV-SHCs considered for (a) Case-A (b) Case-B (Scenario-2)

(a) (b)

Fig. 6.10: Pareto Approximate Surfaces obtained for the 33-bus network using SPEA2-
MO-GPRS-PSO for Case-C in (a) Scenario-1 (b) Scenario-2
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(a) (b)

Fig. 6.11: PAFs obtained for the 69-bus network using SPEA2-MO-GPRS-PSO when
SEC and designed PV-SHCs considered for (a) Case-A (b) Case-B (Scenario-1)

(a) (b)

Fig. 6.12: PAFs obtained for the 69-bus network using SPEA2-MO-GPRS-PSO when
SEC and conventional PV-SHCs considered for (a) Case-A (b) Case-B (Scenario-2)

(a) (b)

Fig. 6.13: Pareto Approximate Surfaces obtained for the 69-bus network using SPEA2-
MO-GPRS-PSO for Case-C in (a) Scenario-1 (b) Scenario-2
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� Scenario 1: A single SEC is utilized, and designed PV-SHCs are implemented to

mitigate harmonics and active and reactive power compensation.

� Scenario 2: A single SEC and conventional PV-SHCs are utilized only for active

power compensation.

In multi-objective optimization, convergence plots differ from single-objective plots be-

cause the aim is to find a set of Pareto-optimal trade-offs among conflicting objectives

rather than a single optimal solution. In this work, convergence is validated by analyzing

the progression of non-dominated solutions obtained at each iteration. Figure 6.7 shows the

convergence curves for the 33-bus and 69-bus networks using the SPEA2-MO-GPRS-PSO

approach, illustrating how a diverse set of trade-offs is progressively identified.

6.5.1 Solutions obtained from PAF through multi-objective approach

In Scenario-1, the SEC is installed at bus 3, and the optimal locations for the PV-

SHCs are subsequently identified. In this scenario, the PV-SHCs provide both active and

reactive power compensation. The PAFs for Case-A and Case-B in Scenario-1 are illustrated

in Figures 6.8 and 6.11 for the 33-bus and 69-bus networks, respectively. The solutions

derived from the PAF for Case-A in these networks are quantitatively presented in Tables

6.1 and 6.3. These tables detail five solutions, highlighting the power losses, corresponding

locations, and ratings of the SEC and PV-SHCs. The PAF features two extreme solutions,

Solution-1 and Solution-5, which represent the endpoints of the PAF. The lowest network

losses characterize Solution-1, while Solution-5 has a lower VA rating for the compensator

but higher power losses. The intermediate solutions, 2, 3, and 4, offer a compromise between

compensator rating and power losses. Additionally, the tables provide data on the number

of undervoltage nodes and the PV rating for each solution.

In Scenario-2, conventional PV-SHCs operate at unity power factor, injecting only active

power into the network. The optimal locations for PV-SHCs are determined using the
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SPEA2-MO-GPRS-PSO approach, with the SEC placed at bus 3. The network parameters

obtained from the PAF for Case-A are detailed in Tables 6.2 and 6.4 for the 33-bus and

69-bus networks, respectively. These tables include the locations of the compensators,

objective function values related to power losses, and the VA ratings of the compensators

for comparison. The PAFs for Scenario-2 corresponding to Case-A and Case-B are depicted

in Figures 6.9 and 6.12 for the 33-bus and 69-bus networks, respectively. Additionally,

the Pareto Approximate Surfaces for Case-C in both Scenario-1 and Scenario-2 for both

networks are shown in Figures 6.10 and 6.13.

6.5.2 Performance comparison of scenario-1 and scenario-2

The findings from Table 6.1 and Table 6.2 reveal that Scenario-1 achieves significantly

lower power losses compared to Scenario-2, with losses in Scenario-1 being nearly half

of those in Scenario-2. This substantial loss reduction is primarily due to the combined

reactive and active power compensation provided by the PV-SHCs in Scenario-1. In this

scenario, the PV-SHC is designed to address harmonics and reactive power compensation,

resulting in a higher overall SHC rating than Scenario-2. The placement of SHCs in both

scenarios influences the subsequent sizing of PV units. As SHCs are sequentially placed,

the size of the PV system depends on the level of active and reactive power compensation

provided by the previously installed compensators. Consequently, although Scenario-2

requires a higher PV rating, Scenario-1 has a higher VA rating for the SHC. Implementing

specially designed SHCs in Scenario-1 increases the overall rating and cost of the SHCs

within the network, and it also offers the benefit of reducing the number of undervoltage

nodes. Therefore, replacing conventional PV-SHCs with these designed PV-SHC units can

effectively decrease harmonic content in the line current, provide necessary reactive power

compensation, and ultimately reduce network losses and fewer undervoltage nodes. Similar

outcomes are observed in the 69-bus network, as shown in Table 6.3 and Table 6.4.

The placement of SHCs in both scenarios influences the subsequent sizing of PV units.
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As SHCs are sequentially installed, the size of the PV system is determined by the level of

active and reactive power compensation provided by the previously installed compensators.

Consequently, while Scenario-2 requires a higher PV rating, Scenario-1 necessitates a higher

VA rating for the SHC. Implementing specially designed SHCs in Scenario-1 increases the

overall rating and cost of the SHCs within the network, but it also effectively reduces

the number of undervoltage nodes. Replacing conventional PV-SHCs with these specially

designed PV-SHC units can significantly decrease harmonic content in the line current,

provide essential reactive power compensation, and ultimately reduce network losses and

the number of undervoltage nodes.

As shown in Figures 6.8 (b) and 6.9 (b), Scenario-2 reduces the number of undervoltage

nodes in the 33-bus distribution network from 21 (in the base case) to 14. In contrast,

Scenario-1, utilizing the designed PV-SHCs, eliminates undervoltage nodes. For the 69-bus

network, the base case has 9 undervoltage nodes. Scenario-2 reduces this number to 6,

while Scenario-1 eliminates the undervoltage nodes.

Table 6.5: Network parameters obtained from SPEA2-MO-GPRS-PSO for Scenario-1 and
previous method in the 69-bus network

Parameters
Obtained values

Scenario-1 [196]

Network losses (kW) 59.97 150.9

Rating of compensator (MVA) 4.659 6.077

Number of undervoltage nodes 0 7

Location of SEC 3 3

Location of SHC 61, 58, 59 9, 19, 29, 37, 61

Total VA rating of SEC (MVA) 2.796 2.652

Total VA rating of SHC (MVA) 1.863 3.425

Total size of PV (kW) 815.74 -

6.5.3 Performance comparison of present approach with previous work

Table 6.5 highlights comparing the present study and previous similar approach [196].

In the earlier study [196], a 69-bus distribution network is analyzed without employing
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any optimization techniques. This configuration involves placing one SEC and five SHCs,

resulting in network losses of 150.9 kW and a compensator rating of 6.077 MVA.

In contrast, this study introduces a hybrid compensator approach comprising four com-

pensators, including one SEC and three SHCs, strategically positioned within the network.

These SHCs are integrated with PV units to provide active and reactive power compen-

sation. This optimized configuration reduces network losses to 59.97 kW, and the com-

pensator rating is significantly decreased to 4.66 MVA. This demonstrates a substantial

improvement in losses and compensator rating compared to the previous study, offering

cost advantages by lowering the overall compensator cost. Additionally, the new compen-

sator configuration reduces the number of undervoltage nodes. Although integrating PV

units increases the initial installation cost, it provides significant benefits by offering active

power compensation and reducing power losses.

6.6 Summary

This research presents an optimization-based methodology to minimize compensator

ratings, the number of undervoltage nodes, and power losses within the distribution net-

work. The methodology optimizes these objectives by employing the SPEA2-MO-GPRS-

PSO technique, generating a set of non-dominated solutions. It effectively identifies the

optimal locations for SEC and PV-SHC units within the distribution network. The key

findings from the study are summarized as follows:

� The proposed PV-SHCs reduce network power losses by 23.57% in the 33-bus network

and by 53.16% in the 69-bus network, compared to conventional PV-SHCs.

� The implementation of PV-SHC units eliminates undervoltage nodes, reducing their

number from 6 to 0 and 14 to 0 for the 33-bus and 69-bus networks, respectively,

through combined active and reactive power compensation.

148
TH-3570_206102108



Multi-Objective Optimization for Allocating Series and Multiple PV-Integrated
Shunt Compensators in Radial Distribution Networks

� The overall rating of the proposed compensator is 76.7% of the rating from a previ-

ously employed analytical method while also achieving reduced network power losses.

� Network power losses are reduced from 150.9 kW to 59.97 kW, representing a decrease

of approximately 60% compared to the previous similar approach.
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Conclusion

The integration of DGs, ESS, and compensators plays a crucial role in transforming

traditional distribution networks into active distribution systems. Proper planning of these

integrations is essential for managing the increasing complexity of active distribution net-

works, characterized by time-varying renewable energy generation and load demands. In

recent years, significant research has been conducted to optimize these integrations to im-

prove overall network performance. Chapter-1 provides a systematic review of various

approaches for incorporating DG, ESS, and compensators into distribution networks, orga-

nizing them according to specific objectives and methodologies highlighted in the literature.

Additionally, the importance of CPD is highlighted for its ability to mitigate voltage sags,

swells, and current harmonics in DG-integrated networks. Chapter-1 also discusses and

classifies different strategies and techniques for integrating DG and CPD into distribution

networks, categorizing them into four levels. Furthermore, integrating CPDs with ad-

vanced optimization techniques has become an essential area of research to maximize the

effectiveness of DGs and ESS in these networks. Therefore, this thesis focuses on developing

advanced optimization methods for the strategic placement and operation of DG, ESS, and

compensators. The research aims to improve the operational performance of distribution

networks by minimizing energy losses, reducing compensator ratings, maximizing economic
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benefits, and increasing PVHC. The contributions of this thesis are summarized as follows:

� In Chapter-2, the modeling of SHCs in distribution networks and their integration

using the FBS load flow algorithm is discussed. The primary goal is to minimize

energy losses across time-varying varying load and PV generation scenarios. This is

determined by optimally placing SHCs within the network using the PSO approach.

Simulation studies are conducted on two test networks, namely the 33-bus and 69-

bus networks, to evaluate the effectiveness of the SHC placement strategy in reducing

energy losses under different levels of PV penetration. Furthermore, the research in-

troduces a novel approach by evenly distributing PV generation capacity across all

network buses, representing realistic conditions in urban areas with spatial limita-

tions. The results highlight how the number of SHCs and the different levels of PV

integration impact the overall performance of the distribution network. It is found

that 2 SHCs are optimal for the 33-bus network, while 3 SHCs are optimal for the

69-bus network, showing that the number of SHCs needed depends on the network’s

size. The results indicate that optimal placement of SHCs in PV-integrated networks

can reduce energy losses by 30-35% compared to those with PV integration alone.

� In Chapter-3, an economic evaluation assesses the combined placement of PV units

and SHCs in distribution networks to maximize profit. This evaluation considers

investment costs, revenue from PV generation, and cost savings from reduced network

energy losses. The methodology identifies the optimal SHC placement for various

levels of PV penetration, considering factors such as annual load growth, seasonal

load variations, and PV generation profiles. The PSO algorithm is used to optimize

SHC placement in PV-integrated networks. The results show that increased PV

penetration leads to more significant savings in energy losses, with PV systems alone

reducing energy losses by approximately 30-40% compared to non-PV conditions.

Moreover, integrating multiple SHCs with PV units results in a 12-15% improvement
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in profit compared to networks with only PV units, demonstrating the enhanced

profitability of combining SHCs with PV systems. The chapter also highlights that

the economic benefits are significantly influenced by the level of PV penetration and

the strategic placement of SHCs, providing a comprehensive framework for economic

evaluation and decision-making in distribution network management. This analysis

underscores the importance of integrating SHCs with PV units to optimize financial

and operational performance in distribution networks.

� In Chapter-4, the Parallel-MS-GPRS-PSO algorithm is introduced, specifically de-

signed to optimize the operation of SHCs in PV-integrated distribution networks

to minimize AEL costs. This algorithm operates within a multi-swarm framework,

utilizing parallel computing for improved efficiency, incorporating knowledge-sharing

mechanisms among swarms, and GPR-based Newton’s optimization. It addresses

the challenges of high-dimensional objective functions in power distribution systems,

mainly focusing on the time-varying monthly load and PV generation curve varia-

tions. The Gaussian Probability Distribution technique estimates monthly load and

PV generation curves across residential, commercial, and industrial sectors. The

algorithm achieves significant reductions in AEL costs, ranging from 9 to 15% for

the 33-bus network and 15 to 23% for the 69-bus network, demonstrating its effec-

tiveness in reducing operational costs. Additionally, the algorithm’s performance is

evaluated on high-dimensional benchmark test functions, with comprehensive test-

ing and statistical analysis confirming its superior performance. The chapter also

provides a detailed analysis of the computational efficiency of various PSO variants,

highlighting the trade-off between computation time and optimization quality. Al-

though the Parallel-MS-GPRS-PSO algorithm requires longer computation times, it

consistently delivers better optimization results, proving its effectiveness in solving

high-dimensional problems. The method is highly adaptable to multi-dimensional op-

timization tasks, outperforming conventional PSO variants and other metaheuristic
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approaches.

� In Chapter-5, a multi-objective optimization approach is presented to maximize

PVHC and minimize energy losses in distribution networks simultaneously. The

SPEA2-MO-GPRS-PSO algorithm is utilized for this optimization, utilizing the Pareto

dominance principle to identify a set of non-dominated solutions. This method in-

tegrates SHCs and BESS in the distribution networks to provide active and reac-

tive power compensation. The approach involves optimizing SHC VAr setpoints and

BESS charging/discharging schedules in response to time-varying load demand and

PV generation. The method achieves notable reductions in energy losses, approxi-

mately 81.58% for the 33-bus network and 62.32% for the 69-bus network, compared

to base-case scenarios of 33-bus and 69-bus distribution networks, respectively. It also

increases PVHC to 196.89% and 215.77% of the base-case peak load for the respec-

tive networks. The proposed method also demonstrates a 46.37% reduction in energy

losses compared to the previous similar approach that provided only active power

compensation through BESS-SHC. The results highlight the effectiveness of the pro-

posed approach in optimizing the operations of both SHCs and BESS, achieving a

trade-off between increasing PVHC and reducing energy losses.

� In Chapter-6, a multi-objective optimization approach is performed to determine the

optimal placement of SEC and PV-SHC in distribution networks. The chapter briefly

overviews the modeling for both SEC and PV-SHC. The primary goals of this opti-

mization are to minimize power losses, the number of undervoltage nodes, and the

total VA rating of compensators. The SPEA2-MO-GPRS-PSO algorithm addresses

these objectives across three scenarios: minimizing power losses and compensator

rating, minimizing power losses and undervoltage nodes, and minimizing all three

objectives simultaneously. This method is validated on a 33-bus and 69-bus radial

distribution network, where PV-SHCs are designed to provide both active and reactive
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power compensation to reduce harmonic content in the line current. Meanwhile, the

SEC mitigates voltage sags and swells through reactive power compensation. The op-

timization results demonstrate a significant reduction in power losses and the number

of undervoltage nodes compared to the base-case network. Additionally, the chapter

compares the proposed approach with previous similar work, noting a substantial de-

crease in network losses from 150.9 kW to 59.97 kW and a reduction in compensator

rating from 6.077 MVA to 4.66 MVA. The results highlight notable improvements

in network performance, including reduced power losses, lower compensator ratings,

and the elimination of undervoltage nodes.

The major conclusions of the thesis are summarized as follows:

� Energy losses in PV-integrated distribution networks are significantly reduced through

the optimal placement of SHCs for various levels of PV penetration. This results in

a 30-35% reduction in energy losses compared to networks with PV systems alone.

� The results demonstrate that increasing the penetration of PV systems significantly

reduces energy losses, with PV systems alone contributing to a 30-40% reduction

in energy losses compared to scenarios without PV installations. Furthermore, the

integration of SHCs with PV systems leads to a notable improvement in profitability,

with an increase of 12-15% in profit over networks that only utilize PV systems.

� An operational optimization approach for SHCs minimizes the AEL costs in PV-

integrated networks, particularly under time-varying load and PV generation con-

ditions. This results in AEL cost reductions of 9-15% for the 33-bus network and

15-23% for the 69-bus network.

� A multi-objective planning approach, incorporating SPEA2-MO-GPRS-PSO, has

been developed to simultaneously maximize PVHC and minimize energy losses in

distribution networks. Additionally, the operational optimization of time-varying set-

points for SHCs reactive power injection, as well as BESS charging and discharging,
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results in significant reductions in energy losses—by 81.58% for the 33-bus network

and 62.32% for the 69-bus network—compared to the base case.

� The optimal placement of SEC and multiple PV-SHC units simultaneously minimizes

power losses, reduces the overall rating of compensators, and eliminates undervoltage

nodes in the network. Specifically, the integration of PV-SHC units reduces network

power losses by 53.16% and eliminates undervoltage nodes, decreasing their number

from 6 to 0, through both real and reactive power compensation.

Numerous practical considerations can be integrated into the planning models. Future

investigations should address the following aspects:

� Development of planning approaches for unbalanced and mesh/ring distri-

bution networks: While the present study focuses on balanced radial distribution

networks, future work can include unbalanced networks. Additionally, this study’s

methodologies and optimization techniques can be adapted for application in ring or

meshed distribution networks. This adaptation necessitates developing and imple-

menting advanced algorithms capable of managing the complexities of these diverse

network configurations.

� Coordinated control strategy for multiple SHCs and BESS units: Multiple

SHCs and BESS units are strategically placed throughout the network, necessitat-

ing a coordinated approach to adjust their internal settings and exchange VAR and

charging/discharging data during fluctuations in load and generation. Chapters 4

and 5 provide a framework for determining variable VAR and charging/discharging

set-points for SHCs and BESS units under varying load and generation conditions.

However, specific control schemes for their inverters are not proposed. Therefore,

there is a need for a coordinated control strategy to optimize SHC and BESS oper-

ations and achieve optimal objectives in distribution networks during time-varying
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load and generation patterns. Specifically, in PV-integrated networks with BESS-

SHC integration, a control scheme is essential to effectively coordinate the inverters

of SHCs, PVs, and BESS units.

� Incorporation of uncertainties in load and PV generation profiles: The

present research has focused on optimizing objective functions under time-varying

load and PV generation profiles. Future efforts could involve developing techniques

to predict uncertainties related to both load and PV generation patterns. This ex-

tension could utilize historical data and various forecasting methods to predict these

uncertainties more effectively, necessitating further investigation.

� Sensitivity analysis of SHCs to simulation parameters: The operational ef-

fectiveness and performance of the proposed SHCs could potentially be affected by

changes in simulation parameters. Thus, a thorough sensitivity analysis of SHCs to

a wide range of simulation parameters is essential.
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Appendix A

This Appendix provides a comprehensive collection of simulation data for all the test

networks examined, including bus data, line data, base MVA, base kV, and other relevant

parameters. The bus data outlines the active and reactive power demands at each bus

within the network, while the line data details the connections between buses, including

the resistance and reactance of the network’s lines.

Sub-

station
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23 24 25 26 27 28 29 30 31 32 33

19 20 21 22

Load

Fig. A.1: 33-bus distribution network
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Table A.1: Load data and Line data of the 33-bus distribution network

Load Data Line Data
Bus Active Reactive Branch From To Resistance Reactance
No. Power (kW) Power (kVAr) No. Bus Bus (Ω) (Ω)
1 0 0 1 1 2 0.0922 0.0470
2 100 60 2 2 3 0.4930 0.2511
3 90 40 3 3 4 0.3660 0.1864
4 120 80 4 4 5 0.3811 0.1941
5 60 30 5 5 6 0.8190 0.7070
6 60 20 6 6 7 0.1872 0.6188
7 200 100 7 7 8 0.7114 0.2351
8 200 100 8 8 9 1.0300 0.7400
9 60 20 9 9 10 1.0440 0.7400
10 60 20 10 10 11 0.1966 0.0650
11 45 30 11 11 12 0.3744 0.1238
12 60 35 12 12 13 1.4680 1.1550
13 60 35 13 13 14 0.5416 0.7129
14 120 80 14 14 15 0.5910 0.5260
15 60 10 15 15 16 0.7463 0.5450
16 60 20 16 16 17 1.2890 1.7210
17 60 20 17 17 18 0.7320 0.5740
18 90 40 18 2 19 0.1640 0.1565
19 90 40 19 19 20 1.5042 1.3554
20 90 40 20 20 21 0.4095 0.4784
21 90 40 21 21 22 0.7089 0.9373
22 90 40 22 3 23 0.4512 0.3083
23 90 50 23 23 24 0.8980 0.7091
24 420 200 24 24 25 0.8960 0.7011
25 420 200 25 6 26 0.2030 0.1034
26 60 25 26 26 27 0.2842 0.1447
27 60 25 27 27 28 1.0590 0.9337
28 60 20 28 28 29 0.8042 0.7006
29 120 70 29 29 30 0.5075 0.2585
30 200 600 30 30 31 0.9744 0.9630
31 150 70 31 31 32 0.3105 0.3619
32 210 100 32 32 33 0.3410 0.5302
33 60 40 – – – – –
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A.1 Simulation data for the 33-bus radial distribution network

The 33-bus radial distribution network consists of a single feeder connected to one

substation. Bus 1 is the substation bus, with all other buses designated as load buses. The

simulation data for this network is sourced from [98]. Detailed bus and line data for the

network are presented in Table A.1. The network operates with a base capacity of 100

MVA and a base voltage of 12.66 kV. The single-line diagram of the 33-bus network is

provided in Fig. A.1.
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Fig. A.2: 69-bus distribution network

A.2 Simulation data for the 69-bus radial distribution network

The 69-bus radial distribution network comprises a single feeder connected to a substa-

tion. In this network, Bus 1 serves as the substation bus, with all other buses designated
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Table A.2: Line data of the 69-bus distribution network

From To Resistance Reactance From To Resistance Reactance
Bus Bus (Ω) (Ω) Bus Bus (Ω) (Ω)

1 2 0.0005 0.0012 3 36 0.0044 0.0108

2 3 0.0005 0.0012 36 37 0.0640 0.1565

3 4 0.0015 0.0036 37 38 0.1053 0.1230

4 5 0.0251 0.0294 38 39 0.0304 0.0355

5 6 0.3660 0.1864 39 40 0.0018 0.0021

6 7 0.3810 0.1941 40 41 0.7283 0.8509

7 8 0.0922 0.0470 41 42 0.3100 0.3623

8 9 0.0493 0.0251 42 43 0.0410 0.0478

9 10 0.8190 0.2707 43 44 0.0092 0.0116

10 11 0.1872 0.0619 44 45 0.1089 0.1373

11 12 0.7114 0.2351 45 46 0.0009 0.0012

12 13 1.0300 0.3400 4 47 0.0034 0.0084

13 14 1.0440 0.3450 47 48 0.0851 0.2083

14 15 1.0580 0.3496 48 49 0.2898 0.7091

15 16 0.1966 0.0650 49 50 0.0822 0.2011

16 17 0.3744 0.1238 8 51 0.0928 0.0473

17 18 0.0047 0.0016 51 52 0.3319 0.1114

18 19 0.3276 0.1083 9 53 0.1740 0.0886

19 20 0.2106 0.0690 53 54 0.2030 0.1034

20 21 0.3416 0.1129 54 55 0.2842 0.1447

21 22 0.0140 0.0046 55 56 0.2813 0.1433

22 23 0.1591 0.0526 56 57 1.5900 0.5337

23 24 0.3463 0.1145 57 58 0.7837 0.2630

24 25 0.7488 0.2475 58 59 0.3042 0.1006

25 26 0.3089 0.1021 59 60 0.3861 0.1172

26 27 0.1732 0.0572 60 61 0.5075 0.2585

3 28 0.0044 0.0108 61 62 0.0974 0.0496

28 29 0.0640 0.1565 62 63 0.1450 0.0738

29 30 0.3978 0.1315 63 64 0.7105 0.3619

30 31 0.0702 0.0232 64 65 1.0410 0.5302

31 32 0.3510 0.1160 11 66 0.2012 0.0611

32 33 0.8390 0.2816 66 67 0.0047 0.0014

33 34 1.7080 0.5646 12 68 0.7394 0.2444

34 35 1.4740 0.4873 68 69 0.0047 0.0016
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Table A.3: Load data of the 69-bus distribution network

Bus Active Reactive Bus Active Reactive
No. Power (kW) Power (kVAr) No. Power (kW) Power (kVAr)

1 0 0 36 26 18.55

2 0 0 37 26 18.55

3 0 0 38 0 0

4 0 0 39 24 17

5 0 0 40 24 17

6 2.6 2.2 41 1.2 1

7 40.4 30 42 0 0

8 75 54 43 6 4.3

9 30 22 44 0 0

10 28 19 45 39.22 26.3

11 145 104 46 39.22 26.3

12 145 104 47 0 0

13 8 5 48 79 56.4

14 8 5.5 49 384.7 274.5

15 0 0 50 384.7 274.5

16 45.5 30 51 40.5 28.3

17 60 35 52 3.6 2.7

18 60 35 53 4.35 3.5

19 0 0 54 26.4 19

20 1 0.6 55 24 17.2

21 114 81 56 0 0

22 5 3.5 57 0 0

23 0 0 58 0 0

24 28 20 59 100 72

25 0 0 60 0 0

26 14 10 61 1244 888

27 14 10 62 32 23

28 26 18.6 63 0 0

29 26 18.6 64 227 162

30 0 0 65 59 42

31 0 0 66 18 13

32 0 0 67 18 13

33 14 10 68 28 20

34 19.5 14 69 28 20

35 6 4 - - -
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as load buses. The simulation data for the 69-bus network is obtained from [99]. The bus

and line data are detailed in Tables A.3 and A.2, respectively. The network operates with

a base power of 10 MVA and a base voltage of 12.66 kV. The single-line diagram of the

69-bus network is provided in Fig. A.2.
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