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Abstract

Optimization algorithms require an effective balance between
exploration and exploitation to achieve fast convergence and high
solution quality. The Grey Wolf Optimizer (GWO) has demonstrated
promising performance in various engineering applications;
however, its conventional linear convergence factor often leads to
premature convergence or insufficient exploitation, particularly in
high-dimensional search spaces. To address this limitation, this
study proposes an adaptive decreasing sigmoid convergence factor
that dynamically regulates the transition between exploration and
exploitation throughout the optimization process. Unlike the
standard linear reduction scheme, the proposed sigmoid-based
mechanism maintains stronger exploration during the early search
stages and accelerates exploitation in later iterations through a
controlled nonlinear decline. The proposed approach was evaluated
using four widely adopted benchmark functions, namely Sphere,
Rosenbrock,  Rastrigin, and  Griewank, under different
dimensionalities, population sizes, and iteration limits. Experimental
results demonstrate that the proposed method improves
performance in most benchmark scenarios compared with the
standard GWO. The best performance was obtained with a sigmoid
parameter n = 0.75, which yielded near-optimal solutions for the
Sphere and Griewank functions while maintaining stable
convergence for the Rosenbrock function. The results further
indicate that the proposed strategy scales effectively across
medium- and high-dimensional optimization problems. These
findings confirm that the adaptive decreasing sigmoid convergence
factor provides a simple yet effective enhancement to GWO,
offering improved convergence behavior and optimization accuracy
across benchmark optimization problems.
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INTRODUCTION

Optimization has become a fundamental
component of modern engineering systems,
playing a critical role in improving efficiency,

manufacturing environments, renewable energy
networks, and intelligent transportation systems
has intensified the need for advanced
optimization techniques capable of handling

reliability, adaptability, and decision-making nonlinear, multimodal, and high-dimensional
quality. The increasing complexity of cyber- search spaces [1][2]. In many real-world
physical systems, autonomous platforms, smart  applications, suboptimal parameter settings
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may lead to increased energy consumption,

reduced operational efficiency, degraded
control performance, and instability.
Consequently, optimization algorithms are

increasingly integrated into control systems,
robotics, power systems, machine learning, and
industrial automation to enable adaptive and
intelligent decision-making under dynamic
conditions [3][4].

Among numerous metaheuristic
optimization  algorithms, the Grey Wolf
Optimizer (GWO), originally proposed by
Mirjalili et al., has attracted considerable
attention due to its simplicity, low computational
complexity, and competitive optimization
performance [5][6]. Inspired by the leadership
hierarchy and cooperative hunting behavior of
grey wolves, GWO employs a population-based
search mechanism that naturally balances
exploration and exploitation through the
interaction among alpha, beta, delta, and
omega wolves. Because of these advantages,
GWO has been successfully applied to a wide
range of engineering problems, including
controller parameter tuning, feature selection,
power system optimization, robotic path
planning, and energy management systems [7,
8, 9]. Recent surveys indicate that GWO
remains one of the most actively investigated
swarm intelligence algorithms due to its
scalability and robustness across diverse
optimization domains [8][9].

Despite its success, the standard GWO
still suffers from several limitations that restrict
its effectiveness when solving complex
optimization problems. One of the most critical
components influencing GWO performance is
the convergence factor (a), which controls the
transition between exploration and exploitation
during the optimization process. In the original
GWO formulation, the convergence factor
decreases linearly from 2 to 0 throughout the
search process [10][11]. Although
computationally simple, this linear reduction
mechanism may not adequately reflect the
dynamic search requirements encountered in
different optimization stages. A rapid decrease
may prematurely suppress exploration and
cause the algorithm to become trapped in local
optima, whereas a slow decrease may delay
exploitation and reduce convergence speed.
These issues become increasingly significant in
multimodal and high-dimensional optimization
problems where an effective balance between
global exploration and local exploitation is
essential for achieving high-quality solutions
[12, 13, 14].

To overcome these limitations, numerous
studies have attempted to redesign the
convergence control mechanism of GWO.
Adaptive approaches based on population
diversity and variance information have been
proposed to dynamically regulate the search
process, improving convergence stability but
often introducing additional computational
overhead. Other researchers have investigated
nonlinear reduction strategies, including
exponential, logarithmic, and polynomial decay
functions, to provide more flexible transitions
between exploration and exploitation [15, 16,
17, 18, 19]. Chaotic maps have also been
incorporated to enhance population diversity
and prevent premature convergence [20, 21,
22]. Furthermore, exploration-enhanced
mechanisms, random-walk strategies, and
hybrid algorithms that combine GWO with other
metaheuristics, such as Particle Swarm
Optimization (PSO), have demonstrated
improved optimization performance [23, 24, 25].
While these approaches have achieved varying

degrees of success, several important
limitations remain. Adaptive mechanisms
frequently  require  additional  monitoring
parameters and computational resources.

Nonlinear decay schemes often exhibit strong
sensitivity to parameter settings, and hybrid

methods increase algorithmic complexity,
making implementation and scalability more
challenging.

The above observations reveal an

important research gap. Existing convergence-
control strategies generally attempt to improve
either exploration capability or exploitation
efficiency, but many fail to achieve a consistent
balance between both objectives while
maintaining algorithmic simplicity. Moreover,
most studies rely on predefined decay profiles
whose transition characteristics cannot adapt
smoothly to different optimization phases. To
the best of our knowledge, the use of a
decreasing sigmoid convergence factor as a
dedicated convergence-control mechanism for
GWO has received very limited attention in the
literature. A sigmoid function offers several
desirable properties, including a naturally
smooth  nonlinear transition, controllable
inflection behavior, and the ability to maintain
strong exploration during the early search stage
while rapidly strengthening exploitation as
convergence approaches. These characteristics

make the sigmoid function a promising
candidate for improving convergence regulation
without introducing additional algorithmic
complexity.
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Motivated by this gap, this study
proposes a novel Adaptive Decreasing Sigmoid
Convergence Factor (ADSCF) for the Grey Wolf
Optimizer. The proposed mechanism replaces
the conventional linear convergence schedule
with a sigmoid-based nonlinear strategy that
dynamically  regulates the  exploration—
exploitation balance throughout the optimization
process. The main contributions of this study
are threefold. First, a new sigmoid-based
convergence-control framework is introduced to
enhance the search dynamics of GWO.
Second, the effectiveness of the proposed
strategy is systematically evaluated using four
widely adopted benchmark functions
representing both unimodal and multimodal
optimization landscapes. Third, the robustness
and scalability of the proposed approach are
investigated under different dimensionalities,
population sizes, and iteration settings. The
results demonstrate that the proposed sigmoid-
based mechanism improves convergence
behavior, solution accuracy, and optimization
robustness while preserving the simplicity and
computational efficiency that characterize the
original GWO.

METHOD
Standard Grey Wolf Optimizer
The Grey Wolf Optimizer (GWO),

introduced by Mirjalili et al., is a swarm-based
metaheuristic algorithm inspired by the social
hierarchy and cooperative hunting behavior of
grey wolves. In a wolf pack, individuals are
categorized into four hierarchical groups: alpha
(a), beta (B), delta (6), and omega (w). The a wolf
represents the best candidate solution, followed
by B and & wolves, while the remaining wolves
update their positions according to these three
leading wolves.

In the process of hunting, to surround the
prey, it is necessary to calculate the distance
between the current grey wolf and the prey and
then update the position accordingly. The
behavior of grey wolves rounding up prey is
defined as follows:

X, ={x:x%, .., x%,i=12..,N
(1)
Xt+ 1) =x,(t)—4AxD (1)

and
D =|Ccxx,(t)— X (1)l )

where (1) is the updating formula of the grey
wolf’'s position and (2) is the calculation formula
of the distance between the grey wolf individual
and prey. Variable t is the current iteration

number, Xp(f) and X(t) are the current position
vectors of the prey and the grey wolf at iteration ¢,
respectively. A and C are coefficient vectors
calculated by (3) and (4), respectively.

A=2XaXn —a (3)
C=2X%Xn (4)

and
c7t=2—2:=-<L (5)

TN

where a is the convergence factor, and a linearly
decreases from 2 to 0 as the number of iterations
increases. r1 and r2 are random vectors in [0, 1].
Equation (5) is the calculation formula a and fmax
indicate the maximum number of iterations.

In an abstract search space, the position of
the optimal solution is uncertain. In order to
simulate the hunting behavior of grey wolves, q,
B, and 6 wolves are assumed to have a better
understanding of the potential location of prey. a
wolf is regarded as the optimal solution, 8 wolf is
regarded as the suboptimal solution, and & wolf is
regarded as the third optimal solution. Other grey
wolves update their positions based on a, 8, and
6 wolves, and the calculations (6), (7), and (8)
are as follows:

D,=lC, x X, — X,

Dg = |C, X Xp — X,| (6)

Ds = |C3 XXE; _Xg-l
and

X, =X_— A, XD,

X, = Xp— Ay X Dy 7)
X, = X5 — Ay X D
then
X(t+1) = (X, + X, + X;3)/3 (8)

where D, represents the distance between the
current grey wolf and a wolf; Dg represents the
distance between the current grey wolf and
wolf; Ds represents the distance between the
current grey wolf and & wolf; and X,, X, and X5
represent the position vectors of a wolf, 8 wolf,
and & wolf, respectively. X(tf) is the current
position of the grey wolf. C are random vectors,
calculated by (4). A1, A2, and As are determined
by (3). Equation (7) represents the step length
and direction of grey wolf individuals to a, 8, and
0 wolves, and (8) is the position-updating formula
of grey wolf individuals.
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Adaptive Decreasing Sigmoid Convergence
Factor (ADSCF)

The performance of GWO strongly
depends on the convergence factor a. In the
standard formulation, a linear decrease from 2 to
0 throughout the optimization process. Although
computationally efficient, this linear schedule
imposes a constant transition rate between
exploration and exploitation.

In practical optimization problems, the
search process rarely evolves linearly. During the
early iterations, broader exploration is desirable
to investigate diverse regions of the search
space. Conversely, in the later stages, stronger
exploitation is required to refine promising
solutions. A fixed linear decay cannot fully

accommodate these changing search
requirements.
As a consequence, premature

convergence may occur when exploration is
suppressed too early, whereas excessive
exploration may delay convergence and reduce
optimization efficiency. These limitations become
more pronounced in multimodal and high-
dimensional optimization problems.

Therefore, a nonlinear convergence control
strategy is required to dynamically regulate the
exploration—exploitation balance throughout the
search process.

To overcome the limitations of linear
convergence control, this study proposes an
Adaptive Decreasing Sigmoid Convergence
Factor (ADSCF). The function is expressed as
(9).

Cmax — Cmin

¥ ep (it —n1))

where amax is the initial exploration strength, amin
is the final exploitation strength, n is the transition
location, and A is the transition steepness. The
function is depicted in Figure 1.

The proposed Adaptive Decreasing
Sigmoid Convergence Factor (ADSCF) regulates
the exploration - exploitation balance through a
smooth nonlinear transition mechanism. During
the early stage of the optimization process, when
the iteration number satisfies (t < nT), the
convergence factor remains close to its maximum
value (a approx amax). Under this condition, the
coefficient vector (A) exhibits larger fluctuations,
allowing wolves to explore wider regions of the
search space. Consequently, population diversity
is maintained at a high level, enabling stronger
global exploration and reducing the risk of
premature convergence to local optima.

alt) = Bmin 9)

This behavior is particularly beneficial for
multimodal optimization problems where multiple
candidate regions must be investigated before
promising solutions can be identified.

As the optimization progresses toward the
midpoint of the search process (f ~ nT), the
sigmoid function enters its inflection region and
produces a rapid yet smooth decline in the
convergence factor. This phase represents a
controlled ftransition from exploration to
exploitation. Unlike the conventional linear
reduction strategy, which decreases exploration
capability at a constant rate throughout the
search process, the sigmoid-based mechanism
preserves exploratory behavior for a longer
period and then gradually redirects the search
toward solution refinement. Such a transition
improves the adaptability of the optimizer to
different search stages and enhances the
balance between diversification and
intensification.

During the final stage of optimization, when
(t > nT), the convergence factor approaches its
minimum value (a =~ amin). As a result, the
movement of wolves becomes increasingly
concentrated around the leading solutions
represented by the alpha, beta, and delta wolves.
The search process shifts from global exploration
to local exploitation, allowing more intensive
refinement of candidate solutions. This behavior
accelerates convergence and improves solution
accuracy by focusing computational effort on
promising regions of the search space.
Therefore, the proposed ADSCF provides a
dynamic and adaptive search mechanism that
maintains exploration when diversity is needed
and strengthens exploitation when convergence
becomes the primary objective. The proposed
ADSCF does not modify the fundamental hunting
mechanism of GWO. Instead, the conventional
linear convergence factor in (5) is replaced by the
proposed sigmoid-based convergence factor.

Therefore, position updating equations
remain unchanged, hunting behavior remains
unchanged, and computational complexity
remains unchanged. The modification only
affects the dynamic regulation of exploration and
exploitation. This simplicity represents a major
advantage over hybrid and multi-operator GWO
variants.

Algorithm 1 summarizes the
implementation procedure of the proposed
ADSCF-GWO. Figure 2 illustrates the overall
workflow of the proposed Adaptive Decreasing
Sigmoid Convergence Factor Grey Wolf
Optimizer (ADSCF-GWO).
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The pseudocode of full ADCSF-GWO is as
follows:

Algorithm 1 ADSCF-GWO

Initialize wolf population
Evaluate fitness
Determine a, B, and & wolves
for t =1 to Tmax
Compute ADSCF(t)
Update Aand C
Update wolf positions
Evaluate fitness
Update a, 3, and &
end for
Return a wolf as the best solution

Experimental Setup

The  proposed ADSCF-GWO  was
evaluated using four widely adopted benchmark
functions representing different optimization
characteristics. The first function is the Sphere
function given as:

fo(x)=>x] (10)
i=1

where x = [x1, X2, ..., xn] is an n-dimensional
real-valued vector. Then, the second function is
the Rosenbrock function given as:

£ = 01000, ~x7) +(x, = 1)) (1)

After that, the third function is the generalized
Rastrigin function formulated as:

fz(x):i(xf—10005(27le.)+10) (12)

Finally, the fourth function is the generalized
Griewank function shown as:

1] & ) n X.
= 2 _ Ziy4]
£ (x) 40();& Ii:ll cos( ﬁ)+ (13)

These functions represent both unimodal
and multimodal landscapes and a valley-shaped
function, making them suitable for evaluating
exploration and exploitation balance. Each
function was tested with three different
dimensionalities (5, 10, and 20). For each case,
the maximum number of generations was set to
50, 100, and 200, respectively. To evaluate
scalability, different population sizes (20, 30, and
50) were used. The proposed sigmoid-based
convergence factor was varied using three
different shape parameters (n = 0.25, 0.5, and
0.75). Each experiment was conducted under

identical parameter settings, and the best fithess

value obtained was used as the primary
performance indicator for comparing
convergence behavior among different

convergence-factor configurations.

RESULTS AND DISCUSSION

Based on the experimental setup
described in the previous section, a series of
tests was conducted on four benchmark
functions, Sphere, Rosenbrock, Rastrigin, and
Griewank, under varying dimensions, population
sizes, and iteration limits. The experiments were
designed to rigorously evaluate the performance
of the proposed sigmoid-based convergence
factor compared to the standard GWO. By
systematically adjusting the sigmoid constant (n
= 0.25, 0.5, 0.75), the study aimed to observe
how different shapes of the decreasing curve
affect the trade-off between exploration and
exploitation. The inclusion of multiple dimensions
and population sizes further allowed us to assess
the scalability and robustness of the method
across different levels of problem complexity. In
the following subsections, the results are
presented and analyzed in terms of solution
accuracy, convergence speed, and convergence
behavior under different optimization settings,
providing a comprehensive view of the strengths
and limitations of the proposed approach.

The test results consist of the best fitness
values for each operation process shown in
Table 1, Table 2, Table 3, and Table 4 for each
function of Sphere, Rosenbrock, Rastrigin, and
Griewank. In addition, convergence graphs for
each equation are shown in Figure 3, Figure 4,
Figure 5, and Figure 6.

As shown in Table 1, the Decreasing
Sigmoid approach applied to the Sphere function,
particularly with sigmoid constants n = 0.5 and n
= 0.75, produces the most optimal fitness values
in many scenarios when compared to the linear
GWO variant. For instance, in a configuration
with dimension 20, population size 50, and 200
generations, the fitness value achieved with n =
0.75 is as low as 7.42E-07, significantly
outperforming the linear approach.

The superior performance of the ADSCF-
GWO with n = 0.75 can be explained by the
delayed transition from exploration to exploitation
introduced by the sigmoid convergence factor.
Unlike the linear schedule, which continuously
reduces the exploration capability throughout the
search process, the sigmoid profile maintains a
relatively high convergence factor during the
early iterations.
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Table 1. The best fitness values for the Sphere function

Population . . Decreasing Sigmoid

"Size Dim  Gen Linear n=0.25 n=05 n=0.75
5 50 3.49E+05 2.59E-02 1.40E+07 3.82E+03

20 10 100 1.75E+06 2.28E-03 2.28E+06 7.27E+02
20 200 1.92E+02 3.33E-03 1.30E+05 3.19E-02

5 50 3.52E+04 1.47E-03 6.54E+06 2.46E+02

30 10 100 4.45E+04 1.17E-03 6.35E-04 6.40E+01
20 200 1.37E+00 1.05E-04 2.35E+04 3.27E-02

5 50 9.72E+02 7.57E-04 8.17E+05 1.68E+01

50 10 100 7.09E-01 7.91E+08 1.23E+02 1.71E-01
20 200 3.51E-03 1.73E+09 1.42E+02 7.42E-07

Sphere Function - Conver
600 —

500

Best Fitness
= s
—

gence of GWO: Linear vs Sigmoid

Iterations.

120

140 160 180 200

Figure 3. Convergence for Sphere Function

This behavior enables wolves to explore a wider
search region and increases the probability of
locating promising areas near the global
optimum. Once the search enters the later
iterations, the convergence factor decreases
rapidly, intensifying exploitation around the best
solutions. As a result, ADSCF-GWO achieves
both strong global search capability and efficient
local refinement, leading to faster convergence
and lower fitness values on the unimodal Sphere
function.

In the case of the Rosenbrock function, as
presented in Table 2, the Decreasing Sigmoid
approach with n = 0.75 again delivers generally
lower fitness values. For example, at dimension
20, population 30, and generation 200, it
achieves a fitness of 1.66E+01, compared to
1.71E+01 using the linear method. The
Rosenbrock function is characterized by a
narrow-curved valley that often causes
optimization algorithms to experience slow
convergence and premature stagnation. The
ADSCF mechanism with n 0.75 appears to

improve navigation through this valley by
preserving exploration during the early search
phase while gradually strengthening exploitation
near convergence. This balanced transition
prevents excessive oscillation around suboptimal
regions and enables a smoother search trajectory
toward the global optimum. Consequently, the
convergence behavior becomes more stable than
that of the standard linear GWO.

Turning to the Rastrigin function (Table 3),
the use of n = 0.75 within the Decreasing
Sigmoid model proves effective under low-
dimensional, small-population settings. An
example is the configuration with dimension 10,
population 20, and generation 100, where it
reaches a fitness value of 1.27E-04. The
inconsistent performance observed on the
Rastrigin function suggests that the effectiveness
of ADSCF strongly depends on the landscape
characteristics of the optimization problem.
Rastrigin contains a large number of regularly
distributed local optima, making it highly sensitive
to the exploration—exploitation balance.
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Table 2. The best fitness values for the Rosenbrock function

Population

Decreasing Sigmoid

Size Dim  Gen Linear n=025 n=05 n=075
5 50 2.25E+00 4.24E+00 1.80E+00 2.24E+00
20 10 100 8.10E+00 8.55E+00 7.94E+00 7.12E+00
20 200 1.80E+01 1.91E+01 1.71E+01 1.76E+01
5 50 2.36E+00 4.08E+00 2.85E+00 2.14E+00
30 10 100 7.83E+00 8.21E+00 7.93E+00 7.09E+00
20 200 1.71E+01 1.85E+01 1.88E+01 1.66E+01
5 50 1.99E+00 2.34E+00 2.22E+00 1.94E+00
50 10 100 7.03E+00 7.64E+00 7.51E+00 7.06E+00
20 200 1.62E+01 1.84E+01 1.65E+01 1.72E+01
Figure 4. Convergence for Rosenbrock Function
Table 3. The best fitness values for the Rastrigin function
i Decreasing Sigmoid

P Size Dim ~ Gen Linear n=025 n =gc’).5 ° n=075
5 50 2.61E+00 2.55E+01 5.20E+00 4.86E-01
20 10 100 4.01E+00 4.17E+01 7.55E+00 1.27E-04
20 200 4.56E+00 2.32E+01 1.83E+01 3.85E+00
5 50 2.63E+00 4.05E+00 9.09E+00 2.93E+08
30 10 100 4.02E+00 4.21E+01 5.15E+09 1.16E+01
20 200 6.91E+00 6.73E+01 4.84E+01 4.55E+01
5 50 4.98E+00 1.50E+01 4.98E+00 2.26E+08
50 10 100 5.62E+00 9.67E+00 1.13E+01 3.31E-01
20 200 6.52E+00 2.23E+01 1.84E+09 1.00E+03

When the sigmoid parameter is not properly
selected, the convergence factor may decrease
too rapidly, causing the search process to
concentrate prematurely around local optima.
This behavior explains the occurrence of several
exceptionally large fitness values in certain
configurations. Therefore, although ADSCF
improves convergence in many scenarios, its
parameterization must be carefully adjusted

when dealing with highly multimodal optimization
landscapes

Finally, Table 4 and Figure 6 reveal that
the Griewank function benefits significantly from
the Decreasing Sigmoid approach with n = 0.75.
In several configurations, this setting results in
the best and most stable outcomes. A notable
case is dimension 20, population 50, and
generation 200, where the fitness reaches 0, the
optimal solution.
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Rastrigin Function - Convergence of GWO: Linear vs Sigmoid

——— Linear a | dim=5, pop=20, ier=50
Pop=20, ier=50

. ter=100
Pop=20, iter=100
POp=20, iter=200
. pop:

Best Fitness

0 20 40 60 80 100 120 140 160 180 200
lterations

Figure 5. Convergence for Rastrigin Function

Table 4. The best fithess values for the Griewank function

Popu}ation Dim Gen Linear Decreasing Sigmoid
Size n=0.25 n=0.5 n=0.75
5 50 4.31E-02 1.86E-01 2.28E-02 9.40E-02
20 10 100 7.80E-02 1.20E-01 4.95E-01 2.72E-01
20 200 1.25E-02 2.62E-04 2.26E-02 1.30E-02
5 50 2.51E-02 1.56E-01 1.02E-01 7.60E-02
30 10 100 2.40E-02 1.14E-01 1.74E-01 1.27E-01
20 200 2.52E+00 1.97E+09 6.99E+02 3.46E-03
5 50 2.71E-01 3.19E-01 9.17E-02 8.83E-02
50 10 100 1.13E-01 2.04E-01 1.77E-01 3.20E-02
20 200 0 5.37E+06 9.04E+00 0
|
L LA
02 i A E ‘
\ 0
0 S == L L

Figure 6. Convergence for Griewank Function
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The superior performance of ADSCF-GWO
on the Griewank function suggests that the
sigmoid-based convergence factor -effectively
preserves population diversity during the early
search phase. Because the Griewank landscape
contains many regularly distributed local minima,
maintaining exploration is essential to avoid
premature convergence. The delayed inflection
point associated with n = 0.75 allows wolves to
explore more extensively before gradually
focusing on exploitation, resulting in more reliable
convergence toward the global optimum.

Overall, the Grey Wolf Optimizer (GWO)
enhanced with an Adaptive Decreasing Sigmoid
Convergence Factor (ADSCF), particularly with a
sigmoid constant of n = 0.75, n = 0.75 generally
demonstrates superior performance across most
benchmark scenarios. This improvement is
especially notable in problems with medium (10)
and high (20) dimensions, as well as larger
population sizes (30-50). The Sphere and
Griewank benchmark functions exhibit highly
positive responses to this configuration, with best
fitness  values approaching zero. The
convergence graphs also support these findings,
showing that n = 0.75 enables faster and more
stable convergence compared to the standard
linear approach. Specifically, for Sphere and
Griewank, this setting promotes effective
exploration in the early stages and strong
exploitation toward the end. Even on the more
complex Rosenbrock function, this variant
maintains a smooth and stable convergence
trajectory.

Nevertheless, some anomalies were
observed in the Rastrigin function, particularly for
n = 0.5, where exceptionally large fitness values
were obtained. These results indicate that certain
sigmoid configurations may preserve exploration
excessively, causing wolves to move far from
promising regions before convergence is
established. Since the coefficient vector A is
directly controlled by the convergence factor a,
an overly prolonged exploration phase may
generate large position updates and unstable
search trajectories. Consequently, exploitation is
delayed and the algorithm may fail to concentrate
around high-quality solutions, resulting in poor
final fitness values. This behavior is especially
evident in highly multimodal landscapes such as
Rastrigin, where an inappropriate exploration—

exploitation balance can easily lead to
divergence or entrapment in non-promising
regions. Therefore, careful selection of the
sigmoid parameter remains essential for

achieving reliable optimization performance.

From all benchmark functions evaluated in
this study, the sigmoid parameter n = 0.75
generally provides the most favorable
exploration—exploitation balance. A larger value
of n shifts the sigmoid inflection point toward the
later stages of the optimization process, allowing
the algorithm to maintain exploration for a longer
period before entering an intensive exploitation
phase. Since the coefficient vector A is directly
governed by the convergence factor a, delaying
the reduction of a allows larger fluctuations of A
during the early iterations, thereby strengthening
exploration capability. This delayed transition is
particularly beneficial for medium- and high-
dimensional search spaces, where premature
reduction of exploration often leads to local
optimum entrapment. The results therefore,
indicate that the position of the sigmoid inflection
point plays a critical role in determining the

search dynamics and overall optimization
performance of ADSCF-GWO.
CONCLUSION

This study introduced a decreasing

sigmoid convergence factor to enhance the
performance of the Grey Wolf Optimizer (GWO).
The experimental results across four benchmark
functions demonstrate that the proposed
mechanism significantly improves convergence
speed, accuracy, and robustness, particularly
when the sigmoid constant is set to n = 0.75.
Under this configuration, the method in most
scenarios outperformed the standard GWO in
medium- and high-dimensional problems as well
as larger population sizes, achieving near-optimal
solutions on the Sphere and Griewank functions
and maintaining smooth convergence on the
Rosenbrock function.

The findings highlight that the decreasing
sigmoid factor provides a systematic and
adaptive balance between exploration and
exploitation, addressing the limitations of slow
convergence and premature stagnation in
standard GWO. Although some irregularities
were observed in the Rastrigin function for
certain parameter values (n = 0.5), the overall
results indicate the robustness and scalability of
the proposed approach.

In conclusion, the decreasing sigmoid
convergence factor provides an effective
alternative convergence-control mechanism for
GWO, making it more reliable and effective for
solving complex, high-dimensional optimization
problems. Future work may extend this
mechanism to real-world engineering applications
and explore hybridization with other metaheuristic
frameworks.
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