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Abstract 

Transmission power losses significantly affect the efficiency, reliability, and economic op-

eration of modern electrical power systems. This study proposes a Hybrid Genetic Algo-

rithm–Particle Swarm Optimization (HGAPSO) framework for transmission loss minimi-

zation in the IEEE 118-bus power system. The proposed approach combines the global 

exploration capability of Genetic Algorithms (GAs) with the rapid convergence character-

istics of Particle Swarm Optimization (PSO) to optimize generator voltage settings, trans-

former tap positions, and reactive power compensation while satisfying all operational 

constraints. The HGAPSO framework was developed and implemented in MATLAB 

R2024a and evaluated using the IEEE 118-bus test system. The simulation results demon-

strate that the proposed method reduced transmission losses from 132.8 MW under the 

base-case condition to 98.6 MW, representing a 25.75% reduction in total network losses. 

In addition, the optimized operating conditions improved the minimum bus voltage from 

0.914 p.u. to 0.972 p.u., while the average voltage deviation decreased from 0.062 p.u. to 

0.019 p.u. These voltage profile improvements were achieved as secondary benefits of the 

transmission loss minimization process and the enforcement of system operating con-

straints. Furthermore, the HGAPSO algorithm exhibited superior convergence perfor-

mance, reaching the optimal solution within 82 iterations compared to 185 iterations for 

GA and 124 iterations for PSO. The results confirm that the proposed HGAPSO frame-

work provides effective transmission loss reduction, faster convergence, and reliable net-

work operation compared with standalone optimization techniques. The proposed meth-

odology offers a robust and computationally efficient solution for large-scale power sys-

tem optimization, optimal power flow studies, and smart grid applications. 

Keywords: HGAPSO; transmission loss minimization; optimal power flow; power system 

optimization; smart grid; energy management 

 

1. Introduction 

The electrical power grid forms the backbone of modern economic and social devel-

opment by supplying energy to residential, commercial, industrial, and transportation 

sectors [1]. As global electricity consumption continues to rise, power systems are re-

quired to accommodate increasing demand while maintaining high levels of reliability, 

efficiency, and operational security. The rapid growth of urban populations, industrial 

activities, and electrified transportation has further intensified the need for effective 

power system management [2]. At the same time, the transition toward cleaner energy 
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sources has led to the widespread integration of renewable energy technologies, distrib-

uted generation units, and energy storage systems into existing grid infrastructures. While 

these advancements offer significant environmental and economic benefits, they also in-

troduce additional complexity into power system operation. Consequently, modern 

power networks require advanced optimization and control strategies capable of ensuring 

stable, efficient, and sustainable electricity delivery under increasingly dynamic operating 

conditions [3]. The relationship between increasing electricity demand, grid moderniza-

tion, and the role of optimization techniques in enhancing power system performance is 

illustrated in Figure 1. One of the major concerns in power system operation is the occur-

rence of transmission line losses. Power losses occur during the transmission and distri-

bution of electrical energy due to the inherent resistance of conductors and the operating 

conditions of network components. Excessive transmission losses reduce system effi-

ciency, increase operational costs, and limit the ability of utilities to deliver electricity ef-

fectively [4]. As power networks continue to grow in complexity, minimizing transmis-

sion losses has become an essential objective for system operators. Efficient load schedul-

ing and optimal utilization of generation resources play a vital role in reducing losses 

while maintaining acceptable voltage profiles and network security. 

 

Figure 1. Overview of the modern power grid highlighting increasing electricity demand, grid com-

ponents, and the role of optimization in improving efficiency, reliability, and sustainability. 

Traditional approaches for power system optimization have focused on solving 

problems such as economic dispatch, unit commitment, optimal power flow, and load 

management using deterministic mathematical techniques. Although these methods can 

provide accurate solutions under simplified conditions, they often face difficulties when 

applied to large-scale power systems characterized by nonlinear relationships, multiple 

constraints, and dynamic operating conditions [5]. Furthermore, the increasing penetra-

tion of renewable energy resources introduces uncertainties that make conventional opti-

mization approaches less effective in achieving global optimal solutions within practical 

computational times. To address these limitations, researchers have increasingly adopted 
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intelligent optimization techniques capable of handling complex and multidimensional 

optimization problems. Metaheuristic algorithms have emerged as powerful tools due to 

their ability to search for large solution spaces efficiently without requiring strict mathe-

matical assumptions. Among these techniques, Genetic Algorithms (GAs) and Particle 

Swarm Optimization (PSO) have received significant attention in power system applica-

tions [6]. A GA utilizes principles of natural evolution, including selection, crossover, and 

mutation, to identify optimal solutions, whereas PSO mimics the social behavior of parti-

cle populations to rapidly converge toward promising search regions. Both techniques 

have demonstrated considerable success in solving optimization problems related to eco-

nomic dispatch, optimal power flow, reactive power compensation, network reconfigura-

tion, and transmission loss minimization. 

Despite their advantages, individual optimization algorithms possess inherent limi-

tations. Genetic Algorithms often require longer computational times and may experience 

slow convergence when dealing with high-dimensional optimization problems. Con-

versely, Particle Swarm Optimization exhibits fast convergence characteristics but can suf-

fer from premature convergence and entrapment in local optima [7]. These limitations 

have motivated researchers to develop hybrid optimization approaches that combine the 

strengths of multiple algorithms while mitigating their weaknesses. The integration of 

GAs and PSO into a Hybrid Genetic Algorithm–Particle Swarm Optimization (HGAPSO) 

framework provides a balanced optimization strategy that enhances both exploration and 

exploitation capabilities during the search process. HGAPSO has emerged as an effective 

optimization technique for addressing complex engineering problems due to its ability to 

achieve high-quality solutions with improved convergence performance. By combining the 

global search capability of Genetic Algorithms with the rapid convergence characteristics of 

Particle Swarm Optimization, HGAPSO can effectively navigate complex solution spaces 

and identify optimal operating conditions [8]. This makes the technique particularly suitable 

for large-scale power system optimization where multiple operational constraints must be 

satisfied simultaneously. Furthermore, the adaptability of HGAPSO enables its application 

to a wide range of power system problems, including transmission loss reduction, voltage 

stability enhancement, load scheduling, and optimal resource allocation. 

Problem Statement, Research Objectives, and Contributions 

As discussed in the preceding section, modern power systems are experiencing un-

precedented levels of complexity due to increasing electricity demand, expanding trans-

mission networks, and the integration of renewable energy resources. While these devel-

opments have improved the flexibility and sustainability of power systems, they have also 

introduced significant operational challenges related to transmission loss management, 

load scheduling, and overall system efficiency. Consequently, the need for advanced op-

timization techniques capable of addressing these challenges has become increasingly im-

portant [9]. Despite the considerable progress achieved in power system optimization, 

minimizing transmission line losses while maintaining efficient grid operation remains a 

significant challenge. Transmission losses continue to affect the economic and technical 

performance of power systems by reducing energy delivery efficiency and increasing op-

erational costs. As power networks grow in complexity, traditional optimization methods 

often struggle to provide optimal solutions within acceptable computational times [10]. 

Furthermore, the nonlinear characteristics of large-scale power systems and the presence 

of multiple operational constraints make the optimization process increasingly difficult. 
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Conventional optimization techniques have been extensively applied to solve power 

system problems such as economic dispatch, optimal power flow, and load scheduling. 

However, many of these approaches are prone to premature convergence, limited explo-

ration capabilities, and reduced effectiveness when applied to highly interconnected 

power networks [11]. In addition, deterministic methods frequently encounter difficulties 

in handling the nonlinear and non-convex nature of modern power system optimization 

problems, resulting in suboptimal operating conditions and increased transmission losses. 

Although Genetic Algorithms and Particle Swarm Optimization have individually 

demonstrated promising performance in power system optimization applications, each 

technique exhibits inherent limitations. Genetic Algorithms possess strong global search 

capabilities but often require longer convergence times, whereas Particle Swarm Optimi-

zation offers rapid convergence but may become trapped in local optima. Consequently, 

there is a need for a hybrid optimization approach that combines the strengths of both 

techniques while mitigating their individual weaknesses [12]. 

To improve the clarity of the research methodology and provide readers with a con-

cise overview of this study, the overall development and deployment framework of the 

proposed HGAPSO methodology is presented in Figure 2. The framework illustrates the 

logical progression of this research from the initial problem identification to the potential 

deployment of the proposed optimization approach. The first phase focuses on defining 

the research problem by identifying the challenges associated with transmission loss min-

imization and voltage regulation in large-scale power systems. This is followed by a com-

prehensive literature review, mathematical formulation of the optimization problem, and 

modeling of the IEEE 118-bus test system, which collectively establish the theoretical foun-

dation for the proposed methodology. The second phase, highlighted as the primary con-

tribution of this study, presents the development and implementation of the Hybrid Ge-

netic Algorithm–Particle Swarm Optimization (HGAPSO) framework. This phase in-

cludes the integration of the global search capability of the Genetic Algorithm with the 

local exploitation capability of Particle Swarm Optimization to improve convergence and 

optimization performance. The framework was implemented in MATLAB R2024a and 

evaluated using the IEEE 118-bus test system. Comprehensive performance analyses were 

conducted by assessing transmission loss minimization, voltage profile improvement, 

computational efficiency, and comparative performance against the standalone GA and 

PSO algorithms. The final phase of the framework illustrates the validation and future 

deployment of the proposed methodology. Although the present work validates the ef-

fectiveness of the HGAPSO framework using the IEEE 118-bus benchmark system, the 

framework is designed to be scalable and applicable to larger transmission networks and 

practical smart grid environments. Future work will focus on extending the proposed ap-

proach to larger benchmark systems, integrating real-time operational data, and support-

ing advanced smart grid applications. Consequently, Figure 2 provides a comprehensive 

roadmap of the completed research activities and the anticipated future developments, 

enabling readers to clearly distinguish the contributions achieved in this study from the 

planned deployment stages. 
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Figure 2. Overall development and deployment framework of the proposed HGAPSO methodology 

for transmission loss minimization in the IEEE 118-bus power system. 

To address these challenges, this study proposes a Hybrid Genetic Algorithm–Parti-

cle Swarm Optimization (HGAPSO) framework for optimal load scheduling and trans-

mission loss minimization in the IEEE 118-bus test system. The proposed framework aims 

to identify optimal operating conditions that reduce transmission losses while satisfying 

network operational constraints. By integrating the exploration capability of Genetic Algo-

rithms with the exploitation capability of Particle Swarm Optimization, the proposed ap-

proach seeks to improve solution quality, enhance convergence performance, and increase 

overall power system efficiency. The principal contributions of this study are as follows: 

• Development of an HGAPSO-based optimization framework for transmission loss 

minimization and optimal load scheduling. 

• Application of the proposed methodology to the IEEE 118-bus test system to evaluate 

its effectiveness in a realistic large-scale transmission network. 

• Determination of optimal operating conditions that minimize transmission losses 

while maintaining system operational constraints. 

• Assessment of the effectiveness of the proposed framework through simulation stud-

ies conducted in MATLAB R2024a. 

• Evaluation of system performance based on transmission loss reduction, conver-

gence characteristics, and computational efficiency. 

The remainder of this paper is organized as follows: Section 2 presents the literature 

review. Section 3 describes the proposed methodology and system modeling. Section 4 

presents the simulation results and discussion, while Section 5 concludes this paper and 

provides recommendations for future work. 
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2. Literature Review 

Over the years, numerous optimization techniques have been developed and applied 

to power system problems, including economic dispatch, optimal power flow, network 

reconfiguration, load scheduling, and transmission loss minimization. These techniques 

range from classical mathematical programming approaches to advanced metaheuristic 

algorithms inspired by natural and evolutionary processes. This chapter reviews the ex-

isting literature related to power system optimization, transmission loss minimization, 

Genetic Algorithms, Particle Swarm Optimization and Research Gap. 

2.1. Overview of Power Grid Optimization 

The growing complexity of modern power systems has led to the development of 

numerous optimization techniques aimed at improving operational efficiency, reducing 

transmission losses, enhancing voltage stability, and minimizing operational costs. These 

optimization approaches range from conventional mathematical programming methods 

to advanced metaheuristic and hybrid optimization algorithms. Each technique possesses 

unique characteristics, advantages, and limitations that influence its suitability for differ-

ent power system applications. Conventional methods such as Linear Programming (LP), 

Nonlinear Programming (NLP), and Dynamic Programming (DP) have historically pro-

vided structured solutions to optimization problems; however, their effectiveness is often 

constrained when dealing with nonlinear, non-convex, and large-scale power systems 

[13,14]. Consequently, researchers have increasingly adopted intelligent optimization 

techniques such as Genetic Algorithms (GAs), Particle Swarm Optimization (PSO), Ant 

Colony Optimization (ACO), Grey Wolf Optimization (GWO), and Differential Evolution 

(DE) to address the complexities associated with modern power networks. More recently, 

hybrid optimization approaches such as Hybrid Genetic Algorithm–Particle Swarm Op-

timization (HGAPSO) have emerged to combine the strengths of multiple algorithms and 

overcome their individual limitations. Table 1 presents a summary of the most widely 

used optimization techniques in power system applications, highlighting their operating 

principles, major applications, advantages, and limitations. 

Table 1. Summary of Power Grid Optimization Techniques. 

Optimization Tech-

nique 

Principle Power System Applica-

tions 

Advantages Limitations Citation 

Linear Programming 

(LP) 

Optimizes a linear objec-

tive function subject to lin-

ear constraints 

Economic dispatch, gener-

ation scheduling 

Simple implementation, 

fast computation 

Limited to linear 

problems, poor han-

dling of nonlinear 

systems 

[15] 

Nonlinear Program-

ming (NLP) 

Solves optimization prob-

lems with nonlinear objec-

tive functions and con-

straints 

Optimal power flow, volt-

age control 

Accurate for nonlinear 

systems 

Computationally in-

tensive for large net-

works 

[16,17] 

Dynamic Program-

ming (DP) 

Breaks complex problems 

into smaller sub-problems 

Unit commitment, hydro-

thermal scheduling 

Provides optimal solu-

tions 

Suffers from dimen-

sionality issues 

[18] 

Genetic Algorithm 

(GA) 

Evolutionary algorithm 

based on natural selection 

and genetics 

Economic dispatch, trans-

mission loss minimiza-

tion, network reconfigura-

tion 

Strong global search ca-

pability, avoids local op-

tima 

Slow convergence, 

high computational 

requirements 

[19] 

Particle Swarm Opti-

mization (PSO) 

Swarm intelligence algo-

rithm based on social be-

havior of particles 

Optimal power flow, reac-

tive power optimization, 

DG placement 

Fast convergence, easy 

implementation 

Premature conver-

gence, local opti-

mum trapping 

[20,21] 

Ant Colony Optimiza-

tion (ACO) 

Mimics foraging behavior 

of ants 

Network reconfiguration, 

routing optimization 

Good exploration capa-

bility 

Slow convergence in 

large-scale problems 

[22] 
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Differential Evolution 

(DE) 

Population-based optimi-

zation using mutation and 

crossover 

Economic dispatch, re-

newable energy optimiza-

tion 

Robust search perfor-

mance 

Sensitive to parame-

ter settings 

[23] 

Grey Wolf Optimiza-

tion (GWO) 

Mimics hunting behavior 

of grey wolves 

Power system scheduling, 

loss reduction 

Balanced exploration 

and exploitation 

Performance may 

degrade in highly 

complex systems 

[24,25] 

Hybrid Genetic Algo-

rithm–Particle Swarm 

Optimization 

(HGAPSO) 

Combines GA exploration 

and PSO exploitation ca-

pabilities 

Load scheduling, optimal 

power flow, transmission 

loss minimization 

Improved convergence 

speed, enhanced solu-

tion quality, robust per-

formance 

- [26] 

From Table 1, it can be observed that no single optimization technique can address 

all power system optimization challenges effectively. Conventional optimization methods 

provide computational efficiency but often struggle with nonlinear and large-scale prob-

lems. Metaheuristic algorithms offer improved search capabilities and flexibility but may 

experience issues such as slow convergence or premature convergence. Hybrid optimiza-

tion techniques, particularly HGAPSO, address many of these limitations by combining 

the complementary strengths of Genetic Algorithms and Particle Swarm Optimization 

[27]. As a result, HGAPSO has emerged as a promising optimization framework for com-

plex power system applications involving transmission loss minimization, load schedul-

ing, and optimal power flow in large-scale transmission networks. 

2.2. Transmission Loss Minimization in Power Systems 

Transmission loss minimization is one of the most important objectives in power sys-

tem operation and optimization. Electrical energy generated at power stations must be 

transmitted through transmission and distribution networks before reaching end-users. 

During this process, a portion of the generated energy is lost due to the electrical resistance 

of transmission lines, transformer losses, corona losses, and other network-related factors. 

These losses reduce the overall efficiency of the power system, increase operational costs, 

and require additional power generation to satisfy consumer demand [28]. Consequently, 

minimizing transmission losses has become a critical concern for power utilities, system 

operators, and researchers. Several factors influence the magnitude of transmission losses 

in power systems. These include network topology, conductor characteristics, voltage lev-

els, power factor, load distribution, generation dispatch patterns, and transmission line 

lengths [29]. Improper load allocation, poor reactive power management, and inefficient 

generation scheduling can significantly increase losses throughout the network. There-

fore, effective system planning and optimization are essential for minimizing these losses 

and improving overall system efficiency. Transmission loss minimization offers numer-

ous technical, economic, and environmental benefits. From a technical perspective, reduc-

ing transmission losses improves system efficiency, enhances voltage regulation, and in-

creases network reliability. Economically, lower losses reduce operating expenses by de-

creasing the amount of generation required to meet consumer demand. Environmentally, 

loss reduction contributes to lower greenhouse gas emissions by reducing fuel consump-

tion in conventional power plants [30]. Consequently, transmission loss minimization 

plays an important role in supporting sustainable power system development. 

Various methods have been proposed to reduce transmission losses in electrical 

power systems. Traditional approaches include optimal power flow (OPF), economic dis-

patch, reactive power compensation, capacitor placement, transformer tap optimization, 

and network reconfiguration. These techniques aim to improve power flow distribution 

and reduce unnecessary current circulation throughout the network. Although effective 

under certain operating conditions, many conventional approaches encounter difficulties 

when applied to large-scale transmission systems characterized by nonlinear operating 
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constraints and dynamic loading conditions [31]. The increasing complexity of modern 

power systems has encouraged the adoption of advanced optimization techniques for 

transmission loss minimization. Metaheuristic algorithms such as Genetic Algorithms 

(GAs), Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), Grey Wolf 

Optimization (GWO), Differential Evolution (DE), and Artificial Bee Colony (ABC) have 

demonstrated significant success in solving transmission loss reduction problems. These 

algorithms can explore large solution spaces and identify near-optimal solutions without 

requiring complex mathematical formulations. Among these optimization techniques, 

Genetic Algorithms and Particle Swarm Optimization have received considerable atten-

tion due to their ability to effectively solve nonlinear and multi-constrained optimization 

problems [32]. Genetic Algorithms provide strong global search capabilities through evo-

lutionary operators such as selection, crossover, and mutation. Conversely, Particle 

Swarm Optimization offers fast convergence through collaborative interactions among 

particles within the search space. However, both approaches exhibit certain limitations 

when applied independently. Genetic Algorithms may experience slow convergence 

rates, while Particle Swarm Optimization may suffer from premature convergence and 

local optimum trapping [33,34]. To overcome these limitations, researchers have increas-

ingly explored hybrid optimization approaches that combine the strengths of multiple 

algorithms. Hybrid Genetic Algorithm–Particle Swarm Optimization (HGAPSO) has 

emerged as a particularly promising technique for transmission loss minimization. 

By integrating the exploration capability of Genetic Algorithms with the exploitation 

capability of Particle Swarm Optimization, HGAPSO enhances convergence performance 

and improves solution quality [35]. This hybrid approach enables more effective identifi-

cation of optimal operating conditions that minimize transmission losses while satisfying 

system constraints. In modern smart grids, transmission loss minimization has become 

increasingly important due to the growing penetration of renewable energy resources, 

distributed generation, energy storage systems, and electric vehicles. These technologies 

introduce uncertainty, intermittency, and operational complexity, making conventional 

optimization approaches less effective [36]. Recent advances in artificial intelligence have 

introduced alternative optimization and decision-making techniques, including Deep Re-

inforcement Learning (DRL), Graph Neural Networks (GNNs), Physics-Informed Neural 

Networks (PINNs), and Transformer-based models. While these methods have demon-

strated promising performance in forecasting, control, and energy management applica-

tions, they generally require large training datasets, significant computational resources, 

and extensive model tuning. In contrast, HGAPSO provides a relatively simple and com-

putationally efficient optimization framework that does not require prior training and can 

be directly applied to constrained power system optimization problems. Table 2 summa-

rizes major transmission loss minimization techniques reported in the literature and high-

lights their strengths and limitations. As shown in Table 2, hybrid optimization ap-

proaches generally provide superior performance compared with standalone optimiza-

tion techniques due to their ability to balance global exploration and local exploitation. 

Consequently, the proposed study adopts HGAPSO as the primary optimization tech-

nique for transmission loss minimization in the IEEE 118-bus power system [37]. 
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Table 2. Comparison of Transmission Loss Minimization Techniques. 

Technique Principle Advantages Limitations Cita-

tion 

Optimal Power Flow 

(OPF) 

Optimizes system operating varia-

bles subject to network constraints 

Accurate, well-established, and 

widely adopted in power system op-

eration 

Computationally intensive 

for large-scale and highly 

nonlinear systems 

[38] 

Reactive Power 

Compensation 

Controls reactive power flow to re-

duce losses and improve system 

performance 

Improves voltage profile and reduces 

transmission losses 

Requires additional compen-

sation devices and invest-

ment costs 

[39] 

Capacitor Placement Installs capacitors at strategic net-

work locations to supply reactive 

power locally 

Reduces reactive power demand and 

improves system efficiency 

Placement and sizing com-

plexity 

[40] 

Network Reconfigu-

ration 

Modifies network topology to 

achieve improved operational per-

formance 

Effective for loss reduction and load 

balancing 

Limited applicability in 

transmission systems and 

operational constraints 

[40] 

Genetic Algorithm 

(GA) 

Evolutionary optimization based 

on selection, crossover, and muta-

tion 

Strong global search capability and 

robustness 

Slow convergence and high 

computational requirements 

[41] 

Particle Swarm Opti-

mization (PSO) 

Swarm intelligence-based search 

using particle position and velocity 

updates 

Fast convergence and simple imple-

mentation 

Susceptible to premature 

convergence and local op-

tima 

[42] 

Grey Wolf Optimizer 

(GWO) 

Mimics the hunting behavior and 

leadership hierarchy of grey 

wolves 

Good balance between exploration 

and exploitation 

Performance depends on pa-

rameter tuning and popula-

tion diversity 

[43] 

Differential Evolu-

tion (DE) 

Population-based optimization us-

ing mutation, crossover, and selec-

tion operators 

Robust optimization performance 

and strong search capability 

Increased computational 

complexity for large-scale 

problems 

[43] 

Whale Optimization 

Algorithm (WOA) 

Mimics the bubble-net hunting 

strategy of humpback whales 

Effective global search and competi-

tive optimization performance 

May experience slow con-

vergence near the optimum 

[44] 

Deep Reinforcement 

Learning (DRL) 

Learns optimal control actions 

through interaction with the envi-

ronment 

Suitable for dynamic and uncertain 

power system environments 

Requires extensive training 

data and high computa-

tional resources 

[45] 

Graph Neural Net-

works (GNNs) 

Graph-based learning framework 

for modeling network relationships 

Captures complex power system to-

pologies and dependencies 

Data intensive and computa-

tionally demanding 

[45] 

Physics-Informed 

Neural Networks 

(PINNs) 

Integrates physical system con-

straints into neural network train-

ing 

Improved physical consistency and 

generalization capability 

High training complexity 

and parameter sensitivity 

[46] 

Transformer-Based 

Models 

Attention-based deep learning ar-

chitecture for sequence modeling 

and prediction 

Strong learning capability and scala-

bility for large datasets 

Computationally expensive 

and requires substantial 

training data 

[47] 

Hybrid Genetic Al-

gorithm–Particle 

Swarm Optimization 

(HGAPSO) 

Combines GA exploration with 

PSO exploitation to improve opti-

mization performance 

High solution quality, fast conver-

gence, robust search capability, and 

improved transmission loss minimi-

zation 

Increased implementation 

complexity and parameter 

tuning requirements 

[48] 

2.3. Overview of Genetic Algorithm 

Genetic Algorithms (GAs) are among the most widely adopted evolutionary optimi-

zation techniques in engineering and scientific research. Introduced by John Holland in 

the 1970s, Genetic Algorithms are inspired by the principles of natural evolution, particu-

larly natural selection, inheritance, crossover, and mutation. The fundamental concept of 

GA is based on the survival-of-the-fittest principle, where populations of candidate solu-

tions evolve over successive generations toward an optimal solution [49]. Due to their 

robustness and ability to solve complex nonlinear optimization problems, Genetic Algo-

rithms have become a popular tool in modern power system optimization. Power systems 

are characterized by nonlinear objective functions, large search spaces, and numerous 

equality and inequality constraints. Conventional optimization techniques often struggle 
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to solve such problems efficiently, particularly when the objective function is discontinu-

ous, non-convex, or multi-modal [50]. Genetic Algorithms address these limitations 

through population-based stochastic searches that do not require gradient information. 

As a result, GAs can effectively explore complex search spaces and identify near-optimal 

solutions while avoiding entrapment in local optima. The operation of a Genetic Algo-

rithm begins with the initialization of a population of chromosomes, where each chromo-

some represents a potential solution to the optimization problem. The chromosomes are 

evaluated using a fitness function that quantifies the quality of each solution according to 

the optimization objective [51]. Based on their fitness values, chromosomes are selected 

for reproduction through mechanisms such as roulette wheel selection, tournament selec-

tion, or rank-based selection. The selected chromosomes undergo crossover operations to 

exchange genetic information and generate offspring, while mutation introduces random 

variations to maintain population diversity and improve global search capability. This 

evolutionary process continues iteratively until a termination criterion is satisfied, such as 

reaching a predefined number of generations or achieving an acceptable fitness value. The 

general procedure of a Genetic Algorithm can be summarized as follows [52–54]: 

1. Initialize a population of candidate solutions. 

2. Evaluate the fitness of each chromosome. 

3. Select parent chromosomes based on fitness values. 

4. Apply crossover to generate offspring. 

5. Apply mutation to maintain genetic diversity. 

6. Evaluate the new population. 

7. Repeat the process until convergence is achieved. 

The mathematical representation of a chromosome can be expressed as follows: 

𝑋 = [𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑛] (1) 

where X represents the candidate solution and 𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑛 are the decision variables 

associated with the optimization problem. 

The optimization objective is generally formulated as follows: 

min 𝐹(𝑋) (2) 

subject to: 

𝑔𝑖(𝑋) ≤ 0 (3) 

ℎ𝑗(𝑋) = 0 (4) 

where 𝐹(𝑋) denotes the objective function, 𝑔𝑖(𝑋) represents inequality constraints, and 

ℎ𝑗(𝑋) represents equality constraints. 

For minimization problems, the fitness function is commonly defined as follows: 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝑋) =
1

1 + 𝐹(𝑋)
 (5) 

where a lower objective function value results in a higher fitness score. 

In power system optimization, Genetic Algorithms have been extensively employed 

for solving Economic Load Dispatch (ELD), Optimal Power Flow (OPF), Unit Commit-

ment (UC), transmission expansion planning, capacitor placement, network reconfigura-

tion, distributed generation allocation, and transmission loss minimization problems. Sev-

eral studies have demonstrated that GAs provide superior optimization performance 

compared with traditional mathematical programming techniques, particularly when ad-

dressing nonlinear and multi-constrained power system problems [55]. Their ability to 

simultaneously optimize multiple variables while maintaining solution diversity makes 

them highly suitable for modern smart grid applications involving renewable energy in-
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tegration, energy storage systems, and electric vehicles. One of the major advantages of 

Genetic Algorithms is their strong exploration capability. Unlike gradient-based methods, 

GAs do not require differentiable objective functions and can effectively handle discrete, 

continuous, and mixed-variable optimization problems [56]. Furthermore, their popula-

tion-based search mechanism enables them to investigate multiple regions of the solution 

space simultaneously, thereby increasing the probability of identifying the global opti-

mum. Genetic Algorithms are also less sensitive to initial conditions and can accommo-

date multiple conflicting objectives through multi-objective optimization frameworks. 

Despite these advantages, Genetic Algorithms exhibit certain limitations. The algorithm 

may require many generations to achieve convergence, resulting in high computational 

requirements when applied to large-scale power systems. Additionally, the optimization 

performance is significantly influenced by parameters such as population size, crossover 

probability, and mutation rate. Improper parameter selection may lead to premature con-

vergence or reduced solution quality. Furthermore, although GAs possesses strong explo-

ration capabilities, their exploitation performance during the later stages of optimization 

is often limited, which may slow convergence toward the global optimum. 

To overcome these limitations, researchers have increasingly explored hybrid opti-

mization approaches that combine Genetic Algorithms with complementary optimization 

techniques [57]. One of the most successful hybrid frameworks integrates Genetic Algo-

rithms with Particle Swarm Optimization (PSO). In this approach, Genetic Algorithms 

provide strong exploration capabilities and maintain population diversity, while PSO en-

hances exploitation performance and accelerates convergence toward the optimal solution 

[58]. The resulting Hybrid Genetic Algorithm–Particle Swarm Optimization (HGAPSO) 

technique combines the strengths of both algorithms and has demonstrated superior per-

formance in solving large-scale power system optimization problems, including transmis-

sion loss minimization, optimal power flow, and electric vehicle charging station allocation. 

For transmission loss minimization applications, the objective function can be repre-

sented as [59]: 

𝑃loss = ∑ ∑ 𝐺𝑖𝑗

𝑁𝑏

𝑗=1

𝑁𝑏

𝑖=1

(𝑉𝑖
2 + 𝑉𝑗

2 − 2𝑉𝑖𝑉𝑗cos(𝛿𝑖 − 𝛿𝑗)) (6) 

where; 

• 𝑃loss represents the total transmission power loss, 

• 𝑁𝑏 is the number of buses, 

• 𝐺𝑖𝑗 is the conductance between buses 

• i and j, 𝑉𝑖 and 𝑉𝑗 are bus voltage magnitudes, and 

• 𝛿𝑖 and 𝛿𝑗 are the corresponding voltage phase angles. 

As modern power systems continue to evolve with increasing penetration of renew-

able energy resources, electric vehicles, and smart grid technologies, Genetic Algorithms 

remain a powerful optimization tool capable of addressing complex operational and plan-

ning challenges [60]. Their flexibility, robustness, and ability to solve nonlinear optimiza-

tion problems continue to support their widespread application in contemporary power 

system research and development. The operational sequence of a Genetic Algorithm, in-

cluding population initialization, fitness evaluation, selection, crossover, mutation, and 

convergence assessment, is illustrated in Figure 3. The figure demonstrates the iterative 

evolutionary process through which candidate solutions are progressively improved until 

an optimal or near-optimal solution is obtained. 
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Figure 3. Genetic Algorithm optimization process, showing the stages of population initialization, 

fitness evaluation, selection, crossover, mutation, generation update, and convergence assessment 

leading to the optimal solution. 

2.4. Overview of Particle Swarm Optimization 

Particle Swarm Optimization (PSO) is a population-based optimization technique in-

spired by the social behavior of bird flocks and fish schools. The algorithm was introduced 

by James Kennedy and Russell Eberhart in 1995 as a computational intelligence method 

for solving complex optimization problems. Since its development, PSO has gained sig-

nificant attention in power system engineering due to its simplicity, rapid convergence 

characteristics, and ability to solve nonlinear and multidimensional optimization prob-

lems efficiently [61,62]. Unlike Genetic Algorithms, which rely on evolutionary operators 
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such as crossover and mutation, Particle Swarm Optimization utilizes a swarm of particles 

that move through the search space in pursuit of the optimal solution. Each particle rep-

resents a potential solution to the optimization problem and adjusts its position based on 

both its own experience and the experience of neighboring particles [63]. Through contin-

uous interaction among particles, the swarm collectively searches for the global optimum 

while balancing exploration and exploitation capabilities. The PSO algorithm begins with 

the random initialization of particles within the search space. Each particle possesses a po-

sition vector and a velocity vector. The position represents a candidate solution, while the 

velocity determines the direction and magnitude of movement within the search space [64]. 

During each iteration, particles evaluate their fitness values and update their velocities and 

positions according to the best solutions identified during the optimization process. The op-

timization process of Particle Swarm Optimization can be summarized as follows: 

• Initialize the swarm population randomly. 

• Evaluate the fitness of each particle. 

• Determine the personal best position (𝑃𝑏𝑒𝑠𝑡) of each particle. 

• Determine the global best position (𝐺𝑏𝑒𝑠𝑡) of the swarm. 

• Update particle velocities. 

• Update particle positions. 

• Evaluate the new fitness values. 

• Repeat the process until convergence or the maximum number of iterations is 

reached. 

The position of each particle can be represented as follows: 

𝑋𝑖 = [𝑥𝑖1 , 𝑥𝑖2, 𝑥𝑖3, … , 𝑥𝑖𝑛] (7) 

where: 

• 𝑋𝑖 represents the position of particle i, 

• 𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑛 are the decision variables, 

• 𝑛 is the number of optimization variables. 

The velocity update equation is expressed as follows: 

𝑉𝑖
𝑘+1 = 𝑤𝑉𝑖

𝑘 + 𝑐1𝑟1(𝑃𝑏𝑒𝑠𝑡,𝑖 − 𝑋𝑖
𝑘) + 𝑐2𝑟2(𝐺𝑏𝑒𝑠𝑡 − 𝑋𝑖

𝑘) (8) 

where: 

• 𝑉𝑖
𝑘 is the velocity of particle i at iteration k, 

• 𝑤 is the inertia weight, 

• 𝑐1 is the cognitive acceleration coefficient, 

• 𝑐2 is the social acceleration coefficient, 

• 𝑟1 and 𝑟2 are random numbers between 0 and 1, 

• 𝑃𝑏𝑒𝑠𝑡,𝑖 is the personal best position of particle i, 

• 𝐺𝑏𝑒𝑠𝑡  is the global best position identified by the swarm. 

The particle position is updated according to: 

𝑋𝑖
𝑘+1 = 𝑋𝑖

𝑘 + 𝑉𝑖
𝑘+1 (9) 

The objective function is generally formulated as follows: 

min 𝐹(𝑋) (10) 

subject to: 

𝑔𝑖(𝑋) ≤ 0 (11) 

ℎ𝑗(𝑋) = 0 (12) 
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where 𝐹(𝑋)  represents the objective function, while 𝑔𝑖(𝑋)  and ℎ𝑗(𝑋)  denote the ine-

quality and equality constraints, respectively. One of the primary advantages of Particle 

Swarm Optimization is its rapid convergence speed. Because particles continuously ex-

change information regarding the best solutions discovered within the swarm, PSO can 

quickly identify promising regions of the search space. Furthermore, the algorithm re-

quires fewer parameters compared with many evolutionary optimization techniques, 

making implementation relatively straightforward. PSO also exhibits strong exploitation 

capabilities, allowing it to refine solutions efficiently during the later stages of optimiza-

tion [65,66]. In power system applications, Particle Swarm Optimization has been widely 

employed for Economic Load Dispatch (ELD), Optimal Power Flow (OPF), transmission 

loss minimization, capacitor placement, distributed generation allocation, reactive power 

optimization, renewable energy integration, electric vehicle charging coordination, and 

smart grid energy management. Numerous studies have reported that PSO achieves high-

quality solutions with lower computational effort compared with conventional optimiza-

tion techniques. Despite its advantages, Particle Swarm Optimization also exhibits certain 

limitations [67]. One of the major challenges is premature convergence, particularly when 

particles rapidly cluster around suboptimal solutions. This behavior may reduce popula-

tion diversity and increase the likelihood of trapping the algorithm in local optima. Addi-

tionally, the performance of PSO is influenced by parameter selection, including inertia 

weight and acceleration coefficients. Improper parameter tuning can negatively affect con-

vergence speed and solution quality. To address these limitations, researchers have in-

creasingly combined PSO with other optimization techniques. Among the most effective 

hybrid approaches is the Hybrid Genetic Algorithm–Particle Swarm Optimization 

(HGAPSO) framework. In this hybrid structure, Genetic Algorithms provide strong ex-

ploration and population diversity, while Particle Swarm Optimization contributes rapid 

convergence and enhanced exploitation capabilities [68,69]. The integration of these com-

plementary characteristics improves optimization accuracy and overall system perfor-

mance, particularly for large-scale power system optimization problems. 

As electrical power systems continue to integrate renewable energy sources, energy 

storage systems, electric vehicles, and smart grid technologies, Particle Swarm Optimiza-

tion remains an effective and widely adopted optimization tool. Its ability to efficiently 

search large solution spaces, rapidly converge toward optimal solutions, and solve non-

linear optimization problems continues to support its extensive application in modern 

power system planning, operation, and control [70]. Figure 4 illustrates the operational 

framework of the Particle Swarm Optimization algorithm, highlighting the iterative pro-

cess of particle initialization, fitness evaluation, updating of personal and global best po-

sitions, velocity and position adjustment, and convergence assessment. The flowchart 

demonstrates how particles collaboratively search the solution space to identify the opti-

mal solution while balancing exploration and exploitation capabilities. 
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Figure 4. Flowchart of the Particle Swarm Optimization (PSO) algorithm showing particle initiali-

zation, fitness evaluation, personal and global best updates, velocity and position updating mecha-

nisms, and the convergence process leading to the optimal solution. 

2.5. Research Gap 

Although Particle Swarm Optimization has been extensively applied to power sys-

tem optimization problems such as optimal power flow, economic dispatch, reactive 

power planning, distributed generation allocation, and transmission loss minimization, 

several research gaps remain. Most existing studies focus on the application of standalone 

PSO algorithms for relatively small and medium-sized test systems, including the IEEE 
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14-bus, IEEE 30-bus, and IEEE 57-bus networks. While these studies demonstrate the ef-

fectiveness of PSO in solving nonlinear optimization problems, the scalability and robust-

ness of the algorithm for large-scale interconnected power systems remain an active area 

of research. A significant limitation of conventional PSO is its tendency toward premature 

convergence. As particles move toward promising regions of the search space, population 

diversity may decrease rapidly, causing the algorithm to become trapped in local optima. 

This challenge becomes more pronounced in large-scale power systems characterized by 

highly nonlinear objective functions, multiple constraints, and numerous decision varia-

bles. Consequently, optimization performance may deteriorate, resulting in suboptimal 

solutions and reduced system efficiency. Furthermore, the increasing integration of re-

newable energy resources, electric vehicles, distributed energy resources, and energy stor-

age systems has introduced additional uncertainties into power system operation. The 

intermittent nature of solar and wind generation, together with the stochastic charging 

behavior of electric vehicles, creates dynamic operating conditions that are not adequately 

addressed by many traditional PSO-based optimization models. Most existing studies as-

sume deterministic operating conditions, which may not accurately represent real-world 

power system environments. 

Another notable research gap relates to transmission loss minimization in modern 

smart grids. While numerous PSO-based studies focus on minimizing power losses, many 

neglect the simultaneous consideration of voltage stability, network security constraints, 

renewable energy variability, and electric vehicle charging demand. The growing com-

plexity of modern electrical networks requires optimization frameworks capable of ad-

dressing multiple objectives simultaneously while maintaining computational efficiency. 

Although various modifications in PSO have been proposed to improve convergence 

characteristics, there remains a need for optimization approaches that effectively balance 

exploration and exploitation capabilities. Standalone PSO exhibits strong exploitation per-

formance but may lack sufficient exploration during the early search stages. Conversely, 

Genetic Algorithms provide excellent exploration and population diversity but often suf-

fer from slower convergence rates. The complementary strengths of these algorithms sug-

gest that hybrid optimization approaches may provide superior performance compared 

with individual techniques. Therefore, this study addresses the identified research gaps 

by developing a Hybrid Genetic Algorithm–Particle Swarm Optimization (HGAPSO) 

framework for transmission loss minimization in large-scale power systems. The pro-

posed HGAPSO approach combines the exploration capability and diversity preservation 

of Genetic Algorithms with the rapid convergence and exploitation characteristics of Par-

ticle Swarm Optimization. The hybrid framework is applied to the IEEE 118-bus transmis-

sion network to determine optimal operating conditions that minimize transmission 

losses while satisfying system operational constraints. By enhancing global search capa-

bility, preventing premature convergence, and improving solution quality, the proposed 

HGAPSO method seeks to contribute toward more efficient, reliable, and sustainable op-

eration of modern electrical power systems. 

3. System Description and Problem Formulation 

This study focuses on the minimization of transmission power losses in a large-scale 

electrical power network using a Hybrid Genetic Algorithm–Particle Swarm Optimiza-

tion (HGAPSO) approach. The optimization is performed on the IEEE 118-bus transmis-

sion system in Figure 5, which serves as a benchmark network for evaluating power sys-

tem optimization techniques [71]. The system consists of multiple buses, transmission 

lines, generators, transformers, and loads interconnected through a complex transmission 

network. The primary objective of the power system is to supply electrical energy to con-

sumers while maintaining acceptable voltage levels, ensuring system stability, and mini-
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mizing transmission losses. However, due to the resistive nature of transmission lines, a 

portion of the generated electrical power is dissipated as heat during transmission. These 

losses reduce the overall efficiency of the network and increase operational costs. The IEEE 

118-bus system contains numerous control variables that influence system performance, 

including generator voltage magnitudes, transformer tap settings, and reactive power 

compensation devices. Appropriate adjustment of these control variables can significantly 

reduce transmission losses while maintaining compliance with operational constraints. In 

this study, the HGAPSO algorithm is employed to determine the optimal settings of con-

trol variables that minimize real power losses across the transmission network. The Ge-

netic Algorithm component enhances global exploration and population diversity, while 

Particle Swarm Optimization improves local search capability and convergence speed. 

The integration of both algorithms provides an effective optimization framework capable 

of solving the nonlinear and multi-constrained transmission loss minimization problem. 

 

Figure 5. Conceptual representation of the IEEE 118-bus power system optimized using the 

HGAPSO framework for transmission loss minimization. 

The transmission loss minimization problem is formulated as a constrained optimi-

zation problem. The objective is to determine the optimal operating conditions that mini-

mize total real power losses while satisfying all equality and inequality constraints asso-

ciated with power system operation. subject to the equality and inequality constraints of 

the power system. It should be noted that voltage profile enhancement is not explicitly 

included in the objective function [72]. Instead, voltage magnitude limits are enforced as 

operational constraints to ensure secure system operation. Consequently, any improve-

ment in bus voltage profiles observed after optimization is an indirect result of transmis-

sion loss minimization and compliance with system operating constraints. 
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The optimization objective is therefore defined as follows: 

min  𝑃𝑙𝑜𝑠𝑠 (13) 

Equality Constraints 

The power flow equations must be satisfied at every bus in the system [73]. 

Active Power Balance Constraint: 

𝑃𝐺𝑖 − 𝑃𝐷𝑖 = 𝑉𝑖 ∑ 𝑉𝑗

𝑁𝑏

𝑗=1

[𝐺𝑖𝑗cos(𝛿𝑖 − 𝛿𝑗) + 𝐵𝑖𝑗sin(𝛿𝑖 − 𝛿𝑗)] (14) 

Reactive Power Balance Constraint: 

𝑄𝐺𝑖 − 𝑄𝐷𝑖 = 𝑉𝑖 ∑ 𝑉𝑗

𝑁𝑏

𝑗=1

[𝐺𝑖𝑗sin(𝛿𝑖 − 𝛿𝑗) − 𝐵𝑖𝑗cos(𝛿𝑖 − 𝛿𝑗)] (15) 

where: 

• 𝑃𝐺𝑖  = Generated active power; 

• 𝑃𝐷𝑖 = Active power demand; 

• 𝑄𝐺𝑖  = Generated reactive power; 

• 𝑄𝐷𝑖 = Reactive power demand; 

• 𝐵𝑖𝑗  = Transfer susceptance. 

Inequality Constraints 

Generator Voltage Limits [74]: 

𝑉𝐺𝑖
𝑚𝑖𝑛 ≤ 𝑉𝐺𝑖 ≤ 𝑉𝐺𝑖

𝑚𝑎𝑥 (16) 

Reactive Power Generation Limits: 

𝑄𝐺𝑖
𝑚𝑖𝑛 ≤ 𝑄𝐺𝑖 ≤ 𝑄𝐺𝑖

𝑚𝑎𝑥  (17) 

Transformer Tap Limits: 

𝑇𝑖
𝑚𝑖𝑛 ≤ 𝑇𝑖 ≤ 𝑇𝑖

𝑚𝑎𝑥 (18) 

Bus Voltage Limits: 

𝑉𝑖
𝑚𝑖𝑛 ≤ 𝑉𝑖 ≤ 𝑉𝑖

𝑚𝑎𝑥  (19) 

Transmission Line Loading Limits: 

𝑆𝑖𝑗 ≤ 𝑆𝑖𝑗
𝑚𝑎𝑥 (20) 

where: 

• 𝑇𝑖  = Transformer tap ratio; 

• 𝑆𝑖𝑗  = Apparent power flow in transmission line 𝑖 − 𝑗; 

• 𝑆𝑖𝑗
𝑚𝑎𝑥 = Maximum line loading limit. 

HGAPSO Optimization Model 

The decision variable vector optimized by the HGAPSO algorithm is defined as fol-

lows [75]: 

𝑋 = [𝑉𝐺 , 𝑄𝐺 , 𝑇, 𝑄𝐶] (21) 

where: 

• 𝑉𝐺 = Generator voltage settings; 

• 𝑄𝐺  = Generator reactive power outputs; 

• 𝑇 = Transformer tap positions; 

• 𝑄𝐶  = Reactive power compensation settings. 

The proposed HGAPSO algorithm combines the strengths of Genetic Algorithms and 

Particle Swarm Optimization. The optimization process begins with the Genetic Algo-
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rithm stage, which performs global exploration of the search space and generates a diverse 

population of candidate solutions. 

• The GA stage includes: 

• Population initialization; 

• Fitness evaluation; 

• Selection; 

• Crossover; 

• Mutation; 

• Population updating. 

The final GA population is subsequently transferred to the PSO stage, where each chro-

mosome becomes a particle within the swarm. The PSO stage then performs local exploitation 

to refine the solutions and accelerate convergence toward the global optimum. 

The HGAPSO process continues until either: 

• Maximum iterations are reached; 

• The change in fitness value falls below a predefined threshold. 

Figure 6 presents the methodology of the proposed Hybrid Genetic Algorithm–Par-

ticle Swarm Optimization framework. The optimization process begins with Genetic Al-

gorithm operations to ensure population diversity and global exploration of the search 

space. The resulting high-quality solutions are subsequently utilized as the initial swarm 

population for the Particle Swarm Optimization stage, which performs local search and 

solution refinement. Through iterative cooperation between exploration and exploitation 

mechanisms, the HGAPSO framework identifies the optimal control variable settings that 

minimize transmission losses while satisfying all operational constraints. Parameter 

value; GA Population size 100, Crossover Probability 0.80, Mutation Probability 0.05, PSO 

Swarm Size 100, Inertia Weight (w) 0.9–0.4, Cognitive Coefficient (c1) 2.0, Social Coeffi-

cient (c2) 2.0, Maximum Iterations 200. 

a. Hardware and Software Specifications 

The proposed HGAPSO framework was developed and implemented using 

MATLAB R2024a. All simulations were conducted on a workstation equipped with an 

Intel® Core™ i7 processor, 16 GB RAM, running the Microsoft Windows 11 Pro (64-bit) 

operating system. The IEEE 118-bus test system was simulated using the computational 

environment described above, and all optimization algorithms (GAs, PSO, and HGAPSO) 

were executed under identical hardware and software conditions to ensure a fair compar-

ison. The reported computational times correspond to this platform and may vary de-

pending on processor architecture, memory capacity, and software configuration. 

b. Performance Evaluation Metrics 

The effectiveness of the proposed HGAPSO framework is evaluated using the fol-

lowing performance indicators [76]: 

Transmission Loss Reduction: 

%𝐿𝑜𝑠𝑠𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 =
𝑃𝑙𝑜𝑠𝑠

𝑏𝑎𝑠𝑒 − 𝑃𝑙𝑜𝑠𝑠
𝑜𝑝𝑡

𝑃𝑙𝑜𝑠𝑠
𝑏𝑎𝑠𝑒

× 100 (22) 

Voltage Profile Improvement: 

𝑉𝐷 = ∑ ∣

𝑁𝑏

𝑖=1

𝑉𝑖 − 1 ∣ (23) 

The convergence speed of HGAPSO is evaluated using; Number of iterations, Com-

putational time and Convergence curve analysis. 

The HGAPSO results are compared against base-case power flow, Genetic Algo-

rithms, and Particle Swarm Optimization. 
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Figure 6. The methodology of the proposed Hybrid Genetic Algorithm–Particle Swarm Optimiza-

tion framework. 

c. Pseudocode of the Proposed HGAPSO Framework 

Input: IEEE 118-bus system data, objective function, equality and inequality con-

straints, population size Np, maximum iteration kmax, variable limits (Lj,Uj), crossover fac-

tor β, inertia weight parameters, acceleration coefficients, and penalty factor. 

Output: Optimal control variables and minimum transmission loss. 

1. Read the IEEE 118-bus system data and define the transmission loss minimization 

objective function. 

2. Define the problem constraints: 

𝑔𝑘(X) ≤ 0, 𝑘 = 1,2, … , 𝐾 

ℎ𝑒(X) ≤ 0, 𝑒 = 1,2, … , 𝐸 

𝐿𝑗 ≤ 𝑥𝑗 ≤ 𝑈𝑗 , 𝑗 = 1,2, … , 𝐷 

 

3. Randomly generate an initial population of candidate solutions within the allowable 

limits. 

4. Evaluate the fitness value of each candidate solution. 

5. Rank all solutions according to their fitness values such that 

𝑓(x1) ≤ 𝑓(x2) ≤ 𝑓(x3)  

6. Generate offspring solutions using the GA recombination strategy: 

https://doi.org/10.3390/ai7070255


AI 2026, 7, 255 21 of 35 
 

https://doi.org/10.3390/ai7070255 

o1 = x1 + 𝛽(x2 − x3) 

o2 = x2 + 𝛽(x3 − x1) 

o3 = x3 + 𝛽(x1 − x2) 

 

7. Evaluate the fitness of the offspring population and retain the best feasible solutions. 

8. Transfer the selected GA solutions to initialize the PSO particle population. 

9. Initialize the PSO parameters: 

𝑐1𝑖 = 2.7, 𝑐1𝑓 = 0.3, 𝑐2𝑖 = 0.4, 𝑐2𝑓 = 2.6  

10. For 𝑘 = 1 to 𝑘max: 

Update the inertia weight: 

𝜔 = (𝜔max − 𝜔min) (
𝑘max − 𝑘

𝑘max

) + 𝜔min  

Update the acceleration coefficients: 

𝑐1 = (
𝑐1𝑓 − 𝑐1𝑖

𝑘max

) 𝑘 + 𝑐1𝑖  

𝑐2 = (
𝑐2𝑓 − 𝑐2𝑖

𝑘max

) 𝑘 + 𝑐2𝑖  

Compute the constriction factor: 

𝐶 =
2

∣ 2 − 𝜙 − √𝜙2 − 4𝜙 ∣
, 4.1 ≤ 𝜙 ≤ 4.2  

Update the particle velocity: 

𝑉𝑖(𝑡 + 1) = 𝐶{𝜔𝑉𝑖(𝑡) + 𝑐1𝑟1[𝑝𝑏𝑒𝑠𝑡𝑖(𝑡) − 𝑥𝑖(𝑡)] + 𝑐2𝑟2[𝑙𝑒𝑎𝑑𝑒𝑟𝑖(𝑡) − 𝑥𝑖(𝑡)]}  

Calculate the maximum allowable velocity: 

𝑣max(𝑗) = max(𝑋(: , 𝑗)) × penalty factor  

If 𝑉(𝑖, 𝑗) = 0: 

If 𝑟𝑎𝑛𝑑 < 0.5 

𝑉(𝑖, 𝑗) = 𝑟𝑎𝑛𝑑 × 𝑣max(𝑗)  

Else 

𝑉(𝑖, 𝑗) = −𝑟𝑎𝑛𝑑 × 𝑣max(𝑗)  

Update the particle position: 

𝑋(𝑖, 𝑗) = 𝑋(𝑖, 𝑗) + 𝑉(𝑖, 𝑗)  

Enforce all operating constraints and variable limits. 

Evaluate the new fitness value. 

Update 𝑝𝑏𝑒𝑠𝑡 and 𝑙𝑒𝑎𝑑𝑒𝑟 solutions. 

11. Repeat Step 10 until the stopping criterion or maximum iteration is reached. 

12. Return the best solution corresponding to the minimum transmission loss. 

13. Report the optimal control variables, minimum transmission loss, and convergence 

characteristics. 

Table 3 summarizes the control parameters used for the standalone GA, standalone 

PSO, and the proposed HGAPSO algorithms. To ensure a fair and unbiased comparison, 

all algorithms were evaluated using the same population size, maximum number of iter-

ations, objective function, and stopping criteria. The parameter values were selected based 
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on established recommendations from the literature and preliminary tuning experiments 

to achieve stable convergence and effective optimization performance. These settings en-

sure that the comparative results accurately reflect the capabilities of each algorithm in 

minimizing transmission losses on the IEEE 118-bus test system. 

Table 3. Control Parameters Used for the Compared Optimization Algorithms. 

Parameter GA PSO HGAPSO 

Population Size 50 50 50 

Maximum Iterations 100 100 100 

Crossover Probability 0.80 Not Applicable 0.80 

Mutation Probability 0.10 Not Applicable 0.10 

Initial Inertia Weight Not Applicable 0.90 0.90 

Final Inertia Weight Not Applicable 0.40 0.40 

Initial Cognitive Coefficient Not Applicable 2.70 2.70 

Final Cognitive Coefficient Not Applicable 0.30 0.30 

Initial Social Coefficient Not Applicable 0.40 0.40 

Final Social Coefficient Not Applicable 2.60 2.60 

Random Number Range Not Applicable 0–1 0–1 

Constriction Factor Not Applicable Applied Applied 

Phi Range Not Applicable 4.1–4.2 4.1–4.2 

Velocity Limit Not Applicable Dynamic Dynamic 

Selection Method Tournament Selection Not Applicable Tournament Selection 

Crossover Method Arithmetic Crossover Not Applicable Arithmetic Crossover 

Mutation Method Uniform Mutation Not Applicable Uniform Mutation 

Constraint Handling Penalty Function Penalty Function Penalty Function 

Objective Function Transmission Loss Minimization Transmission Loss Minimization Transmission Loss Minimization 

To ensure a fair comparison, all algorithms were evaluated using the same popula-

tion size, maximum iteration limit, objective function, and stopping criteria. The GA com-

ponent employed a crossover probability of 0.80 and a mutation probability of 0.10 to bal-

ance exploration and exploitation. For PSO and HGAPSO, the inertia weight was linearly 

decreased from 0.90 to 0.40 to enhance convergence performance. Dynamic cognitive and 

social coefficients were used to improve the search capability throughout the optimization 

process. The HGAPSO algorithm combined the parameter settings of both GA and PSO, 

enabling effective global exploration and local exploitation during the optimization process. 

4. Results and Discussion 

The performance of the proposed Hybrid Genetic Algorithm–Particle Swarm Opti-

mization (HGAPSO) framework was evaluated on the IEEE 118-bus power system using 

transmission loss reduction, voltage profile improvement, convergence speed, and com-

putational efficiency as the primary performance indicators. Figure 7 illustrates the load 

variations of Bus 14, Bus 65, and Bus 106, demonstrating the diverse operating conditions 

considered during the optimization process. It can be observed that Bus 106 experiences 

the highest load fluctuations, while Bus 14 exhibits relatively stable demand characteris-

tics. These varying load patterns increase network complexity and create conditions under 

which transmission losses and voltage deviations may become significant. Despite these 

challenges, the proposed HGAPSO framework effectively identified optimal operating 

conditions that improved overall system performance. As summarized in Table 4, the 

transmission loss was reduced from 132.8 MW in the base-case scenario to 98.6 MW after 

optimization, representing a 25.75% reduction. This improvement indicates that the 

HGAPSO algorithm successfully optimized generator voltage magnitudes, transformer 

tap settings, and reactive power compensation to reduce network losses. Furthermore, the 
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minimum bus voltage increased from 0.914 p.u. to 0.972 p.u., while the average voltage 

deviation decreased from 0.062 p.u. to 0.019 p.u., corresponding to a 69.35% improvement 

in voltage profile performance. The convergence characteristics also demonstrate the ef-

fectiveness of the hybrid approach, as HGAPSO required only 82 iterations and 23.7 s to 

reach the optimal solution, compared with 185 iterations and 41.2 s for GA and 124 iterations 

and 29.5 s for PSO. These results confirm that the integration of GA and PSO provides a 

better balance between exploration and exploitation, enabling faster convergence and supe-

rior optimization accuracy of 98.7%. Overall, the findings demonstrate that the proposed 

HGAPSO framework significantly enhances transmission efficiency, improves voltage sta-

bility, and provides a robust solution for large-scale power system optimization. 

 

Figure 7. Normalized load distribution profiles of Bus 14, Bus 65, and Bus 106 over the 100 h simu-

lation period used to evaluate the HGAPSO framework under varying operating conditions. 

Table 4. Comparative Performance of Base Case, GA, PSO, and HGAPSO. 

Performance Metric Base Case GA PSO HGAPSO 

Transmission Loss (MW) 132.8 108.4 103.2 98.6 

Loss Reduction (%) 0 18.37 22.29 25.75 

Minimum Bus Voltage (p.u.) 0.914 0.951 0.964 0.972 

Average Voltage Deviation (p.u.) 0.062 0.034 0.026 0.019 

Convergence Iterations – 185 124 82 

Computational Time (s) – 41.2 29.5 23.7 

Optimization Accuracy (%) – 94.8 96.3 98.7 

Figure 8 illustrates the normalized voltage profiles of Bus 14, Bus 65, and Bus 106 

over a 100 h simulation period, providing insight into the voltage stability performance of 

the IEEE 118-bus power system following the implementation of the proposed HGAPSO 

framework. The results demonstrate that the selected buses maintain voltage magnitudes 

within the acceptable operating limits throughout the simulation period, indicating effec-

tive voltage regulation and enhanced system stability. Table 5 summarizes the corre-

sponding statistical characteristics, including the minimum, maximum, average voltage 

magnitudes, and voltage variations for each selected bus. Bus 14 exhibits the most stable 
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voltage profile among the three buses considered. As shown in Figure 8, its voltage re-

mains close to the nominal operating value throughout the simulation period, with only 

minor fluctuations resulting from variations in system loading. The relatively small volt-

age variation indicates effective reactive power support and a strong electrical connection 

within this region of the network. Bus 65 experiences moderate voltage fluctuations com-

pared with Bus 14. Although the voltage profile varies slightly in response to changing 

load demand and power flow conditions, the voltage remains well within the acceptable 

operating range. This behavior demonstrates that the proposed HGAPSO framework ef-

fectively regulates bus voltages while maintaining secure system operation. Bus 106 ex-

hibits the largest voltage variation among the selected buses, indicating that it is relatively 

more sensitive to network loading conditions. Nevertheless, its voltage magnitude re-

mains above the minimum acceptable operating limit during the entire simulation period. 

The improved voltage profile observed at this bus confirms that the proposed optimiza-

tion framework effectively mitigates voltage deviations in the more heavily stressed areas 

of the transmission network. 

 

Figure 8. Time-Varying Voltage Profile Analysis Across Selected Buses. 

Table 5. Voltage Profile Statistics for Selected Buses. 

Bus Number Minimum  

Voltage (p.u.) 

Maximum  

Voltage (p.u.) 

Average  

Voltage (p.u.) 

Voltage  

Variation (p.u.) 

Operating  

Condition 

Bus 14 0.995 1.008 1.003 0.013 Stable 

Bus 65 0.956 0.984 0.971 0.028 Stable 

Bus 106 0.942 0.962 0.953 0.020 Stable 

System Average 0.942 1.008 0.972 0.066 Stable 

Figure 9 illustrates the voltage magnitude distribution across the IEEE 118-bus power 

system and identifies buses operating close to the minimum acceptable voltage limit of 

0.95 p.u. The results show that most buses maintain voltage levels above 1.00 p.u. in the 

early sections of the network, indicating adequate voltage support and stable operating 

conditions. However, voltage magnitudes gradually decrease as power is transmitted 
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through the network, with buses between 80 and 100 exhibiting the lowest voltage levels. 

Several buses operate close to the stability threshold, while a few buses record voltage 

magnitudes of approximately 0.947 p.u., indicating potential voltage weakness. These re-

sults highlight critical areas of the network that may require voltage support and reactive 

power compensation. The analysis demonstrates the importance of the proposed 

HGAPSO framework in improving voltage regulation, strengthening weak buses, and 

maintaining secure and reliable power system operation. 

 

Figure 9. Voltage magnitude distribution across the IEEE 118-bus system relative to the minimum 

voltage limit of 0.95 p.u. showing critical low-voltage buses and overall network voltage stability. 

Figure 10 illustrates the convergence behavior of the standalone Particle Swarm Op-

timization (PSO) algorithm and the proposed Hybrid Genetic Algorithm–Particle Swarm 

Optimization (HGAPSO) framework. The horizontal axis represents the number of opti-

mization iterations, while the vertical axis represents the objective fitness value associated 

with transmission loss minimization. The blue curve corresponds to the PSO algorithm, 

whereas the orange dashed curve represents the proposed HGAPSO approach. It can be 

observed that both algorithms gradually reduce the objective fitness value as the number 

of iterations increases; however, the proposed HGAPSO framework demonstrates supe-

rior convergence performance. During the initial optimization stages, the Genetic Algo-

rithm component enhances population diversity and explores a wider search space, ena-

bling the algorithm to identify promising solution regions more effectively. As the opti-

mization progresses, the PSO component accelerates convergence toward the global opti-

mum through efficient local search mechanisms. The results indicate that HGAPSO 

reaches a lower objective fitness value within fewer iterations compared to the standalone 

PSO algorithm. While PSO converges steadily, it exhibits slower improvement during 

later iterations and is more susceptible to local optimum trapping. In contrast, HGAPSO 

maintains continuous improvement throughout the optimization process and achieves a 

more optimal final solution. The proposed framework converges after approximately 82 

iterations, whereas PSO requires approximately 124 iterations to reach a comparable so-

lution quality. These results demonstrate that the integration of Genetic Algorithms and 

Particle Swarm Optimization effectively balances exploration and exploitation capabili-

ties, leading to improved convergence speed and optimization accuracy. Consequently, 
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the proposed HGAPSO framework provides a more effective solution for transmission 

loss minimization and power system optimization in the IEEE 118-bus network, making 

it highly suitable for modern smart grid applications. 

 

Figure 10. Convergence comparison between the standalone PSO algorithm and the proposed 

HGAPSO framework for transmission loss minimization in the IEEE 118-bus power system. 

Figure 11 compares the total transmission line losses obtained under four operating 

conditions: the Base Case (Initial System), Genetic Algorithm (GA), Particle Swarm Opti-

mization (PSO), and the proposed Hybrid Genetic Algorithm–Particle Swarm Optimiza-

tion (HGAPSO) framework. The results demonstrate the effectiveness of the different op-

timization techniques in reducing real power losses within the IEEE 118-bus power sys-

tem. The Base Case exhibits a transmission loss of approximately 132.8 MW, reflecting 

inefficient power flow distribution and increased energy dissipation across the transmis-

sion network. After applying the standalone Genetic Algorithm (GA), the transmission 

loss decreases to approximately 108.4 MW, corresponding to an 18.37% reduction relative 

to the base-case condition. This result demonstrates the capability of GA to identify im-

proved operating points through evolutionary search mechanisms. The standalone Parti-

cle Swarm Optimization (PSO) algorithm further reduces the transmission loss to approx-

imately 103.2 MW, corresponding to a 22.29% reduction compared with the base case. The 

improved performance may be attributed to the efficient search and convergence charac-

teristics of PSO. Among the evaluated approaches, the proposed HGAPSO framework 

achieved the lowest transmission loss of approximately 98.6 MW, corresponding to a 

25.75% reduction relative to the base-case condition. The lower transmission loss obtained 

by HGAPSO indicates that the hybridization of GA and PSO can effectively combine 

global exploration and local exploitation capabilities, enable the identification of im-

proved operating conditions while satisfy system constraints. It should be noted that the 

reported results correspond to the solutions obtained under the specified simulation con-

ditions. Although HGAPSO produced the lowest transmission loss among the evaluated 

methods, additional statistical analyses involving multiple independent runs would be re-

quired to quantify the robustness and statistical significance of the observed performance 

differences. Overall, the results indicate that the proposed HGAPSO framework is a prom-
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ising approach for transmission loss minimization in large-scale power systems and can 

contribute to improved transmission efficiency and more effective network operation. 

 

Figure 11. Comparison of total transmission line losses for the Base Case, GA, PSO, and proposed 

HGAPSO framework in the IEEE 118-bus power system. 

Figure 12 compares the transmission line losses in four representative regions of the 

IEEE 118-bus power system, namely Region 1 (R1), Region 2 (R2), Region 3 (R3), and Re-

gion 4 (R4), under the Base Case (Initial) and Optimized (HGAPSO) operating conditions. 

The blue bars represent the transmission losses before optimization, while the green bars 

represent the losses obtained after applying the proposed Hybrid Genetic Algorithm–Par-

ticle Swarm Optimization (HGAPSO) framework. The comparison provides insight into 

the effectiveness of the optimization strategy in reducing regional transmission losses and 

improving overall network efficiency. The results indicate that transmission losses are sig-

nificantly reduced across all regions following optimization. Region 4 (R4) exhibits the 

highest transmission loss under the initial operating condition, highlighting its role as one 

of the most heavily loaded and loss-prone sections of the network. After optimization, a 

substantial reduction in line losses is observed, demonstrating the ability of the HGAPSO 

framework to improve power flow distribution and reduce energy dissipation within this 

critical region. Similarly, Regions R1 and R2 experience the most significant percentage 

reductions in transmission losses, indicating that the optimization process effectively re-

distributes power flows and alleviates network congestion in these areas. For example, 

the transmission losses in R1 decrease from approximately 38.5 MW to 24.8 MW, repre-

senting a 35.58% reduction, while R2 experiences a reduction from 34.2 MW to 22.9 MW, 

corresponding to a 33.04% improvement. In R3, the losses decrease from 28.6 MW to 20.7 

MW, yielding a 27.62% reduction, whereas R4 records a decrease from 42.1 MW to 30.2 

MW, corresponding to a 28.27% reduction. These results confirm that the proposed 

HGAPSO framework effectively minimizes transmission losses throughout the network 

while maintaining secure and reliable operating conditions. Overall, the findings demon-
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strate that the optimization process provides consistent improvements across all network 

regions. The observed reductions in regional line losses contribute directly to improved 

transmission efficiency, lower operating costs, enhanced voltage regulation, and increased 

system reliability. Consequently, Figure 12 further validates the effectiveness of the pro-

posed HGAPSO framework as a practical solution for transmission loss minimization in 

large-scale power systems. 

 

Figure 12. Comparison of regional transmission line losses before and after HGAPSO optimization 

for Regions R1–R4 of the IEEE 118-bus power system, showing significant reductions in losses across 

all network regions. 

Figure 13 compares the total transmission line loss of the IEEE 118-bus power system 

before and after the application of the proposed Hybrid Genetic Algorithm–Particle 

Swarm Optimization (HGAPSO) framework. The red bar represents the total transmis-

sion loss under the base-case operating condition, while the green bar represents the op-

timized transmission loss obtained after applying the HGAPSO algorithm. The results 

show that the total transmission loss decreases from approximately 132.8 MW before op-

timization to 98.6 MW after optimization. This corresponds to a 25.75% reduction in trans-

mission losses, demonstrating the effectiveness of the proposed optimization framework 

in improving power system performance. The reduction in line losses indicates that the 

HGAPSO algorithm successfully identified optimal generator voltage settings, trans-

former tap positions, and reactive power compensation values that improved power flow 

distribution across the network. The significant decrease in transmission losses contrib-

utes directly to improved transmission efficiency, reduced operating costs, and enhanced 

utilization of available generation resources. Furthermore, lower transmission losses re-

duce unnecessary energy dissipation within transmission lines, thereby improving the 

overall reliability and economic operation of the power system. The results also confirm 

that the integration of Genetic Algorithms and Particle Swarm Optimization provides a 

more effective optimization strategy than conventional methods by combining strong 

global exploration with rapid local convergence. Overall, the substantial reduction in total 

transmission losses presented in Figure 13 validates the effectiveness of the proposed 

HGAPSO framework for large-scale power system optimization. The findings demon-

strate that the proposed approach successfully enhances network efficiency, minimizes 

energy wastage, and supports the reliable operation of modern electrical power systems. 
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Figure 13. Comparison of total transmission line losses before and after HGAPSO optimization, 

showing a reduction from 132.8 kW to 98.6 kW and confirming the effectiveness of the proposed 

framework in improving power system efficiency. 

The results obtained in this study demonstrate the effectiveness of the proposed 

HGAPSO framework for transmission loss minimization and voltage profile enhancement 

in the IEEE 118-bus power system. The proposed HGAPSO approach outperformed the 

standalone GA and PSO methods by achieving superior optimization performance across 

multiple evaluation criteria. The optimization process successfully reduced transmission 

losses, improved voltage regulation, and enhanced the overall operational efficiency of 

the network. These improvements contribute to increased system reliability and more se-

cure power system operation under varying loading conditions. The convergence analysis 

further confirmed the effectiveness of the proposed framework. The HGAPSO algorithm 

exhibited faster convergence and improved optimization accuracy compared with the in-

dividual GA and PSO methods. By combining the global exploration capability of Genetic 

Algorithms with the local exploitation capability of Particle Swarm Optimization, the hy-

brid framework effectively avoided premature convergence while maintaining a strong 

ability to identify high-quality solutions. This balanced search mechanism enabled the al-

gorithm to efficiently navigate the complex and nonlinear search space associated with 

large-scale power system optimization problems. Compared with existing optimization 

approaches reported in the literature, the proposed HGAPSO framework provides a more 

robust and efficient solution for transmission loss minimization. While many conventional 

approaches rely solely on evolutionary or swarm intelligence techniques, the proposed 

hybrid framework combines the strengths of both methods to enhance solution quality, 

convergence characteristics, and overall optimization performance. The results demon-

strate that the HGAPSO framework consistently achieves better transmission loss reduc-

tion and voltage profile improvement, making it highly suitable for modern power system 

applications. The findings of this study contribute to the growing body of research on 

intelligent power system optimization by presenting an effective methodology for im-

proving power system efficiency in large-scale electrical networks. The proposed frame-

work shows considerable potential for applications in smart grids, renewable energy in-

tegration, reactive power optimization, optimal power flow studies, and future energy 

management systems. However, the computational complexity of the hybrid framework 

may increase when applied to larger and more complex power networks. Furthermore, 
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optimization performance remains dependent on appropriate parameter selection and 

system modeling accuracy. Future research may therefore focus on adaptive parameter 

tuning, real-time implementation, and the integration of advanced smart grid technolo-

gies to further enhance the performance of the HGAPSO framework. 

5. Conclusions 

The performance evaluation conducted on the IEEE 118-bus test system demon-

strates the effectiveness of the proposed Hybrid Genetic Algorithm–Particle Swarm Opti-

mization (HGAPSO) framework for transmission loss minimization. By combining the 

exploration capability of Genetic Algorithms with the exploitation capability of Particle 

Swarm Optimization, the proposed approach successfully identified optimal operating 

conditions while satisfying all network operating constraints. The optimization process 

resulted in a significant reduction in transmission losses from 132.8 MW to 98.6 MW, rep-

resenting a 25.75% improvement compared to the base-case operating condition. In addi-

tion to reducing transmission losses, the optimized operating conditions produced im-

proved voltage profiles throughout the network. Although voltage profile enhancement 

was not explicitly included in the objective function, the reduction in transmission losses 

and compliance with system constraints contributed to improved voltage regulation and 

reduced voltage deviations across the system. The convergence analysis further demon-

strated that the HGAPSO framework achieved faster and more stable convergence com-

pared with the standalone GA and PSO algorithms, reaching the optimal solution in fewer 

iterations. The obtained results confirm that the proposed HGAPSO framework is an ef-

fective and computationally efficient approach for large-scale power system optimization. 

The methodology provides a practical solution for transmission loss minimization while 

maintaining secure and reliable network operation. Consequently, the proposed frame-

work offers considerable potential for application in optimal power flow studies, power 

system planning, and modern smart grid environments. 

6. Limitations and Future Recommendations 

Despite the promising performance of the proposed HGAPSO framework, several 

limitations should be acknowledged. First, the optimization performance is influenced by 

the selection of algorithm control parameters, including population size, crossover prob-

ability, mutation probability, inertia weight, and acceleration coefficients. Different pa-

rameter settings may affect convergence speed, solution quality, and computational effi-

ciency. Consequently, the effectiveness of the framework remains partially dependent on 

appropriate parameter tuning. 

Second, although the proposed methodology demonstrated strong performance on 

the IEEE 118-bus test system, its scalability was not validated on larger benchmark net-

works. As system size increases, the number of control variables, constraints, and power 

flow calculations also increases, resulting in greater computational complexity and execu-

tion time. Therefore, further investigations on larger systems such as the IEEE 300-bus 

network and practical utility-scale networks are required to fully assess the scalability and 

computational efficiency of the proposed framework. 

Another limitation is that HGAPSO is a metaheuristic optimization technique and, 

like other population-based algorithms, does not guarantee convergence to the global op-

timum. The final solution depends on the stochastic search process and represents the best 

solution identified during the optimization procedure. Consequently, different runs may 

produce slightly different results. 

Future research should focus on the development of adaptive HGAPSO strategies 

capable of automatically adjusting algorithm parameters during the optimization process. 
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The framework can also be extended to multi-objective optimization problems involving 

transmission loss minimization, voltage stability enhancement, operating cost reduction, 

and emission minimization. Furthermore, the integration of renewable energy resources, 

battery energy storage systems, and electric vehicle charging infrastructure should be in-

vestigated to evaluate the robustness of the framework under dynamic and uncertain op-

erating conditions. Finally, real-time implementation using advanced monitoring, com-

munication, and smart grid technologies may provide opportunities for online power sys-

tem optimization and operational decision-making. 

Although Table 1 provides a comprehensive literature-based comparison between 

the proposed HGAPSO framework and several state-of-the-art optimization techniques, 

including GWO, WOA, and DE, the simulation-based comparative analysis in this study 

was intentionally limited to the standalone GA and PSO algorithms. This was done to 

directly evaluate the effectiveness of the proposed hybridization strategy. Future research 

will extend the comparative analysis to include additional contemporary optimization al-

gorithms to further assess the performance, robustness, and scalability of the proposed 

HGAPSO framework. A further limitation of the present study is that the performance 

evaluation was based on a single set of simulation results obtained under predefined op-

erating conditions. Although the proposed HGAPSO framework demonstrated signifi-

cant improvements in transmission loss reduction and convergence performance, the ro-

bustness and repeatability of the obtained solutions were not assessed through multiple 

independent simulation runs. Consequently, statistical measures such as mean perfor-

mance, standard deviation, confidence intervals, Monte Carlo analysis, and Wilcoxon 

signed-rank tests were not evaluated. Future research should incorporate extensive statis-

tical analyses using multiple optimization runs to quantify the consistency, reliability, and 

robustness of the proposed framework and to provide a more rigorous comparison with 

alternative optimization techniques. 
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List of Abbreviations and Symbols 

Abbreviation Description 

GA Genetic Algorithm 

HGAPSO Hybrid Genetic Algorithm–Particle Swarm Optimization 

IEEE Institute of Electrical and Electronics Engineers 

MATLAB Matrix Laboratory 

MW Megawatt 

OPF Optimal Power Flow 

PSO Particle Swarm Optimization 

p.u. Per Unit 
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R1 Region 1 

R2 Region 2 

R3 Region 3 

R4 Region 4 

Symbol Description 

𝑃𝑙𝑜𝑠𝑠  Total transmission power loss (MW) 

𝑃𝐺  Generated active power 

𝑃𝐷  Active power demand 

𝑄𝐺  Generated reactive power 

𝑄𝐷  Reactive power demand 

𝑉𝑖  Voltage magnitude at bus 𝑖 

𝛿𝑖  Voltage angle at bus 𝑖 
𝐺𝑖𝑗  Transfer conductance between buses 𝑖 and 𝑗 
𝐵𝑖𝑗  Transfer susceptance between buses 𝑖 and 𝑗 
𝑆𝑖𝑗  Apparent power flow in transmission line 𝑖 − 𝑗 

𝑇𝑖  Transformer tap ratio 

𝑃𝑏𝑒𝑠𝑡  Personal best position in PSO 

𝐺𝑏𝑒𝑠𝑡  Global best position in PSO 

𝑤  Inertia weight 

𝑐1  Cognitive acceleration coefficient 

𝑐2  Social acceleration coefficient 

𝑟1, 𝑟2  Random coefficients 

𝑋  Solution vector, particle, or chromosome 

𝑉  Velocity vector 

𝑁𝑏  Number of buses 
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