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Abstract: Keeping the bus voltage within acceptable limits depends on dispatching reactive
power. Power quality improves as a result of creating an effective power flow system, which also
helps to reduce power loss. Therefore, Optimal Reactive Power Dispatch (ORPD) studies aim at
designing appropriate system configurations to enable a reliable operation of power systems. Es-
tablishment of such a configuration is handled through control variables in power systems. On the
other hand, installing Distributed Generation Unit (DGU) into a power system can have an im-
portant effect on power quality and power loss minimization. In this paper, Grey Wolf Optimization
(GWO method is applied to ORPD problem for the first time, to find optimal placement of newly
installed DGUs at the power system. Active power loss and voltage minimization have been mini-
mized by optimizing the control variables while keeping them within their upper and lower bounds,
and by finding the optimal placement of a newly installed DGU in power system. On the basis of
IEEE 30 bus and IEEE 118 bus systems, performance of the suggested approach is investigated. A
comparison is also performed among the proposed method and some other methods. Test results
demonstrate that the resulting configuration contributes to growing the rate of renewable integra-
tion to a power system. The results also indicate that the suggested optimization approach applied
to ORPD problem has improved power system performance in terms of both on power loss and
voltage deviation. The promising results highlight the potential of the GWO algorithm to facilitate
the integration of renewable power sources, and its role in promoting sustainable energy solutions.

Keywords: Reactive power dispatch; optimum power flow; grey wolf optimization (GWO); distrib-
uted generation units (DGUs); optimum placement

1. INTRODUCTION

Reactive power dispatch (RPD) is a critical operation in electric power systems, with significant
implications for both safety and economic considerations [1]. Poor management of reactive power
can lead to detrimental impacts on power quality and transmission losses in power systems [2, 3].
Therefore, the optimization of reactive power has emerged as a fundamental strategy in reducing
real power losses and plays a crucial role in both the planning and operation of power systems [4].
By effectively controlling reactive power, voltage stability can be maintained, and the reliability of
real power transfer can be improved [5, 6].

As power systems are designed to provide reliable power supply with economic cost, several
methods or tools are used to achieve this goal. In connection with economic dispatch of power, Op-
timal Power Flow (OPF) was defined in 1962 by Carpentier [7, 8]. ORPD is a particular case of OPF
which’s goal is controlling continuous and discrete variables with adjusting generator voltage set-
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points, transformer tap settings, improving voltage profile and reactive compensation to reduce
power loss [9, 10]. ORPD problem has a big significant role on economic and secure operations of
power systems. Although reactive power generation doesn’t have a production cost, but it has influ-
ence the overall generation cost of power system [11, 12]. On the other hand, Distributed Generation
Units (DGUs) which is currently an important concept in the economics literature about electricity
markets are used to be installed on power systems for minimization of power loss [13]. DGUs con-
nected to electric systems are set to supply reactive power based on the active power set-point. DGUs
have to be allocated properly; a proper allocation will improve power quality within limits and also
minimize the loss, although an inappropriate allocation will affect vice versa.

The ORPD presents itself as a challenging nonlinear optimization problem, incorporating a com-
bination of equality and inequality constraints. Traditional methods have shown inefficiency in solv-
ing nonlinear problems therefore metaheuristic algorithms such GA [9, 10], PSO [11, 12], ACO [13,
14], and SA [15, 16] are preferred for solving ORPD problem. These algorithms are known for their
global search capability, robustness, and convergence to near-optimal solutions, making them well-
suited for solving ORPD problems. GA is an example of a population-based evolutionary algorithm
that utilizes principles of natural selection to optimize a set of solutions towards the optimal solution.
In contrast, PSO draws inspiration from the social behavior of birds or fish and employs a swarm of
particles to collectively explore the solution space. ACO, inspired by the foraging behavior of ants,
utilizes pheromone trails as a guiding mechanism in the search process. SA, which emulates the cool-
ing process of a material, allows for stochastic jumps in the solution space to escape local optima.

Mathematical programming methods, such as linear programming (LP) [17, 18], quadratic pro-
gramming (QP) [19, 20], and nonlinear programming (NLP) [21, 22], have also been applied to ORPD.
LP is a popular optimization approach utilized to optimize a linear objective function, while taking
into account linear equality and inequality constraints. QP extends LP by allowing for quadratic ob-
jective functions and constraints, making it suitable for certain types of ORPD problems. NLP, on the
other hand, handles nonlinear objective functions and constraints, but it may face challenges in solv-
ing large-scale and non-convex ORPD problems due to computational complexity and convergence
issues. Hybrid approaches that integrate multiple optimization techniques have gained attention in
ORPD research. For instance, hybrid algorithms that combine GA with other metaheuristic algo-
rithms, such as GA-PSO [23, 24], GA-ACO [25, 26], and GA-SA [27, 28], have been proposed to lev-
erage the strengths of different algorithms and improve solution quality. These hybrid algorithms
combine the global search capability of GA with the exploration and exploitation abilities of other
metaheuristic algorithms, resulting in enhanced performance in solving ORPD problems.

Fuzzy logic [29, 30], neural networks [31, 32], and expert systems [33, 34] are other methods that
have been implemented to solve ORPD problems. Fuzzy logic, which deals with uncertainty and
imprecision, has been used to model the vagueness associated with the decision-making process in
ORPD. Neural networks, with their ability to learn from data, have been utilized for predicting and
optimizing reactive power in power systems. Expert systems, which capture human expertise in the
form of rules, have been employed for decision support in ORPD.

Multi-objective optimization approaches have also been used in ORPD studies. MOGA [35, 36]
and MOPSO [37, 38] are examples of methods that optimize multiple conflicting objectives simulta-
neously, such as system loss, generation cost, and emission. These approaches generate a set of solu-
tions that represent different trade-offs between the conflicting objectives, allowing decision-makers
to select the most suitable solution based on their preferences [39, 40].

Evolutionary strategies [41, 42], which are optimization methods that mimic the process of nat-
ural selection, have been applied to solve ORPD problems as well. Evolutionary strategies employ
mutation, crossover, and selection operators to evolve a set of solutions towards the optimal solution.
These methods have been shown to be effective in solving large-scale and complex ORPD problems,
as they can handle constraints, uncertainties, and non-convexities commonly found in real-world
power systems.

Machine learning techniques, SVM [43, 44], ANN [45, 46], and reinforcement learning (RL) [47,
48], have also been used to tackle ORPD problems. SVM, a supervised learning algorithm, has been
utilized for predicting and optimizing reactive power in power systems. ANN, on the other hand,
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with its ability to learn from data and capture complex relationships, has been applied for reactive
power dispatch and voltage control in power systems. RL, which is a type of unsupervised learning,
has been used to optimize reactive power dispatch in an online and adaptive manner by learning
from the system's feedback and making decisions accordingly.

In recent years, grey wolf optimization (GWO) [49, 50] has gained attention as a promising al-
gorithm for solving ORPD problems. The GWO algorithm, drawing inspiration from the social hier-
archy and hunting behavior of grey wolves, is a population-based metaheuristic. It is recognized for
its rapid convergence, effective balance between exploration and exploitation, and capability to gen-
erate high-quality solutions for a variety of optimization problems, including ORPD. GWO has been
applied to different variants of ORPD problems, such as multi-objective ORPD, dynamic ORPD, and
uncertain ORPD, and has shown promising results in terms of computational efficiency and solution
quality.

In this paper, GWO method is applied to ORPD problem for the first time, to find optimal place-
ment of newly installed DGUs at the power system. Active power loss and voltage deviations has
been minimized for optimization of the control variables while keeping them within their upper and
lower bounds, and by finding the optimal placement of a newly installed DGU in power system. Two
different test systems; IEEE 30-bus and IEEE 118-bus systems are used to evaluate performance of the
method. The results are then compared with that of PSO, ABC, and GA optimization techniques.
Therefore, the proposed GWO algorithm can effectively solve the ORPD problem by identifying op-
timal locations for the placement of distributed generation units (DGUs).

The primary contributions of this research work can be summarized as follows:

1. Application of the GWO algorithm to solve the ORPD problem in DGU installed
power systems.

2. Conducting a comparative analysis of the proposed GWO method with other heu-
ristic optimization algorithms such as GA, PSO, and ABC based on several perfor-
mance metrics, including power loss minimization, voltage deviations, bus voltage
levels, and number of iterations.

3. Demonstration of the superior performance of the proposed GWO method in terms
of converging to better optimal solutions for control variables as compared to the
other heuristic methods.

4. Evaluation of the effectiveness of the proposed GWO method in identifying optimal
placements of DGUSs, resulting in reduced power losses and improved bus voltage
profiles without requiring additional measures.

5. Comparison of the results obtained with and without DGUs, showing that the pro-
posed GWO method performs better in minimizing active power losses and voltage
deviations in power systems with DGUs, indicating its potential for facilitating the
integration of renewable DGUs into power systems.

Overall, the findings of this research contribute to the field of power system optimization by
showcasing the application and performance of the GWO method in solving the ORPD problem, and
its potential for promoting the integration of renewable DGUs into power systems, thereby advanc-
ing the field of renewable energy integration in power systems.

The paper structured in the following manner: Section 2, the ORPD problem is formulated, out-
lining the objectives and constraints of the optimization task. Section 3 introduces the GWO tech-
nique, providing an overview of its principles and features. In Section 4, the implementation of GWO
for the ORPD problem is described, including the details of how the algorithm is applied to solve the
optimization task. Section 5 presents the simulations and results obtained from applying GWO to
different scenarios, including the IEEE-30 bus system with 19, 25, and 27 control variables, as well as
the IEEE-118 bus system. In the concluding section, the key findings and implications of the study
are summarized.
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2. ORPD PROBLEM FORMULATION

ORPD problem is a particular case of OPF problem. In ORPD the transmission active loss is
minimized by controlling generator bus voltages, transformer tap settings and size of switchable
shunt capacitors [22, 23]. ORPD plays an important role in securing and economizing operation of
power systems [24, 25]. Remaining voltage at each bus bar system within its acceptable limits main-
tains the quality and security in power systems [26, 27]. Adjusting system variables within their up-
per and lower bounds so that the transmission loss is minimized can also affect overall generation
cost.

This paper focuses on minimizing two objective functions: the total transmission loss (F1) and
the voltage deviation at load buses (F2). These objectives are expressed as follows [16]:

Objective function (F1)

P,=) P = ngi_ Epdi L
Here Ny represents number of buses in the system. P denotes the system real power loss, P

refers the real power injection at bus i, P is the real power output of the generator which connect to
bus i, Pui is the real power load which connect to bus i.

Objective function (F2)

Vp = Z v, — Viref| =1, s, Npg (2)

Mathematically, the voltage deviation of the load buses can be expressed as the sum of the volt-
age deviations of each load bus, denoted as V. The voltage magnitude of the in load bus is repre-
sented as V;, while Viref refers to the reference value of voltage magnitude for bus i, which is typi-
cally assumed to be 1.0. The parameter Nrq denotes the number of PQ buses or load buses in the
system. This equation quantifies the difference between the actual voltage magnitude and the desired
voltage magnitude at each load bus within the power system.

Fitness function is:

Npo

MinF =P +K, 3 (v, -v™ P+
i=1

qu_g:(Qgi _qum +K; i(sl — 5" )2 3)

Here Ky, Ko, and K; are the penalty factors for the line flow violation, limit violation of bus voltage
and generator reactive power, respectively. Nrg is the number of PQ busses Qi is the reactive power

output of the generator connecting to bus i,V is the voltage magnitude atbus i, S, is the loading of

[
transmission line, N is number of generator units, N: is number of transmission lines.

In ORPD problem, the equality constraints are defined as active/reactive power equalities and
reflects the physics of power system requiring the net injection of power at each bus to be zero as

shown in equations below [28, 29, 30, 31].

N
PGK - PDK :Z’kavj‘
j=1

(ij cos(d, —6;) + B sin(0, —91.)) @)
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Psk resembles the generated active power, Py, isthe demand of active power, By;and G

are the susceptance and conductance transfer between k and ;.

QGK _QDK :;’Vk”vj‘

(ij sin(6, —6,) — B,; cos(@, — 0, )) )

Qi is the reactive power generated, Qp, is the reactive power demand, N is the total num-

ber of buses
The inequality constraints reflect the limits on physical devices as well as the limits created to
ensure system security, it includes bus voltage magnitude, active/reactive power generation con-
straints, reactive power source capacity, and transformer tap position constraints [32, 33].
a)- Voltage Magnitude Constraints:
Vi i SV SV

i-min —

(6)

V. i is the voltage magnitude lower limit, V, is the voltage magnitude of busi, V,_ .. isthe
voltage magnitude upper limit.
b)- Active Power Generation Constraints:
I:)gi—min < I:)gi = gi—max 7)

Pgidenotes it" generator active power. Pgi-maxand pgi-min are the maximum and minimum active power
of i*" generator, respectively.
¢)- Reactive Power Generation Constraints:

QGi—min < QGi < QGi—rmx (8)

Qg denotes i generator reactive power. Qgi-max and Qgi-min are the maximum and minimum ac-
tive power of i* generator, respectively.
d)- Reactive Power Source Capacity Constraints:

qci—min < qci < qci—max
e N,

_ *
qci - qci—min + Nci chi (9)

(s is shunt VAR compensation, p| is number of shunt VAR compensation devices,
c

Oci_min and 0_ax are the minimum and maximum limits of shunt VAR compensation.

e)- Transformer Tap Position Constraints:

Ti—min < Ti < Tifmax
e N;
— *
Ti - Ti—min + NTi ATI (10)
T,is transformer tap ratio, N; is number of tap setting transformers, T; ,,, and T, . arethe

minimum and maximum limit of transformer tap ratio.
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3. GREY WOLF OPTIMIZATION (GWO) ALGORITHM

GWO is a nature-inspired optimization algorithm that is based on the social behavior and hunt-
ing strategies of grey wolves developed by Mirjalili in 2014 for solving optimization problems [49].
In GWO, the population of grey wolves is modeled as a set of solutions, and the search process is
guided by the interaction and collaboration among the wolves.

| Leader wolves

o
Subordinate ’
wolves ‘ B
‘ Scout, elders,
é caretakers and

hunter wolves

Scapegoat
wolves

Figure 1. Hierarchy of grey wolves.

The algorithm mimics the hierarchical structure of a wolf pack, where alpha («), beta (), delta
(6) and omega (w) wolves represent the leaders of the pack, and their positions are updated iteratively
to search for the optimal solution.

The beta provides input to the alpha while also reinforcing the alpha's orders across the pack.
The gray wolf with the lowest status, known as omega, frequently serves as a scapegoat. Addition-
ally, they are the last wolves still permitted to consume animals. A wolf is referred to be a delta if it
is not an alpha, beta, or omega. Delta wolves serve as guardians, hunters, elders, scouts, and caregiv-
ers. Fig. 1 shows the gray wolf social structure. The next sub-section outlines the GWO's social struc-
ture, tracking, surrounding, and prey-attacking steps.

Mathematical modeling of GWO Algorithm

The GWO algorithm's mathematical model uses the a to represent the most suitable solution,
while the § and § signify the second and third best solutions, correspondingly. The remaining candi-
date solutions are considered as w, which are subordinate to the a, 8, and § wolves.

The encircling behavior of wolves during hunting can be mathematically given by the following
equations[50]:

D =|C.Xp(t) — X(D)| (11)
Xt+1)=Xp—-A.D (12)

In the GWO algorithm, the current iteration is denoted by the variable t, while X; represents the
position vector of the grey wolf, and X represents the position of the prey in the search space. The
coefficient vectors of A and C are handled using the following expressions [5]:

A=2.arl—a (13)
C=2.12 (14)
The alpha (@) value exhibits a linear descent from 2 to 0 as the iterations progress, indicating a

gradual reduction of this variable over time within the algorithm. This linear decrease in a controls
the step size for the wolves' movement towards the alpha wolf, leading to a decreasing exploration
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rate as the algorithm approaches convergence. The variables rl and r2 are randomly generated num-
bers extracted from a uniform distribution spanning from 0 to 1. These random values introduce
randomness and diversity in the wolves' movement, allowing for exploration in the search space and
increasing the chances of escaping local optima. During the hunting process, the pack of grey wolves
updates their positions based on the best agents a, 3, and 9, as well as A and C, which are handled
using the random values r1 and 12, as explained above. This update process is expressed mathemat-
ically using the equations given below:
D =|C.Xp(t) — X(t)| (15)
{Da = |Cl.Xa — X|,Df = |C2.XB — X]|,
D6 =|C3.X6 — X| } (16)
{X1=Xa—-Al.(Da), X2=Xp —A2.(DB), X3 =X&— A3.(DJ) }
(17)
Xt+1)
X1+X1+X1
=— (18)

During the hunting behavior of grey wolves, they engage in attacking their prey when the prey
ceases to move. This behavior can be mathematically simulated by gradually decreasing the value of
a from 2 to 0. As a result, A, which varies randomly within the range of a (-1 to 1), determines the
next location of the search agents. The new position is determined within the bounds of the current
position of the agent and the position of the prey, typically represented as [49, 50].

4. IMPLEMENTATION OF GWO ALGORITHM FOR SOLVING ORPD PROBLEM WITH DGU
PLACEMENT

The ORPD problem involves determining the optimal settings of reactive power sources in a
power system while minimizing an objective function, and adhering to operational constraints such
as voltage limits, generator limits, and transmission line limits. This requires advanced optimization
techniques and thorough analysis of the power system's dynamic behavior.
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Figure 2. The proposed GWO algorithm optimizing control parameters for ORPD problem.

Finding optimal settings involves optimizing output levels, voltage set points, and switching
operations in real-time or near real-time, considering the uncertain nature of power system condi-
tions. The solution to the ORPD problem has significant implications for power system stability, re-
liability, and efficiency, and is crucial for improving the operation and planning of modern power
systems.

The GWO algorithm presents a promising approach for solving the ORPD problem in power
systems, optimizing reactive power sources while considering operational constraints and uncer-
tainty, with the potential to improve power system stability, reliability, and efficiency. As seen in
Figure 2, the GWO algorithm starts with an initialization step where the algorithm parameters, such
as population size, maximum number of iterations, search space limits, and convergence criteria, are
set. The positions of the grey wolves, which represent the potential solutions, are randomly initialized
within the search space, considering the control parameters, such as generator voltages, generator
powers, tapping settings of transformers, and the location of shunt capacitors. The fitness of each
grey wolf, which represents the quality of the solution, is evaluated by calculating the objective func-
tion value that represents the cost of reactive power dispatch, considering the control parameters.

Then, the algorithm enters into an iterative loop where the positions of the grey wolves are up-
dated in regard of mathematical formulas that involve the a, §, and § wolves, which are the best
solutions found so far. The algorithm also checks for boundary violations, where a grey wolf may go
beyond the search space limits or the control parameter limits, and repositions it randomly within
the search space and the control parameter limits if necessary. The fitness of each grey wolf is re-
evaluated, and the candidate wolves are updated based on their fitness values.

The algorithm continues to iterate until the reaching to maximum iteration or meeting conver-
gence criteria. The convergence criteria involve checking if the mean fitness value of all the grey
wolves has converged to a desired threshold. Finally, the ORPD solution is obtained from the posi-
tions of the a, B, and § wolves, considering the control parameters, and is output as the result of the
algorithm. The GWO algorithm provides a robust and efficient approach for solving the optimum
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reactive power dispatch problem with DGUs placement, considering the control parameters associ-
ated with generator voltages, generator powers, tapping settings, and the location of shunt capaci-
tors.

Table 1. Pseudocode of GWO-based Optimum Reactive Power Dispatch with DGU Placement.

Algorithm: Grey Wolf Optimization Pseudocode of Optimum Reactive Power
Dispatch with DGU Placement
Input: Reactive power limits, voltage limits, power balance constraints, wind
data, GWO population size, number of iterations, minimum improvement
threshold
Output: ORPD solution with wind integration, total power loss, voltage devi-
ations

1: DEFINE optimization problem (ORPD and wind placement)

2: INITIALIZE the population of grey wolves randomly

3: EVALUATE fitness of each grey wolf

4: DETERMINE the alpha, beta, and delta wolves

5: SET iteration count =0

6: SET improvement count = 0

7: WHILE stop criteria is not met:
a. FOR EACH grey wolf i, update its position:
- Compute A and D as described above
- Update position using x_i(t+1) = x_i(t) + A * D
b. Apply constraints to ensure feasibility (ORPD and wind placement)
c. Evaluate fitness of each grey wolf
d. Update alpha, beta, and delta wolves if necessary
e. Increment iteration count
f. IF fitness of alpha wolf has improved, SET improvement count =0
ELSE increment improvement count
g. IF iteration count exceeds maximum allowed iterations OR improve-
ment count
exceeds minimum allowed improvements RETURN
8: END
9: RETURN the solution
I: Stopping Criterion:
Maximum number of iterations reached
Minimum improvement threshold reached (i.e. fitness has not im-
proved by a
certain amount in the last k iterations)
II: Position Update Equation:
x_i(t+1) = x_i(t) + A * D, where A and D are defined as follows:
A=2*a*r-a,
D = abs(C * X_alpha - x_i(t)) - abs(C * X_beta - x_i(t))
III: Constraints:
Reactive power and voltage limits
Power balance and wind power output constraints
IV: Fitness Function:
Combined objective function that includes both ORPD and wind
placement to
minimize losses and voltage deviations
V: Update Procedure of a, §, and § wolves:
IF fitness of a wolf is BETTER THAN « SET it AS «
ELSE IF fitness of wolf is BETTER THAN f SET it AS
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ELSE IF fitness of wolf is BETTER THAN § SET it AS §
In this study, wind energy is chosen as the primary energy source in the DGU. The study aimed

to propose a solution that maximizes the benefits of wind energy utilization in the DGU, such as
improved power quality, reduced power losses, and enhanced voltage stability. The given pseudo-
code outlines a solution for optimizing the reactive power dispatch (ORPD) with wind power inte-
gration using the GWO algorithm. The algorithm starts by initializing the population of grey wolves
randomly, evaluating the fitness of each wolf, and determining the alpha, beta, and delta wolves. The
iteration process updates the position of each wolf using a position update equation and applies con-
straints to ensure feasibility of both reactive power dispatch and wind placement. The fitness of each
wolf is evaluated and the a, 5, and & wolves are updated if necessary. The stopping criterion is based
on a maximum number of iterations and a minimum improvement threshold. The algorithm returns
the optimal solutions for reactive power dispatch and wind placement, along with the total system
loss and voltage deviation. The proposed approach can provide an efficient solution to the OPRD
problem with wind integration.

5. SIMULATION RESULTS AND DISCUSSION

In this study, verifications were conducted by referencing the IEEE 30-bus and 118-bus test sys-
tems. The primary objective of choosing these test systems is to evaluate the efficacy of the GWO
method in comparison to other existing optimization methods in addressing the ORPD problem. The
standard IEEE 30-bus system is composed of 5 PV buses, 21 loads, 41 branches, 4 tap changers, and 3
shunt capacitors, as reported in [1,51,52]. Another test system used in this study is the IEEE 118-bus
system, which consists of 54 PV buses, 99 loads, 186 branches, 9 tap changers, and 14 shunt VAR
compensators [53,54,55].

IEEE-30 Bus System

Scenario 1: Results of the IEEE-30 bus system with 19 control variables
The system data are presented in [1,51,52]. According to the given scenario, 19 control variables
are considered. These control variables are as follows:
e 6 variables of generator bus voltages
e 4 variables of transformer tap settings

e 9 variables of reactive power of the VAR compensators

Table 2. Limit Setting for Control Variables for IEEE-30 System.

Variables Lower Limit Upper Limit
Voltages 0.90 pu 1.10 pu
Tap Settings 0.95 pu 1.05 pu
Compensation Devices 0 MVAR 7 MVAR

As seen in Table 2, the voltages are bounded by a minimum of 0.90 and a maximum of 1.10 per
unit (p.u.), with 1.10 being the upper threshold and 0.90 being the lower threshold. Similarly, the
transformer taps are restricted within a range of 0.9 to 1.1, where 1.1 signifies the upper limit and 0.9
signifies the lower limit. The VAR compensators are constrained with a lower limit of 0 MVARs and
an upper limit of 7 MVAREs, respectively.
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Table 3. Control variables of ORPD for the IEEE 30-bus system in Scenario 1.

Control Variables PSO GA ABC GWO (proposed)
Vi 1.1000 1.0228 1.1000 1.1000
V2 1.1000 1.0181 1.0615 1.0940
Vs 1.085 0.9859 1.0711 1.0760
Vs 1.0838 0.9858 1.0849 1.0837
Vi 1.1000 0.9859 1.1000 1.0847
Vis 1.1000 0.9815 1.0665 1.0894
Tn 1.1000 0.9996 0.9700 1.0385
T2 0.9000 0.9715 1.0500 0.9753
T1s 1.0200 0.9794 0.9900 1.0346
Ts6 0.9900 0.9477 0.9900 1.0016
Qcio 1.1000 2.0124 5.0000 1.3636
Qe 0.4000 6.1953 5.0000 0.6031
Qs 0.7000 3.4021 5.0000 2.5714
Qcry 5.0000 1.6718 5.0000 2.2171
Qc20 4.7000 2.4060 4.1000 1.3145
Qcz1 1.0000 4.0786 3.3000 4.4976
Qczs 3.0000 2.9779 0.9000 1.7628
Qcz4 0.8000 1.0617 5.0000 4.4368
Qc2 1.2000 3.1220 2.4000 1.3185
Total Loss (MW) 4.66091 5.0977 4.6022 41781
Voltage Deviation (pu) 1.4600 0.4773 0.7378 0.4697

As seen in Table 3, the proposed GWO algorithm demonstrated a significant percentage im-

provement in both total loss and voltage deviation compared to PSO, GA, and ABC methods. Specif-
ically, the GWO method achieved a percentage improvement of 11.55%, 21.99%, and 10.14% in total
loss compared to PSO, GA, and ABC, respectively. Similarly, the GWO method achieved a percentage
improvement of 210.54%, 1.62%, and 57.09% in voltage deviation compared to PSO, GA, and ABC,

respectively.
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Figure 3. Convergence patterns for Scenario 1 of the IEEE 30-bus test system.
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In the proposed GWO algorithm, the number of agents is an important parameter that affects
the optimization performance. Increasing the number of agents can help to improve the exploration
ability of the algorithm and increase the probability of finding the global optimal solution. However,
increasing the number of agents also increases the computational complexity of the algorithm.

The conducted study investigated the effect of the number of agents on the convergence behav-
ior of the GWO algorithm, and convergence curves were plotted using different numbers of agents.
The results showed that increasing the number of agents led to faster convergence and improved
optimization performance. However, this also resulted in increased computational time, which could
limit the practical application of the algorithm. Selecting an appropriate number of agents is crucial
in balancing the trade-off between computational complexity and performance in the GWO algo-
rithm for optimization.

As shown in Figure 3 of the study, the proposed GWO algorithm demonstrated excellent con-
vergence performance for Scenario 1 of the IEEE-30 test system, with agent numbers of 20, 30, and
40. These results suggest that the GWO algorithm efficiently converges, and holds promising poten-
tial in solving optimization problems for various test systems. The obtained convergence curves in
the study can provide insights into selecting the optimal number of agents for the GWO algorithm in
various optimization problems.

Scenario 2: Results of the IEEE-30 bus system with 25 control variables
The system data are presented in [51,56]. According to the given scenario, 25 control variables
are considered. These control variables are as follows:
e 6 variables of generated power
e 6 variables of generator bus voltages
e 4 variables of transformer tap settings

e 9variables of reactive power of the VAR compensators

Table 4. Limit Setting for Control Variables for IEEE-30 System.

Variables Lower Limit Upper Limit
Generated Power 0.05 pu 2.00 pu
Voltages 1.00 pu 1.10 pu
Tap Settings 0.90 pu 1.10 pu
Compensation Devices 0 MVAR 5 MVAR

As seen in Table 4, the lower and upper limits of the generated power value range from 0.05 p.u.
to 1.00 p.u. The voltages are bounded by a minimum of 1.00 and a maximum of 1.10 p.u. with 1.10
being the upper threshold and 1.00 being the lower threshold. Similarly, the transformer taps are
restricted within a range of 0.9 to 1.1, where 1.1 signifies the upper limit and 0.9 signifies the lower
limit. The VAR compensators are constrained with a lower limit of 0 MVARs and an upper limit of 5
MVAREs, respectively.
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Table 5. Control variables of ORPD for the IEEE 30-bus system in Scenario 2.

Control Variables Limits ABC GWO (proposed)
Lower Upper
P1 0.50 2.00 0.5462 0.2351
P2 0.20 0.80 0.7863 0.4848
Ps 0.15 0.50 0.4903 0.4700
Ps 0.10 0.50 0.3477 0.4688
Pu 0.10 0.50 0.2999 0.4693
P13 0.12 0.50 0.3945 0.4617
Vi 1.00 1.10 1.0927 1.1000
V2 1.00 1.10 1.0880 1.0984
Vs 1.00 1.10 1.0695 1.0805
Vs 1.00 1.10 1.0722 1.0982
Vu 1.00 1.10 1.0860 1.0969
Vis 1.00 1.10 1.0926 1.1000
Tu 0.90 1.10 0.9983 1.0220
Ti 0.90 1.10 0.9994 0.9571
Tis 0.90 1.10 0.9984 1.0386
Ts6 0.90 1.10 1.0034 1.0093
Qcio 0.00 5.00 1.5500 2.5770
Qcn2 0.00 5.00 3.9400 2.5370
Qcis 0.00 5.00 3.4700 1.0370
Qcrr 0.00 5.00 3.3310 1.8280
Qczo 0.00 5.00 3.3320 3.0675
Qe 0.00 5.00 3.9500 1.6370
Qczs 0.00 5.00 1.3000 1.7702
Qe 0.00 5.00 3.7100 3.3960
Qc29 0.00 5.00 3.9900 0.8000
Total Loss (MW) 3.0410 2.0679
Voltage Deviation (pu) 1.0353 0.9769

According to the results provided, the GWO (proposed) algorithm outperforms the ABC algo-
rithm in terms of both total loss and voltage deviation. The total loss for GWO (proposed) is signifi-
cantly reduced by 46.96% compared to ABC, while the voltage deviation is improved by 5.99%. These
findings suggest that the GWO (proposed) algorithm offers superior performance in minimizing total
loss and voltage deviation, indicating its effectiveness for power system optimization. The percentage
improvements in both total loss and voltage deviation highlight the potential of the GWO (proposed)
algorithm as a promising optimization technique for power system applications, potentially leading
to more efficient and reliable power system operations.
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Figure 4. Convergence patterns for Scenario2 of the IEEE 30-bus test system.

The power loss convergence analysis of the GWO (proposed) algorithm, as depicted in Figure 4,
reveals its remarkable performance in achieving convergence for Scenario 2 of the IEEE-30 test sys-
tem, employing varying agent numbers such as 20, 30, and 40.
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Figure 5. Voltage deviation convergence patterns for Scenario2 of the IEEE 30-bus test system.

The voltage deviation convergence analysis of the GWO (proposed) algorithm, as depicted in
Figure 5, reveals its remarkable performance in achieving convergence for Scenario 2 of the IEEE-30
test system, employing under 40 agents. The results indicate that the GWO algorithm not only
achieves low total power loss (2.0679 MW) but also exhibits minimal voltage deviation (0.9769 pu),
underscoring its effectiveness in optimizing both power loss and voltage deviation simultaneously.
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Scenario 3: Results of the IEEE-30 bus system with 27 control variables (wind integration)

The IEEE-30 bus system with 27 control variables is an extended version of IEEE-30 bus system
that incorporates two additional DGU control variables. These variables are the generator voltage
magnitude control and the generator power control. According to the given scenario, 27 control var-

iables are considered. These control variables are as follows:

7 variables of generated power with wind power

7 variables of generator bus voltages with wind bus

4 variables of transformer tap settings

9 variables of reactive power of the VAR compensators

Table 6. Limit Setting for Control Variables for IEEE-30 System.

Variables Lower Limit Upper Limit
Wind Power 0.00 pu 0.10 pu
Generated Power 0.05 pu 2.00 pu
Voltages 1.00 pu 1.10 pu
Tap Settings 0.90 pu 1.10 pu
Compensation Devices 0 MVAR 5 MVAR

The Table 6 provides the lower and upper limits for variables such as wind power, generated
power, voltages, tap settings, and compensation devices. These limits define the constrained ranges
for each variable during the optimization process, guiding the optimization to achieve optimal results

within these limits for improved system performance.

Table 7. Control variables of ORPD for the IEEE 30-bus system in Scenario 3 (wind integration).

GWO (proposed)

Control Variables Limits
Lower Upper

Pwind 0.00 0.10
P 0.50 1.00
P2 0.20 0.80
Ps 0.15 0.50
Ps 0.10 0.50
Pn 0.10 0.50
P 0.12 0.50
Vwind 1.00 1.10
Vi 1.00 1.10
V2 1.00 1.10
Vs 1.00 1.10
Vs 1.00 1.10
Vi 1.00 1.10
Vis 1.00 1.10
Tu 0.90 1.10
T2 0.90 1.10
Tis 0.90 1.10
Ts6 0.90 1.10
Qco 0.00 5.00
Qciz 0.00 5.00
Qs 0.00 5.00
Qa7 0.00 5.00
Qc20 0.00 5.00
Qcz1 0.00 5.00

0.0982
0.2351
0.4848
0.4700
0.4688
0.4693
0.4617
1.0604
1.0531
1.0436
1.0500
1.0977
1.0473
0.9781
0.9500
1.0500
1.0343
0.9884
4.9322
4.3456
0.7096
2.2971
1.6113
3.0152
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Qes 0.00 5.00 0.3921

Qcas 0.00 5.00 2.2213

Qczo 0.00 5.00 0.4657

Total Loss (MW) 1.8010
Voltage Deviation (pu) 1.0154

The Table 7 provides an analysis of the performance of the GWO (proposed) algorithm on the
control variables for the IEEE-30 test system scenario, including voltage deviation and total loss of
power. The table presents the lower and upper limits for each control variable, as well as the results
obtained by the GWO algorithm within these limits.

The GWO (proposed) algorithm effectively operates within the specified limits for all control
variables, including Pwind and Vwind.

The inclusion of a DGU unit (0-10 MW) with wind power and wind bus voltage control param-
eters in the GWO (proposed) algorithm for optimizing IEEE 30 scenario 2 without modifying gener-
ator power values resulted in wind power control at 9.8 MW and wind bus voltage at 1.0604 pu
among 27 optimized control variables. This suggests effective incorporation of DGU unit and control
parameters by GWO, leading to satisfactory results in the IEEE 30 test system scenario. Total power
loss is 1.8010 MW, and voltage deviation is 1.0154 pu, indicating successful optimization of control
variables for the IEEE-30 test system.
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Figure 6. Convergence patterns for Scenario3 of the IEEE 30-bus test system (wind integration).

The power loss convergence analysis of the GWO (proposed) algorithm, as depicted in Figure 6,
reveals its remarkable performance in achieving convergence for Scenario 3 of the IEEE-30 test sys-
tem, employing varying agent numbers such as 20, 30, and 40. The figure depicts the convergence
values plotted up to 250 iterations for all agent numbers. Notably, it has been observed that the GWO
(proposed) algorithm with 40 agents achieves the complete convergence value after only 100 itera-
tions, showcasing the remarkable rapid convergence capability of the proposed algorithm.
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Figure 7. Voltage deviation convergence patterns for Scenario2 of the IEEE 30-bus system (wind integration).

Similary, the voltage deviation convergence analysis of the GWO (proposed) algorithm, as de-
picted in Figure 7, reveals its remarkable performance in achieving convergence for Scenario 3 of the
IEEE-30 test system, employing for 40 agents.

T T
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Figure 8. Power loss convergence patterns for Scenario3 of the IEEE 30-bus system (wind integration).

In the IEEE 30-bus test system, distributed generation units (DGUs) with wind power as a re-
newable energy source are connected to the buses, except for buses 1, 2, 5, 8, 11, and 13. Power loss
values were observed for each bus. It was observed that the DGU connected to bus 21 caused the
lowest power loss, with a value of 1.801 MW. The largest power loss was determined to occur with
the DGU connected to bus 9, with a loss value of 3.393 MW. Therefore, the power loss difference
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between the DGU connected to bus 9 and the DGU connected to bus 21 is approximately 88.34%
based on the observed values. Consequently, the implementation of the GWO method in the ORPD
process yields favorable outcomes, including the simultaneous mitigation of power loss and voltage
deviation, as well as the optimization of DGU placement, contributing to enhanced integration of
renewable energy sources.

IEEE-118 Bus System

Scenario 1: Results of the IEEE-118 bus system with 77 control variables
The system data are presented in [53-56]. According to the given scenario, 77 control variables
are considered. These control variables are as follows:
e 54 variables of generator bus voltages
e 9 variables of transformer tap settings

e 14 variables of reactive power of the VAR compensators

Table 8. Limit Setting for Control Variables for IEEE-118 System in Scenario 1.

Variables Lower Limit Upper Limit
Voltages 0.95 pu 1.10 pu
Tap Settings 0.90 pu 1.10 pu
Compensation Devices -20 MVAR 20 MVAR

Table 8 shows the limit settings for control variables in the IEEE-118 system. The lower limit for
generator bus voltages is set at 0.95 p.u, while the upper limit is set at 1.10 p.u. Transformer tap
settings are constrained within a lower limit of 0.90 p.u. and an upper limit of 1.10 p.u. Likewise,
the compensation devices are bounded by -20 MVAR and 20 MVAR as the lower and upper limits,
respectively. These threshold values serve as critical parameters in regulating the operation of the
power system, ensuring stability and reliability.

Table 9. Control variables of ORPD for the IEEE 118-bus system in Scenario 1.

Control  \p pso  Gsa cwo oM .pc pso  Gsa Gwo
Variables Variables
V1 10512 1.0600 09600 09903 V90 1.0210 09905 1.0417 1.0522
V4 1.0757 09400 09620 1.0094 V91 10172 1.0015 1.0032 1.0251
V6 1.0791 09514 09729 1.0208 V92 1.0914 1.0600 1.0927 1.0385
V8 1.0656 09820 1.0570 09697 V99 1.0598 0.9938 1.0433  1.0064

V10 1.0461 09522 1.0885 1.0721 V100 1.0535 1.0264 1.0786 1.0486
V12 1.0726  1.0564 0.9630 1.0095 V103 1.0394 09400 1.0266 1.0647
V15 1.0265 0.9560 1.0127 0.9764 V104 1.0215 1.0600 0.9808  1.0247
V18 1.0314 0.9400 1.0069 0.9616 V105 1110 1.0600 1.0163 1.0329
V19 1.0155 0.9400 1.0003 0.9672 V107 1.0463 1.0086 0.9987 1.0469
V24 1.0201 0.9400 1.0105 1.0412 V110 11.03 09914 1.0218 1.0298
V25 1.0489 09884 1.0102 1.0950 V111 1.0888 0.9430 0.9852 1.0179
V26 1.0539 0.9930 1.0401 0.9682 V112 1.0636 09741 0.9500 1.0090
V27 1.0204 0.9670 0.9809 1.0098 V113 1.0588 0.9615 0.9764 1.0594
V31 1.0392 0.9400 0.9500 1.0003 V116 1.0444 09400 1.0372 1.0324

V32 1.0367 1.0030 0.9552 1.0046 QC5 0 20.000 0.0000 1.0050
V34 1.0367 0.9400 0.9910 1.0080 QC34 12.616 -9.493 7.4600 0.9954
V36 1.0440 1.0078 1.0091 1.0051 QC37 0 20.000 0.0000 1.0284
V40 0.9912 09739 0.9505 0.9668 QC44 5.3918 -9.0616 6.0700 1.0034
V42 0.9875 0.9450 0.9500 0.9618 QC45 10 20.000 3.3300 0.9990

V46 1.0325 1.0392 0.9814 0.9960 QC46 6.214 19998 6.5100 1.0447
V49 1.0183 0.9806 1.0444 1.0005 QC48 49873 -3.2423 4.4700 0.9458
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V54 09776  1.0600 1.0379  0.9305 QC74 9.4985 -17.185 9.7200 0.9281
V55 09754 09736 0.9907 0.9301 QC79 14.9964 3.9148 14.250 0.9103
V56 09801 09715 1.0333 0.9308 QC82 9.3574 19.998 17.490 -26.90
V59 1.0235 1.0600 1.0099 0.9495 QC83 3.6167 20.000 4.2800 6.3230
Vel 1.0400 0.9482 1.0925 0.9700 QC105 17.1048 -18.989 12.040 -10.63
V62 1.0517 1.0600 1.0393 0.9819 QC107 2.0274 -20.000 2.2600 3.3801
V65 1.0591 0.9953 0.9998 0.9870 QC110 1.8493 -20.000 2.9000 4.3057
V66 1.0319 0.9400 1.0355 1.0032 T8 1.0768 1.0059 1.0659 8.9977
V69 1.0291 1.0330 1.1000 1.0544 T32 0.9655 1.1000 0.9534 5.9038
V70 09777 0.9952 1.0992 1.0477 T36 1.0601 1.0110 0.9328 4.8237
V72 1.0258 0.9498 1.0014 1.0097 T51 1.0081 1.0110 1.0884 4.4373
V73 09572  0.9400 1.0111 1.0418 T93 1.0509 1.0001 1.0579 13.274
V74 0.9691 0.9400 1.0476 1.0073 T95 1.0283 1.0155 0.9493 6.1881
V76 0.9908 0.9400 1.0211 1.0212 T102 0.9962 1.1000 0.9975 5.5461
v77 1.0209 09935 1.0187 1.0410 T107 0.9356 0.9243 0.9887  4.3820
V80 1.0542 0.9400 1.0462 1.0476 T127 0.9541 0.9589 0.9801 2.3813
V85 1.0121 09887 1.0491 1.0604

V87 1.0120 0.9642 1.0426 0.9390

V89 1.0067 1.0026 1.0955 1.0984 Loss (MW) 136.99 131.897 127.760 109.744

According to the IEEE 118-bus test system, GWO (proposed) algorithm exhibits a significant
improvement in power loss reduction compared to ABC, PSO, and GSA algorithms. GWO algorithm
achieves the lowest power loss with a reduction of approximately 24.86% compared to ABC, 20.21%
compared to PSO, and 16.40% compared to GSA, indicating its superiority in optimizing the power
flow of the system. This suggests that GWO algorithm can be a promising choice for power system
optimization, particularly in minimizing power losses and improving system efficiency. The results
imply that GWO algorithm exhibits potential as an effective solution for power system optimization,
with a notable capability in minimizing power losses and enhancing overall system efficiency.
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Figure 9. Convergence patterns for Scenario3 of the IEEE 118-bus test system.

The convergence analysis of the proposed GWO algorithm, as shown in Figure 9, demonstrates
its impressive performance in achieving convergence in Scenario 1 of the IEEE-118 test system with
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varying agent numbers (20, 30, and 40). The figure displays the convergence values plotted up to 1000
iterations for all agent numbers. Remarkably, the GWO (proposed) algorithm with 40 agents achieves
the complete convergence value in just 229 iterations, highlighting the exceptional rapid convergence
capability of the proposed algorithm.
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Figure 10. Voltage deviation convergence patterns for Scenariol of the IEEE 118-bus system.

Figure 10 presents the convergence analysis of voltage deviation for Scenario 1 of the IEEE-118
test system, utilizing the GWO (proposed) algorithm with 40 agents. The results highlight the out-
standing performance of the algorithm in achieving convergence, with the voltage deviation value
reaching a remarkable low of 1.09356 pu. This indicates the robustness and accuracy of the proposed
algorithm in optimizing voltage levels and minimizing deviations, making it highly effective for
power system optimization tasks.

Scenario 2: Results of the IEEE-118 bus system with 131 control variables
The system data are presented in [53-56]. According to the given scenario, 131 control variables
are considered. These control variables are as follows:
e 54 variables of generated power
e 54 variables of generator bus voltages
e 9variables of transformer tap settings

e 14 variables of reactive power of the VAR compensators

Table 10. Limit Setting for Control Variables for IEEE-118 System in Scenario 2.

Variables Lower Limit Upper Limit
Generated Power 0.05 pu 3.60 pu
Voltages 0.95 pu 1.10 pu
Tap Settings 0.90 pu 1.10 pu
Compensation Devices -20 MVAR 20 MVAR

The table presents the variables and their corresponding lower and upper limits in the context
of power system analysis. The lower and upper limits of generated power are set at 0.05 pu and 3.60
pu, respectively, indicating that the generated power must be within this range. Similarly, the volt-
ages in the system must be maintained between 0.95 pu and 1.10 pu. The tap settings for voltage
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regulating devices are constrained within the range of 0.90 pu to 1.10 pu. Lastly, the compensation
devices are limited to -20 MVAR to 20 MVAR, signifying the acceptable range for reactive power
compensation. These limits play a crucial role in ensuring the stability and reliability of the power
system operation by regulating the values of these variables within acceptable bounds.

Table 11. Control variables of ORPD for the IEEE 118-bus system in Scenario 2.

Control Control Control Control Control
varia- GWO varia- GWO varia- GWO varia- GWO varia- GWO
bles bles bles bles bles
P1 86.454 P65 46.411 Vi1 1.0590 V65 1.0689 QGC5 -15.149

P4 56.449 P66 40.835 V4 0.9808 V66 1.0044 QC34 6.0664
P6 58.338 P69 37.066 V6 1.0001 V69 1.0790 QC37 -3.6222
P8 50.098 P70 125.69 V8 0.9932 V70 1.0398 QC44 6.6938

P10 34.288 P72 74.627 V10 1.0160 V72 1.0040 QC45 4.4421
P12 69.599 P73 63.114 V12 1.0024 V73 1.1000 QC46 1.2265
P15 147.08 P74 54.139 V15 1.0183 V74 1.0660 QC48 6.4032
P18 91.052 P76 57.223 V18 1.0410 V76 1.0925 QC74 8.2857

P19 51.930 P77 27.555 V19 1.0120 V77 1.0836 QC79 8.5603
P24 58.426 P80 285.23 V24 1.0254 V80 1.0320 QC82 9.7719
P25 73.794 P85 57.696 V25 0.9639 V85 0.9783 QC83 6.8119
P26 40.294 P87 72.549 V26 1.0588 V87 1.0465 QC105 5.8368
P27 217.58 P89 46.538 V27 1.0296 V89 1.0653 QC107 3.3788
P31 36.545 P90 63.959 V31 1.0336 V90 1.0177 QC110 2.9052
P32 63.325 P91 54.807 V32 1.0341 VI1 1.0518 T8 0.9381
P34 21.061 P92 244 .41 V34 1.0187 V92 1.0812 T32 0.9463
P36 66.161 P99 32.159 V36 1.0075 V99 0.9812 T36 0.9854
P40 23.633 P100 44.170 V40 0.9910 V100 1.0375 T51 1.0402
P42 161.63 P103 55.985 V42 1.0219 V103 1.0576 T93 1.0500
P46 75.908 P104 56.302 V46 1.0768 V104 0.9716 T95 0.9112
P49 16.549 P105 34.894 V49 1.0336 V105 0.9981 T102 1.0005
P54 64.019 P107 140.97 V54 1.1000 V107 0.9591 T107 0.9756
P55 80.821 P110 53.026 V55 1.0706 V110 1.0584 T127 0.9471
P56 14.430 P111 36.054 V56 1.0535 V111 1.0359
P59 306.06 P112 89.350 V59 1.0948 V112 1.0850 Loss
P61 81.501 P113 58.478 V61 1.0169 V113 1.0399 (MW)
P62 67.121 P116 34.454 V62 0.9881 V116 1.0311

68.1578

As seen in Table 11 that using the GWO algorithm shows that keeping control variables within
their specified limits resulted in a significantly lower power loss (68.1578 MW) compared to the IEEE-
118 test system without power control parameters. After 213 iterations, the GWO algorithm was able
to find the optimal values for the control variables, which remained optimal until the end of the sim-
ulation at 1000 iterations. This indicates that the GWO algorithm successfully optimized the system
by finding optimal values for control variables while respecting their limits. The results suggest that
the GWO algorithm has the potential to improve power system performance by minimizing power
losses.

Scenario 3: Results of the IEEE-118 system with 133 control variables (wind integration)

The IEEE-118 bus system has been expanded to include two new control variables that specifi-
cally target Distributed Generation Units (DGUs). These variables are the generator voltage magni-
tude control and the generator power control. With these additions, the system now boasts a total of
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133 control variables, making it an extended version of the original IEEE-118 bus system. According
to the given scenario, 133 control variables are considered. These control variables are as follows:

e 55 variables of generated power with wind power
e 55 variables of generator bus voltages with wind bus
e 9 variables of transformer tap settings

e 14 variables of reactive power of the VAR compensators

Table 12. Limit Setting for Control Variables for IEEE-118 System in Scenario 3.

Variables Lower Limit Upper Limit
Wind Power 0.10 pu 0.50 pu
Generated Power 0.05 pu 3.60 pu
Voltages 1.00 pu 1.10 pu
Tap Settings 0.90 pu 1.10 pu
Compensation Devices -20 MVAR 20 MVAR

Table 12 shares the same values as Table 11 for generated powers, generator bus voltages, trans-
former tap settings, and compensation values, while generated power values are constrained within
a lower limit of 0.05 p.u. and an upper limit of 3.60 p.u. In Scenario 3, an additional distributed gen-
eration unit (DGU) powered by wind energy is introduced into the system, with a power output
ranging from 0 to 0.5 per unit (50 MW).
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Table 13. Control variables of ORPD for the IEEE 118-bus system in Scenario 3.

Control Control Control Control Control
varia- GWO varia- GWO varia- GWO varia- GWO varia- GWO
bles bles bles bles bles
P1 252.23 P65 35.039 Vi 1.0424 V65 1.0343 QG5 -4.279

P4 122.96 P66 37.903 V4 1.0284 V66 1.0629 QC34 8.7954
P6 40.162 P69 59.278 V6 1.0134 V69 1.0677 QC37 -2.750
P8 18.208 P70 82.197 V8 1.0507 V70 1.0668 QC44 1.0647

27. P72 4 . 1.0531 2.4947
538 93.435 Vuind 0.9688 V72 053 QC45 9

P9wind
P10 9.5797 P73 45.600 V10 1.0686 V73 1.0797 QC46 8.2764
P12 51.614 P74 11.502 V12 1.0184 V74 1.0450 QC48 3.6636
P15 154.29 P76 64.795 V15 1.0011 V76 1.0526 QC74 11.943

P18 26.439 P77 40.345 V18 0.9781 V77 1.0475 QC79 8.7899
P19 29.869 P80 290.65 V19 0.9890 V80 1.0553 QC82 7.0112
P24 28.433 P85 29.615 V24 1.0309 V85 1.0052 QC83 3.2327
P25 52.128 P87 40.991 V25 0.9719 V87 1.0538 QC105 2.9738
P26 36.567 P89 50.678 V26 1.0583 V89 1.0225 QC107 3.6681
P27 115.63 P90 28.770 V27 0.9903 V90 1.0135 QC110 4.0839
P31 13.306 P91 31.469 V31 0.9833 VI1 1.0254 T8 1.0291
P32 88.117 P92 198.11 V32 0.9888 V92 1.0429 T32 0.9981
P34 42.177 P99 42.745 V34 1.0128 V99 1.0509 T36 0.9835
P36 32.487 P100 62.002 V36 1.0148 V100 1.0417 T51 1.0279
P40 40.382 P103 50.258 V40 1.0022 V103 1.0288 T93 0.9752
P42 164.87 P104 92.620 V42 1.0152 V104 1.0373 T95 1.0192
P46 119.43 P105 27.045 V46 1.0687 V105 1.0403 T102 0.9224
P49 24.695 P107 148.33 V49 1.0536 V107 1.0531 T107 0.9590
P54 9.7571 P110 50.260 V54 1.0508 V110 1.0197 T127 0.9192
P55 50.429 P111 33.580 V55 1.0556 V111 1.0344 Loss

P56 53.080 P112 17.323 V56 1.0523 V112 0.9949 (MW)

P59 327.36 P113 27.363 V59 1.0730 V113 0.9985 | Voltage
P61 138.60 P116 47.297 V61 1.0522 V116 1.0307 | Devia- | 1.12945
P62 30.217 V62 1.0535 tion (pu)

28.1372

According to the Table 13 results, the GWO algorithm successfully minimized power losses with
a value of 28.1372 MW, while keeping voltage deviation within acceptable limits with a value of
1.12945 pu. The ability of the GWO algorithm to optimize the control variables within their specified
limits demonstrates its potential to enhance power system performance. By minimizing power losses
and maintaining acceptable voltage levels, the GWO algorithm can improve the reliability and effi-
ciency of power systems.

In the IEEE 118-bus system of Scenario 3, the integration of distributed generation units (DGUs)
utilizing wind power has been investigated. These DGUs are connected to the buses, except for stand-
ard PV buses, highlighting the potential for renewable energy sources to be utilized in power sys-
tems. As seen in Figure 12, the results revealed that the placement of DGUs significantly affects the
overall power loss of the system. Notably, the DGU connected to bus 9 resulted in the lowest power
loss of 28.1372 MW, while the highest power loss of 74.59583 MW was observed with the DGU con-
nected to bus 52, indicating a significant difference of approximately 165.4%. These findings highlight
the importance of carefully selecting the location of DGUs in order to optimize system performance
and maximize renewable energy utilization.
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Figure 11. Power loss convergence patterns for Scenario3 of the IEEE 118-bus system (wind integration).

The use of the GWO algorithm in the optimization process has yielded promising results. Spe-
cifically, the GWO algorithm has facilitated the simultaneous mitigation of power loss and voltage
deviation, while also optimizing DGU placement. This successful implementation of the GWO algo-
rithm has contributed to the efficient integration of renewable energy sources into the power system,
leading to enhanced system performance and increased utilization of renewable energy. Overall,
these results demonstrate the potential of the GWO algorithm as a powerful tool for optimizing
power system operation and promoting sustainable energy solutions. Further research is needed to
investigate the applicability of the GWO algorithm to other power systems and to explore the poten-
tial for further improvements in renewable energy integration.

6. CONCLUSIONS

In this study, the proposed GWO method aims to address the ORPD problem by determining
the optimal placement of distributed generation units (DGUs) in a power system. The optimization
process focuses on minimizing both the active power loss and voltage deviations, while ensuring that
the control variables remain within their designated upper and lower bounds. This approach aims to
optimize the operation of DGUs in the power system to maximize the integration of renewable en-
ergy sources and minimize the associated losses.

To assess the performance of the proposed method, the authors utilized the IEEE 30 bus and
IEEE 118 bus systems as case studies in their investigation. A comparison was conducted with other
heuristic methods such as GA, PSO, and ABC in terms of various performance metrics including
power loss minimization, voltage deviations, bus voltage levels, and number of iterations. The results
obtained from the comparison highlight the potential of the proposed GWO based method in im-
proving the performance and efficiency of power systems with increased renewable energy penetra-
tion. The reduced number of iterations needed for convergence is a notable advantage in terms of
computational efficiency and practical implementation. These findings contribute to the understand-
ing of the applicability and effectiveness of the GWO-based approach in addressing the ORPD prob-
lem and optimizing the placement of DGUs in power systems to promote renewable energy integra-
tion.

In conclusion, the proposed GWO-based optimization method offers promising results in opti-
mizing the placement of DGUs in a power system for achieving optimal renewable penetration and
dispatch. The comparison with other methods and the evaluation of performance metrics support the
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effectiveness and efficiency of the proposed approach. The results obtained from this study can pro-
vide valuable insights for researchers and practitioners in the field of power systems planning and
operation, with the aim of promoting renewable energy integration in power systems.
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