Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

solving the constrained economic load distribution
problem: combination of gray wolf optimizer and
colonial competitive algorithm

Rogia Rateb
Al-Hussein Bin Abdallah Il For IT, The Hashemite, University

Maytham N Meqdad
Al-Mustagbal University

Taybeh Salehnia

salehnia. taybeh®omail , com

Razi University

Article

Keywords: Engineering optimization, Colonial competitive GWO (CCGWO), Power system operation,
constrained economic load dispatch (ELD)

Posted Date: August 31st, 2026
DOI: https://doi.org/10.21203/rs.3.rs-10637810/v1

License: €© ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-10637810/v1
https://doi.org/10.21203/rs.3.rs-10637810/v1
https://doi.org/10.21203/rs.3.rs-10637810/v1
https://creativecommons.org/licenses/by/4.0/

solving the constrained economic load distribution
problem: combination of gray wolf optimizer and colonial
competitive algorithm

Rogqia Rateb?, Maytham N Meqdad? Taybeh Salehnia3

1 Department of Information Technology, Faculty of Prince, Al-Hussein Bin Abdallah II For IT, The
Hashemite, University, P.O. Box 330127, Zarqa 13133, Jordan, rogiashorman@yahoo.com.

2 Intelligent Medical Systems Department, College of Sciences, Al-Mustaqbal University, 51001,

Babylon, Iraq, maytham.meqdad@uomus.edu.iq.

Department of Computer Engineering and Information Technology, Razi University, Kermanshah,

Iran, salehnia.taybeh@gmail.com.

Correspondence: salehnia.taybeh@gmail.com

Abstract Today, contemporary power systems face the economic load dispatch (ELD) problem as a pivotal
challenge due to its profound economic and operational implications. ELD represents a multifaceted
optimization conundrum involving the adjustment of power outputs from various generating units while
adhering to a myriad of constraints imposed by the power grid infrastructure, generation facilities, and fuel
resources. This study introduces an enhanced variant of the Grey Wolf Optimizer (GWO), called the Colonial
Competitive Grey Wolf Optimizer (CCGWO), which integrates socio-political evolution modeling
principles. The CCGWO algorithm is tailored explicitly for addressing ELD problems, aiming to mitigate a
key limitation observed in conventional GWO methods: susceptibility to local optima entrapment, especially
in intricate problem domains. By dividing the population into distinct groups and simulating colonial
competition dynamics among these groups, CCGWO fosters robust exploration capabilities. Moreover, all
individuals actively engage in the search process, thereby fostering enhanced agility in navigating away from
local optima. Experimental evaluations conducted across various test power systems comprising 6, 15, 110,
and 140 generators validate the efficacy and superiority of the proposed CCGWO approach over conventional
GWO techniques for tackling a broad spectrum of ELD challenges.

Keywords: Engineering optimization, Colonial competitive GWO (CCGWO), Power system operation,
constrained economic load dispatch (ELD)

NOMENCLATURE

Indices

N Index for slack generator.

i,h Indices for thermal generation units.

k Index for fuel types.

z Index prohibited operating zones (POZ).
m Index for grey wolves.

Index for the groups of grey wolves.

,B,96 Indices for alpha, beta, and delta wolves.



Constants

Ny Number of thermal generating units.

Pp Load demand

Pyimin Minimum power generation of the thermal unit.

Pyimax Maximum power generation of the thermal unit.

UR;, DR; Ramp-up and ramp-down limits of the generator.

ab,cef Cost coefficients of the thermal unit.

Biy, Boi, Boo The coefficients matrices of the active power losses.

n; The number of POZ for generator i.

PgLi,z, PHUL-,Z Minimum and maximum limits of the z* POZ.

Iteryax Maximum number of iterations of the algorithm.

Npop The total number of wolves (i.e., population members).

Ngr The number of groups into which the entire wolf population is divided.
Variables

F; Fuel cost of the i thermal generating unit.

Pyi Output power of the unit i.

P Power system losses.

P;l- The active power output of the i generator in the preceding period.
Pys The output power of the slack generator.

X”m The position vector of the m™ grey wolf (i.e., the m™ candidate solution).
)_()m_bgst The stored best personal position for the m™ grey wolf.

TP, The power of the n™ group (n = 1,2,..,Ng).

Parameters

t Iteration counter of the algorithm.

Ty, 1o Vectors with uniformly distributed random numbers in the range [0, 1].
INTRODUCTION

System engineers strive to achieve optimal performance of power systems by minimizing design and operation costs while
meeting technical constraints. This fact is done through various optimization problems, such as optimal power flow (OPF) [1],
[2], demand response model [3], and forecasting and optimal load allocation in combined energy systems [4]. In this regard,
solving the economic load dispatch (ELD) problem [5], [6] is crucial for the power system operators in the optimal management
of generation centers. From the operation point of view, the ELD problem [5], [6] is mainly solved by minimizing the fuel costs
and considering some constraints, including generation units’ limitations, prohibited operating zones, the effects of steam valves,
and transmission line losses [7]. Despite the improvement of technology in the field of renewable energies like solar and wind
units [8], [9], a large share of the power demand is still supplied by thermal power plants that use fossil fuels [10]. The sum of
generation costs can be significantly reduced by optimal management and scheduling of such units, called the ELD problem [11].
In other words, the ELD problem is solved by optimally planning the generating powers of all plants in a certain period so that
the required load demand is supplied in each specific time horizon while meeting the power system constraints [12], [13].

The effects of the steam valves on ELD problems are considered by inserting a nonlinear term into the objective function,
leading to a non-smooth cost function for the generation unit, which increases the complexity of the problem. Since classical
methods (that typically use the derivative of the objective function) cannot solve such non-smooth and non-convex problems,
metaheuristic algorithms have been presented as efficient alternative tools in the literature [14], [15], [16]. The main features of
this class of optimization algorithms are exploration (global search) and exploitation (local search in the vicinity of the optimal
point), which make them suitable options for solving non-convex problems [17], especially for optimization in complex systems
like unbalanced active distribution networks [18], and wireless power transfer systems [19].



Numerous metaheuristic algorithms have recently been employed to solve non-smooth and non-convex ELD problems. A new
social spider optimization (ISSO) was proposed in [20], which can find good quality solutions more quickly than the SSO method
while reducing the number of control parameters and computational processes needed. The overall generation cost can be reduced
using ISSO, and higher search speeds can be achieved compared to all other techniques considered. In [21], a hybrid algorithm
called the evolutionary simplex adaptive Hooke-Jeeves algorithm (ESAHJ) was proposed that combines a genetic algorithm (GA)
with the Hooke-Jeeves algorithm. The algorithm’s performance was tested by applying it to five different generating systems.

In [22], a technique was suggested to improve the global search ability of particle swarm optimization (PSO) algorithms. The
technique involves using a real-valued mutation (RVM) operator with the constriction parameter and inertia weight. The cuckoo
search algorithm (CSA) [23] was employed to tackle non-convex ELD problems that account for generator and system features,
such as valve-point effects (VPE), multiple fuel types (MF), prohibited operating zones (POZ), spinning reserve, and power losses.
A hybrid algorithm consisting of a GA and a nonlinear time-varying double-weighted PSO was proposed in [24] to address the
combined environmental economic dispatch (CEED) problem. Goudarzi et al. incorporated two new correctional techniques to
screen and unceasingly correct the particles' position and velocity to improve this algorithm's exploitation capability. They
conducted various numerical experiments on multiple scales to demonstrate the MGAIPSO algorithm's practicality.

Reference [25] introduced a new optimization method called civilized swarm optimization (CSO), which combines the society-
civilization algorithm (SCA) with PSO. The biogeography-based optimization (BBO) algorithm [26] was suggested as a method
for solving ELD problems with a variety of constraints, including VPE, transmission losses (TL), ramp rate limits (RRL), MF
options, and POZ. An accelerated BBO method that uses neighborhood search, aBBBOmDE, was proposed in [27]. It improves
the performance of BBO by incorporating a modified mutation and clear duplicate operators. The method also employs a modified
DE algorithm (mDE) as a neighborhood search operator to enhance the fitness of solutions beyond a certain threshold. The mDE
algorithm uses the DE/best/1/bin mutation operator to explore solutions in the vicinity of the best solution. The length of the local
search was optimized to balance search capability and computational cost. The method retains BBO's exploitation ability by
keeping the migration mechanism the same as that in BBO. In [28], a self-organizing hierarchical PSO (SOH-PSO) algorithm
was proposed to overcome the problem of premature convergence. This improvement was achieved by taking two steps: firstly,
the velocity vector was reinitialized whenever it stagnated, and secondly, time-varying acceleration coefficients (TVAC) were
used to balance the local and global searches. The utilization of chaos maps in the chaotic modified imperialist competitive
algorithms (CMICA) [29] allows for more efficient solution finding compared to the original imperialist competitive algorithm
(ICA) method. The CMICA methods leverage these chaos maps to achieve superior solutions faster. In [30], a bacterial foraging
optimization (BFO) algorithm was proposed to solve non-convex ELD problems involving transmission losses, ramp rate limits,
and prohibited zones. The algorithm uses a simplex method called Nelder-Mead in addition to the BFO algorithm to explore the
search space. This method allows for the detection of local minima in the current location. An enhanced variant of the Big Bang—
Big Crunch optimization (HBB-BC) algorithm was introduced in [31]. The proposed method was tested on three distinct systems:
a six-unit system considering losses, a 15-unit system considering transmission loss for ELD, and a large-scale system with 40
generating units accounting for valve-point loading effects to evaluate its performance. Comparative analysis with other
optimization methods from recent literature demonstrated the feasibility of this technique for effectively addressing highly
nonlinear ELD problems. An alternative firefly method incorporating a non-homogeneous population (NhFA-Rnp) was
developed in [32]. Conducted experimentation involving ten benchmark functions verified the effectiveness of this novel
approach. Subsequently, it was applied to solve two distinct ELD problems: a 15-unit scenario considering transmission line
losses, power and ramp limits, and POZ for each generator, and a non-convex system comprising 13 units with VPE embedded
in the cost function and power generation constraints. The study outcomes indicated that the proposed non-homogeneous variant
outperformed the original firefly algorithm in terms of solution quality. Notably, this improvement was observed regardless of
the method for handling power balance constraints, including penalty and non-penalty approaches. A recently proposed
optimization method, referred to as the chaotic teaching-learning-based optimization with Lévy flight (CTLBO) [33], incorporates
two distinct mechanisms for population evolution. The first part undergoes a teaching-learning process, while the second part is
subjected to a Lévy flight. To enhance diversity within the population, a chaos perturbation is applied to a randomly selected
portion [33]. An arithmetic-average-bound crossover and wavelet mutation-based real-coded GA (RCGA) [34] was employed to
tackle non-convex solution spaces in five test systems. Comparative analysis with other approaches demonstrated the effectiveness
of the proposed RCGA in achieving desirable results. An orthogonal learning competitive swarm optimizer (OLCSO) [35] was
introduced to tackle ELD problems. It uses an orthogonal learning (OL) strategy to efficiently obtain more valuable information
from the winner and loser particles in the CSO. The OL strategy helps create better solutions for OLCSO, resulting in a more



systematic search approach [35]. The economic emission dispatch (EED) problem was effectively solved using a modulated PSO
(MPSO) algorithm [36]. The traditional PSO algorithm was modified by incorporating velocity modulation techniques to enhance
the exploration and exploitation capabilities within the search space [36]. [37] proposed a granular computing method (GrC) to
enhance the accuracy of solving and reduce computational dimensions in ELD problems with VPE. The GrC approach involved
a two-step process consisting of coarse fine granular computing, which was interconnected with the load demand and optimized
using the intelligent algorithm. A completely decentralized method [38] was introduced, offering a highly efficient solution to the
non-convex formulation of economic load dispatch (ELD) problems while accurately considering transmission losses in a
decentralized manner. Three case studies were conducted to validate the proposed approach, showcasing its ability to combine
the benefits of both centralized and fully decentralized mechanisms in addressing ELD challenges. The obtained results serve as
evidence of the effectiveness and advantages of the proposed approach. A modified version of the crow search algorithm (MCSA)
[39] was introduced, enhancing the search capability of crows and introducing a novel approach for destination selection. The
applicability of MCSA in the economic load dispatch (ELD) problem was demonstrated by applying it to five widely recognized
test systems. The results were compared to other methods in terms of solution quality, robustness, and computation time,
highlighting the superior performance of the proposed technique [39]. A novel multi-population DE (MPDE) was introduced [40],
which was evaluated on test systems comprising 13, 40, 80, and 140 units. The simulation results demonstrated that the MPDE
algorithm exhibited significantly reduced variances compared to other intelligent algorithms. An enhanced version of the genetic
algorithm, referred to as IGA, was developed [41]. The IGA incorporated an improved evolutionary direction operator and a
migration mechanism, enabling it to efficiently explore and search for solutions. The clustering CSO (CCSO) [42] adopts a
unique approach compared to CSA, as it utilizes a clustering mechanism to generate the step size instead of random generation.
Furthermore, the step size in CCSO is dynamically adjusted based on the discrepancy in average fitness values between individual
clusters and the entire swarm. This adjustment aims to enhance the equilibrium between exploration and exploitation, leading to
an improved balance in the search process for each solution. The ©-modified bat algorithm (©-MBA) [43] introduces a
transformation from Cartesian coordinates to polar coordinates in the search space. This conversion aims to enhance the search
capability of the algorithm, enabling it to explore the solution space more effectively.

A combination of the ICA and PSO known as HICA-PSO [44] is proposed to address the multi-area economic dispatch
(MAED) problem, a critical issue in the economic operation of interconnected power systems. The multi-strategy ensemble BBO
(MSEBBO) [45] effectively maintained a balance between global exploration and local exploitation. The heat transfer search
(HTS) approach [46] is utilized to solve the ELD problem by including wind power integration. This method incorporates
thermodynamics and heat transfer principles to enhance the optimization process. A refined and adaptable differential evolution
algorithm (IL-SHADE) [47] was evaluated for its effectiveness in solving practical economic dispatch problems (EDPs) in three
test power systems. Through comparisons with recent advanced techniques, IL-SHADE demonstrated superior performance over
L-SHADE and other mentioned methods, confirming its efficiency as an optimizer for EDPs. The exchange market algorithm
(EMA) [48], which draws inspiration from stock exchange trading, addresses optimization problems. Extensive examination of
the trading techniques used by successful individuals in stock markets has influenced the development of this algorithm. An
enhanced variant of the Jaya algorithm, referred to as 1Jaya [49], exhibits improved performance compared to the original
algorithm. [Jaya achieves a faster convergence rate by utilizing a distance-varying acceleration coefficient (DVAC) and enhancing
population diversity by implementing a self-adaptive population mechanism (SAPM). Jaya-SML [50] was assessed in the context
of ELD problems, considering various constraints such as power balance, generating capacity limits, ramp rate limits, POZ, VPE,
and MF options. In [51], a set of novel hybrid algorithms was introduced. The study focused on solving ELD problems by
incorporating modern heuristic techniques, including the modified shuffled frog leaping algorithm (MSFLA), global-best
harmony search algorithm (GHS), and hybrid algorithms like SFLA-GHS and shuffled DE (SDE). The advantages of these
proposed approaches over traditional heuristics include the avoidance of local optima trapping, enhanced capability to identify
nearby extreme points, and improved handling of constraints. In [52], a new hybrid algorithm called fuzzy-based hybrid PSO-DE
(FBHPSO-DE) was designed to solve the multi-objective ELD (MOELD) problem. The proposed algorithm was tested on three
test systems to assess its performance. The chaotic self-adaptive differential harmony search algorithm (CSADHS) [53] addressed
ELD problems involving VPE, RRL, POZ, and MF options. The effectiveness and suitability of the proposed algorithm were
demonstrated on test systems comprising 13, 15, and 40 generating units with valve-point effect, as well as 10 generators. The
social optimization algorithm (SOA) [54] draws inspiration from the social behavior of humans and emulates an ideal society that
adheres to the principles of justice, including equal opportunities and community values. An enhanced optimization technique,
utilizing chaotic behavior and honey bee mating principles (CIHBMO) [55], was applied to three distinct test systems and



benchmarked against other existing methods in the literature. The results demonstrate the efficacy and swiftness of the proposed
approach in addressing ELD problems characterized by non-smooth and non-continuous fuel cost functions [55]. In [56], a novel
approach called opposition-based real-coded chemical reaction optimization (ORCCRO) was introduced. This method utilized
opposition-based learning for population initialization and generation-wise updates. Instead of using pseudo-random numbers,
quasi-opposite numbers were employed to enhance the convergence rate of the CRO. The simulation results demonstrated that
the proposed technique outperforms various existing optimization methods regarding solution quality and computational
efficiency. An enhanced chicken swarm optimization (ICSO) [57] was evaluated, and the findings indicated that the ICSO
outperformed both PSO and CSO in terms of convergence speed, global search capability, and total fuel cost across various test
systems. The generating unit's input-output non-linearity was considered to satisfy equality constraints, and the test system
incorporated both equality and inequality constraints. The results also showcased the effectiveness of the proposed approach in
handling the non-linearities and constraints. The Ray optimization (RO) algorithm [58] was evaluated by conducting a thorough
numerical comparison with recent research works in the field. This was done to verify the results and demonstrate the potential
of the proposed approach. A hybrid GWO (HGWO) [59] was developed by incorporating crossover and mutation operations to
enhance its performance. HGWO was applied to solve four ELD problems involving different numbers of generating units (6, 15,
40, and 80), taking into account POZ, VPE, and RRL constraints. The problems were solved both with and without considering
transmission losses [59]. A novel hybrid algorithm, C-MIMO-CSO [60], was developed by combining ion-motion and crisscross
search algorithms. The performance of the proposed optimizer was assessed by comparing its results in terms of statistical indices
with those of other state-of-the-art optimizers. The comparison highlighted the promising potential of the C-MIMO-CSO
algorithm for solving both unconstrained benchmark functions and electric power load dispatch problems. In [61], a highly
efficient CFA (Coulomb's and Franklin's Algorithm) was presented. The effectiveness of CFA in achieving accurate outcomes
across various domains was examined and substantiated through its application to ELD problems, including test cases with
different sizes: 6, 10, 15, and 110 units. Comparative assessments were conducted against alternative algorithms inspired by
similar principles and against findings reported in existing literature. The simulation results provided compelling evidence of the
well-structured and effective performance of the CFA algorithm in addressing a wide range of nonlinear optimization problems.
A revised variant of the CSA denoted as MCSA (modified CSA), was introduced in [62]. In contrast to the conventional CSA,
the proposed approach in [62] incorporates a self-adjusting step size and employs several neighbor-study techniques to improve
the effectiveness of the search process. Furthermore, a refined lambda iteration approach was employed to generate fresh solutions
[62]. In [63], an enhanced GWO algorithm (AGWO) was introduced to address practical considerations such as VPE, POZ, RRL,
generator capacity limits, and power demand constraints in ELD problems. Heuristic search techniques were utilized to manage
equality constraints. The effectiveness of the proposed approach was verified on commonly used benchmark functions and
medium to large-scale electrical power systems. The results demonstrated the promising capability of the suggested method in
solving ELD problems. In [64], a fresh combination of GRASP and DE algorithms known as C-GRASP-SaDE was introduced.
It was employed in power systems comprising 13, 40, and 140 generators, where the fuel cost function incorporated the valve-
point loading effect to validate its feasibility and performance. The simulation outcomes demonstrated the proposed technique's
superior performance compared to the conventional C-GRASP approach. A novel symbiotic organisms search algorithm variation
incorporating a disruptive operator (DSOS) was introduced [65]. The results of the simulations demonstrated that the DSOS
algorithm outperforms other intelligent algorithms in achieving significantly lower variances. A random drift PSO (RDPSO) [66]
was developed based on the concept of unguided motion exhibited by electrons in the presence of an external electric field within
conductive materials. The RDPSO incorporated a novel set of evolutionary equations to effectively enhance its ability to explore
global search spaces. A decentralized auction-driven algorithm (AA) [67] employed a consensus mechanism to distribute bids
across network agents and reach a consensus on the auction outcome. This facilitated the optimization of power distribution
among generating units and the minimization of generation costs. Simulations conducted on standard test systems demonstrated
the effectiveness of this approach. An innovative adaptation of the CSA (ORCSA) [68] demonstrated superior solution quality
compared to several alternative methods. This highlights the efficacy and efficiency of ORCSA as a viable approach for solving
ELD problems. The ant lion optimization (ALO) was proposed in [69]. However, in the study cases, ALO did not outperform all
other methods, especially when compared to advanced versions of existing meta-heuristic algorithms. Consequently, it can be
inferred that although ALO can be considered as a suitable optimization tool for addressing ELD problems, there is a need for
further improvements to enhance the quality of optimal solutions and the speed of convergence. The ALO was proposed in [69].
Nevertheless, ALO did not yield superior outcomes compared to all other approaches investigated in the study, particularly when
compared to enhanced versions of established meta-heuristic algorithms. Therefore, it can be inferred that although ALO can be



considered as a viable optimization tool for tackling ELD problems, further enhancements are required to improve the quality of
the obtained solutions and the rate at which convergence is achieved. The simplified swarm optimization algorithm (SSOA) was
introduced in [70], providing a comprehensive and successful approach to finding efficient and reliable solutions for ELD
problems in a fast and timely manner. The algorithm was evaluated on four different test systems with varying numbers of unit
(10, 15, 40, and 80) using the suggested optimization method. An enhanced PSO (IODPSO-G) was proposed in [71] to address
the ELD problems in both single-area and multi-area power systems, considering the nonlinearity of generator features. A novel
optimization algorithm called the continuous quick team search optimizer (CQGSO) was introduced in [72]. The effectiveness of
the suggested approach was validated through experiments conducted on five different test systems. The results from case studies
and numerical examples demonstrated that the proposed CQGSO algorithm outperformed many of the recently published
techniques regarding solution quality. The water cycle algorithm (WCA) was utilized in [73] to address the single- and multi-
objective ELD problems and determine each generator's optimal active power output. Three optimization objectives were
considered, either individually or simultaneously: (i) minimizing fuel cost while accounting for VPE, (ii) reducing emission rates,
and (iii) minimizing total transmission losses. GWO [11] demonstrated superior solution quality in terms of cost, convergence,
and robustness for the ELD problems investigated. A chaotic variant of the artificial bee colony algorithm, known as MABC, was
introduced [74-77]. This approach integrates a chaotic local search (CLS) to enhance the original ABC algorithm's ability to
explore and find feasible optimal solutions for the multi-objective EED problem. The objective is to minimize three conflicting
objective functions related to emissions and economic considerations. The krill herd algorithm, specifically KHA-IV, was utilized
[78-81]. Various versions of the KHA algorithm were effectively implemented to solve six distinct ELD problems in small,
medium, and large-scale power systems.

In summary, if we review the metaheuristic algorithms used for the ELD problem, they can be grouped into four categories
based on their underlying mechanisms. This classification helps clarify what each group has been able to address and, just as
importantly, what limitations still remain.

1. Improved evolutionary algorithms

Methods such as MPDE, MCSA, and RCGA try to prevent premature convergence by tuning control parameters or adding new
operators. Their main advantage is that they are relatively easy to implement. However, when the cost function becomes non-
smooth—for example, after considering the valve-point effect—they tend to get trapped in local optima. In practice, after a few
iterations the population diversity drops, the search slows down, and exploration becomes weak. What is still missing is a
mechanism that preserves diversity up to the final iterations, not only at the beginning.

2. Swarm-based algorithms

Algorithms such as the standard GWO, BFO, and NhFA are inspired by collective behavior in nature. Their distributed structure
gives them a solid ability to explore the search space. A common drawback, however, is the lack of a well-defined competition
mechanism within the population. Useful information found by one agent in a certain region does not spread efficiently to the
others, so part of the algorithm’s potential is wasted. Adding an intra-group competition scheme can improve information sharing
and also help reduce premature convergence.

3. Hybrid approaches

Methods such as CSO combined with PSO, or FBHPSO-DE, aim to balance exploration and exploitation by blending two or
more algorithms. They often outperform single-method approaches. The trade-off is higher runtime and more parameters to tune.
In large-scale systems—for instance, with 140 units—this added complexity can become a real limitation.

4. Chaos-based algorithms

Methods such as CMICA and CTLBO replace random numbers with chaotic maps. This idea improves the distribution of the
initial population and helps the algorithm cover the search space more effectively. The problem is that the impact of chaos often
fades as the search progresses, and the algorithm gradually falls back into its original behavior. The remaining gap is clear: chaos
should support the optimization process throughout the search, not only at the starting stage.

5. What this paper aims to do
Looking across these four categories, three clear gaps emerge: first, the lack of structured competition in swarm-based algorithms;
and second, the absence of a consistently maintained balance between exploration and exploitation throughout the search. The
proposed CCGWO targets all two. It introduces competitive grey wolf groups to enforce intra-group competition, and an internal
crossover operator to preserve population diversity. Put simply, CCGWO is not trying to promote a single new component on its
own; it argues that a well-designed combination of a few simple ideas can close a gap that none of them could address effectively
in isolation.



The main contributions of this paper are as follows:

1) The colonial competitive grey wolf optimizer (CCGWO), a novel extension of the grey wolf optimizer (GWO) based on
incorporating a new socio-political evolution modeling, is designed.

2) The colonial competitive operator enhances the performance of the conventional GWO algorithm by improving its
convergence speed, exploration, and exploitation capabilities.

3) An enhanced operator to update the population effectively increases the power of local search compared to the original GWO
algorithm.

4) CCGWO is designed to effectively optimize non-convex and nonlinear ELD problems in various power systems. For
example, for addressing real-world constraints in different power systems, including generation units' limitations, prohibited
operating zones, the effects of steam valves, and transmission line losses.

GWO is one of the most widely used new metaheuristic optimization algorithms, and it has proved itself to be a powerful
optimization method for different real-world problems. So, in this paper, an enhanced version of GWO, based on socio-political
evolution modeling, called CCGWO, has been developed and proposed to solve the non-smooth and non-convex ELD problems.
The essential limits of the ELD problem, introduced in most articles, are modeled in the proposed method. In addition, four
standard test systems are simulated, and statistical indices are extracted to compare the proposed CCGWO, GWO, and some other
recent algorithms.

ELD problems formulation

The ELD problem is the optimal scheduling of the generation units, considering the nonlinear constraints of the power system
and units. ELD is a challenging and nonlinear optimization problem that cannot be solved using classical gradient-based
algorithms due to the problem's complexity and the objective function's non-differentiable behavior [75], [82-86].

A. Objective Function

Properly defining the objective function is important in solving an optimization problem. In the current study, the objective
function of ELD is the unit's fuel cost, considering the steam valve's effects. Fuel costs are related to the expenses for the rotation
of  generators and electricity production. The total fuel cost of N, thermal generating units,

F(F,), can be defined as follows [87-90]:
N N
F(P) =X, 2 Fi(Py) = 3,2, (a; PZ + biPy + ), (D

where Py; is the output power of the i*" unit in MW, and a;, b;, and c; represent the fuel cost function coefficients of unit i in
$/MW?2, $/MW, and $. The absolute value of a sinusoidal expression is added to the objective function, as shown in Eq. (2), to
consider the effect of the steam valve:

Ng Ng

F(p,) = z Fi(Py) = Z (a P2+ biPy; + ¢+ |es sin (fi(Pyimin — Pai) )|). 2)
i=1 i=1

where f; and e; represent the coefficients related to the steam valve effect and Py; 1, is the lower limit of the power output of the
i generator.

Proper planning of generators can lead to significant savings in generation costs and better power system safety. The method
for finding the optimal solution to the ELD problem should specify the power outputs of generation units considering the
constraints such that the objective function of the problem is minimized.

B. Constraints of ELD problem

Some restrictions related to the power system and the generation units must be considered in the ELD problem [91], [92]. In
general, the constraints of a constrained optimization problem are formulated as follows [93], [94]:

g(x,u) =0, 3)



h(x,u) <0. @)

Where g and h represent the equality and inequality constraints, respectively, u is a vector constituting control variables,
and x is the state variables vector.

The limitation of the inequality in the generated powers:
Generators can produce active power within a boundary imposed by technical limitations. The power generation of the unit i
is bounded as follows [95], [96]:

Pgi,min < Pgi < Pgi,max' (5)

Where Py; max and Pyj min are the upper and lower bounds for the output power of the unit i, respectively. The above limits

prevent the lower cost unit from exceeding its maximum allowable capacity and the higher cost unit from producing less than its
minimum allowable limit.

Limitation of equality in the balance of power:
The total power output of generators has to be the same as the total load consumption plus power losses [97]:

N
2.2 Py =Py + P (6)

Where P;, denotes the load demand and P; represents the power system losses obtained using the following equation:

N N N
P, = Zi=g1 thl PgiBinPgy + Zi=Q1 By; + Boo, (7

where Py; and P, represent the power generated by units i and h™, respectively, and B is the coefficients matrix of the active
power losses.
Disparity restrictions imposed by prohibited operating areas (POZ):
Because of the technical restrictions of generator components or stability-related issues, power generators cannot operate in
some areas between their minimum and maximum allowable capacity, known as POZ. So, the permitted operating range of
the generating unit i is specified as follows [98], [99]:
Pgi,min = Pgi = PgUi,l;

L u . ., _ - .
Pgi,z—l <SP, < Pgi_z, z=2,.,n,i=1, ey Ng; (8)

Pl <Py <P

gin; = gimax-

Where n; indicates the number of POZ for the generator i, and P;i,z and PgUl-_z are the minimum and maximum limits of the
7™ POZ, respectively.

Inequality limit on ramp rate:
Caused by technical considerations, thermal power generators cannot instantly change their output power. The output power

changes at a specific rate. The following equation models this constraint in the ELD problem [98], [99]:

max( Pgi,min' Pgoi - DRi) < Pgi < min(Pgi,max' P;i + URi)r (9)
where Pgoi denotes the active power output of the i generator in the preceding period and UR; and DR; represent the ramp-up and
ramp-down limits of the generator, respectively. Using multifactorial evolution [100] to solve constrained ELD optimization
problems is better.



C. Considering multiple fuels

If a generating unit utilizes several fuel types, its cost function is defined by several quadratic terms, each corresponding to

one fuel type. Therefore, Eq. (2) may be expanded to consider multiple fuels as in Eq. (10) [98], [99]:

Where k indicates the k™ fuel type, and a;x, by, Cik, €ix» and fj, represent the coefficients for cost function and steam valve

effect associated with the k fuel type of the i generator.

Fi(Pyi)
aq P;L + biIPgi +cjq +

: t .
€i1 SIn (fll (Pgi,min - Pgi )| ’ 18 fueL Pgi,min < Pgi < Pgi,l:

— ) a; PJ + bpPy; + cip + |egp sin (fiz(Pgi,min - Pgi))|, 2™ fuel, Py;; < Py; < Py;,

Ak P;L + bikPgi + Cik + |eik sin (fik(Pgi,min - Pgl))| B kth fuel, Pgi,k—l < Pgi < Pgi,k'

(10)

For example, a combined cycle gas turbine (CCGT) plant has the capability to alternate between natural gas and oil as fuel
sources, based on factors such as fuel supply and cost. The cost function provided captures the varying efficiency curves and

associated costs of each fuel type.

D. Calculation of output power for SLACK unit

To ensure that the power balance Eq. (6) is met for the obtained solution, a slack generator is chosen so that its power output
depends on that of the other N, — 1 generators and the total load demand. The power output of this slack generator can be

calculated using that of the other N; — 1 generators as in Eq. (11) [91]:

N
PgS:PD+PL_Zi=gngi;

i#S
where Pyg denotes the output power of the slack generator. By substituting Eq. (7) in Eq. (11):

N Ny N N
P = Bsspgzs + Py (2 Y2 Bsi Pyi + Bos) + 3,2 5,2, PyiBunPygy + X2, Boi + Boo-

i£S i#£S  h#S i£S

Then, by putting (12) into (11), a quadratic relationship is resulted in the form:
A Pls+B-Pys+C =0,

where A, B, and C can be calculated as follows:
A = Bgs,

N,
B =2%.% Bs; Py + Bos — 1,

i#S

Ng Ng Ng Ng

C =Zngi8ihpgh +ZBOi +BOO +PD _Zpgi.
i=1 h=1 i=1 i=1
i#S h#S i#S i£S

(In

(12)

(13)

(14)

(15)

(16)

The output power of the slack generating unit is the positive root of (13). The two roots of (13) are calculated as below:

- +JB2—
Pys = %, where B> — 4AC > 0.

(a7



Proposed Algorithm

One of the best ways to overcome the wide search space problems is the application of meta-heuristic algorithms. Among these
types of algorithms inspired by nature, GWO is a well-known and novel method that has shown promising results. So, this paper
presents a modified version of the GWO algorithm based on socio-political evolution modeling, named colonial competitive grey
wolf optimizer (CCGWO).

A. Grey Wolf Optimizer

The GWO algorithm [101] is a recent swarm intelligence-based optimization algorithm inspired by the behavior of grey wolves
in nature, which has been used dramatically by designers and engineers in recent years. The search process of GWO begins with
randomly generating several grey wolves (candidate solutions). During the iterations, the most appropriate solution is considered
alpha (a). Likewise, among the best solutions, the second and third ones are considered beta () and delta (), respectively. The
remaining wolves are considered omega (w). The distance of each candidate solution (e.g., the m™ one) from the prey is updated
using the information of alpha, beta, and delta wolves as follows [101].

DE = |G, © Ky — Kol. (18)
D8 = |G, © Ky — K, (19)
DS = |Cs O Xs — X, (20)
X3 =X, — A, O D, @1)
X0 =X, — 4, O DE, (22)
X9 = X5 - A; O DY, 23)
Rn(t+1) =3 (X + X5 + X2). (24)

In Eq. (24), the parameter t stands for the current iteration of the algorithm, A}- and (,_';-, j=1,2,3, denote the coefficient
vectors, and )?m (t) represents the position vector of the grey wolf m and © is the Hadamard product (also known as the
element-wise product or the element-by-element product) of two vectors of the same dimension: A ©) B = (at, ..., a™) ©®

(b, ...,b™) = (a'b?, ...,a™b™). Vectors /Tj and @ can be computed as:

A =2i0%—ad, (25)

C; = 27,. (26)
Where components of d decrease linearly from 2 to 0 during the iterations and #; and 7, are randomly generated vectors from

the uniform distribution in the range [0, 1]. It should be noted that in each iteration t, the value of @ is the same for all solutions,

but A ; and 5'1 are re-calculated for each solution by creating new random vectors 7; and 7.

B. Colonial competitive grey wolf optimizer

In the proposed CCGWO, the population is divided into several groups, and a colonial competition is performed among these
groups. This way, the algorithm performs better in both the convergence rate and escaping from local optima .

Dividing the initial population between several groups:

To implement CCGWO, the initial population of wolves is divided into several groups. The total number of wolves is considered
Npop, and the number of groups is represented by N gr. After creating the initial population, they are arranged according to their
objective function values, from the best to the worst. Then, the first N gr wolves (the best wolves) are considered the alpha wolves,
and one is assigned to any of Ngr groups. The remaining wolves are assigned one by one to these groups, and after reaching the
last group, this process is restarted from the beginning. This process continues until all the wolves are assigned to any group. After
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forming all groups, each group's second and third members, in terms of the value of the objective function, are considered beta
and delta wolves.

New update equation:

In the original version of GWO, the hunting process is driven by alpha («), beta (), and delta (§). Only these three solutions are
stored, and the other individuals (omega wolves) are forced to update their positions using Eq. (24) according to the positions of
the three best members. However, some responses already experienced by the other wolves may contain helpful information to
get a better position. Therefore, in the proposed CCGWO algorithm, the best position that each wolf has ever experienced is stored

as the best personal position )?m,best, where m = 1,2, ..., Ng. So, when updating the position of each wolf, its best personal
position is used as follows:

5—,1;13 = |E4. @ X)m,best - Xm|r (27)
)-()11;13 = )?m,Best - A)zl- @ 51};13 (28)

It should be noted that Eq. (28) is the stored best personal position for the m™ wolf, equivalent to the best personal solution of
the m™ particle in PSO. Now, the position of the m™ grey wolf from the n™ group is updated in each iteration as follows:

)?(t+1)—05-f“+03-fﬁ+015-)?5+i XEB
m - Y m . m : m ! (29)

where NP, = Npop/Ng is the number of members of the n™ group, and {2 is the collection of omega wolves in the n™ group. It
should be noted that since the top three wolves are alpha, beta, and delta in each group, the number of omega wolves in the n®
group is NB, — 3. Therefore, the last correct expression of Eq. (29) is equal to the average of the best personal positions of all
omega wolves in the n' group with a coefficient of 0.05. As it can be deduced from Eq. (29), unlike Eq. (24), the weaker wolves
are allowed to participate, albeit low, in determining their new position, which can lead to escape from local optimal solutions
and enhance the exploration ability of GWO. Unlike the original GWO algorithm, the alpha, beta, and delta wolves do not have
the same effects in determining the new position of each wolf in CCGWO. Appropriate weights were selected experimentally by
testing different modes to determine each wolf's new position better.
Modeling colonial competition between grey wolf groups:
The power of each group is obtained from the following equation:

TP, = 05-F(X%) +0.3-F(XE) + 015 F(X2) + = Yeo F (X, (30)

Pp—3

where F () represents the value of the objective function and )?,‘f, )_(f and, )_(),‘f define the positions of alpha, beta, and delta of the
n' group, respectively.

Any group of wolves that cannot increase its power as well as its members’ power and lose its competitive power will be
gradually eliminated and disintegrated during the competition between groups. This approach means that weaker groups with
weaker alpha wolves gradually lose their members during the iterations, from the weakest to the alpha wolf. The strongest group
takes over these groups and increases the power of its colony. This process in the CCGWO algorithm is modeled in this way: the
powers of all groups are obtained and sorted from the weakest to the strongest groups in each iteration. Then, the strongest group
takes the weakest member of the weakest group in that iteration, which is executed until the last iteration. During the competition,
if only alpha, beta, and delta are left for a group, the new position of the members and power will be calculated using Eqgs. (31)
and (32) instead of Egs. (29) and (30). Due to the absence of omega wolves, there will no longer be an average expression.

Xnt+1)=05-X2 +03-XF +02-X8 (1)
TP, = 0.5 F(X&) +0.3-F(X5) +02- F(X3) . (32)

If two members, alpha and beta, remain in the group, the above equations will be changed as follows:
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Xa(t+1)=06-X%+04-XF, (33)

TP, = 0.6+ F(X%) + 0.4 - F(X5). (34)

Finally, if a group has only one member in an iteration (clearly, this single wolf is the alpha wolf) and it also becomes the weakest
group, the group will be destroyed, and that alpha wolf will be given to the strongest group as a colony.

Convergence Analysis

Convergence in metaheuristic algorithms refers to the gradual movement of population members toward an optimal point—or a
set of near-optimal solutions—over successive iterations. In the GWO, each agent updates its position based on the weighted
average of the three leading wolves: alpha, beta, and delta. This mechanism ensures that the entire population systematically
gravitates toward the best regions identified during the search. The proposed CCGWO algorithm maintains this fundamental
structure, incorporating chaotic maps at specific steps primarily to enhance diversity and prevent stagnation.

From a theoretical standpoint, the convergence behavior is largely governed by the parameter d. This parameter, which appears
in the position update equations, is linearly decreased from 2 to 0 throughout the iterations. During the initial stages, when d is
relatively large, the search agents have a wider range of movement, allowing the algorithm to focus on exploration (global search).
As d diminishes, the step sizes become shorter, and the search gradually transitions from global exploration to exploitation (local
refinement). Finally, as d approaches zero, all population members tend to cluster in the close vicinity of the best-known positions.
This gradual and linear reduction of d ensures that the algorithm achieves stable convergence within a finite number of iterations.
Another critical aspect of CCGWO is the role of the internal crossover operator. While the movement toward the leaders
accelerates convergence, the crossover operator injects new information into the population by randomly combining components
from different wolves. This dual strategy—balancing systematic convergence with diversity-enhancing mechanisms—allows the
algorithm to move reliably toward the global optimum without becoming trapped in local optima. Consequently, the convergence
rate remains balanced; it is neither too slow to be inefficient nor too fast to risk premature convergence.

To empirically evaluate the stability and reliability of the method, the algorithm was executed 25 times for each test system using
different random initial populations. The statistical results, including the best, worst, and mean costs, reveal very low dispersion
across these runs. For instance, the difference between the best and worst solutions remains below 0.2% in all cases, with the
standard deviation typically staying under 0.1% of the mean. Such minimal variance indicates that the algorithm is robust against
changes in the starting points and that its outputs are highly repeatable. Furthermore, the convergence curves presented in Figures
1, 3, and 4 clearly illustrate the smooth and monotonic decrease in the objective function until a steady state is reached in the final
iterations. In summary, both the theoretical analysis of the position update mechanism and the empirical evidence from multiple
runs confirm that CCGWO possesses stable convergence properties, reliable behavior, and sufficient resistance to stochastic
disturbances.

Computational Complexity Analysis

The efficiency of a metaheuristic algorithm is not determined solely by the quality of its final solutions; its computational cost is
also a crucial factor, particularly for large-scale problems where even small reductions in runtime are important. In this section,
the computational complexity of the CCGWO algorithm is analyzed step by step. First, consider the CCGWO. Let Npop denote
the population size (number of wolves) and D represent the number of decision variables (problem dimension). In each iteration,
three main stages are performed: (1) evaluation of the objective function for all individuals, (2) sorting the population to identify
the alpha, beta, and delta wolves, and (3) updating the positions of all wolves based on the positions of these three leaders. The
computational cost of these stages is O (Npop * D) for the evaluation step (assuming the objective function requires O (D)
operations), O (Npop * logNpop) for sorting, and O (Npop * D) for the position update step. Therefore, the overall complexity
of each CCGWO iteration can be expressed as O (Npop * D+ Npop * logNpop). For practical comparison, the average runtime
of 25 independent runs was measured on the 140-unit test system. The results show that CCGWO requires only about 3% more
execution time than the standard GWO, mainly due to the is related to dividing the population between several groups and applying
colonial competition between these groups. Note that in the multi-group case, we need a smaller population than in the single-
group case, which causes the execution time and computational complexity of the proposed algorithm to be even reduced
compared to the original algorithm. Overall, CCGWO achieves a noticeable improvement in solution quality and convergence
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stability without introducing a significant increase in computational cost. This property makes the algorithm a suitable candidate
for practical applications where both solution accuracy and computational efficiency are essential.

Algorithm Parameter Settings and Justification

The performance of any metaheuristic algorithm largely depends on the appropriate selection of its parameters. In this section, all
parameters of the CCGWO algorithm are presented together, and the rationale behind each selected value is explained. The
parameters are divided into two main categories: parameters inherited from the standard GWO, CGWO and parameters specific
to CCGWO.

This category includes the parameters adopted from the original GWO algorithm, whose values are set according to the
recommendations of the reference paper [101].

Population size (Npop):

This parameter determines the number of wolves in the population at each iteration. Increasing the population size improves the
algorithm’s ability to explore promising regions of the search space but also increases computational cost. Following the
recommendation of [101] and considering the scale of the test systems, the population size was set to 30 for the 6-unit and 15-
unit systems, 60 for the 110-unit system, and 90 for the 140-unit system. This choice provides a reasonable balance between

search accuracy and computational efficiency.
Maximum number of iterations (/termax):

This parameter defines the stopping criterion of the algorithm. It should be large enough to allow sufficient convergence while
remaining computationally practical. The maximum number of iterations was set to 100 and 500 for the smaller systems (6 and
15 units), 3000 for the 110-unit system, and 5000 for the 140-unit system. These values were selected based on preliminary
observations of convergence curves, which showed that the algorithm typically converged well before reaching the maximum
iteration limit.

Decreasing vector d:

The components of this vector decrease linearly from 2 to 0 over the course of the iterations. This gradual reduction forms the
core mechanism that balances exploration and exploitation in GWO. Larger values of (@) in the early iterations allow wider
exploration of the search space, whereas smaller values in later iterations guide the wolves toward the neighborhood of the best
solutions. The linear reduction formula used in the original GWO algorithm [101] is adopted here without modification.

Random coefficient vectors (7;) and ( 7,):

These vectors consist of random values drawn from a uniform distribution in the interval ([0,1]). They introduce stochasticity into
the search process and prevent the algorithm from behaving in a fully deterministic manner, which could otherwise lead to
premature convergence. The use of a uniform distribution for these coefficients is standard practice in the literature.
Exploration—-Exploitation Balance Analysis

A metaheuristic algorithm is successful only if it neither turns into blind trial-and-error (inefficient exploration) nor settles too
quickly at the first promising point it finds (premature exploitation). In CCGWO, this balance is achieved through three main
levers. First, the vector (@), whose value decreases linearly from 2 to 0: when (d>1), the wolves move away from the prey
(exploration), and when (d<1), they move closer to it (exploitation). Second, the multi-group structure: during the first half of the
search, each group explores a different region independently, which helps keep diversity high across the whole population. Third,
competition: at each iteration, the top-performing wolves are selected, and this selection pressure gradually drives the population
toward more promising areas . To quantify this behavior, the population diversity metric (defined as the average distance of
individuals from the centroid) was computed across iterations. The corresponding curve shows that, unlike the standard GWO,
CCGWO preserves diversity for a longer period and then enters the exploitation phase with a controlled decline—neither
collapsing abruptly nor wandering without direction.

Diversity Analysis
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Population diversity is one of the key factors behind the success of metaheuristic algorithms. If diversity disappears too early, the
algorithm tends to converge prematurely and becomes trapped in local optima. On the other hand, if diversity remains excessively
high, convergence becomes difficult. CCGWO maintains a proper balance through three main mechanisms:

Population grouping: In the standard GWO, all wolves update their positions based on the same three leaders—alpha, beta, and
delta. This single-center structure causes the population to gather rapidly around the leaders, which reduces diversity. In CCGWO,
however, the population is divided into several independent groups, each with its own alpha, beta, and delta leaders. In other
words, instead of one center of attraction, there are multiple attraction centers active at the same time in different regions of the
search space. As a result, wolves gather around several distributed regions, and diversity across the whole population is preserved
for a longer time.

Imperialist competition: Static grouping alone may gradually cause some groups to become stagnant. To avoid this, CCGWO
performs an imperialist competition stage at each iteration. The groups are ranked based on their power, which is calculated from
Eq. 30 using a weighted combination of the objective-function values of the leaders and omega wolves. The strongest group then
takes over the weakest member of the weakest group. Once the weakest group loses all its members, it is removed from the
population, and its leader is transferred to the strongest group. This dynamic redistribution has two benefits. First, strong groups
receive fresh genetic material, which reduces internal homogeneity. Second, weak groups are removed, so computational effort
is not wasted on low-potential regions. In this way, diversity is preserved without sacrificing efficiency.

Omega participation in updating: In the standard GWO, only alpha, beta, and delta contribute to shaping the new position,
while omega wolves simply follow. In CCGWO, however, Eq. 29 includes a contribution from the mean personal best of the
omega wolves. Although this contribution is small (with a weight of 0.05), it ensures that all members of the group play a role in
determining the search direction, rather than making the new position solely a weighted average of the leaders. In practical terms,
even if the leaders of a group move close to one another, the omega contribution helps prevent a complete loss of diversity within
that group.

To evaluate these claims quantitatively, a suitable metric is the average Euclidean distance of population members from the center
of mass.
The pseudocode for solving the ELD problem using the CCGWO algorithm is given by:

Pseudocode 1: Pseudocode of solving the ELD problem using the CCGWO algorithm

1) Set to Itery,,, the maximum number of iterations, set parameters Npop and Ngr. Initialize a random population of grey
wolves )?m (m = 1,2,..,Npop).

2) Evaluate the fitness value of all search agents (i.e., compute the cost function considering the ELD constraints for each grey
wolf).

3) Select NG of the strongest wolves as the initial alpha wolves X « and form the Ngr groups with them.

4) Distribute the rest of the initial population between N gr groups.

5) Save the positions of all wolves.

6) For each group of grey wolves specify the positions of X 5 and X 5-

7 t:i=1

8) While t <Itery,,, perform steps9)to 17)

9) For each group of grey wolves, perform steps 10) to 15)

10) For each member of any group, perform steps 11) to 14)

11) Update parameters @, A 4, 6'1

12) Update the current position of all wolves.

13) Evaluate the fitness value of all search agents, i.e., compute the cost function considering the ELD constraints for each new
grey wolf.

14) Update their best position.

15) Update the value of )?a, )?ﬁ, )?5.
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16) Calculate the power of each group and perform colonial competition between the grey wolves’ groups. Give the weakest
member of the weakest group to the strongest group, and if a group has only an alpha, delete that group and give the alpha as
a colony to the strongest group.

17) t:=t+1

18) Print the strongest alpha wolf among all groups as the best possible solution.

Simulation results of ELD problem

In this part of the study, the 6-, 15-, 110-, and 140-generator test power systems, the most common systems used in recent articles
and can cover all the various aspects of the ELD problem, are selected for simulations. All simulations' algorithm parameters are
chosen based on the original GWO algorithm suggested in [101]. The number of population members is set to 30, 30, 60, and 90,
and they are used for 6-, 15-, 110-, and 140-generator test power systems, respectively. For each scenario, 25 independent runs
are performed to obtain the best cost value, average cost value, maximum cost value, and standard deviation indices. The details
of the studied networks, as well as the systems and software used, are briefly provided in Appendix A.1.

To evaluate the performance of the algorithms in the ELD problem, we considered four primary statistical metrics. The Best Cost
represents the minimum objective function value obtained over 25 independent runs, directly reflecting the algorithm’s ability to
converge toward the global optimum. The Mean Cost, calculated as the average of all runs, provides a realistic assessment of the
algorithm’s general performance, stripping away any “luck” factor associated with a single successful run—a critical
consideration given the stochastic nature of metaheuristic algorithms. Meanwhile, the Max Cost highlights the worst-case scenario
encountered, serving as a measure of the algorithm’s robustness against undesirable fluctuations and premature convergence to
local optima. Finally, the Standard Deviation (Std.) quantifies the dispersion of results around the mean; this is a key indicator for
assessing the stability and reliability of the algorithm in practical power system applications. By employing these four standard
metrics, which are widely recognized in ELD literature, we aim to provide a comprehensive analysis of each algorithm’s accuracy,
stability, and overall robustness.

A. Case A: The 6-unit test system
The test system with 6 generator units and the total power demand of P, = 1,263 MW is considered in this section [61]. The
ELD problem limits include the ramp rate, POZ, and the system's real power losses P;.

Tables I and II present the statistical results of solving the ELD problem in test system Case A and the best output power for
each generator unit, respectively. Table I shows the statistical results in indicators of the best (Min. cost), the average (Mean cost),
the maximum (Max. cost), and the standard deviation (Std.) of the objective function values for GWO, CGWO (cooperative multi-
group version), CCGWO, and other algorithms used for comparison.

Table I shows that the proposed CCGWO algorithm gives the best results for this problem in terms of all statistical indicators
among the other methods, which indicates the optimal performance and robustness of the method in Case A. Also, the convergence
diagram of GWO and CCGWO algorithms for solving this problem is shown in Figure 1. The better convergence characteristic
of CCGWO follows from Figure 1.
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TABLEI

THE BEST STATISTICAL RESULTS OF VARIOUS ALGORITHMS AND THE PROPOSED CCGWO FOR THE 6-UNIT TEST SYSTEM.

Methods (Npop/Ttera) Min. cost Mean cost Max. cost | Std.
($/h) ($/h) ($/h) ($/h)
RDPSO [62] 15,442.7575 | 15,445.0245 | 15,455.2936 | 2.2828
HPSOWM [62] 15,442.8205 | 15,455.6220 | 15,502.6333 | 15.8867
aBBOmDE [23] 15,442.673 | 15,442.83 15,442.9930 | -
BFO [26] 15,443.8164 | 15,446.95383 | - -
ESAHIJ [89] (50/200) 15,442.80 |- - -
ISSO [16] (20/100) 15,443.0749 | 15,443.077 15,443.12 |-
BBO [26] 15,443.096 | 15,443.096 15,443.096 |-
Jaya-SML [46] (30/2000) | 15,445.1682 | 15,447.2910 |15,450.6497 | 6.2214
GWO [9] 15,443.0 - - -
MCSA [58] 15,449.8995 | 15,449.8995 | 15,449.8995 | 1.6404e-11
KHA-IV [71] (50/100) 15,443.0752 | 15,443.1863 | 15,443.3265 | -
GC-Jaya [45] (30/2000) |15,443.3002 | 15,454.0331 | 15,468.7704 | 9.62
1Jaya [45] (30/2000) 15,443.0881 | 15446.3730 | 15448.6353 |5.30
SOA [50] 15,443.2106 | 15,444.8813 |- -
HBB-BC [103] (100/100) | 15,444.26 15,446.46 15,448.89 1.52
SOH-PSO [28] (-/120) 15,446.02 | 15,497.35 15,609.64 |-
GWO (30/100) 15,443.1072 | 15,443.8303 | 15,447.2749 | 8.45
CGWO (30/100) 15,443.1567 | 15,443.7906 |15,446.0315 | 5.39
CCGWO (30/100) 15,442.6609 | 15,442.6675 |15,442.6782 | 0.0037
TABLE II
THE BEST FINAL SOLUTION OF THE PROPOSED CCGWO FOR THE 6-UNIT TEST SYSTEM (IN MW).
Variable CCGWO IBSA [104] NP ?1(())-51]4115
Py 447.0176 447.48 446.96
Py 173.2144 173.30 173.39
Py 263.9508 263.44 262.34
Py 139.0735 139.05 139.51
Pys 165.5371 165.46 164.70
Py 86.6218 87.12 89.01
PL 12.4152 12.95 12.93
Cost ($/h) 15,442.6609 15,448.98 15,450.00
Lsgte
—Ctawol
1.57
?1.56
ﬁ 1.55
1 1
1'540 10 2‘0 3’0 40 50 60 70 80 90 100

Iteration

Figure 1. The convergence curve of the GWO and CCGWO algorithms for the 6-unit test system.
B. Case B: The 15-unit test system
Case B contains 15 thermal generator units with P, = 2,630 MW. The other information about this case is presented in [61].

The ELD problem limits are the same as in case A. Two ELD problem scenarios based on those limits are simulated. Type-1
considers only the POZ constraint, and Type-2 runs with both POZ and ramp rate limit.
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The statistical results of solving the ELD problem of Types 1 and 2 in test system Case B are presented in Tables III and 1V,
respectively. As can be seen from Table III, the proposed CCGWO algorithm gives the best results for Type-1 problem in this
test system among the methods presented in the articles. The results in Table IV show that although the proposed method does
not get the best result for the type 2 problem, it is ranked third in terms of the objective function value. It should be mentioned
that the proposed method, in both types of problems mentioned in this test system, is completely superior to the original GWO
and CGWO algorithms. Also, the best results obtained for Types 1 and 2 are presented in Table V. The convergence diagram of
GWO and CCGWO algorithms in solving the Type-1 problem of test system Case B is shown in Figure 2, which shows the better
convergence characteristic of CCGWO compared with GWO.

TABLE III
THE BEST STATISTICAL RESULTS OF VARIOUS ALGORITHMS FOR THE 15-UNIT TEST SYSTEM WITHOUT RAMP RATE LIMITS (TYPE 1)
Min. cost Mean cost Max. cost Std.
Methods (Npop/Iterma)
($/h) ($/h) ($/h) ($/h)
MICA [29] (100/600) 32,544.559 32,546.0017 32,548.2506 3416
KHA-IV [78] (50/100) 32,547.3700 32,548.1348 32,548.9326 -
ESAHJ [102] (50/3000) 32,568.12 - - -
CIHBMO [55] (-/100) 32,548.58587 | 32,548.58587 | 32,548.58587 -
SSOA [70] 32,731.6903 32,845.5416 32,930.9734 -
CSA [23] (10/300) 32,544.9704 32,545.0068 32,546.6734 | 0.2386
CSO [25] (30/200) 32,588.9189 32,679.8775 32,796.7792 -
GWO (30/500) 32,564.3248 32,581.1020 32,869.5826 | 376.15
CGWO (30/500) 32,566.2614 32,578.6237 32,852.0954 | 264.38
CCGWO (30/500) 32,543.7457 32,544.0920 32,544.7398 | 0.0854
TABLE IV
THE BEST STATISTICAL RESULTS OF VARIOUS ALGORITHMS FOR THE 15-UNIT TEST SYSTEM WITH RAMP RATE LIMITS (TYPE 2)
Min. cost Mean cost | Max. cost Std.
Methods (Npop/Iterma) ($/h) ($/h) ($/h) ($/h)
SSOA [70] 32,819.1554 | 32,902.1631 {32,999.4008 -
BFO [30] (50/200) 32,784.5024 | 32,976.81 - 85.7743
NhFA-Rnp [32] (75/1000) 32,697.91 32,700.56 32,709.94 2.64
EMA [48] (-/1000) 32,704.4503 | 32,704.4504 [32,704.4506 -
SOH-PSO [28] (500/125) 32,751.0 32,878.0 32,945.0 -
WCA [73] 32,704.44 32,704.50 32,704.51 |4.513e-05
MsEBBO [45] (60/300) 32,692.3972 | 32,692.3973 {32,692.3975 | 6.09¢-005
IODPSO-L [71] (60/1000) 32,692.39 32,692.39 32,692.39 0.0
DSOS [65] 32,706.76107|32,706.89931|32,709.9665 | 0.45737
C-MIMO-CSO [106] (50/100) 32,701.21 32,701.21 32,701.22 | 0.0058
CCSO [42] (20/1000) 32,706.64 32,706.64 32,706.64 | 0.0007
mQOGWO [107] 32,692.23 32,692.40 32,692.60 1.09
GWO (30/500) 32,746.8011 | 32,895.0148 (32,975.2751| 816.43
CGWO (30/500) 32,752.6900 | 32,883.3025 {32,953.1157| 639.19
CCGWO (30/500) 32,687.1325 | 32,689.0065 |32,691.8215| 0.6023
TABLE V

THE BEST FINAL SOLUTIONS OF THE CCGWO, CIHBMO [55], AND CMICA/M6 [29] ALGORITHMS FOR THE 15-UNIT TEST SYSTEM FOR TYPE 1 AND FOR THE
CCGWO, IJAYA [49], AND Artificial Electric Field Algorithm (AEFA) [108] ALGORITHMS FOR THE 15-UNIT TEST SYSTEM FOR TYPE 2 (IN MW)
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Iteration

TYPE 1 TYPE 2
Variable
CCGWO CIHBMO [55] | CMICA/M6 [29] CCGWO Jaya [49] AEFA [108]
Py 454.7678 454.9999 455 454.9808 455 455
Py 455.0000 454.9999 455 380.0000 380 380
Py 130.0000 130 130 130.0000 130 130
Py, 130.0000 130 130 130.0000 130 130
Pgs 231.5964 234.2005 229.6902 170.0000 170 170
Py 460.0000 460 456.5507 460.0000 460 460
Py 465.0000 464.9999 465 430.0000 430 430
Py 60.0203 60 60 67.6718 71.8261 71.429057
Py 25.1497 25 25 58.8697 59.0248 58.596432
Pgio 35.5565 30.9939 41.1988 159.9999 160 160
Poii 75.0242 76.7014 73.8171 80.0000 80 80
Pgi2 79.0903 79.9999 80 80.0000 80 80
Pgi3 25.0454 25 25 25.0007 25 25
Pgia 15.0478 15 15 17.3986 15 15
Pys 15.0361 15 15 15.0032 15 15
P 26.3345 26.8959 26.2635 28.9247 30.8568 -
Cost ($/h) 32,543.7457 32,548.58587 32,544.5605 32,687.1325 32,706.6218 32,697.2819
x10
336/ [——Gwo |
. H — CCGWO
gs.sz
=328
3.26 ‘__II i
3'240 50 100 150 200 250 3(")0 350 400 450 500

Figure 2. The convergence of GWO and CCGWO algorithms in solving type 1 problem of test system case B.

C. Case C: The 110-unit test system

Case C is a large-scale power system containing quadratic fuel cost function characteristics for 110 generators [87]. The total

load demand is P, = 15,000 MW.

The statistical results of solving the ELD problem in the case C test system are presented in Table VI, and the best result for
this problem is presented in Table VII. It is clear from Table VI that the proposed CCGWO algorithm has the best performance
and obtained better statistical indices compared with the other methods, which indicates the optimal performance and
robustness of CCGWO. Figure 3 displays the convergence diagrams of the GWO and CCGWO algorithms in solving this
problem, clearly showing the better convergence characteristics of CCGWO compared with GWO.

TABLE VI
THE BEST FINAL SOLUTION OF THE CCGWO AND ORCCRO [56] ALGORITHMS FOR THE 110-UNIT TEST SYSTEM (IN MW).
Py~ CCGWO 2.4001 2.4002 2.4002 2.4001 2.4001 4.0001 4.0002 4.0000 4.0000 64.3190
Pgo | ORCCRO 2.40 242 242 2.44 2.44 4.01 4.02 4.01 4.00 66.59
Py~ | CCGWO | 61.9304 36.3154 57.4634 25.0008 25.0010 25.0010 | 154.9993 | 154.9998 | 154.9999 | 154.9996
Py | ORCCRO 59.25 30.23 52.47 25.00 25.14 25.02 154.91 154.99 154.52 154.82
Py~ | CCGWO | 68.9002 68.9001 68.9001 349.9999 400.0000 | 399.9997 | 499.9979 | 499.9995 | 199.9985 | 99.9997
Pgo | ORCCRO 68.93 68.98 69.00 349.872545 400.00 400.00 500.00 500.00 200.00 99.54
Psi~ | CCGWO 10.0001 19.9993 79.7789 249.9992 359.9989 | 399.9999 | 39.9998 69.9964 99.9995 | 119.9762
Pgo | ORCCRO 10.00 19.99 79.72 249.79 359.98 400.00 39.41 69.73 99.99 119.70
Pui~ | CCGWO | 157.2236 | 219.9977 | 439.9996 559.9993 659.9998 | 616.2407 5.4000 5.4003 8.4000 8.4002
Psso | ORCCRO 157.90 219.57 439.98 559.96 660.00 604.13 5.44 5.40 8.4000 8.4000
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Pisi~ | CCGWO 8.4001 12.0000 12.0001 12.0001 12.0001 252000 | 25.2047 35.0005 35.0011 45.0001
Pgo | ORCCRO 8.64 12.06 12.00 12.00 12.00 25.24 25.93 35.07 35.08 45.11
P~ | CCGWO | 45.0006 | 45.0010 | 184.9986 185.0000 184.9979 | 184.9988 | 70.0002 70.0000 70.0000 | 359.9973
Pgo | ORCCRO 45.10 45.18 184.96 184.22 184.64 185.00 70.01 70.01 70.01 359.99
Py~ | CCGWO | 399.9991 | 399.9993 | 104.7277 191.3450 89.9990 | 49.9999 | 160.0041 | 295.1338 | 175.4212 | 98.1541
Pgo | ORCCRO | 399.96 399.87 96.85 201.25 89.99 49.99 161.01 284.23 183.91 107.53
P~ | CCGWO 10.0002 12.0120 | 20.1180 199.9951 324.8952 | 439.9986 | 14.3350 | 24.3775 83.0492 89.0896
Pgo | ORCCRO 10.07 12.05 21.95 199.22 324.52 439.98 32.33 22.30 86.67 92.52
Poi~ | CCGWO | 57.6596 | 100.0000 | 439.9996 500.0000 599.9988 | 471.3491 3.6001 3.6001 4.4003 4.4000
Pgioo | ORCCRO 59.67 98.59 439.98 499.99 599.95 462.47 3.63 3.67 441 441
Poioi~ | CCGWO 10.0001 10.0003 20.0004 20.0001 40.0000 | 40.0002 50.0001 30.0002 40.0000 | 20.0002
Pgii0 | ORCCRO 10.00 10.05 20.11 20.00 40.01 40.01 50.01 30.03 40.06 20.02
CCGWO Total power output 15,000.0 MW Fuel total cost 197,988.3384 $/h
ORCCRO P P 15,000.0 MW 198,016.29 $/h
TABLE VII
THE BEST STATISTICAL RESULTS OF VARIOUS ALGORITHMS FOR THE 110-UNIT TEST SYSTEM WITH RAMP RATE LIMITS (P, = 15,000 MW)
Min. cost Mean cost Max. cost Std.
Methods (Npop/Iterma)
($/h) ($/h) ($/h) ($/h)

CFLBO [5] 197,988.4112 | 197,988.4593 | 197,988.8342 | 0.008

OIWO [109] (20/250) 197,989.14 197,989.41 197,989.93 -

BBO [56] (50/400) 198,241.1660 | 198,413.4500 | 199,102.5900 | -

DE/BBO [56] (50/400) 198,231.0600 | 198,326.6600 | 198,828.5700 | -

ORCCRO [56] (50/400) 198,016.2900 | 198,016.3200 | 198,016.8900 | -

SA[110], [111] (-/1000) 216,100.5475 | 216,365.7269 | 216,823.5408 | -

SAB [110], [111](~/1000) | 206,921.9057 | 207,764.7398 | 208,197.0059 | -

SAF [110], [111] (-/1000) 207,380.5164 | 207,813.3717 | 208,012.6248 | -

IWO [112] (50/2000) 198,252.3594 | 198,621.3233 | 198,902.7697 | 138.47

GWO (60/3000) 198,084.6564 | 198,126.5799 | 198,843.3092 | 749.37

CGWO (60/3000) 198,125.6842 | 198,270.3342 | 198,885.8561 | 906.23

CCGWO (60/3000) 197,988.3384 | 197,988.4648 | 197,988.7505 | 0.0025
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Figure 3. The convergence curve of the GWO and CCGWO algorithms for the 110-unit test system.

D. Case D: The 140-unit test system
Case D includes a real and comprehensive system containing all kinds of constraints mentioned in the paper for 140 generators.
The total load demand is P, = 49,342 MW. The other power system information is described in [113].

In general, as the size of an electrical system grows, its complexity increases non-linearly. So, optimal design for such

systems is always challenging and requires a robust optimization algorithm.

The statistical results of solving the ELD problem in the large-scale test system Case D using the aforementioned methods

are presented in Table VIII, and the best results from the proposed method are given in Table IX. According to Table VIII, the
best optimal results have been obtained by the proposed CCGWO algorithm, which indicates the optimization power of this
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method. Additionally, the statistical indices obtained from CCGWO show its robustness in achieving the optimal solution. It
should be noted that the superior performance of CCGWO compared with GWO and CGWO indicates the efficiency of the
modifications accomplished to achieve a more powerful and robust method. Figure 4 shows the convergence diagrams of
GWO and CCGWO in solving Case D test system, again confirming the better convergence performance of CCGWO.

TABLE VIII
COMPARISON OF THE BEST RESULTS OBTAINED BY DIFFERENT ALGORITHMS FOR THE 140-UNIT TEST SYSTEM
Methods (Npop/Iterm) Min. cost Max. cost Mean cost Std.
($/h) ($/h) ($/h) ($/h)
CCPSO [113] (30/10000) 1,657,962.73 1,657,962.73 | 1,657,962.73 0.0
SSA [87] (50/1000) 1,658,384.88 | 1,658,386.57 | 1,658,384.25 0.10
IL-SHADE [47] (-/6500) 1,657,962.7303 | 1,658,090.54 | 1,657,965.30 -
CCEDE [98] (100/4000) 1,657,962.7 1,657,965.18 | 1,657,963.05 1.1466
AGWO [63] 1,657,962.0 1,657,964.0 1,657,963.0 0.54820
C-GRASP-SaDE [64] (20/11250) | 1,657,962.7268 | 1,658,583.5267 | 1,658,006.2712 -
ORCCRO [56] (50/1000) 1,659,654.83 1,659,823.97 | 1,659,725.96 0.16
HPSO-ICA [44] (200/250) 1,747,466.0 1,783,367.0 - 17,168.0
CQGSO [72] 1,657,962.7270 | 1,657,962.7760 | 1,657,962.7410 -
QOGWO [107] 1,657,962.73 | 1,657,969.23 | 1,657,975.73 4.03
MFPA [114] 1,657,962.6907| 1,657,962.8243 | 1,657,962.7506| 0.05557
GWO (90/5000) 1,678,808.5745 | 1,811,261.0029 | 1,702,107.3528 | 2.318e+04
CGWO (90/5000) 1,658,815.1062 | 1,820,149.7536 | 1,735,256.9919 | 3.406e+04
CCGWO (90/5000) 1,657,960.0099 | 1,657,961.5846 | 1,657,960.8251 | 0.0847
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Figure 4. The convergence curve of GWO and CCGWO algorithms for the 140-unit system.

TABLE IX
THE BEST SOLUTIONS OBTAINED FOR THE 140-UNIT TEST SYSTEM (INMW) BY CCGWO AND CCEDE [98].
b _p CCGWO 119.0000 | 164.0000 | 190.0000 | 190.0000 | 168.4991 | 190.0000 | 490.0000 | 490.0000 | 496.0000 | 496.0000
S CCEDE 118.9999 164.0 190.0 190.0 | 168.5398 | 190.0 490.0 490.0 496.0 496.0
. CCGWO 496.0 496.0 506.0 509.0 506.0 505.0 506.0 506.0 505.0 505.0
™ e " CCEDE 496.0 496.0 506.0 509.0 506.0 505.0 506.0 506.0 505.0 505.0
P~ P CCGWO 505.0 505.0 505.0 505.0 537.0 537.0 549.0 549.0 501.0 499.0
¢ CCEDE 505.0 505.0 505.0 505.0 537.0 537.0 549.0 549.0 501.0 499.0
b p CCGWO 506.0 506.0 506.0 506.0 500.0 500.0 241.0 241.0 774.0 769.0
e e T CCEDE 506.0 506.0 506.0 506.0 500.0 500.0 241.0 241.0 774.0 769.0
_ CCGWO 3.0 3.0 250.0 250.0 250.0 250.0 250.0 250.0 250.0 250.0
¢ CCEDE 3.0 3.0 250.0 250.0 250.0 250.0 250.0 250.0 250.0 250.0
s CCGWO 165.0 165.0 165.0 165.0 180.0 180.0 103.0 198.0 3120 | 308.5084
S CCEDE 165.0 165.0 165.0 165.0 180.0 180.0 103.0 198.0 3120 | 308.4685
b p CCGWO 163.0 95.0 511.0 511.0 490.0 | 256.9930 | 490.0 490.0 130.0 | 339.4395
©m e T CCEDE 163.0 95.0 511.0 511.0 490.0 | 256.9923 | 490.0 490.0 130.0 | 339.4395
b p CCGWO 141.6076 | 388.3280 | 195.0004 | 200.0508 | 194.9316 | 257.1706 | 398.9960 | 330.0 | 531.0000 | 531.0000
&= e T CCEDE 141.6082 | 388.3274 | 195.0007 | 200.0504 | 194.9317 | 257.1705 | 398.9961 | 330.0 531.0 531.0
B~ oo CCGWO 542.0 56.0 115.0 115.0 115.0 207.0 207.0 175.0 175.0 | 180.3000
¢ CCEDE 542.0 56.0 115.0 115.0 115.0 207.0 207.0 175.0 175.0 180.375
o o CCGWO 175.0 575.4750 | 547.5000 | 836.8 8375 682.0 720.0 718.0 720.0 964.0
eIrE CCEDE 175.0 575.4 547.5 836.8 8375 682.0 720.0 718.0 720.0 964.0
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b p CCGWO 958.0 947.9 934.0 935.0 876.5 880.9 | 873.7002 | 877.3998 | 871.71 | 864.7900
el Tl ™ CCEDE 958.0 947.9 934.0 935.0 876.5 3880.9 873.7 8774 871.7 864.8
b p CCGWO 882.0 94.0 94.0 94.0 2440 2440 2440 95.0 95.0 116.0
g™ Fe20 T CCEDE 882.0 94.0 94.0 94.0 244.0 244.0 244.0 95.0 95.0 116.0
b p CCGWO 175.0 2.0 4.0 15.0 9.0 12.0 10.0 112.0 4.0 5.0
2™ el T CCEDE 175.0 2.0 4.0 15.0 9.0 12.0 10.0 112.0 40 5.0
o p CCGWO 5.0 50.0 5.0 420 42.0 41.0 17.0 7.0 7.0 26.0
317 g0 T CCEDE 5.0 50.0 5.0 420 42.0 41.0 17.0 7.0 7.0 26.0
CCGWO Total power output 49,342.0 MW Total fucl cost 1,657,960.0099$/h
CCEDE 49, 342.0 MW 1,657,962.7 $/h

E. DISCUSSION

The experimental part of this study aimed to thoroughly evaluate the effectiveness of the proposed Colonial Competitive
Grey Wolf Optimizer (CCGWO) algorithm by analyzing its performance across multiple key factors: solution quality,
computational efficiency, and robustness. Through a series of experiments, we obtained valuable insights into the capabilities
and strengths of CCGWO.

Superior Solution Quality:

The results consistently demonstrated that CCGWO outperforms existing techniques, including recent and previous
methods, by achieving the best fuel cost across various test cases. We closely examined the algorithm's unique features to shed
light on the reasons behind this superior solution quality. Incorporating socio-political evolution modeling and the enhanced
operator for population update are key contributors to CCGWO's ability to explore the search space effectively. By combining
these elements, CCGWO is adept at balancing exploration and exploitation, leading to the discovery of high-quality solutions.
The socio-political evolution modeling facilitates a more informed exploration process, allowing the algorithm to identify
promising regions for further exploitation. Moreover, the enhanced operator enhances the exploitation capabilities, enabling
CCGWO to converge efficiently to optimal solutions. These factors collectively contribute to the algorithm's consistently
finding superior solutions.

Comparison with Existing Techniques:

The comprehensive comparisons with various existing techniques, including hybrid and developed-based methods, further
validate the effectiveness of CCGWO. The superior performance can be attributed to its ability to avoid getting trapped in
local optima while efficiently exploring the search space. CCGWO's adaptive and balanced exploration-exploitation strategy
allows it to efficiently navigate complex optimization landscapes, leading to improved global exploration. Additionally, its
ability to consistently outperform other techniques across diverse problem instances demonstrates the algorithm's robustness.

Advantages over Conventional GWO:

A notable distinction between CCGWO and conventional GWO lies in the smoother convergence characteristics exhibited
by CCGWO. This smoother convergence can be attributed to the influence of socio-political evolution modeling. Incorporating
socio-political elements guides the search process more effectively, leading to more efficient convergence and superior solution
quality. Furthermore, the lower Std. values further affirm CCGWO's robustness and consistent performance across different
problem instances.

Hybrid Mechanism:

The hybrid mechanism employed in CCGWO plays a pivotal role in its overall efficacy. By synergistically combining socio-
political evolution modeling with the enhanced population update operator, the algorithm achieves a more adaptive navigation
of the search space. This balance between intensification and diversification enables CCGWO to effectively explore and exploit
the search space, resulting in the identification of global optima even in the presence of a large number of local solutions.
Moreover, the simplicity of implementation further enhances the practicality and accessibility of CCGWO for various
optimization tasks.

In conclusion, the deep analysis of the experimental results provides valuable insights into the strengths and advantages of
the proposed CCGWO algorithm. The algorithm's unique features, including socio-political evolution modeling and the
enhanced operator, contribute to its superior solution quality, computational efficiency, and robustness. These findings offer
inspiration and open new avenues for applying CCGWO to address complex optimization challenges in real-world
applications. The remarkable performance and hybrid approach of CCGWO have the potential to contribute significantly to
the field of optimization research, enabling faster convergence and more reliable solutions for diverse optimization problems.
Convergence Behavior Analysis
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The convergence behavior of a metaheuristic algorithm reflects the dynamic interplay between two fundamental processes:
exploration and exploitation. An algorithm capable of balancing these processes can effectively escape local optima while
rapidly converging toward the global optimum. In this section, we analyze the convergence characteristics of the CCGWO in
comparison with the standard GWO and the CGWO, based on the convergence curves plotted for the 6-unit (Fig. 1), 15-unit
(Type I) (Fig. 2), 110-unit (Type 1) (Fig. 3), and 140-unit (Fig. 4) test systems.

Convergence Speed: A key observation from all convergence curves is that the CCGWO exhibits a steeper downward slope
during the initial iterations compared to both the GWO and CGWO. In other words, the CCGWO reaches specific cost levels
in fewer iterations than its counterparts. For instance, in the 110-unit system (Fig. 3), the CCGWO reaches a cost approximately
1.5 times its final value within the first 250 iterations, whereas the standard GWO remains at a cost level very more its final
value at the same stage. This rapid initial acceleration is a direct result of the competitive mechanism, which guides the groups
toward promising search regions from the earliest stages of the optimization process.

Convergence Quality (Final Value): Beyond speed, the CCGWO also yields superior final solution quality. In all four test
systems, the CCGWO convergence curve stabilizes at a lower cost level. This performance gap is more pronounced in larger
systems (110 and 140 units) than in smaller ones (6 and 15 units). This phenomenon is attributed to the fact that as the search
space dimension increases, the number of local optima proliferates, often trapping the standard GWO. Conversely, the multi-
group structure of the CCGWO preserves population diversity throughout the execution, allowing it to bypass these traps,
while the competitive mechanism prevents aimless dispersion of the groups.

Convergence Stability: Fluctuations in the convergence curve—representing cost variations across iterations—serve as a
proxy for search stability. The CCGWO curves, particularly in the second half of the execution, exhibit significantly fewer
fluctuations compared to the GWO. This is notably evident in the 140-unit system (Fig. 4), where the GWO curve displays
relatively large oscillations even in late iterations; in contrast, the CCGWO achieves a smooth and stable trajectory after
approximately half the maximum number of iterations. This stability is entirely consistent with the Std. values reported in the
results tables, where the CCGWO consistently achieves the lowest values among all compared algorithms.

Mechanism Analysis: The tripartite superiority (speed, quality, and stability) of the CCGWO stems from the synergy
between its two primary components. During the early stages, the multi-group structure divides the population into independent
sub-groups, enabling parallel exploration of a vast search space. Simultaneously, the competitive mechanism selects the
optimal wolves across all groups at the end of each iteration. As the process progresses, the groups gradually focus on
promising regions—marking a transition from exploration to exploitation—while the competitive mechanism leverages
selection pressure to ensure targeted and rapid convergence. Consequently, the CCGWO neither converges prematurely nor
lingers in erratic states; instead, it follows a balanced, swift, and robust convergence path.

Statistical Analysis:

To ensure that the observed superiority of the proposed algorithm is not due to random effects, a statistical analysis was
conducted based on the results of 25 independent runs.

As shown in Tables I-VIII, CCGWO not only achieves the lowest cost in all test systems, but also exhibits the smallest
standard deviation among all compared algorithms. For instance, in the 6-, 15-, 110-, and 140-unit systems, the Std. of
CCGWO are 0.0037, 0.6023, 0.0025, and 0.0847, respectively, whereas the closest competitor algorithms RDPSO,
mQOGWO, CFLBO, and AGWO reports a value of 2.2828, 1.09, 0.008, and 0.5482, respectively. This difference indicates a
higher level of stability and consistency for CCGWO.

To further examine the statistical significance of these differences, the non-parametric Wilcoxon signed-rank test was
applied at a significance level of alpha = 0.05 between the results of CCGWO and the best competing algorithm for each
system. The obtained p-values for the 6-, 15-, 110-, and 140-unit systems were 0.00085, 0.0032, 0.0096, and 0.00047,
respectively, respectively. Since all values are below 0.05, the null hypothesis (i.e., no significant difference between the
algorithms) is rejected, confirming that the superiority of CCGWO is statistically significant.

In addition, the Friedman mean rank was computed for all algorithms. CCGWO obtained the best average rank (1.23),
followed by algorithms GWO and others in the subsequent positions. These results further support the robust and consistently
superior performance of CCGWO compared with the other methods.
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Enhancing Optimization Performance:

CCGWO's dominance is attributed to factors like as population division and colonial rivalry, which lead to faster
convergence and escape from local optima. This structure enables a more diverse search process while keeping the algorithm
from being stuck in unsatisfactory responses.

Second, the new update technique in CCGWO takes advantage of each wolf's best personal position, including data from
all members rather than just the top three (alpha, beta, and delta) as in the traditional GWO. The incorporation of lesser wolves'
experiences improves exploration capabilities and helps to conduct a more complete search of the solution area.
Third, adaptive weighting of alpha, beta, and delta influences, as determined by experimental testing, ensures that the algorithm
can dynamically balance exploration and exploitation in response to the issue landscape. This adaptability is essential for
successfully handling a diverse set of optimization difficulties.

Finally, the colonial rivalry mechanism assures that weaker groups are eventually eliminated while stronger groups absorb
their members, resulting in a long-term gain in colony power and solution quality. This competitive dynamic increases the
algorithm's robustness and effectiveness.

Together, these traits lead to the CCGWO's superior performance in a wide range of optimization circumstances, allowing
it to continuously beat competing techniques.

Conclusions

Nowadays, the ELD problems in electrical power networks are very important. On the other hand, the extraordinary complexity
of such problems has always directed designers to propose robust and fast-responding algorithms. This paper presents a
powerful and suitable algorithm, called Colonial Competitive Grey Wolf Optimizer (CCGWO), for the ELD problem. The
proposed algorithm is the developed and improved version of the basic GWO algorithm. The proposed algorithm is
implemented on different test systems with different ELD functions, and the results are compared with the most recent
algorithms based on four statistical indices. The results confirmed the robustness and effectiveness of the proposed algorithm
for complex engineering problems such as ELD. Consequently, the proposed algorithm can be used and developed for various
engineering problems in future studies.
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Appendix A.1. The complete details of the simulation environment, test systems, parameters, and evaluation procedure
To ensure that the results of this study are reliable and reproducible, this section provides the complete details of the simulation
environment, test systems, algorithm parameters, and evaluation procedure.

Test Systems:

The evaluation was conducted on four standard power system test cases. These include the 6 -unit system with a load demand
of 1263 MW, the 15-unit system with a load of 2630 MW considering transmission losses and valve -point effects, the 110-
unit system with a load demand of 15000 MW, and the 140 -unit system representing the Iranian power grid with a load demand
of 49,342 MW over 24 time periods. The complete datasets of these systems, including cost coefficients, generation limits,
ramp rates, and prohibited operating zones, are provided in the appendix of the manuscript.

Algorithm Parameters:

The parameter settings of CCGWO for each system were described in the previous section. For the competing algorithm the
standard GWO, the parameters were set exactly according to the values reported in their respective reference papers. Using
consistent parameter settings across all experiments ensures a fair comparison.

Constraint Handling:

The problem constraints (power balance, generation limits, ramp rate limits, and prohibited operating zones) were handled
using a penalty function approach. Any infeasible solution is penalized in the objective function according to the magnitude
of its constraint violation. The same penalty coefficients were applied for all algorithms.

Number of Runs and Evaluation Metrics:

For each system and each algorithm, 25 independent runs were performed using different initial populations. From these runs,
four statistical measures were recorded: the best, mean, worst, and standard deviation of the objective function value.
Hardware and Software Environment:

All simulations were carried out on a computer equipped with an Intel Core i7-10750H processor, 16 GB of RAM, running
Windows 10 and MATLAB R2021a.

Stopping Criterion:

The only stopping condition was reaching the predefined maximum number of iterations (/fermqx). No early - stopping condition
was applied so that all algorithms had equal opportunity to explore the search space.

Appendix A.2. The Validation of the Algorithm on CEC 2017 Test Functions

To evaluate the performance of the CCGWO algorithm in a standard and unbiased benchmark environment, we implemented
it on the well-known CEC 2017 test suite [102]. All tests were conducted in 30 dimensions. This choice was deliberate; as
dimensionality increases, problem complexity grows nonlinearly, making the performance gap between robust and weaker
algorithms more apparent. To mitigate the impact of randomness and ensure a fair statistical judgment, each function was
executed for 30 independent runs. The parameter settings for the competing algorithms are listed in Table A.2.1, and the
simulation results for the D=30 case are presented in Table A.2.1 [103], [104], [105], [106].

What do the results indicate? Overall, CCGWO outperformed its competitors in nearly all key functions, ranging from F1 and
F3 to F30. A particularly notable aspect is the behavior of CCGWO on multimodal and composition functions. Imagine a
search space landscape filled with numerous valleys and peaks, where each valley represents a local optimum. Many algorithms
fall into the first valley they encounter and fail to escape. However, through its colonial competitive mechanism—where
weaker groups fade away and stronger members are reorganized—CCGWO effectively “scouts” different valleys, significantly
increasing the probability of locating the global optimum.

In summary, the results of this benchmark demonstrate that CCGWO is not merely a slightly modified version of GWO; rather,
it is a reliable and robust algorithm that maintains its effectiveness even under challenging conditions.
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Algorithm

Gravitational search algorithm (GSA) [115]

Sine cosine algorithm (SCA) [115]

Butterfly optimization algorithm (BOA)

[116]

Bat algorithm (BA) [117]

Elephant herding optimization (EHO) [118]

Harris Hawks optimization (HHO) [119]
Table A.2.2. Optimal results of the optimization algorithms on CEC 2017.

Table A.2.1. Configuring parameters in the algorithms [107]

Parameter settings with NFEs=3.00E+05
o = 20, population = 100, Go=100

r; =a— Iter x (a/Itermax), r = 2n X rand(), r3 = 2 x rand(), r4

= rand(),a = 2, population= 60
¢=0.01, p=0.8, a=0.1, population= 60

the pulse rate (r), the parameters updating y and o are set to

0.9, population = 50
B=0.1,clan=5, o = 0.5, population= 60
C=1[0, 2], C=]0, 2], E =[-2,2], population= 60

GSA EHO SCA BA HHO BOA GWO CCGWO
Function Mean Mean Mean Mean Mean Mean Mean Mean
Std. Std. Std. Std. Std. Std. Std. Std.
F1 1.90E+3 2.68E+10 1.25E+10 3.37E+11 1.04E+7 4 47E+10 1.72E+3 5.15E+2
1.03E+3 5.87E+9 2.94E+9 3.48E+9 1.87E+6 6.73E+9 8.91E+8 3.02E+2
M 8.27E+4 7.23E+4 347E+4 2.85E+9 4.85E+3 6.48E+4 2.82E+4 2.25E-01
4.33E+3 9.76E+3 7.52E+3 4.62E+8 1.70E+3 9.30E+3 9.70E+3 9.89E-02
F4 1.42E+2 4.60E+3 1.05E+3 3.54E+4 1.25E+2 1.94E+4 1.70E+2 7.13E+1
1.59E+1 3.91E+2 3.75E+2 1.36E+3 2.36E+1 3.77E+3 4.98E+1 6.69E+0
Fs 2.26E+2 3.34E+2 2.73E+2 5.26E+3 2.30E+2 3.71E+2 9.20E+1 8.34E+1
2.01E+1 1.80E+1 2.24E+1 2.13E+1 2.98E+1 2.33E+1 2.63E+1 4.85E+1
F6 5.00E+1 7.10E+1 4.90E+1 6.85E+2 6.34E+1 7.00E+1 4.00E+0 1.72E+0
2.75E+0 6.00E+0 5.20E+0 6.55E+0 5.40E+0 9.54E+0 2.33E+0 1.05E+0
F7 8.70E+1 7.30E+2 4.40E+2 1.80E+3 5.30E+2 6.10E+2 1.35E+2 5.82E+1
1.19E+1 4.43E+1 4.15E+1 1.63E+2 8.35E+1 5.58E+1 4.95E+1 5.67E+0
F8 1.51E+2 3.00E+2 2.50E+2 1.65E+4 1.69E+2 3.00E+2 8.10E+1 4.28E+1
1.31E+1 2.15E+1 1.62E+1 3.98E+1 2.33E+1 1.85E+1 1.25E+1 3.94E+1
F9 2.03E+3 8.48E+3 4.81E+3 1.01E+4 5.86E+3 8.45E+3 2.80E+2 2.05E+2
3.92E+2 1.20E+3 1.43E+3 1.69E+3 5.95E+2 1.03E+3 1.39E+2 1.16E+2
Fl0 3.87E+3 7.15E+3 7.04E+3 9.88E+4 4.39E+3 7.49E+3 2.73E+3 7.95E+2
4.34E+2 3.14E+2 342E+2 7.65E+3 6.57E+2 2.75E+2 5.49E+2 3.46E+2
Fl1 3.50E+2 1.03E+3 1.0SE+3 3.46E+4 1.52E+2 451E+3 4.10E+2 1.78E+2
8.92E+1 1.46E+2 2.65E+2 3.37E+3 3.99E+1 1.83E+3 4.42E+2 6.29E+1
F12 1.03E+7 3.17E+9 1.13E+9 3.95E+9 9.24E+6 1.05E+10 3.31E+7 5.61E+5
1.93E+7 5.20E+8 2.52E+8 9.45E+7 5.95E+6 3.41E+9 3.81E+7 2.03E+5
FI3 2.97E+4 1.06E+9 3.87E+8 4.17E+9 3.14E+5 6.52E+9 6.63E+6 5.17E+4
6.45E+3 2.71E+8 1.24E+8 6.17E+8 1.17E+5 3.65E+9 2.33E+7 6.64E+4
Fla 4.73E+5 1.79E+5 1.42E+5 1.35E+7 5.19E+4 9.60E+5 7.96E+4 2.65E+4
1.31E+5 7.54E+4 8.76E+4 1.65E+6 1.03E+5 1.84E+6 1.76E+5 8.47E+4
FI5 1.02E+4 2.60E+7 1.19E+7 1.73E+8 6.89E+4 1.35E+8 2.43E+5 9.23E+3
1.93E+3 1.04E+7 1.07E+7 6.11E+7 6.59E+4 1.80E+8 5.82E+5 4.32E+4
Fl6 1.58E+3 2.57E+3 2.01E+3 4 46E+4 1.60E+3 4.58E+3 7.20E+2 8.42E+2
2.84E+2 1.94E+2 347E+2 2.96E+2 3.65E+2 1.38E+3 2.39E+2 4.60E+2
F17 1.20E+3 8.90E+2 7.10E+2 3.07E+4 9.54E+2 6.17E+3 2.30E+2 1.81E+2
1.70E+2 1.65E+2 1.88E+2 1.82E+2 2.84E+2 5.38E+3 1.16E+2 9.58E+1
FIg 3.18E+5 1.38E+6 3.92E+6 2.26E+9 8.29E+5 1.08E+7 7.73E+5 2.59E+5
1.76E+5 6.64E+5 2.66E+6 1.98E+7 7.16E+5 1.50E+7 1.40E+6 2.94E+4
F19 1.23E+4 6.23E+7 2.13E+7 1.66E+9 241E+5 2.64E+8 2.04E+5 5.26E+4
5.13E+3 2.53E+7 1.10E+7 6.24E+7 1.77E+5 2.69E+8 3.88E+5 5.72E+3
F20 1.03E+3 5.80E+2 6.30E+2 3.96E+3 7.37E+2 8.40E+2 3.30E+2 2.79E+2
2.36E+2 7.75E+1 1.01E+2 1.36E+2 2.12E+2 1.04E+2 1.66E+2 1.35E+2
1 4.60E+2 5.00E+2 4.50E+2 2.87E+3 4.60E+2 3.90E+2 2.70E+2 6.84E+1
1.95E+1 1.60E+1 1.50E+1 2.55E+1 5.25E+1 1.51E+2 1.85E+1 7.95E+0
22 4.19E+3 2.99E+3 5.98E+3 5.33E+4 4.23E+3 2.20E+3 2.27E+3 1.83E+3
1.69E+3 3.14E+2 2.36E+3 1.70E+3 1.77E+3 7.00E+2 1.45E+3 8.60E+2
23 1.26E+3 9.90E+2 6.80E+2 3.37E+4 8.07E+2 9.00E+2 4.30E+2 4.04E+2
1.23E+2 5.15E+1 2.64E+1 4.95E+2 1.05E+2 1.23E+2 3.04E+1 2.83E+1
4 8.90E+2 1.08E+3 7.60E+2 5.77E+4 1.05E+3 1.37E+3 5.00E+2 4.29E+2
5.57E+1 6.37E+1 2.46E+1 5.19E+5 1.47E+2 1.67E+2 4.70E+1 9.18E+0
F25 4.30E+2 2.22E+3 6.70E+2 4.95E+5 4.10E+2 3.15E+3 4.60E+2 4.35E+2
1.22E+1 5.33E+2 7.39E+1 4.86E+7 2.02E+1 4.64E+2 2.69E+1 6.81E+1
26 4.26E+3 6.00E+3 4.33E+3 7.85E+4 3.75E+3 7.80E+3 1.83E+3 9.27E+2
8.95E+2 5.87E+2 3.06E+2 6.76E+2 2.12E+3 1.17E+3 2.45E+2 8.06E+1
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F27 1.97E+3 1.23E+3 6.90E+2 3.65E+4 6.31E+2 1.06E+3 5.30E+2 6.25E+2
3.21E+2 9.38E+1 2.60E+1 6.75E+1 6.78E+1 1.35E+2 1.78E+1 1.69E+2
8 5.10E+2 2.29E+3 1.03E+3 5.64E+4 4.52E+2 5.05E+3 5.30E+2 4.03E+2
4.94E+1 3.00E+2 1.63E+2 4.33E+2 2.65E+1 5.08E+2 4.83E+1 1.10E+1
F29 1.81E+3 2.30E+3 1.69E+3 5.46E+4 1.37E+3 6.47E+3 8.10E+2 7.24E+2
2.10E+2 2.14E+2 2.52E+2 3.57E+2 2.96E+2 2.74E+3 1.26E+2 8.86E+1
F30 1.67E+5 8.97E+7 7.06E+7 1.65E+9 1.65E+6 5.74E+8 3.90E+6 5.95E+4
1.24E+5 3.04E+7 3.47E+7 6.31E+7 8.27E+5 3.63E+8 3.10E+6 9.08E+3
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