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ABSTRACT: The increased complexity of modern power systems, driven by the integration of renewable
energy sources and growing electricity demand, has led to optimized smart grids. Traditional grid
management approaches are often insufficient in addressing the challenges of efficiency, reliability, and
minimizing losses. This study evaluates the performance of various optimization algorithms in
minimizing power losses, reducing voltage deviation, and improving convergence efficacy in power
system optimization. Among the analyzed methods, Linear Programming (LP) exhibits the highest power
losses of 220 kW and voltage deviation, making it the least effective approach. In contrast, Genetic
Algorithm (GA), Traditional Particle Swarm Optimization (PSO), and Differential Evolution (DE) achieve
moderate reductions in power losses (10—-18%) and voltage deviation (12—20%). The Proposed Deep
Reinforcement Learning-based PSO (DRL-PSO) and Improved PSO demonstrate enhanced performance,
reducing power losses by 22—-28% and improving voltage stability. The most efficient methods—Multi-
Objective PSO (MOPSO), Multi-Objective Wind Driven Optimization (MOWDO), and Multi-Objective
Genetic Algorithm (MOGA)—achieve the lowest total losses (~140-160 kW) with a significant reduction
of 30-35% and minimal voltage deviation (~0.01-0.015 p.u.), ensuring optimal system stability. While
DRL-PSO requires longer convergence time due to its complexity, MOPSO, MOWDO, and MOGA exhibit

the fastest convergence while maintaining superior optimization performance, making them suitable for

real-time applications
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1. Introduction

Today, 80% of World’s energy system is supplied by fossil fuels such as oil, coal and
gas. Fossil fuels contain a large amount of carbon which causes more heat and pollution in
the environment. In result, it is causing climate change and global warming. Global warming
is a worldwide problem. To overcome global warming Sustainable Development Goals were
introduced [1]. Sustainable development goals (SDGs) are set of 17 goals which are adopted
by the United Nations in 2015 for the promotion of sustainable development, innovations and
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addressing global challenges. SDG 7 refers to affordable and clean energy and SDG
9[2]refers to Industry, Innovation and Infrastructure. As the aim of these goals, we ensure
public access to energy with negligible losses. So, energy consumers are required to manage
demand, technical and non-technical issues and technical characteristics of grids which have
become more complex from the past few years shifting from traditional centralized production
to prosumer model that is connected to distribution. This evolution has been facilitated by
establishing suitable infrastructure for communication that is smart grid [3]. Smart grid is a
modern electrical grid that uses information and communication technologies to manage
electricity demand and utilities in an efficient, reliable and sustainable way. In traditional
power systems the main challenges are transmission line losses, transformer losses and
technical losses. According to studies technical losses are up to 10% of the total generation
while there are also non-technical challenges such as energy theft, error metering and
complexity in grid management. To overcome these challenges traditional methods are used
such as linear programming (LP), mixed-integer programming (MIP) [4]. There are some
problems that exist in traditional techniques such as in Linear Programming, algorithm needs
to be more flexible. In this way, LP can’t avoid errors. In Non-Linear Programming, algorithms
require Differentiable Continuous Objective Function, which limits its scope. In Dynamic
Programming, algorithms could face dimensionality collapse while solving high dimensional
problems [5]. Heuristic techniques such as Genetic Algorithm (GA) Particle Swarm
Optimization (PSO), Simulated Annealing Algorithm (SSA), Chaos Optimization Algorithm
(COA), Artificial Fish Algorithm (AFA), Whale Optimization Algorithm (WOA), and Salp Swarm
Algorithm (SSA) have been applied to different problems. These methods can help me
struggle with scalability, adaptability and computational overhead. Atrtificial Intelligence (Al)
based models such as Machine Learning (ML), Deep Learning (DL) and Reinforce Learning
(RL) when combined to Optimization techniques result in robust solutions that reduces
complexity of smart grids, faster convergence and greater adaptability. These Al based
models learn from historical data and predict future state of smart grids [4].

This paper presents a hybrid Al-based optimization framework that integrates multiple
optimization techniques, including Genetic Algorithm (GA), Particle Swarm Optimization
(PSO), Differential Evolution (DE), Deep Reinforcement Learning combined with PSO (DRL-
PSO), Improved PSO, Multi-Objective PSO (MOPSO), Multi-Objective Wind Driven
Optimization (MOWDO), and Multi-Objective Genetic Algorithm (MOGA). These algorithms
collectively provide a robust mechanism for dynamically adjusting control strategies based
on real-time grid conditions while ensuring global optimization of key variables such as
generation set-points, voltage levels, and load distribution. The proposed method is tested
on the IEEE 33-bus benchmark system, demonstrating significant improvements in loss
reduction, voltage regulation, and computational efficiency compared to traditional methods.

The remainder of this paper is organized as follows: Section 2 provides a
comprehensive literature review, focusing on traditional and Al-based optimization
techniques for smart grids. Section 3 discusses system modeling, objective functions, and
constraints. Section 4 introduces the formulation of the proposed optimization framework.
Section 5 presents the case study using the IEEE 33 bus system, while Section 6 provides a
comparative analysis of the results. Finally, Section 7 concludes the paper and discusses
future research directions.
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2. Literature Review

Ali et al. (2024) proposed a novel Al-based optimization framework for smart grids,
designed to reduce transmission and distribution losses, enhance system efficiency, and
improve grid reliability. Their study conducts a comparative analysis of traditional optimization
techniques and state-of-the-art Al algorithms, demonstrating the superiority of the proposed
method using the IEEE 33-bus benchmark system. Results indicate a significant reduction in
power losses and an improvement in voltage profiles, leading to a more efficient and reliable
grid. [4] Reactive power optimization is another critical aspect of smart grid optimization, as
it directly impacts voltage stability and power loss reduction. The difficulties with PSO-based
optimization are highlighted by D. Mourtzis and J. Angelopoulos (2023), specifically the
problems of early convergence and local optima entrapment. They suggest an enhanced
PSO algorithm created especially to reduce power loss in smart grids to overcome these
constraints. Their findings, which were benchmarked using the IEEE 30-bus standardized
model, show an 11% improvement over traditional PSO techniques, underscoring the
potential of improved metaheuristic techniques for smart grid reactive power optimization. [3]

Razavi et al. (2020) present a comprehensive approach to improving the daily
performance of ADNs, focusing on four key objectives: (i) reducing active losses, (ii)
improving the voltage profile, (iii) enhancing network reliability, and (iv) minimizing distribution
network operation costs. Their method uses real-time data at the start of each day to solve
the optimization problem efficiently, considering the likelihood of renewable resource failures.
They present an enhanced Crow Search Algorithm (ICSA) to get optimal performance, and
its efficacy in maximizing ADN performance is confirmed on the IEEE 33-bus radial
distribution system. [6]

Fu et al. (2024) suggest an adaptive reactive power optimization control technique in
offshore wind farms (OWFs). Reactive power margins are improved, active power network
losses are decreased, and voltage variations at wind turbine (WT) terminals are minimized
using their multi-objective optimization framework. The suggested adaptive optimization
technique successfully stabilizes node voltages in OWFs while increasing overall efficiency,
according to simulation results. Their suggested Unified Adaptive PSO (UAPSO) method
shows a promising approach for optimizing reactive power control in offshore wind
applications, with an approximate 10% gain in solution time and improved accuracy when
compared to the classic PSO algorithm. [7]

Z. Li and J. Xiong (2024) introduce an improved version of the multi-objective Particle
Swarm Optimization (MOPSO) algorithm, specifically designed to address the unique
challenges of reactive power optimization in modern distribution networks. According to the
test findings, this algorithm can produce a sizable number of Pareto optimal solutions, offering
a varied and evenly distributed collection of reactive compensating techniques. When used
in a case study including a 33-node network, the enhanced MOPSO algorithm shows notable
benefits in reactive power optimization. The optimization findings demonstrate the viability
and efficacy of the suggested approach, providing distribution networks with a more
consistent and varied selection of reactive compensating options. [8]. Carrascal et al. (2024)
explored the extension of DEN2DE, a flexible routing and reconfiguration solution that may
be useful for smart grids (SGs), using Al-based failure prediction. Real-world datasets and
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randomly generated topologies based on the IEEE 123-Node Test Feeder are used in the
study. In particular, Random Forest (RF) and Support Vector Machine (SVM) are evaluated
as machine learning (ML) approaches, and Artificial Neural Networks (ANN) are evaluated
as deep learning (DL) techniques. Recall, accuracy, and precision are used to evaluate
models. With 94.28% precision and 81.05% recall, the RF model with Recursive Feature
Elimination (RFECV) outperforms SVM (precision: 89.32%, recall: 6.95%) and ANN
(precision: 72.17%, recall: 13.49%) in terms of defect detection accuracy and dependability,
according to the results. [9]

Kadar (2013) discusses various optimization techniques applied in power system
control, highlighting both traditional methods (like linear programming) and Al-based
approaches (such as genetic algorithms and particle swarm optimization). The paper
addresses key challenges in modern energy systems—ranging from renewable integration
to market deregulation—and presents solutions for tasks like energy storage, network
reliability, power mix optimization, and regional energy trade through multi-objective and rule-
based models [10]. Gundi and Rajarajeswari (2014) present a cost optimization method for
smart grids using a Genetic Algorithm (GA), focusing on minimizing short-term time-averaged
electricity costs for inelastic loads. The system integrates renewable energy, battery storage,
and real-time pricing, with GA optimizing variables such as battery discharge, grid energy
usage, and renewable energy allocation. Simulation results show that increasing battery
capacity significantly reduces electricity costs, demonstrating the efficiency of GA in smart
grid cost management [11].

Kumar and Naik (2017) propose a 24-hour load shifting strategy for smart grids using
Particle Swarm Optimization (PSO) to minimize peak demand and electricity costs. The
method reallocates shift able residential, commercial, and industrial loads from peak to off-
peak hours based on real-time electricity prices. Compared to Genetic Algorithms (GA), PSO
achieved greater reductions in peak-to-average load ratios and operational costs. The
simulation showed PSO outperforms GA in all three sectors, making the smart grid more
efficient, reliable, and cost-effective [12]. The paper reviews the concept, framework, benefits,
challenges, and optimization strategies of Vehicle-to-Grid (V2G) technology. The increasing
adoption of electric vehicles (EVs) as an alternative to traditional internal combustion engine
vehicles is driven by energy crises and environmental concerns. The development of smart
grid technology has enabled EVs to play a role in improving power system operations through
V2G technology. V2G allows bidirectional energy exchange between EVs and the power grid,
providing services such as power grid regulation, spinning reserve, peak load shaving, load
leveling, and reactive power compensation [13].

This paper addresses the issue of the underutilization of generation capacity in power
grids, which is mainly due to the difference between peak and off-peak load demand. The
authors propose using demand response (DR) in smart grids to allow users to adjust their
energy consumption based on costs, aiming to reduce peak load demand and increase off-
peak demand. They formulate the load scheduling problem as a constrained multi-objective
optimization problem (CMOP) with the objectives of minimizing energy consumption cost and
maximizing utility. The paper then develops two evolutionary algorithms (EAS) to find Pareto-
front solutions for this problem [14]. This paper introduces a novel energy optimization model
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designed to enhance the performance of smart micro grids that incorporate renewable energy
sources (RES) like solar and wind power. The model addresses the challenges of energy
optimization, such as the unpredictability of RES and consumer behaviour, by using a hybrid
scheme of demand response programs (DRPS) and incline block tariff (IBT) and by using
multi-objective optimization algorithms. The model aims to reduce operating costs and
pollution emissions while maximizing the use of RES [15].

This paper proposes a hybrid genetic algorithm (GA)-particle swarm optimization
(PSO) algorithm to solve a multi-objective demand side management (MODSM) problem in
a smart grid that includes wind power. The algorithm aims to minimize electricity costs and
optimally allocate generation and load demand in a day-ahead market. The hybrid algorithm
combines the strengths of GA and PSO to improve convergence speed and avoid local
minimum, using a fusion factor to balance exploration and exploitation [16].

This paper reviews various stochastic programming (SP) techniques used by
researchers to address uncertainties in renewable energy sources and load demands within
smart grids. It discusses the formulations of different researchers for objective functions like
cost, loss, generation expansion, and voltage control. The paper also explains SP variants
such as the recourse model, chance constrained programming (CCP), sample average
approximation (SAA), and risk aversion, including their applications and mathematical
expressions [17]. This paper addresses the problem of optimizing electricity costs within a
smart grid environment using Demand Side Management (DSM). It formulates a multi-
objective problem that considers the conflicting interests of the utility, the demand response
aggregator, and the customers in a day-ahead market. The Particle Swarm Optimization
(PSO) algorithm is employed to optimize the generation and load patterns, aiming to minimize
electricity costs. The effectiveness of the proposed approach is demonstrated by comparing
the results with an existing optimization technique [18].

This paper outlines new approaches in grid protection and optimization of distribution
grid operation within smart grids. It discusses optimization to reduce grid losses by setting an
optimal power factor at distributed energy resources (DER) and the challenges of distributed
generation on grid protection [19]. This paper discusses voltage control, grid reconfiguration,
and adaptive protection as key control applications in smart grids that heavily utilize
information and communication technology. These control applications often involve multiple,
sometimes conflicting objectives, necessitating the use of multi-objective optimization
techniques. The presence of non-convex objectives and constraints favours the use of
evolutionary algorithms for solving these control problems. The paper argues that genetic
algorithms are well-suited for achieving control objectives in smart grids, especially with the
integration of distributed generators, which introduces additional factors to consider in the
optimization process [20]. This paper introduces a novel approach to enhance efficiency and
reliability in smart grids using a combination of Deep Reinforcement Learning (DRL) and
Particle Swarm Optimization (PSO). The research focuses on optimizing smart grid
operations; specifically addressing power losses and grid reliability, and its effectiveness is
demonstrated using the IEEE 33-bus system [4].
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This paper reviews the application of heuristic optimization methods to enhance
energy efficiency within power systems. The need for improved energy efficiency in the
European Union, driven by the 2009/28/EC Directive, is the paper's foundation. The
complexity of power systems often makes exact optimization techniques impractical, thus
making heuristic methods a valuable tool for finding effective solutions. The paper explores
how these methods are applied in transmission and distribution systems to achieve better
energy efficiency [21].

This study evaluates optimization algorithms for modern power systems, tackling
challenges from renewable energy integration and growing demand. It assesses algorithms
for minimizing power losses, reducing voltage deviation, and improving convergence efficacy
in smart grids, addressing traditional grid management shortcomings.

2.1 System Modelling:
2.1.1 Electrical Unit Integration in Smart Grids:

Concepts from a standard smart grid were developed by the National Institute for
Standards and Technology (NIST) and include "architecture, architecture process, energy
services interface, functional requirement, harmonization, interchangeability, and inter-
operability." [22]. The optimal integration problem in distribution, transmission, and micro grid
networks is connected to all these ideas. Their involvement is contingent upon (i) the quantity
of integrated units, (ii) the kind of units, and (iii) the style of operation. To provide demand
side management in a smart grid, RES-based DG units, for instance, can be integrated to
only service the grid during peak hours or combined with Energy Storage Systems (ESS) to
store energy for periods of high demand. By using frequency fluctuation, the ESS unit can be
utilized to smooth out power output [23] [24]. Figure 1 illustrates how EVs, solar photovoltaic
(PV) plants, wind turbine plants, and BESS are integrated into a distribution network [25][26].

FACTORIES

SMART HOUSES COMMERCIAL BUILDINGS

1
Q ~
SMART TRANSPORT
WIND POWER PLANT HYDROELECTRIC POWER PLANT

Fig 2:1 Configuration of a distribution network with the integration of different
electrical units
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2.1.2 Common Objectives Functions:

Power Loss Minimization
The primary mathematical formulas used to model a system's properties are called
objective functions. Real power loss minimization is the most frequently used goal function in
optimum integration problems. Other objective functions include improving voltage stability
and profile, minimizing costs, and maximizing profits.

An important component of distribution systems is power flow. Optimal power flow (OPF),
continuous power flow (CPF), probabilistic power flow (PPF), and other approaches are
examples of power flow techniques. To calculate power losses and voltage stability on power
bus lines, several techniques have been employed to examine the components of the line.
Equations for power loss, however, will depend on the kind of generator source. For example,
the output power of diesel generators will defer from the power from PVs or WT. Also, a
single- or three-phase type will change the model of its power flow. The schematic single line
of power flow model is shown in Figure 3:2 [27][4].
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Where p is the sending bus and p + 1 is the receiving bus. P, Q, and V are respectively
the real power, reactive power, and voltage at bus p or p+1, while R and X are the resistance
and reactance at branch p, p + 1.
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The total power loss of the system is represented in (4)
PiSE = ) Bl (4)

Voltage Stability Improvement
An essential component of loaded distribution networks is voltage stability. A voltage
collapse may result from an abrupt rise or drop in the network. Voltage instability will also
result from the inability to compensate for reactive power loss [28], particularly in micro grids
with limited networks. An indication of network stability and load capacity, the Voltage Stability
Index (VSI) can be utilized alone to solve distribution system planning problems. For
distribution network design, VSI has been used in conjunction with meta-heuristic techniques

throughout time. In 5, a typical equation for VSI [3] is provided.

2 2
VSI(p+1) = Vg - 4[Ppﬂxp - Q(p+1)Rp] - 4[PpﬂRp + Q(p+1)Xp] Vg (5)

2.1.3 Constraints
The constraints used to solve this problem are the following: [7][8][5][6]:

Power Flow Equations: The real and reactive power flows in the network are governed
by the following nonlinear equations:

n
Pi - PDi = Vi Z \/j(GijCOS ell + BijSineij (6)
=1
n
Qi—Qpi=V; z V;(Gyjsin 6; — Bjjcos6y;) (7)
=1

where: - Pi, Qi are the real and reactive power injections at bus i, - PDi, QDi are the
real and reactive power demands at bus i, - Gij, Bij are the conductance and susceptance
between buses i and j, - 6ij is the voltage angle difference between buses i and j.

Voltage Limits: Each bus voltage must remain within the specified bounds:
Vmin < Vi < Vmax Vi (8)

Generated Power Constraints: The generated power output must also be constrained
within its limits:

1:)Gmin < l:)Gi < PGmax Vi (9)

where G is the set of all generator buses.
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2.2Problem Formulation:
2.2.1 Genetic Algorithm (GA)

For systematic optimization, GA is a biological evolutionary heuristic search technique
[29]. When restrictions are explicit and variables are discrete, GA might be helpful. A
population of strings that match the system criteria will be generated at random by GA. Initial
GA parameters, including population size, crossover probability, mutation probability, and
generation size, must be established. The search will be conducted by GA using those seed
strings. In this work, the distribution of loads throughout phases is represented by a
chromosomal string, whereas the loads in phases A, B, and C are represented by genes. The
gene is encoded as 0, 1, and 2 to reflect loads in phases A, B, and C in order to limit the
search space. Subject to the limitations, each string will result in the minimization of the fithess
function and indicates system status. When the fitness function value becomes negative or
the load flow diverges, this string will be removed. Table 4:1 provides a summary of the
Genetic Algorithm GA [30].

Table 2:1 provide a summary of GA algorithms

Algorithm I: Genetic Algorithm
Step 1: Set initial value of population and other parameters.
Step 2: Generate population randomly.
Step 3: Evaluate population with all candidate solutions.
Step 4: Generate the Ibest y * with its objective fitness.
Step 5: While (the end criterion is not satisfied),
SELECT parents;
RECOMBINE pairs of parents
MUTATE the resulting children;
EVALUATE children;
SELECT individuals for the new generation If ¢ > @ * @ *= y
end if
End while

Step 6: Output best solution y *

2.2.2 Particle Swarm Optimization (PSO)

Particle swarm optimization (PSO) is a stochastic population-based algorithm which
was originally introduced by Kennedy and Eberhart [31]. A swarm of particles, each
representing a possible solution, travels over the search area in PSO. Each particle's position
is updated according to its velocity, which is determined by the best position the swarm as a
whole and the best position it has discovered thus far. The particle in this study is a vector
made up of components that require optimization, such as loads per bus. A swarm is a particle
matrix. In this study, each element is referred to as a swarm member. A random patrticle
swarm and a random speed matrix with the same dimension as the swarm are used as the
initial inputs for the algorithm. Random values between 0 and 1 are entered into the speed
matrix. By meeting the limitations, each patrticle is assessed based on the fitness function for
a predetermined number of generations. The suggested algorithm's goal is to determine the
ideal loads for each phase to reduce the VUF value. The Pgest matrix and Ggest Vector are
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produced following the evaluation of every particle from a single generation. The matrix
comprising each particle's greatest performance up until generation j (the current iteration) is
called Pgest. Up to generation j, Ggest was the vector with the best particle ever found. If the
best particle is no longer present in the swarm, it is reintroduced. Until the maximum number
of generations is reached, the algorithm will calculate the particle's new position and continue
the procedure. Table 4:2 provides a summary of particle swarm optimization (PSO) [32].

Table 2:2 provide the summary of PSO algorithm

Algorithm Il : Particle Swarm Optimization Algorithm

Step I: Initialize the value of acceleration constants c1, c2 and swarm size.
Step IlI: set the counter a =0.

Step llIl: Generate random x;’ and vy’ €[L, U] where y =1... SS.

Step IV: Evaluate the fitness function f(xy).

Step V: Set gbest®. [ gbest® Is the best local solution in the swarm].
Step VI: Setpbesty . [ pbesty Is the best local solution in the swarm].

Step VII: Repeat.

Step VIII: I/;,(“H) = Vy(a) + C; X rand; X (pbest? — x&) + C, X rand, X
(gbest"‘ —xy )

[rand, and rand, are random vectors € {0,1}].

Step XI: x](,““) =x, + Vy("‘“),y =1,......5S. [Update particles positions].

Step X: Evaluate the fitness function f(x](,aﬂ)),y =1,......55S.
Step XI: if f(x)(,a“)) < f(pbest](,“)) then

pbest](/a+1) — x](/a+1)
Else
(a+1) _ (a)
pbest, = pbest,
End if
if x](,aﬂ) < (gbest@) then
1) _ (a+1)
gbest@*D) = x,
Else
gbest@D = gpest@®
End if

Step XlI: increment iteration « @ = +1 until satisfy the criteria.
Step XIlI: Generate best particle.

2.2.3 Differential Evolution (DE):

Stron and Price introduced the Differential Evolution Algorithm (DE) in 1997 [33]. A D-
dimensional vector is displayed as the DE algorithm's solution. The population size N and D
dimensional vectors that DE creates at random can be written as follows [34]:

x; (O)={x;1(©), %), cee eee xip ()} [i=1, 2,..., N]

Where t is number of generations, D is number of dimensional variable and N is
population size.
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Through the mutation and crossover activities, a trial vector is created. The expression

for the mutant vector is:

® _ ®
v, = X5, +F - (Xs1— x52) + F (X54 — X55)

Where F is the mutation scaling factor within the range [0, 1]. The second step is to
create the trail vector by performing crossover between the mutant vector and the target
vector, which can be expressed as follows: & d, d=1, 2, 3............ 5 represent the random
and mutually different integers generated within the range [1, N] and not equal to i.

o v;jif random(0,1), < CR o7 j = jranaom
Y X;j otherwise

CR, also known as the control parameter, is the crossover probability of generating
parameters for a trail vector from the mutant vector within the range [0, 1]. j,andom IS @ random
number within the range [1, N].

The goal of the selection stage is to preserve the vector that has a higher fitness value
than the mutant and trail vectors. The selection operator is defined as follows:

ﬂwn:{wiﬁﬂ%)waﬁ
' xf otherwise
This DE is summarized in table 4:3.

Table 2:3 DE Algorithm Summary

Algorithm IlI: Differential Evolution Algorithm

Step 1: Initialize the generation counter t: =0.

Step 2: Initialize the mutation factor F and crossover probability CR.
Step 3: Generate initial random population p *

Step 4: Evaluate the fitness function for all individuals in p *

Step 5: repeat.

Step 6:fori =o0;i < N;i+ +do

Select random indexes 6, §,, 03

t t
vi( )= x§1) + F. (x5 — Xs2) + F. (x54 — X55)

Jj =random(1,D)
for k=o0;k<D;k++do
if random(0,1) < CR ork =j
® _ @
Then Uy = Vig
Else
® _ (@®
U = Xig
End if
End for
if () < f(x?) then

xi(t+1) _ xi(t)

End if
End (if conditions are satisfied.
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2.2.4 Hybrid DRL-PSO Algorithm

To determine the best course of action for control given the present grid state, the
hybrid DRL-PSO algorithm [4] first uses DRL. To further minimize the goal function (power
loss) and guarantee global optimization, these actions are subsequently improved using
PSO. The integrated framework makes use of the advantages of both approaches: PSO's
capacity  to optimize the solution and DRL's real-time adaptation.
DRL Agent: The DRL agent learns the best power flow actions using a deep neural network.
The agent engages with the smart grid environment, obtaining status data (such as power
flow and voltage levels) and acting to reduce losses. High losses and voltage violations are
intended to be penalized by the reward function. The state-action pair (st, at) at time step tis
updated according to the Bellman equation:

Q(st,at) =T + Yy max Q(st+1,a)
Where r;the reward is received at time and is y the discount factor.

PSO Optimization: PSO is used to fine-tune the control variables (e.g., generator set-
points, capacitor switching) by optimizing the objective function Ploss. Each particle in the
swarm represents a potential solution, and particles adjust their positions based on their
individual and swarm-wide best experiences:

vi(t+1) =wy(t) + oy [pzbeSt - xi(t)] + 13 [g7%t — % ()],

xi(t + 1) = xi(t) + vi(t + 1)

Where v; is the velocity of particle i, x; is the position, p?®t is the individual best
position, and g?¢st is the global best position. Working process of hybrid DRL-PSO shown in
table 4:4.

Table 2:4 Working Process Of DRL-PSO Algorithm

Algorithm IV: DRL-PSO Algorithm

Step I: Environment Setup:

o Define the state of the grid (bus voltages, power flows, generator
outputs).
o Establish parameters, encompassing voltage thresholds, load

requirements, and restrictions on power generation.
Step II: Deep Reinforcement Learning (DRL) Process:

o State Input: The DRL agent assesses the present condition of the
grid.

o Action Selection: The DRL agent selects an action (e.g., adjusting
voltage set points or switching capacitors) based on the learned policy.

o Reward Calculation: Compute the reward based on power loss
reduction and voltage regulation.

o Policy Update: The agent updates its policy using a DRL algorithm

(such as PPO).
Step llI: Particle Swarm Optimization (PSO) Process:
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o Initialize Swarm: Generate a swarm of particles representing potential
solutions (control variables such as voltage levels or generator outputs).

o Velocity and Position Update: Each particle’s velocity and position are
updated based on its best-found solution and the global best.

o Evaluate Objective Function: For each particle, calculate the power
losses and ensure constraints (e.g., voltage limits) are satisfied.

o Update Swarm Bests: Update the best positions and velocities of the
particles.

o Check for Convergence: If the swarm has converged, the final control
solution is determined.

o Final Solution: The optimal control actions are selected, minimizing
power losses and maintaining voltage levels within desired limits.

o End: The algorithm terminates with optimized grid control actions.

2.2.5 Improved PSO:

Typical optimization for particle swarms. The intelligence method known as standard
particle swarm optimization (PSO) is based on swarms [35]. First, a collection of uniformly
distributed patrticles is initialized at random. Every particle represents a potential fix for the
issue at hand. Next, the particles’ own speed is modified based on its population extreme
value (g?¢s%) and individual extreme value (p?¢st). To follow the current optimal particle, all
particles continuously adjust their position and speed. After continuous iteration, the optimal
solution to the problem that satisfies the termination condition is obtained. The PSO
algorithm's benefits include a straightforward structure, a small number of adjustable
parameters, and quick search speed; nevertheless, it also has issues with premature
convergence. Therefore, to keep the algorithm from prematurely convergent while
simultaneously achieving rapid convergence, several enhancements are required to improve
its local search capability and preserve population variety. The following are the primary
improvement measures [36]:

Inertia Weight: To enhance the PSO algorithm's convergence performance, Shi and
Eberbart

[31] added an inertia weight to the speed evolution equation:

vi(t +1) = woy () + e [p7 — x:(0)] + 1 [g"*" — x: ()]

Where, we stand for the weight of inertia. Particles with inertial weight can travel over
uncharted territory. The PSO algorithm's search efficiency and convergence accuracy can be
enhanced by appropriately selecting the inertia weight, which balances local and global
search [37]. The following are specific measures for improvement:

Wmax — Wmin

W= Wgy — ——
max iteTax

The maximum and minimum values of w w,,,,,, and w,,;,,, typically take values of 0.9
and 0.4. The maximum number of iterations isiter;,,,,. The current iteration is denoted by K.
Shrinkage Factor: Clerc introduced the shrinkage factor hypothesis in 1999. This approach
can guarantee algorithm convergence by selecting w, c1, and c2 in a suitable manner. The
particle's velocity evolution equation is as follows when the shrinkage factor is added:
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vt D) = xlwwi(©) + [Pl — (0] + onlgtet — x @)

Among them, shrinkage factors are:

X

2
20— o7 - 40|
§0:C1+C2

The patrticle velocity may be efficiently controlled by the shrinkage factor, which
also strikes a good balance between local and global optimization. In addition, the
flowchart of IPSO [38] is given in Figure 4:5.

Qtart

y

Set the inertia weight, shrinkage

factor and other parameters
v

Randomly generate initial

particle position and velocity

\ o D
y< ] Update the reminding particles
4 N
Calculate particles fitness positions and velocities
values 1
\ y 4 ~
N Eliminate bad particles and

A 4

aenerate new particles around

e

[ Optimal solution ]

Y

EnAd

Fig 2:5 flow chart of IPSO algorithm

2.2.6 Multi-Objective Particle Swarm Optimization

The Multi-Objective Particle Swarm Optimization algorithm was introduced in [39] as
an extension to the single objective PSO algorithm. The MOPSO algorithm handles multi
objective optimization problems by using Pareto ranking scheme. To continuously replace a
hard and fast Pareto best answers acquired with the aid of using MOPSO for the duration of
iterations, this painting designs the historic Pareto best answer set and the worldwide Pareto
optimal solution set during iterations with the help of archiving technology. Global Pareto most
suitable answer set holds all Pareto most suitable answers generated for the duration of the
modern-day iteration. If a population contains m particles, and each particle has N objective
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function value, the global Pareto optimal solution set generated by each iteration is found by
the following

1. Leti=1.

2. Compare particles x; with particles x; for all j=1, 2,.m and j#i.

3. Ifjexists so that particle x; dominatesx;, the particle x; is marked as the
inferior solution.

4. If i > m, turn to 5. Otherwise, let i=i+1 and turn to 2.

5. Remove all marked answers, and the last answers represent the
worldwide Pareto highest quality answer set of this iteration.

The very high convergence speed represents one of the main advantages provided
by the PSO algorithm. Nevertheless, when multi-objective optimization problems are
approached, the high convergence speed may turn into a major disadvantage as it may lead
to a false Pareto front. The following improvements are implemented to overcome this
drawback: crowding, mutation and dominance. Firstly, the crowding distance mechanism
maintains the diversity of the non-dominated solutions by guiding the particles towards the
least crowded area of the Pareto front. Secondly, the dominance strategy enforces a minimal
distance between any two non-dominated solutions so that a wider spread of solutions along
the Pareto front is assured. In addition, the flowchart of MOPSO [40] is given in Figure 4:6

Initialization the related parameter h
of population and set the
maximum aumber of iterations

Evaluate initial
population
Calculate the inertia
weight

Clear the global optimal
[ Update the speed and position of particles ] Pareto solution set
L2

[ Correct the output of each particles ]
v

[ Correct the fitness value of each particles ]

Update individual
particles

[ Find the global Pareto optimal solution set of ] [

the steration

v
[ Update Pareto optimal solution set ] Optimal solution

Whether the number
Of scolution in the set of Pareto
optimal solution exceeds

NO

Number of iteration max

YES

Output Pareto optimal solution set ]

Fig 2.2: flow chart of MOPSO algorithm

2.2.7 Multi-Objective Wind-Driven Optimization Algorithm

The multi-objective energy optimization problems include clashing objects under
equivalency and inequality constraints, which must be answered contemporaneously. In this
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work, two clashing objects like power losses and voltage divagation must be optimized
contemporaneously. MOWDO algorithm is grounded on position and haste conforming of 5
main functions Schaffer function, Kita function, Kursawe function, ZDT1 and ZDT4 functions.
Also, the operating cost is a non-convex optimization problem. Thus, to avoid original
minimum, we increase the probability of disquisition (global minimization) further than the
probability of exploitation (original minimization) in the hunt space. The flyspeck converges
to global minimization, and original minimization is avoided for operating cost optimization.
MOWDO algorithm uses Pareto set species to find the stylish possible result. The MOWDO
algorithm inflow map is shown in Fig. 4.7.

1. Schaffer function

In this function, limits of variables are and [—103, 103], optimized result ranges (0, 2).
Schaffer functions are:

filk) = k2, fa(k) = (k = 2)?,
2. Kita function
Then, the limits of variables are (0, 7). Kita multi-objective functions are:

fl(klrkz) = _k12 + k2

And
k4
fz(kl,kz):?+k2+1
Subject to:
k1+k LB k1+15 5k, + k, < 30
6 27 2'2 2’707t TES

This characteristic is used to make use of strain effect.
3. Kursawe function

Here, the limits of variables are [-5, 5]. Kursawe multi-objective functions are:

N-1
fi(k) = ) (—10exp (—0.2 k? + k-2+1>)
geos(oalies

N

(k) = Z|k]-|0'8 + 5sin(k?)

=1

Also, there are two functions which are used for assessing system model data, the
ZDT1 and ZDT4 functions, independently.
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Fig 2.2: flow chart of MOWDO algorithm

2.2.8 Multi Objective Genetic Algorithm

MOGA algorithm [15] inflow map is shown in Fig. 48. MOGA use the dominated
bracket of the GA population and at the same time maintain diversity in non-dominated
results. The results, which are near to Pareto most excellent, the front is ranked same to at
least one is proposed. These results are optimal results. Also, all other results are ranked
consequently, grounded on their position. To find the rank of a result, the following equation
is used:

Rk=1+Nk

where Ry indicates the rank of results and Ny represents that how numerous results
are which can dominate the result k, if many results dominate, it means that the rank is
advanced. To combine further than one ideal, the equation as follows:

F(X) = my. F; (X) + - + my. F(X) + - + my. fy (X)

where X is string of the rank, F(X) is fithess function, Fj(X) is jth objective function and
m, is a constant weight which indicates object’s function. The operating cost is non-convex
optimization problem, thus, to avoid original minima, in the hunt space, we increase the
probability of disquisition (global minimization) further than the probability of exploitation
(original minimization). The flyspeck converges to global minimization and original
minimization avoided for operating cost optimization. Now then we bandied how to assign
fitness values to MOGA. Assign health values are calculated as follows:
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Step 1: Choose o4,,re, Which is a constant variable, denotes how important distance
is considered between two solutions. However, it has a lower value also we say that the
results are near, If o4pare-

Step 2: Cipher the number of results Ny and rank of result Ry as shown in Eq.

Rk+1

Fe=Ni— ) 109 - 05[u(Ry) — 1]
k=1
Step 3: If k « N, k =k 1 also go to step 1. Else, go to step 4 shown in MOGA inflow
map.

Step 4: Identify maximum rank Ry Eq. will give average fitness to each result k. Where
Nk is total number of results, uk is number of results of the rank Rk, () are the number of
results in the current rank.

Start

[ Assigning rank according to Ri ]

¥

Assigning linear mapping function
to find best and worst solution

Calculate the row fitness

Solutions having ranking value of these solutions

-
Assigning fitness function to
Mutate each rank
\

Fig 2.2: flow chart of MOGA algorithm

The DRL agent uses a learning rate of 0.0003, with an actor-critic architecture
featuring 2 hidden layers (64 neurons each) for the actor and 2 hidden layers (128 neurons
each) for the critic. The reward function combines power loss minimization, voltage
deviation reduction, and convergence efficacy, formulated as R = - (power loss + A1 *
voltage deviation + A2 * convergence time), where A1 and A2 are weighting factors.
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2.3 Test System:
2.3.1 Case study:

According to recent energy optimization studies, by optimizing power generation and
utilization, energy consumption can be lowered to 25-35% without requiring changes to the
current system infrastructure. The distribution system operator oversees using the
transmission network's high degree of efficiency and minimal losses to deliver electricity to
the end user's load in the power system network. Renewable Energy sources are alternative
power sources that give DSO new ways to satisfy end customers' demands and supply them
with affordable power while minimizing operating costs, pollution, and loss of load
expectation. As a result, lowering load shedding and improving power system network
dependability. Conversely, DSO uses DSM techniques to carry out optimal load control. This
paper is evaluating the best Al-Optimization Technique among these optimization techniques
(PSO, GA, MOGA, DRL-PSO, DE, Improved PSO, MOPSO, and MOWDO) in respect of
voltage deviation, power loss and running time.

With a combination of commercial, industrial, and residential loads, the 33-bus test
system is intended to replicate a typical distribution test system. It is therefore a perfect
testbed for assessing the performance of distribution systems. The test system, which has
33 buses, is both enough large to replicate the complexities of a real-world distribution system
and sufficiently small to maintain computational feasibility. The framework of the IEEE 33-bus
test system is straight forward and well-defined, which enables comprehension and
modification. This test system is ideal for analysing smart grid concepts such as demand
response, energy storage and distribution generation. This system is also useful in the way
that it consists of minimum number of generators. Power flow, voltage management,
frequency regulation, protection, economic dispatch, and control coordination become more
difficult when a power system consists of several generators. To guarantee dependable and
effective system operation, sophisticated modelling, simulation, and optimization techniques
are needed. So, this system is neither too complex nor simple.

5.1.1 IEEE Bus Line Data

No. From Bus To Bus Resistance (R) | Reactance (X)
1 1 2 0.0922 0.047
2 2 3 0.493 0.2511
3 3 4 0.366 0.1864
4 4 5 0.3811 0.1941
5 5 6 0.819 0.707
6 6 7 0.1872 0.6188
7 7 8 0.7114 0.2351
8 8 9 1.03 0.74

9 9 10 1.044 0.74
10 10 11 0.1966 0.065
11 11 12 0.3744 0.1238
12 12 13 1.468 1.155
13 13 14 0.5416 0.7129
14 14 15 0.591 0.526
15 15 16 0.7463 0.545
16 16 17 1.289 1.721
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17 17 18 0.732 0.574

18 2 19 0.264 0.2565
19 19 20 1.5042 1.3554
20 20 21 0.4095 0.4784
21 21 22 0.7089 0.9373
22 3 23 0.4512 0.3083
23 23 24 0.898 0.7091
24 24 25 0.896 0.7011
25 6 26 0.203 0.1034
26 26 27 0.2842 0.1447
27 27 28 1.059 0.9337
28 28 29 0.8042 0.7006
29 29 30 0.5075 0.2585
30 30 31 0.9744 0.963

31 31 32 0.3105 0.3619
32 32 33 0.341 0.5302

5.1.2 IEEE Bus Load Data

Bus No Real Power (kW) Reactive Power (kVAR)
1 0 0

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

31 150 70
32 210 100
33 60 40

This paper considers the IEEE 33-bus System as test-system, consists of 33 buses,
32 distributed lines and one generator and data for system parameters is obtained from IEEE
Standard Benchmark Dataset. Given figure 5:1 shows single-line-diagram of test-system.

2.3: single line diagram of IEEE 33-BUS distribution network
3 Results and Discussion
1.1. Simulation Setup:

MATLAB is a high-level programming language and software environment created
especially for numerical computing, data analysis, and visualization. Engineers, scientists,
and researchers favor MATLAB because it was developed to carry out intricate mathematical
operations, simulate systems, and create models.

A MATLAB library called Tensor Flow was created to address optimum power flow
(OPF) issues in Electrical System especially in power system. For modelling and resolving
intricate power flow optimization issues, such as power flow (AC and DC), convex relaxations,
and bespoke objective functions, it offers a versatile and effective framework. Tensor Flow
allows users to plan and construct power grids, optimize power system operations, and
assess the effects of energy storage and renewable energy sources. Tensor Flow is a useful
tool for power system researchers, engineers, and analysts since it allows users to rapidly
create and evaluate power flow optimization strategies by utilizing MATLAB's numerical
computation capabilities.

Simulation of several algorithms is the purpose of this paper. In this way, MATLAB is
being used. Tensor flow is employed because algorithms are used for optimization. For each
of the algorithms mentioned above, a test system that is mentioned above is simulated, and
the best outcomes are compared in terms of frequency deviation, power loss and algorithm
running time.
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1.2. Results & Comparative analysis:
1.2.1. Power Loss

The graph 6.1 illustrates the Total Power Losses vs. Iterations for various optimization
algorithms applied to a power system. The x-axis represents the number of iterations, while
the y-axis shows total power losses in kilowatts (kW). The objective of each algorithm is to
minimize power losses as iterations progress. Among the methods analysed, Multi-Objective
Genetic Algorithm (MOGA) demonstrates the best performance, achieving the lowest power
losses (~130 kW) and the highest percentage reduction of approximately 30-35%, making it
the most effective method. Similarly, Multi-Objective Wind Driven Optimization (MOWDO),
Multi-Objective PSO (MOPSO), and Improved PSO exhibit strong optimization capabilities,
significantly reducing power losses by 26-32%. The Proposed DRL-PSO method also
outperforms traditional techniques, achieving a reduction of 22-26%. In contrast, Differential
Evolution (DE), Traditional PSO, and Genetic Algorithm (GA) provide moderate
improvements, with power loss reductions ranging from 12—-20%. Linear Programming, which
starts with the highest power loss (~220 kW), shows the least effectiveness, achieving only
an 8-10% reduction. Overall, the results highlight the superiority of Al-driven and hybrid
optimization techniques in enhancing power system efficiency by reducing losses more
effectively than conventional approaches.

Table 1.2-1 Performance of optimization methods in power loss reduction.

Methods Iterations Power Loss Range (Kw)
Genetic Algorithm 1-10 193-175
Particle Swarm Optimization 1-10 180-166
Differential Evolution 1-10 175-161
Proposed DRL-PSO 1-10 160-151
Improved PSO 1-10 148-139
Multi Objective PSO 1-10 144-135
Multi Objective WDO 1-10 139-130
Multi Objective GA 1-10 133-124

Graph 3-1 Total Power Losses vs. Iterations for various optimization algorithms

Power Loss (kWh)

R

(0}

® Genetic Algorithm ® Traditional PSO m Differential Evolution

Proposed DRL-PSO  ® Improved PSO MOPSO

MOWDO MOGA
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The graph presented provides a comparative analysis of various optimization
algorithms applied to power system optimization, focusing on total power losses, voltage
deviation, and convergence time. The first bar chart illustrates total power losses in kilowatts
(kw), where the primary objective is to minimize losses for improved system efficiency.
Among the methods analysed, Linear Programming (LP) exhibits the highest power losses,
making it the least effective approach. Genetic Algorithm (GA), Traditional PSO, and
Differential Evolution (DE) achieve moderate reductions, with power loss minimization
ranging from 10% to 18%. In contrast, the Proposed DRL-PSO and Improved PSO
demonstrate significant improvements, reducing power losses by approximately 22—28%.
The best-performing methods, including Multi-Objective PSO (MOPSO), Multi-Objective
Wind Driven Optimization (MOWDO), and Multi-Objective Genetic Algorithm (MOGA),
achieve the lowest total losses (~140-160 kW), with an impressive reduction of 30-35%,
making them the most efficient optimization techniques.

1.2.2. Voltage deviation:

The second bar chart compares voltage deviation across different methods, where
lower values indicate better voltage stability. Linear Programming results in the highest
deviation (~0.09 p.u.), highlighting its inefficiency in maintaining voltage levels. GA,
Traditional PSO, and DE show moderate improvements, achieving reductions in the range of
12-20%. Meanwhile, the Proposed DRL-PSO and Improved PSO further optimize voltage
profiles, bringing deviations below 0.02 p.u. The best results are again observed with
MOPSO, MOWDO, and MOGA, which achieve the lowest deviations (~0.01-0.015 p.u.),
ensuring optimal voltage stability.

The third bar chart illustrates convergence time, representing how quickly each
algorithm reaches an optimal solution. Most methods show similar convergence speeds,
except for the Proposed DRL-PSO, which requires more time due to the complexity of deep
reinforcement learning. However, MOPSO, MOWDO, and MOGA exhibit the fastest
convergence times while maintaining superior optimization performance, making them ideal
for real-time applications.

Table 1.2-2 Performance of Optimization Methods in Voltage Deviation.

Methods Iterations Voltage Deviation (P.U)
Genetic Algorithm 1-10 0.045
Particle Swarm Optimization 1-10 0.035
Differential Evolution 1-10 0.025
Proposed DRL-PSO 1-10 0.015
Improved PSO 1-10 0.015
Multi Objective PSO 1-10 0.010
Multi Objective WDO 1-10 0.012
Multi Objective GA 1-10 0.012
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Voltage Deviation (p.u)

0.05
0.045
0.04
0.035
0.03
0.025
0.02
0.015
0.01
0.005

Overall, the results highlight the superiority of Al-driven and hybrid optimization
techniques in power system optimization. MOPSO, MOWDO, and MOGA consistently
achieve the best performance, minimizing power losses, reducing voltage deviation, and
ensuring fast convergence. The Proposed DRL-PSO and Improved PSO also demonstrate
strong optimization capabilities but require longer computational times. In contrast, Linear
Programming proves to be the least effective approach, struggling with both high-power
losses and voltage deviations. These findings emphasize the importance of advanced
optimization techniques in enhancing power system efficiency and stability

15 %103 Convergence Times for Various Methods
T T T T T T

Convergence Time (s)

Genetic Algorithm  Traditional PSO Differential Evolution  DRL-PSO Improved PSO MOPSO MOWDO MOGA
Methods

4 Conclusion

This research is based on dual purpose: Optimizing grid losses using advanced Al
optimization techniques and providing a comparative analysis of their performances. The
results show that Al-driven method and hybrid optimization methods, particularly MOGA,
MOWDO and MOPSO, significantly reduce power losses of about 30-35% while ensuring
minimal voltage deviations (~0.01-0.015p.u.) and required less time for convergence. The
proposed DRL-PSO and improved PSO also exhibit strong optimization potential, though at
the cost of higher convergence time. At the same time, comparative analysis also presents
the limitations of conventional methods like Linear Programming, Traditional PSO and
Genetic Algorithm, which achieve only moderate improvements in power loss reduction and
voltage stability. These findings lead to the importance of Al-driven and hybrid techniques for
enhancing power system efficiency, offering best solutions over traditional methods. By
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optimizing power losses while evaluating the effectiveness of differential algorithms, this
study contributes valuable insights toward developing more intelligent, stable and energy-
efficient power networks. Expanding scope of optimization to include economic and
environmental factors such as cost and CO,emission with Development of Al-based methods
that can dynamically adapt to grid fluctuations in real-time scenarios can be potential research
topics in future.
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