
VOLUME: 10 | ISSUE: 01 | 2026 | MARCH

Starfish Optimization, Sand Cat Swarm
Optimization, Weighted Average and Mirage
Search Optimization Algorithms for Finding

Global Optimal Solutions

Nuong Nguyen Thi Ngoc1, Valeriy Arkhincheev2, Hanh Minh Hoang 3,∗

1Faculty of Electronics, Can Tho Vocational College, Can Tho City, Vietnam
2Buryat Institute of Infocommunications, Siberian State University of Telecommunications and

Information Science, Novosibirsk, Russia
3Faculty of Automation Technology, Thu Duc College of Technology, Ho Chi Minh City, Vietnam

*Corresponding Author: 3,∗Hanh Minh Hoang (Email: hanhhm@tdc.edu.vn)
Co-Authors: 1Nuong Nguyen Thi Ngoc (Email: ntnnuong@ctvc.edu.vn),

2Valeriy Arkhincheev (Email: valeriyarkhin@gmail.com)
(Received: 30-January-2026; accepted: 10-March-2026; published: 31-March-2026)

http://dx.doi.org/10.55579/jaec.2026101.535

Abstract. In this study, the performance
of four contemporary meta-heuristic tech-
niques—namely Starfish Optimization, Sandcat
Swarm Optimization, Weighted Average Algo-
rithm (WAA), and Mirage Search Optimiza-
tion—is investigated across diverse optimization
challenges. The central goal is to execute a
rigorous, unbiased comparative analysis to iden-
tify the most proficient optimizer among them.
To ensure a fair benchmark, each method was
configured with identical population sizes and
iteration limits across five distinct problems.
Furthermore, to guarantee statistical reliability,
50 independent trials were conducted for every
algorithm. The results achieved by the four
applied algorithms are compared to each other
using different criteria, including the Minimum
Fitness, Average Fitness, Maximum Fitness,
and Standard Deviation. The comparison of the
four criteria’s values across the four algorithms
reveals that WAA completely outperforms the
others in all aspects, especially in the minimum
fitness value and the standard deviation index.
Moreover, WAA demonstrates superior stability
and faster convergence during the search phase.

Consequently, WAA is identified as the most
effective solution and is highly endorsed for
addressing the optimization tasks explored in
this work.

Keywords: Sand Cat swarm optimization,
Starfish optimization algorithm, Mirage search
optimization, Weighted Average Algorithm, fit-
ness functions; performance analyses.

1. Introduction

Optimization problems are now appearing
more frequently across fields such as economics
and engineering. The primary goal in solving
these problems is achieving the optimal solu-
tion—the minimum or maximum value of the
objective function while satisfying all involved
constraints, because such a solution yields sig-
nificant benefits from both engineering and eco-
nomic perspectives. Historically, this quest led
to the development of traditional optimization
methods. Specifically, the first and foremost is
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the gradient-based optimization methods men-
tioned in [1], which still demonstrate their ad-
vantage in solving several optimization prob-
lems listed in [2]. The second is Lagrange-
based optimization methods, whose application
is described in [3]. These Lagrange-based meth-
ods have been improved and modified for bet-
ter efficiency, as shown in [4]. Moreover, the
third is the Newton-Raphson-based optimiza-
tion methods with a variety of applications de-
scribed in [5]. Similar to the first two meth-
ods, as mentioned earlier, the Newton-Raphson-
based optimization method was also improved
and modified to achieve a higher level of effi-
ciency [6]. However, in contemporary practice,
these older techniques often struggle with large-
scale and complex optimization problems. The
presence of meta-heuristic algorithms soon rede-
fined the term “optimization” in terms of appli-
cation, solution determination, and the degree
of optimization achieved. They effectively over-
come the downsides of their predecessors, offer-
ing higher efficiency and faster response times
when dealing with intricate problem landscapes.
By using these modern techniques, high-quality
solutions can be obtained reliably, resulting in a
much higher success rate in solving today’s most
challenging optimization tasks.

Thanks to their simplicity in application, re-
liability, and robustness in search performance
when dealing with a wide range of optimiza-
tion problems, the applications of different meta-
heuristic algorithms can be observed in various
fields, including both economics and engineer-
ing, as mentioned and evaluated in [7]. Over
time, many novel meta-heuristic algorithms with
improved search performance have been con-
tinuously developed and introduced to serve
the need of achieving higher optimization re-
sults. The novel meta-heuristic algorithms and
their applications can be listed such as Five
phases algorithm (FPA) [8], The Improved Dung
beetle optimization (IDBO) [9], Enhanced Bi-
nary Kepler Optimization Algorithm (EBKO)
[10], Conscious Neighborhood-Based Jellyfish
Search Optimizer (CNJSO) [11], Enhanced
Frilled Lizard Optimizer (EFLO) [12], Chaotic
Harris Hawks algorithm (CHHA) [13], One-to-
One Optimization Algorithm (OOA) [14], Krill
Herd Algorithm (KHA) [15], Football Optimiza-
tion Algorithm (FbOA) [16], Grey Wolf Opti-

mizer (GWO) [17], Improved salp–swarm opti-
mizer (ISSA) [18], Modified Adaptive Selection
Cuckoo Search Algorithm (MASCSA) [19], Im-
proved Whale Optimization Algorithm (IWOA)
[20], Honey Badger Algorithm (HBA) [21], Os-
prey optimization algorithm (OOA) [22], Tor-
nado optimizer (TO) [23], Multi-strategy En-
hanced Snake Optimizer (MESO) [24], Skill Op-
timization Algorithm (SOA) [25], sine cosine
algorithm (SCA) [26], Selforganizing migrating
algorithm (SOMA) [27], Multi-Objective Ge-
netic algorithm (MOGA) [28], dandelion opti-
mization algorithm (DOA) [29], Ant colony op-
timization (ACO) [30], Hannibal Barca opti-
mizer (HaBO) [31], hippopotamus optimization
algorithm (HOA) [32], Bald Eagle Search Al-
gorithm (BESA) [33], Snake Optimisation Al-
gorithm (SnOA) [34], the Improved snow geese
algorithm (ISGA) [35], marine predators algo-
rithm (MPSA) [36], etc.

In this study, four recently proposed meta-
heuristic algorithms are considered: the Starfish
Optimization Algorithm (SFOA) [37], the Sand-
cat Swarm Optimization (SCSO) [38], the
Weighted Average Algorithm (WAA) [39], and
the Mirage Search Optimization [40]. While
SFOA and MSO were both proposed in 2025,
WAA and SCSO were first introduced in 2024
and late 2023, respectively. Additionally, SFOA
and SCSO are developed based on mimicking the
natural practices of starfish and sand cats, while
WAA and MSO are formed through the simula-
tion of physical phenomena. During the devel-
opment phase, the four algorithms were tested
with various test suites and demonstrated their
capabilities, surpassing those of many previous
ones in the comparison. This study is the very
first paper to conduct a comparison among all
these algorithms.

The main novelties and contributions of the
whole study can be summarized as follows:

• Successfully applied four meta-heuristic
algorithms, including the Starfish Opti-
mization Algorithm (SFOA), the Sandcat
Swarm Optimization (SCSO), the Weighted
Average Algorithm (WAA), and the Mirage
Search Optimization to determine the best
fitness values for five different optimization
problems.
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• Offer a thorough evaluation and discussion
about the searching performance of all four
algorithms on each given optimization prob-
lem using different criteria.

• Reveal and indicate the best applied algo-
rithm among the four in dealing with all the
considered optimization problems.

• Provide a valuable reference in assessing
and ranking the performance of particular
meta-heuristic algorithms in dealing with
certain optimization problems.

2. Problem Formulation

Optimization problems fundamentally con-
sist of two critical elements. The first is the
objective function, which is the mathematical
relationship among all the variables. The second
element is the set of constraints, which are the
specific conditions, limitations, or rules that the
variables must satisfy. Any viable solution must
strictly adhere to these prescribed boundaries
while simultaneously achieving the best possible
result in accordance with the defined goal.

2.1. The main objective
function

Normally, a typical objective function of a
given optimization problem is described as fol-
lows:

OBF (y1, y2, . . . , yk) (1)

where, OBF is the value of the given objec-
tive function; y1, y2, . . . , yk are the variables that
structure the mathematical model of the consid-
ered objective function, and k is the dimension
of the considered optimization problem.

2.2. The constraints

The constraints that must be rigorously
adhered to are a fundamental part of solving
any optimization challenge, as previously dis-
cussed. These constraints are responsible for

establishing clear boundaries for all variables.
Typically, the constraints are categorized into
two types: equality constraints and inequality
constraints:

1) The equal constraints

The equal constraints are main foundation to
calculate the dependent variables in the process
of resolving any optimization problem. Suppose
that y1 is denoted as the dependent variable, and
y2, y3, . . . , yn are the control ones. The equal
constraint is generally described as follows:

ε1y1 + ε2y2 + ε3y3 + . . .− εkyk = τ (2)

where, ε1, ε2, ε3, . . . , εk, and ε are the avail-
able coefficients characterized by the given opti-
mization problem; y is the dependent variable,
τ is a constant values.

2) The inequality constraints

Typically, inequality constraints are leveraged
by meta-heuristic algorithms to define the search
space and generate the initial values for the con-
trol variables at the beginning of the optimiza-
tion procedure. These constraints are often for-
mulated as follows:

ymin
2 ≤ y2 ≤ ymax

2 (3)

ymin
3 ≤ y3 ≤ ymax

3 (4)

ymin
k ≤ yk ≤ ymax

k (5)

In Equations (3) – (5), ymin
2 , ymin

3 , . . . , ymin
k

are the lower boundaries of y2, y3, . . . , yk, and
ymax
2 , ymax

3 , . . . , ymax
k are their upper boundaries.

2.3. The considered
optimization problem in
the paper

1) The first optimization problem

The mathematical expressions of the main ob-
jective function and other related constraints of
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the first optimization problem are given as be-
low [40]:

TF1 =

dim∑
k=1

(yk − 1)2 with k = 1, 2, . . . , dim

(6)
And

yLB
TF1 ≤ y1, y2, . . . , yk ≤ yUB

TF1 (7)

In Equations (6) and (7), TF1 is the value of
the first test function; k is the count of variables
required to be determined for obtaining an
optimal solution that corresponds to the best
value of the primary objective function; dim is
the dimension of the considered problem, which
is set by 20; yLB

TF1 and yUB
TF1 are the lower and

upper bounds of variables.

2) The second optimization problem

Similar to the initial problem, the second
optimization problem is also characterized us-
ing the objective function and the relevant con-
straints via specific mathematical expressions as
presented below [38]:

TF2 =

dim∑
k=1

|yk|+
dim∏
k=1

|yk| with k = 1, 2, . . . , dim

(8)
And

yLB
TF2 ≤ y1, y2, . . . , yk ≤ yUB

TF2 (9)

where, TF2 is the value of the second test
function; yLB

TF2 and yUB
TF2 are the lower and

upper bounds of variables that are required
to be determined for establishing an optimal
solution.

3) The thrid opimization problem

In parallel with the two optimization prob-
lems mentioned above, the mathematical defini-
tion of the objective function and the variable
constraints are provided as follows [37]:

TF3(y, dim) =

dim∑
k=1

(
y2k − 10 cos(2πyk)

)
+10×dim

(10)

In Equation (10), TF3 is the value of the
third test function; dim is dimension of the
search space; k is the index of the variable
in the summation, ranging from 1 to dim:
k = 1, 2, . . . , dim.

4) The fourth optimization problem

Similar to the preceding case, the mathemati-
cal forms of the main objective function and the
related constraint are provided below [40]:

TF4(y) = −
7∑

k=1

[
(yk − aSHk)

2 + cSHk

]−1 (11)

with k = 1, 2, . . . , 7.

In Equation (11), TF4 is the value of the
fourth test function; k is the index of the variable
in the summation, ranging from 1 to 7; cSHk is
the kth element of vector cSH ; aSHk is the kth
element of vector aSH ; Matrix aSH is a 10 × 4
matrix containing the coefficients:

aSH =



4 4 4 4
1 1 1 1
8 8 8 8
6 6 6 6
3 7 3 7
2 9 2 9
5 5 3 3
8 1 8 1
6 2 6 2
7 3.6 7 3.6


And, vector cSH is a 1× 10 vector:

cSH = [0.1 0.2 0.2 0.4 0.4 0.6 0.3 0.7 0.5 0.5]
(12)

5) The fifth optimization problem

Following the same formulation approach as
above, the mathematical expressions of the main
objective function and its associated constraint
are given below [39]:

TF5(y) = −
10∑
k=1

[
(yk − aSHk)

2 + cSHk

]−1 (13)
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where, TF5 is the value of the fifth test func-
tion; k is the index of the variable, ranging from
1 to 10;

3. The Applied
Algorithms

3.1. Starfish optimization
algorithm

This section provides a brief description of
the mathematical formulation underlying the
Starfish Optimization Algorithm (SFOA). As a
metaheuristic approach, SFOA follows a struc-
tural framework similar to other algorithms
within this category. The distinctive feature
of SFOA lies in its solution update mechanism,
which is executed through two sequential stages
described below.

1) Stage 1

In this first phase, the new solutions will be
updated using the following model [37]:

Snew1
i =


{

Si + FFA× (Stop − Si)× cos θ,
Si + FFA× (Stop − Si)× sin θ,

GF × Si + rgv1 × (Srand1 − Si)
+rgv2

(14)
With

GF =
L− l

L
× cos θ (15)

In Equations (14) and (15), Snew1
i is the

modified solution obtained during the first
phase, with index i ranging from 1 to NS and
NS is the total number of solutions in the
population; Si is solution i at the present state;
FFA is the factor for amplification; Stop is the
top-performing solution found at current; θ is
the phase angle between the current solution
and the optimal solution; GF is the guidance
factor; rgv1, rgv2 and rgv are the randomly
generated values between zero and one; Srand1

and Srand2 are two solutions chosen randomly

from the existing population; L is the iteration
limit; l is the iteration number at present.

2) Stage 2

In this section, the new solutions are updated
using the following expression [37]:

Snew2
i =


Si + rgv1 ×D1 + rgv2
×D2, if i ̸= NS,
exp

(−L×NS
L

)
× Si, if i = NS

(16)
where, Snew2

i is the modified solution obtained
during the second phase; D1 and D2 are the dis-
tances from two randomly selected solutions to
the top-performing solution.

According to the author in [37], the entire
optimizing process of SFOA is executed based
on the following pseudo code:

If rand > Gp

Execute the update method using Equa-
tion (14),

Else

Execute the update method using Equa-
tion (16),

End.

3.2. Sand Cat Swarm algorithm

As stated earlier, the Sand Cat Swarm Op-
timization (SCSO) algorithm operates through
two primary stages: exploration and exploita-
tion. These stages constitute the core mecha-
nism for updating candidate solutions through-
out SCSO’s iterative optimization procedure.
The mathematical formulations governing these
two stages are detailed as follows.

1) Stage 1

In this stage, the revised position of a can-
didate solution is obtained by multiplying the
distance vector from its current coordinates to
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its personal best position by a guidance param-
eter, formulated as follows [38]:

Snew1
i = (Stop − rgv × Si)×GF (17)

where Snew1
i is the modified solution obtained

during the first phase, with index i ranging from
1 to NS and NS is the total number of solutions
in the population; Stop is the top-performing so-
lution found at current; rgv are the randomly
generated values between zero and one; Si is
solution i at the present state; and GF is the
guidance factor calculated using the following
expression [38]:

GF = α× rgv (18)

With
α = 2−

(
4× l

l + L

)
(19)

where, α is the adjustment coefficient; L is
the iteration limit; l is the iteration number at
present.

2) Stage 2

In this phase, the new location of each indi-
vidual in the population will be updated for its
new location using the following mathematical
model [38]:

Snew2
i = Sgtop − Crand × cos(θ)×GF (20)

where Snew2
i is the modified solution obtained

during the second phase; Sgtop is the top global
best solution in the whole population; Srand is
the solution chosen randomly from the existing
population; θ is the phase angle between the cur-
rent solution and the optimal solution.

Similar to the SFOA, the whole optimizing
process for optimal solution of the SCSO is exe-
cuted using the same structure as follows:

If |R|≤ 1

Execute the update method using Equa-
tion (17),

Else

Execute the update method using Equa-
tion (20),

End

3.3. Weighted Average
Algorithm

The Weighted Average Algorithm (WAA),
proposed in 2024, is a metaheuristic optimiza-
tion technique that computes the weighted aver-
age position of all individuals in the population
and employs two alternative search mechanisms.
The position update mechanism of WAA is de-
signed to achieve a balanced trade-off between
the exploration stage and the exploitation stage,
which will be elaborated in the subsequent sec-
tions.

1) Stage 1

In this phase, WAA executes three different
strategies subsequently to update the new solu-
tion as follows [39]:

Snew1
i = rgv × (Swas − Sgtop)

+rgv × (Swas − SBS,i)
+rgv × Swas

(21)

Snew2
i = rgv × (Swas − SBS,i)

+rgv × SBS,i
(22)

Snew3
i = rgv × (Swas − Sgtop)

+rgv × Sgtop
(23)

where Snew1
i , Snew2

i , Snew3
i are, respectively,

the ith updated solution obtained when the
three strategies are sequentially applied with
i = 1, 2, . . . , NS; Swas is the weighted average
solution; and SBS,i is the best solution found
so far for individual i. Sgtop is the top global
best solution in the whole population; rgv are
the randomly generated values between zero and
one.

2) Stage 2

In this stage, WAA implements the update
mechanism by randomly selecting one of two
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available models as given in the following equa-
tion [39]:

Snew
i =

 Sgtop ×MSF, if rgv > 0.5,
rgv × (γmax − γmin)
+γmin, else

(24)
where, MSF is a multiplicative scaling factor

derived from the Levy stable distribution; γmax

is the maximum permissible boundary value
defining the upper constraint of the feasible so-
lution region; γmin is the minimum permissible
boundary value defining the lower constraint of
the feasible solution region.

The entire update process for new solution of
WAA is performed by the following pseudo code:

If r1 < 0.5

If r2 > 0.5

Execute the update method using
Equation (24),

Else

Switch r3

- Case 1: Execute the update method
using Equation (21).

- Case 2: Execute the update method
using Equation (22).

- Case 3: Execute the update method
using Equation (23).

End switch

End

End.

* Note that r1 is the selecting factor; r2 and r3
are the random values between zero and one.

3.4. Mirage search optimization

As previously discussed, the key characteris-
tic that distinguishes Mirage Search Optimiza-
tion (MSO) from other algorithms lies in its solu-
tion update mechanism. This updating process
incorporates two distinct strategies: the gen-
eration of upper images and the generation of

lower images. The mathematical formulations
for these two strategies are presented in detail
in the following subsections.

1) Stage 1

In this stage, all solutions in the initial pop-
ulation are updated according to the following
model [40]:

Snew1
i = Si +∆Sph1 (25)

With

∆Sph1 =
sin θ1 ×DF × sin θ2

sin θ3 × sin θ4
(26)

DF = |Stop,i − Si|×rgv1 + 1 (27)

In Equations (25) – (27), Snew1
i is the modi-

fied solution obtained during the first stage, with
index i ranging from 1 to NS, and NS is the to-
tal number of solutions in the population; Si is
the solution i at the present stage; ∆Sph1 is the
phase angle difference in the first stage; Stop,i is
the top-performing solution found at iteration
i; sin θ1 is the sine of the angle between the
reflected ray and the horizontal reference line;
sin θ2 is the sine of the angle between the in-
cident ray and the normal at the point of in-
cidence; sin θ3 is the sine of the angle between
the refracted ray and the normal at the point
of incidence; and sin θ4 is the sine of the an-
gle between the incident ray and the horizontal
reference line; rgv1 are the randomly generated
values between zero and one; DF is the distance
factor from the current solution to the best so-
lution.

2) Stage 2

In this second stage, all the solutions will
be updated by applying the following expres-
sion [40]:

Snew2
i = Si + ω3∆Sph2 (28)

With
∆Sph2 =

DF

tanµ
(29)
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µ =
3.14× (L− l)× rgv2

2× l
(30)

Where, Snew2
i is the modified solution ob-

tained during the second stage; ∆Sph2 is the
phase angle difference in the second stage; µ is
the phase angle between the refracted stratified
line and the horizontal reference line; ω3 is a co-
efficient that controls the step size in the second
stage; rgv2 are the randomly generated values
between zero and one.

Unlike SFOA and SCSO, the update process
for new solutions of MSO execute both phase as
described above:

While l < L

▷ Execute Stage 1

– Step 1: Execute the update method
for new solution using Equation (25).

– Step 2: Apply the boundary check for
new solutions.

– Step 3: Calculate the fitness value for
new solutions.

– Step 4: Determine the best solution.

End Stage 1.

▷ Execute Stage 2

– Step 5: Execute the update method
for new solution using Equation (28).

– Step 6: Apply the boundary check for
new solutions.

– Step 7: Calculate the fitness value for
new solutions.

– Step 8: Determine the best solution.

End Stage 2.

End.

4. Results

In this section, four recent proposed meta-
heuristic algorithms, including SFOA [37],
SCSO [38], WAA [39], and MSO [40] will be

applied to determine the best solution to five
different benchmark functions derived from the
CEC 2029 test suite. Then, the results obtained
by the four applied algorithms will be analyzed
and evaluated in detail to identify the strengths
and weaknesses of each algorithm when dealing
with the considered benchmark functions. For
a fair comparison, the four algorithms are using
the same presets regarding population size (NS)
and maximum iteration index (L). Particularly,
NS and L of the four applied algorithms are
set to 20 and 100 while dealing with the five
benchmark functions as mentioned earlier. Ad-
ditionally, each applied algorithm is run for 50
test runs to determine the best solution before
any comparison is made.

The entire study is conducted on a personal
computer with the following basic specifica-
tions: a central processing unit with a 2.26 GHz
clock speed and 16 GB of random-access mem-
ory (RAM). Furthermore, the involved coding
and simulations are performed using MATLAB
R2018a.

4.1. Results obtained on the
first problem

Figure 1 shows the results from the 50 test
runs clearly of the four applied algorithms, in-
cluding SFOA, SCSO, WAA, and MSO for the
first optimization problem as formulated in Sec-
tion 2. . The WAA and MSO demonstrated sig-
nificantly superior stability and efficiency, con-
sistently converging to a near-zero fitness value
across almost all trials, confirming their robust-
ness. In stark contrast, the SCSO exhibited
highly erratic behavior, frequently spiking to fit-
ness values around 3, indicating a high failure
rate in finding the global optimum. Worst of
all was the SFOA, which produced the most ex-
treme failures, with fitness values reaching 4.
This evaluation confirms that WAA and MSO
are the most reliable and effective algorithms,
while SCSO and SFOA suffer from poor search
balance, making them unreliable for this specific
optimization task.

The convergence analysis across the min-
imum, mean, and maximum convergences in
Figure 2 demonstrates a clear differentiation in
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Figure 1: The fitness values obtained by the four applied algorithms after 50 test run while dealing with the frist
optimization problem.

the search capabilities of the four algorithms.
The WAA exhibited unrivaled speed and consis-
tency, achieving optimal convergence to a near-
zero fitness value in fewer than 10 iterations
across all scenarios, indicating exceptional sta-
bility and reliable search performance. Simi-
larly, the MSO proved highly effective, match-
ing WAA’s final solution quality, though con-
verging slightly slower. In contrast, both the
SCSO and the SFOA showed significantly im-
paired search performance; SCSO stagnated pre-
maturely around a fitness of 3, while SFOA dis-
played the worst result, stagnating near a fitness
of 4 in the mean and maximum trials. This stark
performance gap confirms that WAA and MSO
possess a superior exploration and exploitation
balance necessary to locate the true global opti-
mum for this problem consistently.

Table 1 shows the qualitative results achieved
by the four applied algorithms across different
criteria, including Minimum fitness (Min.Fit),
Average fitness (Aver.Fit), Maximum fitness
(Max.Fit), and Standard deviation (Std). The
table clearly shows that SFOA and WAA are su-
perior to the others; however, WAA is the most
effective algorithm across all four criteria.

Table 1: The summarized results of the four algorithms
dealing with the first optimization problem.

SFOA SCSO WAA MSO
Min.Fit 0.000 0.001 0.000 0.001
Ave.Fit 0.240 1.321 0.000 0.009
Max.Fit 4.000 3.063 0.001 0.026

Std 0.960 1.031 0.000 0.007

4.2. Results obtained on the
second problem

In this section, the results achieved by the
four applied algorithms while dealing with
the second optimization problem, as shown in
Section 2. , will be presented and analyzed.
Figure 3 provides an overall analysis of the four
algorithms across the test runs when applied to
determine the optimal solution to the second
optimization problem. In the figure, WAA still
offers the most consistently high-performing
optimizing capability. Particularly, WAA and
MSO demonstrated superior robustness, quickly
converging to the optimum, whereas SFOA
and SCSO were highly unreliable, suffering
from frequent, large-scale convergence failures
and stagnation. However, when tackling the
second, high-precision problem (high-zoom inset
graph), SFOA, SCSO, and WAA all achieved
near-perfect stability, with the fitness values
located in the 10−11 range. In that case, MSO’s
performance degraded significantly, yielding
only an acceptable fitness range of 0.1 to 0.3,
confirming that while WAA is universally ro-
bust, the success of SFOA and SCSO is heavily
contingent upon the specific characteristics of
the optimization problem.

In Figure 4, the convergence achieved by the
four applied algorithms are shown. At first, the
graphs in the figure show a trade-off between
speed and overall search effectiveness through-
out all the subfigures with a) the minimum
convergence, b) the mean convergence, and c)
the maximum convergence. The WAA, SCSO,
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a) b) c) 

 

Figure 2: a) The minimum, b) mean, and c) maximum convergence obtained by the four applied algorithms for
the best runs while dealing with the first optimization problem.

 

Figure 3: The fitness values obtained by the four applied algorithms after 50 test runs the second optimization
problem.

and SFOA all demonstrated exceptionally fast
convergence, achieving the optimal fitness value
within the first 20 iterations. Conversely, the
MSO was significantly slower, requiring the full
100 iterations to reach the same final solution.
However, since the minimum, mean, and maxi-
mum convergence for WAA and MSO were all
close to the final optimum, they exhibited high

consistency in their search process. Meanwhile,
the fast initial drop for SCSO and SFOA is
misleading, as the separate reliability analysis
(from the 50 trial runs) confirmed their fast
search is highly erratic and prone to massive
failures.

The detailed results on the four different
criteria of the four applied algorithms while
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Figure 4: a) The minimum, b) mean, and c) maximum convergence obtained by the four applied algorithms for
their best runs while dealing with the second optimization problem.

dealing with the second optimization problem
are displayed in Table 2. According to the
table’s results, WAA remains the most effective
across all four criteria.

4.3. Results obtained on the
third problem

This section provides the performance anal-
yses of the four applied algorithms in dealing
with the third optimization problem, which is
described in detail in Section 2. Figure 5 shows
the fitness values obtained by the four algo-
rithms after 50 trial tests. The observation in
the figure indicates that the WAA, SCSO, and
SFO all achieved perfect stability, consistently
converging to a near-zero fitness value across ev-
ery trial run, thereby confirming their suitability
for this problem. Conversely, the MSO continu-
ously proved itself entirely unreliable, failing to
find the global optimum in any run and oscillat-
ing erratically between high fitness values (30 to

90) as shown in. This massive performance gap
confirms that MSO is fundamentally ill-suited
for the complex landscape of the third optimiza-
tion problem, while the other three demonstrate
high robustness.

Besides, the convergence analysis for the
third problem of SFOA, SCSO, and WAA is
also given in Figure 6, which demonstrates ex-
ceptionally fast convergence, reaching the opti-
mal fitness value of the given optimization prob-
lem in under 20 iterations across the minimum,
mean, and maximum convergence. This rapid
convergence, coupled with the perfect reliability
shown in the 50-run chart, establishes them as
the most robust solvers. In contrast, the MSO’s
convergence in Figure 6 proves fundamentally
flawed for this problem. At the same time, it
starts quickly, but it soon becomes the slowest,
least consistent algorithm, stagnating at high fit-
ness values (60–90) in the mean and maximum
convergence, which clearly explains its total fail-
ure across the 50 trial runs. Besides, the qual-
itative results obtained by the four applied al-
gorithms are presented in Table 3. In the ta-
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Table 2: The summarized results of the four algorithms dealing with the second optimization problem.

SFOA SCSO WAA MSO
Min.Fit 1.2132E−274 3.04082E−16 3.6967E−45 0.084
Ave.Fit 2.9002E−178 1.84966E−12 6.19623E−33 0.193
Max.Fit 8.0137E−177 4.12707E−11 1.70895E−31 0.367

Std 0.00213 6.17431E−12 2.67892E−32 0.055

 

Figure 5: The fitness values obtained by the four applied algorithms after 50 test runs the thrid optimization
problem.

ble, SFOA, SCSO, and WAA offer similar per-
formance, while MSO is the worst method.

Table 3: The summarized results of the four algorithms
dealing with the third optimization problem.

SFOA SCSO WAA MSO
Min.Fit 0.000 0.000 0.000 27.303
Ave.Fit 0.000 0.000 0.000 50.019
Max.Fit 0.000 0.000 0.000 87.071

Std 0.000 0.000 0.000 13.377

4.4. Results obtained on the
fourth problem

This section provides a performance evalua-
tion of the four applied algorithms in address-
ing the fourth optimization problem, highlight-
ing the differences in the function compared to
the previous one. The analysis of the fourth
optimization problem, conducted over 50 test
runs shown in Figure 7, establishes the WAA
as the only fully reliable and robust optimizer,
consistently achieving the true global minimum
(approximately −10) in every single trial. In
stark contrast, the SFOA, SCSO, and MSO are

highly unreliable for this landscape. Crucially,
these three algorithms exhibit chaotic and er-
ratic search behavior, with their fitness values
fluctuating widely across a range of nearly 10
units (from near −10 to 0), representing sig-
nificantly higher and more damaging volatil-
ity compared to their performance in the less-
complex previous problems. This confirms that
the complexity of the fourth problem fundamen-
tally compromises their ability to escape local
optima consistently.

Figure 8 presents the three convergences, in-
cluding a) the minimum, b) the mean, and c)
the maximum convergence achieved by the four
applied algorithms while solving the fourth op-
timization problem for their best runs. The ob-
servations from all the subfigures indicate that
the WAA still maintains its superiority com-
pared to others, offering exceptionally fast con-
vergence and stability by reaching the optimal
fitness value (near −10.3) within the first 10 it-
erations across all convergence. The MSO is the
next best option, achieving a comparable op-
timal minimum but being significantly slower
and exhibiting severe stagnation (at −5.8) in
both its mean and maximum convergence. Con-
versely, SFOA and SCSO are the least effective,
exhibiting slow, stepwise convergence and fail-
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Figure 6: a) The minimum, b) mean, and c) maximum convergence obtained by the four applied algorithms for
the best runs while dealing with the third optimization problem.

 

Figure 7: The fitness values obtained by the four applied algorithms after 50 test runs the fourth optimization
problem.

ing to reach the optimum, instead settling at
poor local optima (around −2.5) in their mean
and maximum trials, which highlights their pro-
found unsuitability for complex landscapes.

Table 4 clearly shows the certain values
achieved by SFOA, SCSO, WAA, and MSO
through the four criteria. Data in the table
WAA again shows that it is the most effective
algorithm among the four.

4.5. The Results obtained on
the fifth problem

In this section, the evaluation of the fifth
optimization problem, which represents a com-
plexity improvement over the optimization pre-
sented in the previous section, will be provided.
First, Figure 9 shows the fitness values achieved
by the four algorithms over 50 test runs. The
figure confirms that the WAA is the sole re-
liable performer, maintaining perfect stability
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Figure 8: a) The minimum, b) mean, and c) maximum convergence obtained by the four applied algorithms for
their best runs while dealing with the fourth optimization problem.

Table 4: The summarized results of the four algorithms
dealing with the fourth optimization problem.

SFOA SCSO WAA MSO
Min.Fit -10.320 -10.40 -10.403 -10.403
Ave.Fit -6.737 -5.616 -10.320 -5.489
Max.Fit -2.973 -0.908 -9.961 -2.752
Std 2.301 3.188 0.110 3.194

with zero fluctuation and consistently achiev-
ing the global minimum (near −10.3). In the
fifth problem’s 50-run test, SFOA, SCSO, and
MSO once again exhibit extreme, wide-ranging
volatility. This massive, unpredictable fluctu-
ation is equally pronounced and damaging as
that observed in the fourth problem, confirming
that the high complexity and multimodal na-
ture of these functions severely compromise the
search mechanisms of SFOA, SCSO, and MSO,
rendering them unsuitable for robust, consistent
optimization. Furthermore, the presentation of
Figure 9, followed by Figure 8, which presents
the same information, is another indication of
the struggle of SFOA, SCSO, and MSO to reach
the optimal value of the main objective function

as the overall complexity of the given optimiza-
tion problem increases. For WAA, on the other
hand, the presence of Figure 9 is another demon-
stration of its unmatched search performance.
These claims are further enhanced when observ-
ing Figure 10, which shows the performance of
the four algorithms in their best runs. Clearly,
WAA is completely superior to others in terms
of the convergence speed to the optimal fitness
values. As in the previous optimization prob-
lems, the qualitative results obtained by the four
applied algorithms are shown in Table 5. The re-
sults in the table consistently confirm the clear
superiority of WAA over the other in all com-
parison criteria, especially the Min.Fit and the
value of Std. Clearly, WAA has proven itself to
be a powerful and stable optimization tool across
the five optimization problems.

5. Conclusions

In this study, the search performance of the
four applied algorithms, including the Starfish
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Figure 9: The fitness values obtained by the four applied algorithms after 50 test run the fifth optimization problem.

a) b) c) 

 

Figure 10: a) The minimum, b) mean, and c) maximum convergence obtained by the four applied algorithms for
their best runs while dealing with the fifth optimization problem.

Table 5: The summarized results of the four algorithms
dealing with the fifth optimization problem.

SFOA SCSO WAA MSO
Min.Fit -10.451 -10.535 -10.536 -10.536
Ave.Fit -7.185 -6.034 -10.474 -6.087
Max.Fit -3.381 -0.946 -10.249 -2.422
Std 2.230 3.027 0.071 3.589

optimization algorithm, the Sand Cat swarm
optimization, the Weighted Average Algorithm,
and the Mirage search optimization, is inves-

tigated in detail on five test functions using
different criteria. The four applied algorithms
are compared to each other on the fluctuation
among 50 test runs, and three convergence
characteristics, including the minimum, the
mean, and the maximum convergence, are
considered throughout the five test functions.
The results indicate that WAA is the best
applied algorithm among the four in terms
of providing and maintaining stability search
performance with smaller fluctuations and fast
response time, represented by the number of
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iterations needed to reach the optimal values of
the considered optimization problems. Based
on these results and performance, WAA is con-
sidered a powerful and robust search method;
therefore, it is strongly recommended for use in
dealing with such optimization problems.
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