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Keywords: This study considers the Single Candidate Optimizer (SCO) as an alternative to population-based heuristics,
Opposition learning that is faster than them. Although the SCO algorithm is a fast single-candidate-based heuristic, it has certain
Chaotic

limitations. To overcome these limitations and enhance the search performance of SCO, several solutions were
proposed in this study. First, owing to the single-candidate nature of the SCO, the initial solution position can
play a critical role. To compensate for this, an accelerated opposition-learning mechanism was integrated into
the SCO. In addition, instead of the equation that is active when the number of unsuccessful improvement
attempts is reached in the SCO structure, a mutation operator including chaotic functions (Levy, Gauss, and
Cauchy) has been incorporated into the algorithm. Again, equations based on new approaches were added to
the SCO algorithm to update the position of the candidate solution during the exploration and exploitation
phases. Finally, the standard boundary value control mechanism is replaced with a more effective one. The
algorithm developed in this study is named Accelerated Opposition Learning based Chaotic Single Candidate
Optimizer (AccOppCSCO), inspired by the accelerated opposition learning mechanism and the mutation
operator involving chaotic behaviors. The search capability of the proposed AccOppCSCO algorithm was first
analyzed using four different methods: convergence, search history, trajectory, and computational complexity.
The effectiveness of the mechanisms used in the AccOppCSCO algorithm for four different two-dimensional
benchmark problems from the IEEE Congress on Evolutionary Computation 2014 (CEC2014) package was
demonstrated. Subsequently, the performance of the proposed AccOppCSCO algorithm was evaluated on the
CEC2014 and IEEE Congress on Evolutionary Computation 2020 (CEC2020) benchmark problems with different
dimensions. The results show that the AccOppCSCO algorithm works effectively in the CEC2014 and CEC2020
test sets and offers better optimization results than SCO. The AccOppCSCO algorithm ranked first in the overall
evaluation of the 30-dimensional CEC2014 comparison results with State of the Art (SOTA) heuristics from the
literature. Finally, for ten different engineering design problems, the AccOppCSCO algorithm was analyzed and
compared with the original SCO and other SOTA heuristics. The results show that AccOppCSCO is effective
for engineering design problems. This emphasizes that the algorithm can work effectively on a wide range
of problems and can be used in various applications. The source code of the AccOppCSCO algorithm for the
CEC2014 benchmark suite is publicly available at https://github.com/uguryuzgec/AccOppCSCO.

Single candidate
Engineering design
Benchmark

1. Introduction and Newton’s method are commonly used in machine learning and
engineering applications to optimize parameters and functions [4,5].
Optimization is a crucial concept that plays a significant role in Although derivative-based techniques are powerful tools for optimiza-

various real-world applications. It involves the process of making some- tion, they present several challenges and difficulties. A major chal-
thing as effective and functional as possible [1,2]. Whether in en-

gineering, finance, or technology, optimization is used to maximize
efficiency and performance. By minimizing costs in supply chain man-
agement to maximize profits in financial investment, the applications
of optimization are numerous and wide ranging. [3].

One category of optimization algorithms is based on derivative tech-
niques, which involve using the derivative of a function to determine
the minimum or maximum value. Algorithms such as gradient descent

lenge is the need for a differentiable function. In real-world scenarios,
many functions may not have easily computable derivatives, making it
difficult to apply derivative-based optimization techniques [6,7].
Another challenge is the issue of local minima, where the opti-
mization algorithm may obtain a suboptimal solution by not finding
the global minimum. Derivative-based techniques may converge to
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a local optimum instead of a global optimum, particularly in non-
convex functions. This can lead to suboptimal solutions and hinder
the effectiveness of the optimization process [8]. Furthermore, the
selection of the step size in the gradient descent and determination of
the appropriate damping factor in Newton’s method present additional
challenges. These parameters must be carefully chosen to ensure opti-
mal convergence and to avoid problems such as overshooting or slow
progress [9].

In the context of large-scale optimization, the computational com-
plexity of derivative-based techniques can become a significant obsta-
cle. For high-dimensional problems, the computational complexity of
derivative-based techniques can result in significant computational and
temporal costs, which in turn can affect the overall efficiency of the
optimization process [10]. Addressing these challenges in derivative-
based optimization techniques is critical for their successful application
in real-world scenarios. Researchers continue to explore and develop
methods to overcome these difficulties, advancing the field of optimiza-
tion and practical implementation. When addressing the challenges in
derivative-based optimization techniques, it is essential to consider the
connection with free derivative methods, such as heuristic algorithms.

Heuristic algorithms provide a powerful alternative to derivative-
based techniques by offering flexibility in handling non-differentiable
functions and navigating complex, non-convex optimization landscapes
[7,8]. Heuristic optimization algorithms, such as genetic, simulated
annealing, differential evolution, tabu search, and particle swarm opti-
mization algorithms, have emerged as promising alternatives to
derivative-based techniques. Heuristic algorithms can be classified into
two groups: single-solution-based and population-based heuristics. The
two groups differ in the number of candidates used to solve the
optimization problem [11].

In single-solution-based heuristics, the solution is iteratively devel-
oped for a single candidate starting from a random search point to
find the global solution. The most well-known examples are simulated
annealing [12] and tabu search [13]. Population-based algorithms use
a set of candidate solution individuals (population) to solve optimiza-
tion problems. Each individual in the population is a candidate that
represents a possible solution to the optimization problem. During
the process of finding the solution to the optimization problem, the
positions of individuals in the population are updated by different
mechanisms [14,15].

Population-based heuristics can be categorized into four classes
depending on their inspiration. Evolutionary, Physics-based, Human-
based and Swarm-based heuristics [16]. Evolutionary algorithms, such
as Genetic [17,18] and Differential Evolution [19,20] algorithms, are
inspired by the process of natural selection and evolution, using opera-
tors such as selection, crossover, and mutation to develop a population
over generations. Physics-based heuristics draw inspiration from physi-
cal laws and phenomena, thereby providing a framework for searching
for optimal solutions [21]. Examples of such heuristics include Central
Force Optimization [22], Gravitational Search [23], Intelligent Water
Drops [24], Big Bang Big Crunch [25], and Flood [26] algorithms. The
third group of population-based heuristics is based mainly on mecha-
nisms that mimic human behavior. The examples that come to mind
in this group are Teaching-Learning Based Optimization [27], Social
Cognitive Optimization [28], Socio-Evolution and Learning Optimiza-
tion [29], and Hiking Optimization [30] algorithms. The last group of
population-based heuristics, swarm-based heuristics, is inspired by the
collective behavior of natural swarms such as flocks of birds, schools of
fish, or ant colonies. The most well-known swarm-based heuristics are
Particle Swarm [31], Artificial Bee Colony [32,33], Ant Colony [34,35],
Gray Wolf [36], Firefly [37], Bat [38], Whale Optimization [39], Elec-
tric Eel Foraging Optimization [40], Hippopotamus Optimization [41],
and Polar Fox Optimization [42] algorithms.

Population-based heuristics are designed to balance exploration
(diversifying searches to discover new regions) with exploitation (in-
tensifying searches around known good solutions). This enables them
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to navigate complex solution spaces efficiently, thereby facilitating
their search for optimal solutions [43]. Population-based heuristics are
powerful tools for optimization problems; however, they have some
weaknesses. One challenge is that they rely on the population size,
which can result in time constraints, as larger populations require more
computation time. There is also the risk that, when making intensive
use of local areas of the search space, algorithms may not identify
potentially superior global optima owing to premature convergence or
getting stuck in non-optimal regions [44].

In recent years, new designs, improvements, and applications of
heuristic algorithms have been widely reported. However, the No Free
Lunch (NFL) theorem states that all optimization algorithms perform
equivalently on average when applied to all possible optimization tasks.
This theorem emphasizes that there is no general-purpose optimal
optimization algorithm [45]. Therefore, the NFL theorem encourages
research on the development of more efficient heuristic optimization
algorithms. This shows that the research on heuristics is interesting.

This study considers a Single Candidate Optimizer (SCO) that re-
duces the long running time costs of population based heuristics and
relies on a single candidate solution that is as good as their search
performance. The SCO algorithm stands out for its simple structure
and ability to reach successful solutions in a short time with a single
candidate in the search space for optimization problems [46]. However,
despite its speed and efficacy, the SCO algorithm has certain drawbacks
and limitations. As it searches for a single candidate solution, the
performance of this algorithm is highly sensitive to the location of
the initial solution, which can affect the quality of the final solution.
Additionally, the update mechanism employed in the exploration phase
can result in the position of the candidate solution rapidly approaching
zero, which may delay the convergence process when the optimal
solution is found at non-zero points.

To overcome these drawbacks and improve the search performance
of SCO algorithm, several innovations have been integrated. First, an
accelerated opposition learning mechanism is added to the original SCO
algorithm. Furthermore, a chaotic mutation operator was introduced
to replace the equation that calculates the candidate’s new position
when the number of failed improvement attempts is reached. In the
exploration phase, a new approach was applied to update the position
of the candidate solution. In the exploitation phase, a new equation is
added to update the candidate solution position. Finally, the boundary-
checking mechanism of the SCO algorithm is updated to be more
efficient. Owing to these innovations, the overall performance and
quality of the algorithm solution are significantly improved.

The algorithm introduced in this paper is called the Accelerated
Opposition Learning-based Chaotic Single Candidate Optimization (Ac-
cOppCSCO) algorithm. This term reflects the improvements made to
the original SCO algorithm, which incorporates accelerated opposition
learning and a chaotic mutation operator. The motivation for this study
is summarized as follows:

1. To achieve problem-solving success of population-based heuris-
tics with a single candidate in less time,

2. To eliminate the disadvantages of the single candidate optimizer
structure,

3. To improve the search performance of the SCO algorithm with
innovations such as opposition-based learning and the chaotic
mutation operator.

These three main motivations played a critical role in the develop-
ment of the proposed algorithm. First, the goal of achieving the success
of population-based methods with a single candidate in a shorter time
is necessary to speed up the optimization process by reducing high
computational costs. The motivation to eliminate the disadvantages of
single candidate optimization reduces the dependence of the algorithm
on the initial solution, resulting in a more stable and reliable search
process. Finally, the goal of improving the search performance of the
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SCO algorithm is achieved through mechanisms such as opposition-
based learning and chaotic mutation operators, which make it possible
to explore a wider solution space and avoid getting stuck in local min-
ima. The proposed improvements improved the overall performance of
the algorithm by making both the exploration and exploitation phases
more efficient, leading to more competitive results.

One of the key techniques in optimization is the Probability-directed
random search algorithm (PD-RSA) [47], which combines random
search techniques with an efficient routing mechanism to expedite
convergence to the global optimum. However, PD-RSA exhibits limita-
tions in its exploration process due to its random routing mechanism.
The proposed AccOppCSCO algorithm differs from PD-RSA in several
aspects. Firstly, PD-RSA emphasizes improving exploitation through
a triangular routing mechanism, whereas AccOppCSCO enhances ex-
ploration utilizing chaotic mutation mechanisms. Secondly, PD-RSA
dynamically updates routing parameters without adaptive components,
while AccOppCSCO employs chaotic mutation and opposition learning
for adaptive updates. Lastly, AccOppCSCO demonstrates superior per-
formance on high-dimensional problems due to its opposition learning
strategy and chaotic mutations, rendering it a viable alternative for
real-world optimization tasks. These distinctions elucidate the advan-
tages of AccOppCSCO over PD-RSA, substantiating its integration into
contemporary optimization frameworks.

The remainder of this paper is organized as follows: Section 2
presents the equations and operations of the original single-candidate
optimizer algorithm. Section 3 describes the AccOppCSCO algorithm,
which includes structures and procedures integrated into the original
SCO algorithm. Section 4 presents the results of the comparative anal-
ysis of the AccOppCSCO algorithm on different benchmark test suites
(CEC2014 and CEC2020) and real-world problems. Finally, Section 5
presents the conclusions of this study.

2. Single Candidate Optimizer (SCO)

The Single Candidate Optimizer (SCO), a novel approach, differs
from conventional search algorithms because it uses only a single candi-
date solution throughout the optimization process. Unlike population-
based algorithms that rely on multiple search agents, SCO focuses
solely on a single solution to improve optimization results. By dividing
the optimization process into two distinct phases, SCO incorporates
different strategies and mechanisms that facilitate exploration and
exploitation capabilities. This unique blend of the single candidate
method and two-phase strategy enables SCO to take advantage of
the advantages of each approach, resulting in a robust and adaptive
optimization algorithm [46]. In the first phase of SCO, the candidate
solution position is updated according to the following equation:

L[ SG)+w®dISG)if r; <05
xor= {S(j) — w(t)|S(j)|, otherwise @
' b
w(t) = e_<1y:7j) @

where, S(j) stands for the best candidate solution at the end of each
iteration, X(j) is the updated value of S(j), w(¢) is the iteration-
dependent weighting factor, r| is a random number in the interval
[0,1], r represents the iteration, ,,, is the maximum number of itera-
tions, b is a constant that is used as 2.4 in the algorithm. To move to
the first phase, an a parameter equal to one-third of the total number
of iterations in the algorithm was used. Until the number of iterations
reaches a, SCO attempts to find the best solution in the search space in
the exploration phase.

In the second stage of the SCO algorithm, a counter was used, unlike
in the first stage. This counter increases in each iteration when there
is no improvement in the cost value of the updated candidate solution.
When the counter value reaches the number of unsuccessful attempts
to improve the candidate solution (m=5), the counter is reset and the
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following mechanism updates the position of the candidate solution.

L[ SG)+ raluy() = 1,(D]if ry < 0.5
Xor= {S(/) = ry[uy(j) = 1,()], otherwise 3

Here, u,(j) and /,(j) are the boundary values (upper and lower), r,,
r3, and r, are the numbers produced by the random number generator.
If, in this phase, the counter value is less than the threshold value (m),
SCO calculates the position of the candidate solution according to the
updated equations given in the following equation:
X(j) = {S(j) + w(®reluy(j) — 1,(H1if r5 < 0.5

K 4
S() = w(tyrgluy(j) — 1,()], otherwise @

where rs, and r¢ denote random numbers in the range 0-1. At the end of
the update, there is a possibility that the candidate solution is outside
the bounds of the problem dimensions. In this case, at the end of each
iteration, the position of the updated candidate is checked to be outside
the boundaries of the search space. If the candidate solution is out of
bounds, the updated candidate solution is considered the best candidate
solution. The equations for this standard checking mechanism are as
follows.

oSG x() > uy()
Xur= {sm, if x() < 1,)) ®

The pseudocode of the SCO algorithm is presented in Algorithm 1.

3. Accelerated opposition learning based chaotic single candidate
optimizer (AccOppCSCO)

Although the SCO algorithm is fast and successful, it has several lim-
itations. Because SCO searches for a single candidate, its performance
is sensitive to the position of the initial candidate solution, which may
affect the quality of the final solution. Another disadvantage is that
SCO’s update mechanism in the exploration phase (presented in Eq. (1))
can cause the position of the candidate solution to rapidly converge
to zero. This can potentially delay convergence when the optimal
solution lies at non-zero solution points. To address these limitations
and enhance the search performance of the SCO algorithm, I integrated
the following operations into the SCO:

1. An accelerated opposition-based learning mechanism is inte-
grated into the algorithm structure to improve the search per-
formance of the original SCO algorithm.

2. A chaotic mutation operator was placed in the original SCO
instead of Eq. (3), which calculates the new position of the can-
didate when the number of unsuccessful improvement attempts
has been reached.

3. During the exploration phase, a new approach was implemented
to update the candidate solution position.

4. A new update equation is added to the mechanism used to
update the candidate solution position during the exploitation
phase.

5. The SCO algorithm’s boundary-checking mechanism was up-
dated to be more effective.

The new algorithm proposed in this paper is called the Accelerated
Opposition Learning-based Chaotic Single Candidate Optimization (Ac-
cOppCSCO) algorithm because the improvements in the original SCO
algorithm are based on accelerated opposition learning and a mutation
operator based on chaotic functions. Opposition-Based Learning (OBL)
integrates the concept of opposition into optimization techniques,
where solutions are assessed based not only on their original values
but also on their opposites. Including opposing solutions introduces
further diversity and enhances the exploration within the search space,
potentially resulting in enhanced optimization results [48]. Dinkar and
Deep [49] proposed enhancing the OBL strategy using an acceleration
coefficient (e,.) to expedite the convergence rate of the optimization
process.
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Algorithm 1 Pseudocode of Single Candidate Optimizer (SCO)

—_

: Initialize: 1,, uy, dim, f., Max_iter, m ,a, b

: FitImp < 0 > FitImp=0 indicates no fitness improvement
: fori=1to dim do
S(i) < Ib(i) + rand X (ub(i) — 1b(i)) > Global best Position
end for
: BF « f.(S) > BF denotes the best fitness

: Count < 0 > Counter to count unsuccessful fitness improvements
for t = 1 to Max_iter do

w(t) < exp <_ < Ma[zirer )b>

10: if 1 > a and FitImp = 0 then

O P NP AWy

11: Count < 1+ Count > Counting the number of unsuccessful
fitness improvements
12: end if

13: K < rand
14: for j =1 to dim do

15: if < a then

16: if rand < 0.5 then

17: X() < SG) +w() x |SG)I

18: else

19: X() < SG) —w®) x |SG)I

20: end if

21: else

22: if Count = m then

23: Count < 0 > Reset counter
24: if rand < 0.5 then

25: X(j) < S@) +rand X (uy(j) = 1,())

26: else

27: X(j) < S@) —rand X (uy(j) = 1,(j))
28: end if

29: else

30: if rand < 0.5 then

31: X)) < SU) + w@) X K X (up(j) = 1,(j))
32: else

33 X)) < SU) —w@) X K X (up(j) = 1,(j))
34: end if

35: end if

36: end if

37: if x(j) > u,(j) then

38: X() < SO)

39: end if

40: if x(j) < 1,(j) then

41: X() < S@)

42: end if

43: end for
44:  if f.(X) < BF then

45: BF « f.(X), S « X, FitImp « 1
46: else

47: FitImp < 0

48: end if

49: ghest < S

50: end for

The opposition-based learning mechanism operates in two main
phases: at the beginning and end of each iteration during optimization.
During the opposition-based initialization phase, the current candi-
date generates its opposite counterpart. This approach produces an
individual that is considered more favorable than that obtained via
random initialization. By integrating the opposition-based method, this
initialization step improves the suitability of the selected individual
for the subsequent optimization processes. The procedure is outlined
below.

S=@,+1,)-S 6)
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where S denotes the initial candidate’s position and § represents the
opposite position of the initial candidate. After each optimization itera-
tion, a candidate was selected using a predetermined jump probability.
This candidate is then opposed, and the superior candidates for the next
iteration are chosen by combining the current and opposing candidates.
The opposition-based generation jump is executed only if the jump rate
(J,) is compared with a random number (r) within the range [0,1], as
shown in the following expression:

X=@+1l)-X,ifr<J, )

where X denotes the updated candidate’s position and X represents
the opposite position of the updated candidate. While the OBL strategy
expedites convergence in the optimization process, the resulting oppo-
site candidate might display unexpected exploratory tendencies. While
increased exploration may be advantageous in the early stages of gener-
ation, the algorithm should gradually move towards exploitation as the
number of generations increases. Therefore, I introduced a secondary
strategy to make the OBL adaptive by incorporating an acceleration
coefficient (e,.) to balance exploration and exploitation. The speedup
coefficient e,. approximates this balance and adaptively reduces as the
number of iterations increases [49]. The calculation of this parameter
(e,4.) can be formulated as follows:

_ t(euc,mux —e
ac,max t

e =e ac,min) (8)

max

where e, ., is the maximum value (1), and e, ,,;, is the minimum
value (107°). As can be seen from this equation, e, decreases from
1 to 10~ depending on iteration during the optimization process. The
new version of the opposition-based update mechanism given in Eq. (7)
is as follows according to the coefficient e,:

X:eac-(r1~ub+r2~lb)—X 9
where r; and r, are random numbers in [0-1]. Second, a chaotic-based
mutation operator was integrated into the SCO algorithm. The mutation
operator replaces the update mechanism in Eq. (3) in the original al-
gorithm. The mutation operator is based on three fundamental chaotic
functions: Cauchy, Gaussian, and Levy functions. The pseudocode for
the mutation operator is shown in Algorithm 2. The mutation operator
utilizes only one of the three chaotic mutation operators, depending
on the random number used in the pseudocode. The objective is to
incorporate the power of three different chaotic functions into the
mutation operator. Cauchy-based mutation, introduced by Yao et al.
[50], addresses issues related to premature convergence and stagnation
in local optima that commonly affect various optimization algorithms.
The Cauchy-based mutation procedure is as follows:

X() = S(j)(l +tan (;r(r— %))) (10)

Algorithm 2 Pseudocode of mutation operator used in AccOppCSCO

for j =1 to dim do
r; < rand()
if r;, > 0.7 then
X (j) « Cauchy(S(j)
else if r;, > 0.3 and r; < 0.7 then
X(j) < Gauss(S(j))
else
X(j) < Lévy(S())
end if
end for

> Cauchy Mutation
> Gauss Mutation

> Lévy Mutation

where r denotes a uniformly distributed random number. The use
of a Gaussian distribution in classical evolutionary algorithms was
first investigated by [50] to improve the efficiency of evolutionary
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Fig. 1. The numbers generated by chaotic-based mutation operators.

processes. The standard Gaussian mutation process updates the pop-
ulation using the difference between two randomly selected solutions
to update the search agent position. However, because the original SCO
algorithm is based on a single candidate solution, normally distributed
random numbers (randns) are used instead of these two solutions in the
Gaussian mutation operation. The formula for updating the position of
the candidate solution using a Gaussian mutation is as follows:

X () = S()(1 +randn(1)) 11

Finally, in the mutation operator, the position of the candidate
solution is updated according to the Lévy function based on the Lévy
flight mechanism as follows:

X(MH=8S(MHA+L) 12
_ u

=7 (13)
u~N(©O,62), v~N(Q©0? a4

1

7

I+ p)ysin (2

Gu:# . o, =1 15)

ERES

Here, u and v are the normally distributed variables. In this equa-
tion, f is a constant that is equal to 3/2. Fig. 1 shows the numbers
generated by the chaotic functions used by the mutation operator.

While generating these numbers, the same initial values in the
range [-10 10] were given for these functions. The difference in
the numbers generated for the same initial values shows that using
chaotic functions in the mutation operator increases the diversity. This
study also discusses the update equations used in the exploration and
exploitation phases of the SCO algorithm. The position update equation
of the candidate solution used in the original SCO code during the
exploration phase is, presented in Eq. (1), consists of two options and
varies depending on the parameter w(t) (presented in Eq. (2)). Fig. 2
plots w(t) for 3000 maximum iterations and a constant b of 2.4. The w
curve is a decreasing function from one to zero.

Referring back to Eq. (2), during the initial stages of the optimiza-
tion process, the first of the two update equations S(j) + w(®)|S()|
causes the candidate solution to be 25(j) and the second option S(j)—
w(1)|.S(j)| causes the candidate solution to be 0. Notably 2S5(j) may
represent a different solution or exceed the boundary value. The can-
didate solution being at zero position presents two possibilities. If the
solution point of the optimization problem being considered is at zero,
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Fig. 2. w(t) curve using Eq. (2) for 1, = 3000 and b =24.

i.e. at the center, the original SCO will converge very quickly. On the

other hand, if the solution point is not at zero, the SCO is likely to get

stuck at a fixed location during the exploration phase. To illustrate this

shortcoming, consider the following two basic minimization problems.
minfi(x) = x3 +x3  minfi(x) = (x; = 25)% + (x, — 25)° a6
X1, %, € [~100, 100]

Here, the solution of the f| function is at the (0,0) point, and f |
function is at (25,25) point. Fig. 3 shows the three-dimensional graphs
of both functions and the convergence graphs obtained by the original
SCO algorithm after 3000 iterations.

Looking at the convergence curve obtained for the function f;,
it can be seen that the SCO algorithm converges very quickly to
the solution point of the problem. However, for function f, whose
solution point is not at the origin, it is clear that the SCO algorithm
becomes stuck in the exploration phase and reaches the solution in the
second phase. This is because of the update equations used by the SCO
algorithm during the exploration phase. To overcome this shortcoming,
the following equations were added to the existing equations:

, SG) + w(t) - SinQxry) - 1SG)|,if r; < 0.5
X0)= {S(j) + w() - COS(ZIl'rz) A4S othlerwise an

In this new equation, r;, r,, and r; are random numbers. In the
updated equation, sinusoidal functions were utilized to overcome the
handicap of the SCO in the exploration phase. By adding a new ap-
proach to the mechanism used to update the position of the candidate
solution in the exploration phase, the AccOppCSCO algorithm be-
comes more effective for problems with solutions other than the origin.
The pseudocode for the new update mechanism of the AccOppCSCO
algorithm in the exploration stage is presented in Algorithm 3.

If f, is reconsidered to demonstrate the effect of the new update
mechanism, Fig. 4 shows the convergence curves of the SCO and
AccOppCSCO algorithms for this function. In particular, during the
exploration phase, when this mechanism is active, it is clear that the
algorithm does not get stuck at a fixed value with the effect of the new
update mechanism and achieves convergence in this phase.

Similarly, the innovative thinking proposed in the exploration phase
was also considered for the candidate solution position update mecha-
nism in the exploitation phase.

X() = { SG) + w@yrsluy(G) — 1,()] - SinQrrg),if ry < 0.5

S3) + wyrslu,(j) — 1,(j)] - Cos(2zr,), otherwise as)
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Fig. 3. 3D and convergence graphs of both functions.
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Fig. 4. Convergence analysis of SCO and AccOppCSCO algorithms for f, function.

Here, random numbers are represented by ry, rs, rg, and r;. Finally,
instead of the boundary value control mechanism in the original SCO
algorithm, a more effective mechanism was taken from the litera-
ture and integrated into the algorithm. Existing checking mechanism
(Eq. (5)) reverted to the previous candidate’s solution if the boundary
values exceeded after updating the candidate’s position. This mech-
anism makes it difficult for the algorithm to converge in the search
spaces of problems with solutions close to the boundary during the
exploration phase. Therefore, the following mechanism was integrated

into SCO by Nadimi-Shahraki et al. [51]:
[ 5 SO+ xG) > up()
X(@j) =

3+ (SG) + LG, f X() < 1,(j)
The pseudocode of the AccOppCSCO algorithm is presented in
Algorithm 4.
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4. Results and discussion

This section presents analyses and results of the proposed AccOp-
pCSCO algorithm. First, a comparative analysis of the AccOppCSCO
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Algorithm 3 Pseudocode of new update mechanism used in AccOppC-
SCO
for j =1 to dim do
if t < a then
if rand < 0.5 then
if rand < 0.5 then
X(j) < S() +w@)x|S()| > Update mechanism from
original SCO
else
X() < SO —w®) X [SH)I
end if
else
if rand < 0.5 then
X(j) < S@) + w(t) x Sin(2zrand) x |.S()|
update mechanism
else
X(j) < S@) + w(t) X Cos(2zrand) X |S(j)|
end if
end if
end if
end for

> New

algorithm with the original SCO algorithm is performed, and the advan-
tages and superiority of the new structures proposed in AccOppCSCO
are shown. Then, the performance of the AccOppCSCO algorithm was
evaluated for the benchmark problems of the IEEE Congress on Evo-
lutionary Computation (CEC)2014, which are widely known in the
literature. The CEC2014 test suite comprises 30 single-objective min-
imization benchmark problems [52]. These problems are divided into
four categories: unimodal, simple multimodal, hybrid, and composi-
tional functions. Each category in the CEC2014 test suite presents
unique challenges and characteristics. Liang et al. [52] provided a
comprehensive description of the CEC2014 test suite in their report.

To provide a more comprehensive evaluation, the proposed Ac-
cOppCSCO and the original SCO are evaluated based not only on the
CEC2014 benchmarks but also on ten minimization problems taken
from the CEC2020 benchmark problems. This benchmark represents
one of the most recent sets of test problems in the rapidly evolving field
of numerical optimization [53]. A comparison of these two algorithms
on the CEC2020 benchmark package allows for a more updated and
relevant assessment of their performance.

In this study, several statistical metrics were used to evaluate the
performance of optimization algorithms. The best metric refers to the
optimal objective function value obtained from multiple runs, while the
worst metric represents the least optimal solution. The mean metric
provides an average performance measure for all runs and the me-
dian metric helps mitigate the impact of extreme values. In addition,
the standard deviation (SD) metric indicates the consistency of the
algorithm, with lower values indicating higher stability. These metrics
allow for a thorough comparison between AccOppCSCO and SCO across
different benchmark problems.

To closely examine the performance of both algorithms, the com-
putational complexity was presented for the F1 function from the
CEC2020 benchmarks. Finally, the proposed AccOppCSCO algorithm
was tested using real-world engineering design problems. Ten different
optimization problems, taken from the existing literature, were used
for the testing. The results were compared to those produced by the
original SCO and other popular heuristic algorithms.

4.1. Analysis of the AccOppCSCO algorithm
In this section, I compare the search capability of the proposed

AccOppCSCO with that of the original SCO. The comparison was based
on four aspects: (1) convergence analysis, (2) search history analysis,

Algorithm 4 Pseudocode of AccOppCSCO Algorithm

1: Define the values of 1,, u,, dim, f., Max_iter, m ,a, b

2: FitImp < 0, Count < 0

3: Initialize the candidate solution (S;) and calculate its cost value
Sfe(S) R

4: Find opposite (S;) of candidate solution by opposition-based
learning and calculate its cost value £,(S))

5: Select the fittest solution from S; and S as the initial candidate
solution (S) and BF « f,.(S)

6: for t =1 to Max_iter do
7: Calculate w(r)
8: if < a then
9: if rand < 0.5 then
10: Update the position of the candidate (X) according to
Eq. (1) > From the original SCO
11: else
12: Update the position of the candidate (X) according to
Eq. (17) > Improved update equation
13: end if
14: else
15: if FitImp = 0 then
16: Count < 1+ Count
17: end if
18: if Count = m then
19: Count < 0
20: ry < rand
21: if r;, > 0.7 then
22: Update the candidate’s position (X) by Cauchy
Mutation
23: else if r;, > 0.3 and r; < 0.7 then
24: Update the candidate’s position (X) by Gauss Muta-
tion
25: else
26: Update the candidate’s position (X) by Lévy Mutation
27: end if
28: else
29: if rand < 0.5 then
30: Update the position of the candidate (X) according to
Eq. (4) > From the original SCO
31: else
32: Update the position of the candidate (X) according to
Eq. (18) > Improved update equation
33: end if
34: end if
35: end if
36: Boundary control mechanism for the updated candidate
37: if rand < J, then > J, represents the jumping rate
38: Calculate the opposite candidate (X) using accelerating
opposition learning
39; if £,(X) < f.(X) then
40: X <X
41: end if
42: end if
43: if f,(X) < BF then
44: BF « f.(X), S < X, Fitimp «< 1
45: else
46: FitImp < 0
47: end if
48: ghest « S
49: end for

(3) trajectory analysis, and (4) computational complexity analysis.

These analyses aimed to contrast the search behaviors exhibited by
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Fig. 5. Benchmark functions selected from CEC2014 test suite for analysis of the AccOppCSCO algorithm.

the proposed AccOppCSCO and the original SCO while attempting
to locate the global optimum within the search space. Convergence
analysis provides insight into the evolution of the fitness value of
the best candidate solution obtained during the optimization. Search
history analysis examines the path followed by the candidate solutions
through the search space. Trajectory analysis focuses on the position of
the elite candidate solution and determines the path that it follows to
reach the global solution point in the search space. Computational com-
plexity analysis determines the running time of an algorithm, which
is expressed using the notation O(.). For the AccOppCSCO analysis,
four benchmark functions from the CEC2014 test suite were chosen.
These functions included the Rotated Bent Cigar function (F,), Shifted
Rastrigin’s function (Fy), Shifted and Rotated HappyCat function (F,3),
and Composition Function 3 (N = 3) (F,5). Three-dimensional and
contour plots of the benchmark functions selected for the evaluation
of AccOppCSCO are shown in Fig. 5.

4.1.1. Convergence analysis

Convergence analysis is a vital technique for evaluating the ef-
fectiveness of an optimization algorithm. It assesses the closeness of
the optimized objective function to the solution value. This technique
allows for monitoring the progression of the algorithm towards the
problem solution by recording the fitness values of the best solution
obtained during optimization. The convergence analysis results provide
information on how far and how close the algorithm is to the optimal
value of the objective function. This analysis is critical for evaluating
and enhancing the performance of the algorithms.

Convergence analyzes of the proposed AccOppCSCO and original
SCO algorithms were performed for four benchmarks obtained from
the CEC2014 test problems. In these benchmark problems, the problem
dimension is two, and both algorithms are initialized with the same
initial candidate solution. In Fig. 6, the convergence curves obtained by
both algorithms for the four benchmark functions on a logarithmic scale
are shown. The convergence curves of the proposed AccOppCSCO show
that it has a better convergence ability than the original SCO algorithm
for all selected benchmarks.

For the F;, F;3;, and F,; benchmarks, the original SCO algorithm
was stuck at a fixed solution point during the exploration phase and
exhibited constant flat convergence. For F; the benchmark function,
the original SCO appears to be stuck at the local minima in the second
phase. The successful convergence curves of the proposed AccOppCSCO
algorithm were due to the integration of the innovative techniques

presented in this work. These include the accelerated opposition-based
mechanism, chaotic-based mutation operator, and developed candidate
solution update equations, which were incorporated into the original
algorithm.

4.1.2. Search history analysis

Search history analysis shows the solutions discovered by the op-
timization algorithm at each step within the search space. This anal-
ysis aids in understanding how the algorithm explores the problem,
where it focuses, and how it advances. Fig. 7 illustrates the solution
points obtained by the SCO and AccOppCSCO algorithms during the
optimization process.

Search history analyzes were performed for both algorithms, with
consideration given to the same initial positions. The updated positions
of the candidate solutions are displayed in different colors on the
contour surfaces of the selected benchmarks. The proposed AccOp-
pCSCO algorithm demonstrates a high search capability owing to the
movement of candidate solutions in the most promising regions of the
search space.

4.1.3. Trajectory analysis

This analysis focused on the algorithm’s best solution, known as the
elite solution, and examined the elite’s behavior in the search space. In
this analysis, in each benchmark problem, the initial positions of the
candidate solutions of both algorithms were the same. Fig. 8 shows the
evolution of the elite candidate solution during the optimization in the
search space. Here, blue indicates SCO, and red indicates AccOppCSCO.
For benchmark F, with a flat search surface, the analysis showed
that the original SCO elite solution followed a longer trajectory than
AccOppCSCO.

However, of the two different solution points resulting from the
optimization, the AccOppCSCO solution is closer to the solution of the
problem. Although AccOppCSCO and SCO started the solution from the
same position, the AccOppCSCO algorithm achieved a better solution
with a shorter path. The curves in the convergence analysis show that
the proposed AccOppCSCO converges rapidly to the solution point at
the beginning of the optimization. The trajectory analysis of benchmark
Fy, which has many local minima, clearly shows that AccOppCSCO
reaches the final solution point with a shorter path than that of SCO.
The algorithms arrive at two different solution points close to each
other when solving the optimization problem. However, the cost value
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Fig. 6. Convergence analysis of SCO and AccOppCSCO algorithms.

of the AccOppCSCO solution point was better than that of SCO. This
indicates that the SCO algorithm is trapped at a local minimum point
for this benchmark function and cannot escape.

The analysis results obtained for the F;; problem show that both
algorithms reach almost the same final solution from the same starting
point. The analysis results for the final benchmark (F,5) indicate that
AccOppCSCO and SCO do not have the same starting point. This is
because AccOppCSCO uses an opposition-learning-based initialization,
which provides a better initial solution point for optimization. Although
the final solution points obtained appear to be close to each other,
the fitness value of the final elite solution point of AccOppCSCO was
more successful than that of SCO. As shown in the figure, AccOppCSCO
reached a greater number of solution points during the exploitation
phase.

In Fig. 9, the changes in the positions of the elite candidate solution
for both axes during optimization are shown. The variables x; and x,
represent the positions of the candidate solutions. The positions of the
final elite solutions of AccOppCSCO and the original SCO algorithms
differed for the other three benchmark functions, except for benchmark
function F3;. In the benchmark function (F,), the positions of the
algorithm solutions differ significantly. The elite candidate identified
by the proposed AccOppCSCO is generally more stable and reaches the
final solution point faster.

4.1.4. Computational complexity analysis

The computational complexity estimates the difficulty of solving a
problem computationally. However, it does not provide information on
the computation time required to solve a specific problem or instance,
as this depends on other factors, such as hardware and software. There-
fore, the complexity is an estimate of the number of computational

operations required. The computational complexity of the AccOppCSCO
algorithm is as follows.

1. Because it is not population-based and searches with a single
candidate, the computational complexity of initially randomiz-
ing the locations of candidate solutions is given by O(d). Here,
d denotes the problem size.

. The fitness values are calculated for the initial position of the
candidate solution, and the complexity of this process is also
o(d).

. The complexity of finding the opposite candidate position and
its fitness value is O(2d).

. In the main loop of the algorithm, the computational complexity
is O(g 2d+4)+ %((d +2)(m—1)+(3d +2))+ T(4d + 7)) for the
procedures of updating the candidate solution location, chaotic-
based mutation, boundary checking, and accelerated opposition
learning-based candidate location generation. Here, T denotes
the maximum iteration and m is the number of unsuccessful
attempts.

Consequently, the computational complexity of the AccOppCSCO
algorithm is O(4d) + O(% (2d + 4)+%((d+2)(m—1)+(3d+2))+T(4d+7)).
Therefore, the computational complexity of AccOppCSCO is O(T x d),
which is almost identical to that of the original SCO algorithm.

4.2. Performance results for CEC2014 test suite
In this subsection, the results for 30 different minimization bench-

mark problems, known as CEC2014, are presented. The statistical
results of the original SCO and AccOppCSCO for different problem
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Fig. 7. Search history analysis of SCO and AccOppCSCO algorithms. @ denotes the candidate’s position for AccOppCSCO, M denotes the candidate’s position for SCO, . denotes

the best solution for AccOppCSCO, and B denotes the best solution for SCO.

sizes (10, 30, 50, and 100) with 51 runs are presented first. Table 1
summarizes the results of the CEC2014 benchmarks for 10D.

This table contains the best, worst, median, mean, and standard
deviation of the repeated results. The AccOppCSCO algorithm achieved
a 70% higher success rate for the best metric values, 60% higher success
rate for the worst metric values, 70% higher for the median, 66.67%
higher success rate for the mean and 53.33% higher success rate for the
standard deviation in 30 benchmark problems over 51 runs compared
to the original SCO.

Table 2 presents the statistical results of the 30D CEC2014 bench-
marks for both the algorithms. AccOppCSCO outperformed SCO in
24 out of 30 benchmark problems, achieving superior results in the
worst-case, mean, and median evaluations.

In Table 3, the statistical results of the AccOppCSCO and SCO algo-
rithms are presented for the 50D CEC2014 benchmark problems. Upon
analysis of the results, it was found that AccOppCSCO outperformed
SCO in 26 out of 30 problems according to the best metric, 21 out of
30 problems according to the worst and median metrics, and 17 out
of 30 problems according to the mean and standard deviation metrics.
These results demonstrate that AccOppCSCO generally performs more
effectively than SCO on 50-dimensional CEC2014 problems.

Table 4 summarizes the results of the 100D CEC2014 benchmarks
obtained by both algorithms over 51 runs. The success rate of Ac-
cOppCSCO was 70% based on the best performance criterion. In the
worst performance measure, the difference was even more pronounced,
with AccOppCSCO achieving a success rate of 73.33%. The median
performance measure indicated that AccOppCSCO achieved a success
rate of 66.67%. Based on the mean performance measure, AccOppCSCO
outperformed SCO with a success rate of 56.67%. In terms of the

10

standard deviation, AccOppCSCO achieved a success rate of 73.33%.
These results indicate that AccOppCSCO is generally a more effective
solution than SCO for the 100-dimensional CEC2014 problems.

The results of the SCO and AccOppCSCO algorithms for 30 different
CEC2014 benchmark test suites with different problem sizes are sum-
marized in Table 5. Here, the number of more successful benchmark
functions of the two algorithms is presented for each dimension and
for each statistical metric value. The bottom row of the table shows the
sum of the number of benchmark functions for which the algorithms
were better for each metric. This summary table clearly shows that
the proposed AccOppCSCO algorithm outperforms the original SCO
algorithm on different dimensional benchmarks.

Finally, the AccOppCSCO algorithm was compared statistically with
various state-of-the-art heuristic algorithms for the 30D CEC2014
benchmarks. The heuristic algorithms used in the comparison works
are the Ageist Spider Monkey Optimizer (ASMO) [54], Chaotic Cuckoo
Search optimizer (CCS) [55], Coyote Optimization Algorithm (COA)
[56], Dragonfly Algorithm (DA) [57], Elephant Herding Optimizer
(EHO) [58], Human Felicity Algorithm (HFA) [59], Moth-Flame Op-
timizer (MFO) [60], Particle Swarm Optimizer (PSO) [31], Red Fox
Optimizer (RFO) [61],Sine Cosine Algorithm (SCA) [62], Variable
Neighborhood Bat Algorithm (VNBA) [63], and Whale Optimization
Algorithm (WOA) [39]. The parameters of the heuristics are listed in
Table 6.

The comparison results for the 30-dimensional CEC2014 bench-
marks are presented in the two tables. Table 7 shows the results of
the first group of heuristics (ASMO, CCS, COA, DA, EHO, EHO, and
HFA) and the proposed AccOppCSCO algorithm in terms of the mean
metric. The ranking results between AccOppCSCO and the first group



U. Yuzgec

Knowledge-Based Systems 314 (2025) 113169

100 F
NS ,:>OJ O
) PN \ <
80 N
(O o O
% S C )O\/\/ o
60 /\; - \Q
) ) (@]
40F O
D~ > o
o e
- ~— -
) C
=< <0 O
20 C </\:
40F (O O
60 3 b
80 F o O O D 7 O C i
100 . P : . . . . 100 . ; . . . . . . .
100 -80 60 -40 -20 O 20 40 60 80 100 100 80 60 40 -20 O 20 40 60 80 100
X4 1
(a) F,
100 : : . : ; : . : : 100 ,
80 - P 1 80 -
60 e - S — B 60 F
/ _— T~ N
il e NN T
20 + \ \ 1 20 +
/ \
XN 0 I “/ \“J 7 XN 0 r
\ \ \ | |
20 \ / & 20
\ /
a0 f \ / . a0l /
AN AN : e /,/
-60 [ N\ S~ - S g -60 [ /
80 F T~ - ] T -80 ¢ /
PN e 100 L
100 -80 60 -40 -20 O 20 40 60 80 100 100 -80
X1 X1
(©) Fi3 (d) Fs

Fig. 8. Elite candidate’s trajectory analysis for SCO (blue line) and AccOppCSCO (red line) algorithms. @ denotes the elite’s initial position for AccOppCSCO, M denotes the elite’s
initial position for SCO. 4 denotes the elite’s final position for AccOppCSCO, and @ denotes the elite’s final position for SCO.

are provided in the table at the end of each benchmark. The second
row from the bottom presents the average ranking results obtained
after 30 benchmarks, titled ‘Average rank’. The overall ranking is given
in the bottom row based on these averages. According to the overall
ranking results, AccOppCSCO ranked first among the 30-dimensional
CEC2014 benchmarks. Table 8 presents the mean metric results of the
AccOppCSCO algorithm using the second group of heuristics (MFO,
PSO, RFO, SCA, VNBA, and WOA) for the 30-dimensional CEC2014
problems. In the analysis of ranking results, the AccOppCSCO algorithm
achieved the highest average ranking score of 2.07.

To further demonstrate the superiority of AccOppCSCO, I empha-
sized its performance on Function F24 from the CEC2014 benchmark
suite. This function poses significant challenges owing to its highly mul-
timodal nature, non-separability, and varying characteristics around
numerous local optima. These properties make it particularly difficult
for traditional optimization algorithms to effectively navigate large
and complex search space. However, the benchmark results revealed
that AccOppCSCO achieved the highest performance ranking, signif-
icantly surpassing the alternative heuristic methods. This shows that
AccOppCSCO is particularly capable of handling optimization problems
characterized by complex surfaces and variable difficulty levels. These
findings confirm the robustness of the proposed enhancements and
their valuable contribution to the field of numerical optimization.

4.3. Performance results for CEC2020 test suite
In this subsection, the proposed AccOppCSCO and original SCO

algorithms are evaluated using the CEC2020 benchmark suite, one of
the most recently introduced test suites in the field of optimization.

11

This benchmark suite consists of 10 extremely difficult minimization
problems. One of these problems is a unimodal function; three are
multimodal functions, three are hybrid functions and three are com-
posite functions [53]. The ten benchmarks here were solved 30 times
by both algorithms for different problem sizes (D = 5, 10, 15, and 20).
The search space is the same for all benchmarks and is between —100
and 100. The stopping criterion of the algorithms was chosen to reach
the maximum number of function evaluations (5e4 for all dimensions).
Again, problems F6 and F7 were excluded from the results obtained for
the 5-dimensional benchmarks.

In Table 9, the statistical results of AccOppCSCO and the original
SCO algorithms are summarized for the CEC2020 benchmarks with 5D,
10D, 15D, and 20D. The table lists the best, worst, median, mean, and
standard deviation values of each algorithm for each problem. When
the 5D results were examined, the AccOppCSCO algorithm performed
better than the SCO algorithm.

AccOppCSCO achieved more successful results than SCO: with
62.50% for the best results, 87.50% for the worst results, 50.00%
for the median, 62.50% for the mean, and 75.00% for the standard
deviation. In the 10D benchmark results, AccOppCSCO outperformed
SCO in 7 out of 10 functions for the best metric, 8 out of 10 functions for
the worst, median, standard deviation metric, and 9 out of 10 functions
for the mean metric.

The results obtained for the 15D benchmarks show that, among the
10 benchmark problems, AccOppCSCO outperforms SCO by 60.00%
for the best metric, 80.00% for the worst, 60.00% for the median,
100.00% for the mean and 70.00% for the standard deviation. In the
20D benchmarks, AccOppCSCO consistently outperformed SCO in the
best, mean, and median metrics, demonstrating higher stability and
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Fig. 9. Elite candidate’s first position history for SCO and AccOppCSCO algorithms.

Table 1

Results of SCO and AccOppCSCO algorithms for 10D CEC2014 Benchmark.
No SCO AccOppCSCO

Best Worst Median Mean Std Best Worst Median Mean Std

1 1.44E + 5 1.19E + 7 1.80E + 6 2.41E + 6 2.30E + 6 2.70E + 5 7.49E + 6 1.73E + 6 2.31E + 6 1.68E + 6
2 627.72 12917 2964.70 3990.70 2883.50 452.83 11873 2172.10 3138.40 2582.90
3 8032.90 6.59E + 4 1.79E + 4 2.07E + 4 9333.10 4127.10 1.77E + 4 1.24E + 4 1.16E + 4 3410.10
4 0.12 69.39 34.85 29.21 18.56 0.11 66.01 34.83 27.73 14.89
5 20 20.03 20.01 20.01 0.01 20 20.48 20.01 20.02 0.07
6 0.97 10.45 6.12 5.87 1.89 1.60 9.36 5.81 5.47 1.90
7 0.06 0.46 0.16 0.19 0.10 0.02 0.73 0.16 0.18 0.12
8 1.99 14.93 5.97 6.66 2.68 6.97 60.69 17.91 19.61 9.49
9 8.96 68.65 32.84 35.10 13.76 15.92 54.72 39.80 38.67 11.07
10 161.23 1269.80 796.14 804.29 274.62 255.72 1388.20 918.42 900.30 270.48
11 370.85 1995 1069.20 1037.70 339.76 133.57 1569.20 972.14 922.91 312.02
12 0.06 1.09 0.41 0.47 0.25 0.04 1.02 0.37 0.41 0.23
13 0.17 1.10 0.45 0.45 0.19 0.18 0.72 0.39 0.43 0.15
14 0.13 1.10 0.29 0.35 0.21 0.07 1.29 0.36 0.48 0.31
15 0.64 4.99 2.53 2.50 0.96 0.54 5.37 2.23 2.39 1.05
16 2.57 3.99 3.46 3.41 0.31 2.43 3.81 3.41 3.34 0.29
17 1.31E + 5 2.17E + 6 4.49E + 5 5.07E + 5 3.07E + 5 1.93E + 3 3.11E + 5 5.20E + 4 7.90E + 4 8.14E + 4
18 2380.60 1.83E + 4 6727.60 8191.30 3551.30 153.27 2.87E + 4 1.29E + 4 1.12E + 4 4533.50
19 2.74 10.03 5.33 5.35 1.55 1.85 7.32 3.55 3.87 1.33
20 85.87 8.21E + 4 7438.70 1.11E + 4 1.29E + 4 445,98 2.62E + 4 8153.40 8134.40 5361.90
21 922.32 5.57E + 5 1.07E + 4 2.81E + 4 8.03E + 4 225.38 2.79E + 4 5302.40 6551.30 5203.80
22 24.02 368.97 171.30 159.31 83.12 30.91 241.94 169.26 156.99 39.05
23 200 200 200 200 0 200 331.40 200 205.13 25.62
24 126.61 200 200 191.61 21.71 111.05 200 200 173.18 32.53
25 148.51 200 200 196.75 11.43 124.60 200 200 192.61 18.80
26 100.08 100.91 100.40 100.45 0.20 100.15 100.83 100.41 100.43 0.18
27 200 200 200 200 0 4.26 434.51 200 186.12 96.72
28 200 200 200 200 0 200 582.33 200 249.93 112.44
29 200 200 200 200 0 200 1580.20 200 385.06 308.02
30 200 200 200 200 0 200 3775.20 1881 1856.40 1173.50

12
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Table 2
Results of SCO and AccOppCSCO algorithms for 30D CEC2014 Benchmark.
No SCo AccOppCSCO
Best Worst Median Mean Std Best Worst Median Mean Std
1 1.45E + 7 1.13E + 8 331E +7 3.97E + 7 2.03E + 7 1.33E + 7 6.72E + 7 2.96E + 7 3.09E + 7 1.16E + 7
2 1.34E + 5 9.86E + 5 3.53E + 5 3.70E + 5 1.56E + 5 1.12E + 5 7.08E + 5 2.80E + 5 3.03E + 5 1.15E + 5
3 7.06E + 4 3.55E + 5 9.26E + 4 1.13E + 5 5.45E + 4 5.57E + 4 1.26E + 5 8.01E + 4 7.97E + 4 1.22E + 4
4 72.74 295.73 150.60 153.16 45.62 5.75 280.93 155.05 157.90 45.06
5 20.07 20.46 20.24 20.24 0.08 20.10 20.44 20.21 20.22 0.08
6 20.90 37.65 30.15 30.09 3.75 21.49 36.57 28.90 28.79 3.28
7 0.33 0.76 0.55 0.56 0.10 0.37 0.82 0.58 0.57 0.10
8 21.01 119.47 73.68 75.95 20.75 66.76 242.83 123.42 132.68 35.70
9 114.55 249.08 183.21 182.57 29.88 113.53 275.93 178.17 175 28.26
10 2361.10 4795.90 3593.90 3589.20 588.62 2084.90 5023.40 3643.30 3577.70 645.36
11 2691 5684.20 4201.50 4127.30 657.47 2475.90 5210.60 4130.50 4057 725.56
12 0.46 2.57 1.27 1.29 0.43 0.26 2.88 0.99 1.24 0.67
13 0.37 0.97 0.66 0.66 0.14 0.36 0.96 0.63 0.62 0.13
14 0.20 1.09 0.34 0.41 0.21 0.18 1.08 0.34 0.40 0.21
15 12.07 57.94 24.64 25.35 8.29 9.89 60.87 25.17 25.57 8.65
16 11.49 13.76 12.66 12.60 0.58 11.01 13.35 12.57 12.52 0.52
17 2.87E + 5 6.17E + 6 2.06E + 6 2.35E + 6 1.62E + 6 1.68E + 5 3.80E + 6 1.20E + 6 1.42E + 6 9.13E + 5
18 769.98 2.64E + 4 3909.10 5528.70 5240.70 440.97 1.36E + 4 2832.10 3763 3019.90
19 13.11 80.32 19.13 24.63 18.01 14.63 146.03 19.08 26.06 26.24
20 2.24E + 4 443E + 5 1.25E + 5 1.39E + 5 7.80E + 4 7.26E + 3 1.03E + 5 5.81E + 4 5.93E + 4 2.41E + 4
21 1.04E + 5 1.8%E + 6 5.54E + 5 7.11E + 5 4.91E + 5 7.97E + 4 3.05E + 6 7.09E + 5 9.08E + 5 6.08E + 5
22 402.34 1302.40 885.39 857.70 184.23 185.08 1092.80 686.64 679.62 232.23
23 200 200 200 200 0 200 200 200 200 0
24 200 200 200 200 0 200 200 200 200 0
25 200 200 200 200 0 200 200 200 200 0
26 100.35 200 100.69 114.29 34.53 100.41 200 100.85 131.88 46.52
27 200 1268.20 200 297.06 284.94 200 1251.70 418.39 443.62 220.37
28 200 2382 200 242.78 305.54 200 3170.10 200 419.88 662.67
29 200 200 200 200 0 200 2.69E + 7 200 9.29E + 5 4.68E + 6
30 200 5.09E + 4 200 1194.80 7104.30 200 2.63E + 5 2.73E + 4 5.21E + 4 6.96E + 4
Table 3
Results of SCO and AccOppCSCO algorithms for 50D CEC2014 Benchmark.
No SCO AccOppCSCO
Best Worst Median Mean Std Best Worst Median Mean Std
1 2.98E + 7 1.76E + 8 8.83E + 7 8.98E + 7 3.27E + 7 1.92E + 7 1.42E + 8 7.21E + 7 7.49E + 7 2.85E + 7
2 1.60E + 6 2.57E + 8 5.33E + 6 1.27E + 7 3.62E + 7 3.38E + 6 6.26E + 7 7.76E + 6 1.28E + 7 1.51E + 7
3 1.20E + 5 4.42E + 5 2.15E + 5 2.32E + 5 8.05E + 4 9.08E + 4 1.94E + 5 1.34E + 5 1.34E + 5 1.96E + 4
4 141.08 590.59 249.92 266.08 89.43 123.66 517.12 263.99 272.55 84.93
5 20.33 20.72 20.55 20.53 0.08 20.28 20.65 20.47 20.48 0.10
6 43.26 68.96 58.49 58.69 5.65 45.25 67.29 57.31 57.10 5.45
7 0.98 1.29 1.10 1.11 0.06 1.02 1.56 1.12 1.15 0.11
8 135.03 315.65 221.94 221.13 42.41 188.98 459.08 277.04 286.36 54.11
9 264.01 547.42 384.28 388.38 58.78 246.67 465.67 336.19 345.88 51.84
10 4240.60 8722.20 6965.40 6881.10 1019.60 5543.50 9736.50 6958.20 6990.70 887.42
11 5978.60 9688.90 7934.70 7930.90 850.32 5151.80 9581.60 7285.80 7379.30 1018.20
12 0.95 3.50 1.85 1.95 0.64 0.89 3.72 1.78 1.86 0.61
13 0.44 1 0.68 0.70 0.13 0.45 0.94 0.66 0.68 0.12
14 0.23 1.11 0.37 0.48 0.24 0.24 1.03 0.38 0.48 0.23
15 51.39 269.19 97.51 108.98 48.87 49.50 202.97 95.69 105.39 37.10
16 20.41 23.20 21.88 21.88 0.62 19.46 23.19 21.99 21.92 0.65
17 1.10E + 6 1.75E + 7 5.18E + 6 6.01E + 6 3.81E + 6 2.49E + 5 8.40E + 6 3.73E + 6 3.94E + 6 1.92E + 6
18 3180 1.73E + 4 6832.40 7560.50 3249.60 2264.10 5.27E + 4 6911.80 8133.80 7316
19 31.41 105.68 63.52 66.96 24.84 29.43 102.99 54.22 57.77 22.36
20 3.46E + 4 6.30E + 5 1.11E+ 5 1.33E + 5 9.58E + 4 3.36E + 4 2.19E + 5 8.07E + 4 8.04E + 4 2.69E + 4
21 7.76E + 5 1.28E + 7 3.49E + 6 4.13E + 6 2.67E + 6 7.46E + 5 1.48E + 7 2.98E + 6 3.70E + 6 2.50E + 6
22 288.10 2441.80 1556 1562.50 441.87 590.14 2215 1591.40 1576.20 345.73
23 200 200 200 200 0 200 200 200 200 0
24 200 200 200 200 0 200 200 200 200 0
25 200 200 200 200 0 200 200 200 200 0
26 100.44 200 200 176.61 42.58 100.81 200 200 190.28 29.77
27 200 2215.60 200 844.61 837.34 200 2066.10 1867.40 1773.90 324.51
28 200 3370 200 262.16 443.89 200 6731.30 200 584.89 1361.60
29 200 8.78E + 7 200 1.73E + 6 1.23E + 7 200 6.03E + 7 200 2.22E + 6 1.11E + 7
30 200 3.27E + 5 200 2.72E + 4 7.90E + 4 200 5.93E + 5 1.25E + 5 1.47E + 5 1.34E + 5
accuracy. i7-8550U CPU @ 1.80 GHz and 20 GB RAM. First, the computing time

Finally, a computational complexity analysis of both algorithms was
performed in the CEC2020 benchmarks. The function F, was chosen for
the calculations. The computational complexity of both algorithms was
accurately calculated using a PC equipped with an Intel(R) Core(TM)

13

(Ty) of the code given below is calculated.

for i=1:1000000 do
x = 0.55 + (double) i;
X=X+X; X=X/2;
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Table 4
Results of SCO and AccOppCSCO algorithms for 100D CEC2014 Benchmark.
No SCO AccOppCSCO
Best Worst Median Mean Std Best Worst Median Mean Std
1 1.86E + 8 7.58E + 8 3.80E + 8 3.86E + 8 1.11E + 8 1.64E + 8 5.36E + 8 3.25E + 8 3.24E + 8 7.31E + 7
2 1.53E + 9 6.15E + 9 3.05E + 9 3.21E + 9 1.24E + 9 1.07E + 9 5.79E + 9 2.87E + 9 3.06E + 9 9.86E + 8
3 2.54E + 5 891E + 5 4 E+5 4.42E + 5 1.59E + 5 2.46E + 5 4.65E + 5 293E + 5 3 E+5 3.51E + 4
4 593.81 1776.30 913.68 934.16 211.76 679.75 1599.80 979.18 999.69 190.33
5 20.73 21 20.86 20.87 0.07 20.71 20.98 20.88 20.87 0.07
6 124.82 163.85 136.93 138.24 8.36 114.74 146.55 135.30 134.49 7.03
7 12.94 38.77 24.22 24.65 6.73 12.58 55.99 31.11 31.01 9.85
8 548.24 850.50 653.84 660.21 68.99 539.85 876.73 639.36 663.05 81.34
9 722.34 940.94 860.38 857.96 48.52 662.18 906.63 816.93 819.62 50.49
10 1.37E + 4 1.83E + 4 1.64E + 4 1.62E + 4 1190.60 1.36E + 4 1.92E + 4 1.64E + 4 1.64E + 4 1314.10
11 1.28E + 4 2.15E + 4 1.61E + 4 1.62E + 4 1469.30 1.30E + 4 2.03E + 4 1.60E + 4 1.63E + 4 1654.80
12 1.96 4.50 2.79 2.90 0.59 1.24 4.37 2.61 2.66 0.56
13 0.52 1.04 0.69 0.71 0.10 0.50 0.89 0.68 0.69 0.09
14 0.32 5.75 0.40 0.52 0.75 0.34 2.58 0.41 0.53 0.35
15 581.28 1.80E + 4 1593.20 2518.60 2587 336.34 3084.80 1087.40 1337.40 708.92
16 43.86 47.28 45.52 45.57 0.70 43.46 46.80 45.07 45.10 0.74
17 1.17E + 7 1.04E + 8 3.57E +7 3.80E + 7 1.97E + 7 1.12E + 7 6.80E + 7 3.23E+7 3.37E + 7 1.40E + 7
18 6.06E + 4 8.84E + 7 1 E+5 4.39E + 6 1.49E + 7 3.52E + 4 1.06E + 8 7.77E + 4 4.30E + 6 1.77E + 7
19 154.12 419.07 231.13 251.43 64.90 142.58 437.71 252.69 252.63 61.64
20 1.51E + 5 5.93E + 5 2.66E + 5 281E + 5 9.47E + 4 1.46E + 5 4.88E + 5 2.40E + 5 2.46E + 5 6.79E + 4
21 6.84E + 6 2.48E + 7 1.31E + 7 1.38E + 7 4.17E + 6 5.43E + 6 3.25E + 7 1.33E + 7 1.46E + 7 6.21E + 6
22 2291.30 4988.60 3331.30 3440.40 536.02 2173.60 4931.40 3395.70 3378.50 563.92
23 200 200 200 200 0 200 200 200 200 0
24 200 200 200 200 0 200 200 200 200 0
25 200 200 200 200 0 200 200 200 200 0
26 200 200 200 200 0 200 200 200 200 0
27 200 4515 3925.90 3543.30 1253.30 3286.50 4439.90 3999.30 3968.70 261.28
28 200 12980 200 450.58 1789.50 200 1.42E + 4 200 916.77 2924.20
29 200 3.64E + 4 200 910.58 5074.60 200 1.16E + 5 200 3.15E + 3 1.68E + 4
30 200 200 200 200 0 200 493E + 6 200 8.06E + 5 1.49E + 6
Table 5
Summary score table of the benchmark results for SCO and AccOppCSCO.
D SCO AccOppCSCO
Best Worst Median Mean Std Best Worst Median Mean Std
10 9 12 9 10 14 21 18 21 20 16
30 6 11 10 11 13 24 19 20 19 17
50 4 9 9 13 13 26 21 21 17 17
100 9 8 10 13 8 21 22 20 17 22
Total 28 40 38 47 48 92 80 82 73 72
Table 6
Parameters of heuristics used in this study.
Algorithm’s name Acronym Parameters
Ageist Spider Monkey Optimizer ASMO GLL = 20, LLL = 500, MG = 4, SS = 32
Chaotic Cuckoo Search optimizer CCS p =15 N =10, p, = 0.025
Coyote Optimization Algorithm COA Number of coyotes in each pack = 10
Dragonfly Algorithm DA r=A4,, = 0.1(ub - 1b)
Elephant Herding Optimizer EHO n,=8, =01, a=0.3,y=0.05
Human Felicity Algorithm HFA Netite = Npers = Ny = 2,
Moth-Flame Optimizer MFO b=
Particle Swarm Optimizer PSO =c=15w=1
Red Fox Optimizer RFO a=020,=1
Sine Cosine Algorithm SCA a=2
Variable Neighborhood Bat Algorithm VNBA A =05,r=0.5¢=0.001
Whale Optimization Algorithm WOA b=1

X=X*X; X=5qrt(x);
x=log(x); x=exp(x); x=x/(x+2);
end for
Then, the computing time (7)) of Function 1 was calculated for

200000 evaluations of a certain dimension D (5,10, and 15). Finally,
the computation times (7,) for 200 000 evaluations were obtained using
the AccOppCSCO and SCO algorithms of F; for the same problem
dimensions. This process was iterated five times to derive the T2 values
and compute the average 75. The values of Ty, T}, Ty, and (75 — T;)/T,
for the computational complexity of both algorithms are summarized
in Table 10.

14

In this table, the computational complexities of AccOppCSCO and
SCO are presented according to problem size. The f; results in this table
show that the computation times for the proposed AccOppCSCO are
greater than those of the original SCO algorithm for all problem sizes.
The main reason for this increase in computation time is the addition
of new mechanisms to the original algorithm. However, despite the
increased computation time, it is still superior to most population-based
heuristics.
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Table 7
Comparison Results of AccOppCSCO and the first group of heuristics for 30D CEC2014 benchmarks.
ASMO CCs COA DA EHO HFA AccOppCSCO

F1 Mean 1.20E + 8 2.93E + 9 1.03E + 8 4.49E + 8 4.83E + 8 3.34E + 7 3.09E + 7
Rank 4 7 3 5 6 2 1

F2 Mean 1.95E + 9 9.48E + 10 2.06E + 9 3.67E + 10 3.82E + 10 2.14E + 9 3.03E + 5
Rank 2 7 3 5 6 4 1

F3 Mean 2.45E + 5 1.01E + 7 1.78E + 5 1.81E + 5 5.64E + 4 1.66E + 5 7.97E + 4
Rank 6 7 4 5 1 3 2

F4 Mean 711 2.43E + 4 398 4860 5450 488 157.90
Rank 4 7 2 5 6 3 1

F5 Mean 511 503 488 20.80 505 498 20.22
Rank 7 5 3 2 6 4 1

F6 Mean 622 604 437 37.20 618 599 28.79
Rank 7 5 3 2 6 4 1

F7 Mean 704 1660 701 354 989 700 0.57
Rank 5 7 4 2 6 3 1

F8 Mean 1060 1160 421 289 1050 801 132.68
Rank 6 7 3 2 5 4 1

F9 Mean 1170 1330 902 301 1210 902 175
Rank 4 6 3 2 5 3 1

F10 Mean 9010 8060 1870 6570 7690 1000 3577.70
Rank 7 6 2 4 5 1 3

F11 Mean 9800 8830 4980 6920 7960 1100 4057
Rank 7 6 3 4 5 1 2

F12 Mean 1210 1210 1210 2.21 1210 1210 1.24
Rank 3 3 3 2 3 3 1

F13 Mean 1310 1310 1310 5.14 1310 1310 0.62
Rank 4 4 4 2 3 4 1

F14 Mean 1410 1670 1410 131 1470 1410 0.40
Rank 3 5 3 2 4 3 1

F15 Mean 1530 1.81E + 6 3.84E + 4 2.85E + 5 2.89E + 5 3.40E + 4 25.57
Rank 2 7 4 5 6 3 1

F16 Mean 1610 1610 1610 1.32E + 1 1610 1610 12.52
Rank 3 3 3 2 3 3 1

F17 Mean 8.77E + 6 3.82E + 8 6.41E + 6 1.61E + 7 1.15E + 7 6.53E + 6 1.42E + 6
Rank 4 7 2 6 5 3 1

F18 Mean 9.30E + 7 1.21E + 10 2.18E + 8 6.11E + 8 3.83E + 8 2.02E + 8 3763
Rank 2 7 4 6 5 3 1

F19 Mean 1900 2730 2540 268 2090 1910 26.06
Rank 3 7 6 2 5 4 1

F20 Mean 7.12E + 5 5.99E + 6 8.81E + 4 2.78E + 5 2.28E + 4 9870 5.93E + 4
Rank 6 7 4 5 2 1 3

F21 Mean 4.34E + 6 1.85E + 8 2.51E + 5 8.23E + 6 2.74E + 6 2.05E + 5 9.08E + 5
Rank 5 7 2 6 4 1 3

F22 Mean 3370 3.43E + 6 8.21E + 4 1.12E + 3 3270 5.60E + 4 679.62
Rank 4 7 6 2 3 5 1

F23 Mean 2600 3730 2630 576 2430 2320 200
Rank 5 7 6 2 4 3 1

F24 Mean 2610 2530 2410 281 2520 2420 200
Rank 7 6 3 2 5 4 1

F25 Mean 2670 2660 5290 240 2620 2520 200
Rank 6 5 7 2 4 3 1

F26 Mean 2650 2790 2620 104 2630 2620 131.88
Rank 5 6 3 1 4 3 2

F27 Mean 4170 7070 2720 1090 2810 2720 443.62
Rank 5 6 3 2 4 3 1

F28 Mean 4160 1.41E + 4 2820 2240 2910 2820 419.88
Rank 5 6 3 2 4 3 1

F29 Mean 1.81E + 6 1.10E + 9 1.26E + 7 2.15E + 7 3.62E + 5 1.80E + 7 9.29E + 5
Rank 3 7 4 6 1 5 2

F30 Mean 8.86E + 4 2.35E + 7 3.88E + 5 4.79E + 5 5.41E + 5 391E + 5 5.21E + 4
Rank 2 7 3 5 6 4 1

Average rank 4.53 6.13 3.53 3.33 4.40 3.10 1.33

Overall rank 6 7 4 3 5 2 1

15



U. Yuzgec Knowledge-Based Systems 314 (2025) 113169

Table 8
Comparison Results of AccOppCSCO and the second group of heuristics for 30D CEC2014 benchmarks.
MFO PSO RFO SCA VNBA WOA AccOppCSCO

F1 Mean 7.59E + 7 8.19E + 7 1.93E + 8 2.24E + 8 1.21E + 8 3.24E + 7 3.09E + 7
Rank 3 4 6 7 5 2 1

F2 Mean 1.36E + 10 2.81E + 4 1.35E + 10 1.60E + 10 2.81E + 8 5.05E + 6 3.03E + 5
Rank 6 1 5 7 4 3 2

F3 Mean 8.99E + 4 20.9 8.73E + 4 3.79E + 4 2.63E + 4 297E + 4 7.97E + 4
Rank 7 1 6 4 2 3 5

F4 Mean 1140 9010 2180 1020 629 176 157.90
Rank 5 7 6 4 3 2 1

F5 Mean 20.40 219 499 20.90 515 20.40 20.22
Rank 2 4 5 3 6 2 1

F6 Mean 24 6780 600 34.40 616 34.80 28.79
Rank 1 7 5 3 6 4 2

F7 Mean 117 1.61 701 133 702 1.03 0.57
Rank 4 3 6 5 7 2 1

F8 Mean 143 1100 802 236 815 176 132.68
Rank 2 7 5 4 6 3 1

F9 Mean 223 2.30E + 6 903 267 1030 213 175
Rank 3 7 5 4 6 2 1

F10 Mean 3470 44.30 3180 5880 1200 3770 3577.70
Rank 4 1 3 7 2 6 5

F11 Mean 4150 6.50E + 5 4430 7040 4960 4500 4057
Rank 2 7 3 6 5 4 1

F12 Mean 0.43 373 1210 2.45 1210 1.67 1.24
Rank 1 5 6 4 6 3 2

F13 Mean 2.21 214 1310 2.89 1310 0.50 0.62
Rank 3 5 6 4 6 1 2

F14 Mean 35.40 905 1410 41.10 1410 0.28 0.40
Rank 3 5 6 4 6 1 2

F15 Mean 2.23E + 5 1.04E + 7 1.09E + 5 2820 1520 70 25.57
Rank 6 7 5 4 3 2 1

Fl6 Mean 1.27E + 1 2.49E + 7 1610 1.28E + 1 1610 1.26E + 1 12.52
Rank 3 6 5 4 5 2 1

F17 Mean 3.39E + 6 1.26E + 4 9E+6 6.61E + 6 1.47E + 7 4.33E + 6 1.42E + 6
Rank 3 1 6 5 7 4 2

F18 Mean 5.19E + 6 0.05 2.03E + 8 1.85E + 8 1.24E + 7 1.55E + 4 3763
Rank 4 1 7 6 5 3 2

F19 Mean 73.60 29.10 1910 90.80 1940 44.80 26.06
Rank 4 2 6 5 7 3 1

F20 Mean 5.67E + 4 13.40 5.87E + 4 1.31E + 4 3.70E + 4 2.04E + 4 5.93E + 4
Rank 5 1 6 2 4 3 7

F21 Mean 7.83E + 5 388 2.51E + 6 1.48E + 6 3.67E + 6 9.48E + 5 9.08E + 5
Rank 2 1 6 5 7 4 3

F22 Mean 8.67E + 4 0.74 2.28E + 4 754 2910 749 679.62
Rank 7 1 6 4 5 3 2

F23 Mean 371 2940 2320 370 2630 331 200
Rank 4 7 5 3 6 2 1

F24 Mean 276 1.05E + 6 2420 201 2600 206 200
Rank 4 7 5 2 6 3 1

F25 Mean 214 16.40 2520 227 2690 225 200
Rank 3 1 6 5 7 4 2

F26 Mean 103 2.83E + 5 2620 102 2670 100 131.88
Rank 3 7 5 2 6 1 4

F27 Mean 921 22.80 2720 722 4230 905 443.62
Rank 5 1 6 3 7 4 2

F28 Mean 1120 2.59 2820 2000 4460 2150 419.88
Rank 3 1 6 4 7 5 2

F29 Mean 3.06E + 6 271 6.79E + 6 1.34E + 7 3.11E + 6 4.38E + 6 9.29E + 5
Rank 3 1 6 7 4 5 2

F30 Mean 5.89E + 4 1.18E + 7 3.29E + 5 2.48E + 5 4.92E + 4 8.20E + 4 5.21E + 4
Rank 3 7 6 5 1 4 2

Average rank 3.60 3.87 5.50 4.40 5.23 3 2.07

Overall rank 3 5 7 4 6 2 1

16
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Table 9
Comparison Results of AccOppCSCO and SCO Algorithms for CEC2020 benchmarks.
Dim No SCO AccOppCSCO
Best Worst Median Mean Std Best Worst Median Mean Std
1 262.09 1.19E + 4 3658.8 4459.6 3260.2 1125.6 1.09E + 4 3961.5 4663.8 2281.6
2 900.41 1752.6 1326.5 1306.4 197.96 900.28 1637.4 1254.7 1231.5 155.74
3 407.46 436.57 415.46 417.53 7.5551 407.69 428.52 422.65 419.3 6.9133
4 1500.2 1502.5 1500.8 1500.9 0.7091 1500.1 1502.4 1500.6 1500.7 0.5223
5 1249.5 2882.1 1790.4 1811.7 333.15 1413.8 22931 7612.8 7344.5 5073.2
5 6 - - — — - — — — - —
7 - - —_ — - —_ - —_ - —_
8 1411.1 1510.4 1502.3 1463.9 44.187 1400 1509.8 1432.5 1458.3 44.848
9 1501.7 1850.4 1820.7 1733.5 134.5 1501 1600.1 1600.1 1590.8 28.47
10 1847.4 1892 1847.4 1854.5 16.096 1847.4 1889.6 1847.5 1854.4 15.871
1 1.80E + 4 2.79E + 7 6.78E + 4 1.04E + 6 5.07E + 6 1.07E + 4 2.70E + 6 7.86E + 4 191E + 5 4.80E + 5
2 1303.3 2618 2085.1 1993.6 336.17 1293.1 2351.6 1992.8 1938.9 302.44
3 432.6 538.25 465.48 470.4 24.923 419.55 520.61 449.6 452.56 21.579
4 1501.3 1509.5 1503.5 1504.2 2.1035 1501.3 1521.7 1503.4 1504.4 3.6651
5 1.61E + 4 1.16E + 6 5.60E + 5 5.39E + 5 2.39E + 5 3660.2 5.90E + 5 2.69E + 5 2.87E + 5 1.94E + 5
10 6 1000.8 1240.9 1019.2 1030.8 44.95 1001.4 1066.7 1019.1 1018.6 11.569
7 26833 2.65E + 6 5.20E + 5 8.33E + 5 8.13E + 5 2337.4 1.79E + 5 8587.8 1.88E + 4 3.27E + 4
8 1461.5 2777 1506.6 1574.7 270.55 1447.9 1540.5 1509.9 1510.3 14.878
9 1600.7 1898.8 1860.5 1837.5 76.786 1600.5 1909.4 1856.9 1793.5 116.48
10 1899 2029.1 1947.7 1942.9 27.625 1899.7 1957.8 1930.5 1926 23.079
1 3.03E + 5 7.21E + 7 3.51E + 6 7.64E + 6 1.33E + 7 2.82E + 5 8.37E + 7 1.66E + 6 7.19E + 6 1.59E + 7
2 2006.30 3491.70 2788.00 2811.50 376.30 1544.70 3318.00 2639.30 2591.00 445.10
3 456.20 611.83 519.70 521.85 41.61 455.45 619.97 512.63 520.30 40.19
4 1506.60 1586.30 1510.10 1515.70 16.03 1506.80 1554.70 1511.70 1514.00 9.14
5 6.62E + 4 5.85E + 6 8.15E + 5 1.35E + 6 1.38E + 6 3.96E + 5 2.92E + 6 8.39E + 5 1.16E + 6 7.02E + 5
15 6 1008.20 1696.90 1349.90 1351.30 260.53 1008.20 1696.60 1349.8 1351.2 260.48
7 8.15E + 4 6.00E + 6 1.05E + 6 1.56E + 6 1.61E + 6 1.54E + 4 1.97E + 6 2.24E + 5 3.17E + 5 3.81E + 5
8 1506.10 3.48E + 3 1511.00 1576.60 359.19 1508.10 1519.70 1511.8 1512 2.2651
9 1907.90 2113.00 1949.20 1975.10 54.25 1678.00 2061.30 1972.2 1940.1 105.38
10 2056.80 2297.30 2168.50 2171.50 62.73 2022.30 2283.60 2140.7 2141.8 45.315
1 1.36E + 6 4.24E + 8 6.72E + 7 1.01E + 8 1.01E + 8 1.37E + 7 8.41E + 8 9.46E + 7 1.44E + 8 1.63E + 8
2 2967.90 4663.80 3613.10 3686.00 485.80 2150.70 4641.70 3686.40 3695.30 579.38
3 502.85 681.14 582.45 587.03 47.60 496.47 707.32 595.15 596.75 49.15
4 1513.70 1828.00 1544.40 1574.70 76.27 1507.50 1763.40 1526.80 1544.90 48.44
5 4.88E + 5 4.24E + 6 1.54E + 6 1.60E + 6 7.84E + 5 2.69E + 5 7.09E + 6 1.22E + 6 1.78E + 6 1.63E + 6
20 6 1027.80 1611.50 1257.40 1290.60 256.37 1027.80 1611.50 1257.40 1290.60 256.37
7 3.87E + 4 4.79E + 6 7.53E + 5 9.82E + 5 1.07E + 6 5.76E + 4 2.57E + 6 2.08E + 5 5.23E + 5 6.85E + 5
8 1514.10 5277.70 1538.40 1775.80 895.70 1513.30 1563.00 1527.40 1531.60 14.55
9 1709.60 2257.80 2037.80 2035.20 83.72 1661.30 2194.00 2031.30 2024.30 91.25
10 1965.00 2120.90 2030.90 2038.20 37.24 1937.70 2061.10 2009.20 2007.20 26.32
Table 10
Computational complexity of AccOppCSCO and SCO algorithms.
D T, T, SCo AccOppCSCO
7 (T, - T)/T, 7 (T, ~T)/T,
5 6.95E — 2 2.28E - 1 9.68E — 1 1.06E + 1 6.06E + 0 8.39E + 1
10 6.95E — 2 2.35E - 1 1.05E + 0 1.18E + 1 6.55E + 0 9.09E + 1
15 6.95E — 2 4.20E - 1 1.13E + 0 1.03E + 1 6.93E + 0 9.37E + 1

4.4. Performance results for engineering design problems

To evaluate the performance of the AccOppCSCO algorithm pro-
posed in this study, it was tested with ten engineering design problems
in this subsection. In Fig. 10, the engineering design problems utilized
in this study are illustrated, except Himmelblau’s problem. These prob-
lems include Welded Beam Design (WBD) [64], Compression Spring
Design (CSD) [65], Pressure Vessel Design (PVD) [66], Speed Reducer
Design (SRD) [67], Gear Train Design (GTD) [68], Himmelblau’s Prob-
lem (HP), Three Bar Truss Design (TBTD) [69], Stepped Cantilever
Beam Design (SCBD) [70], Multiple Disc Clutch Brake Design (MD-
CBD) [71], and Hydrodynamic Thrust Bearing Design (HTBD) [72]
respectively.

The WBD problem involves determining the optimal dimensions and
shape of a welded beam to satisfy specific design criteria. The WBD
problem involves determining the optimal dimensions and shape of a
welded beam to meet specific design criteria, typically cost or weight.
Factors such as the beam and weld dimensions, as well as the load-
bearing capacity, were considered in the problem formulation. In the

17

CSD problem, compression springs are designed to achieve a specific
spring stiffness or length when subjected to a given load. PVD is based
on the design of containers capable of safely holding liquids or gases
under pressure in such a way as to withstand the internal pressure
exerted by the substance they contain and to ensure the integrity and
safety of the container and its surroundings. This is an engineering
design problem consisting of four constraints and four variables.

SRD involves minimizing the weight of the speed reducer to reduce
the speed of rotation from a motor to an output that is, commonly
used in machinery. GTD is a four-variable problem based on the design
of gear combinations to achieve the desired speed ratios and power
transmission. Himmelblau’s problem is a mathematical optimization
problem that aims to determine the minimum or maximum points
of multi-variable functions. In the TBTD problem, three-bar trusses
were designed to provide the optimum strength against a given load.
The SCBD problem involves the optimization of the dimensions and
structure of a cantilever beam that has multiple steps or changes in
the cross-sectional area along its length. The objective is usually to
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Fig. 10. Engineering design problems used in this study.

maximize the load-bearing capacity while minimizing the deflection
or stress under specified constraints, such as material properties, load
conditions, and geometric limitations.

The MDCBD problem concerns the design of a clutch or brake mech-
anism that uses multiple discs to transmit torque or efficiently provide
braking action. The objective is to optimize the dimensions, materials,
and configuration of the clutch or brake system to achieve the desired
performance characteristics such as torque capacity, response time, and
durability, while meeting specific operational requirements. This prob-
lem is crucial in automotive, industrial, and machinery applications,
where precise control of torque transmission or braking is essential for
safe and reliable operation. The field of HTBD is concerned with the cre-
ation of bearings that utilize fluid lubrication to support axial loads and
reduce friction between rotating components. These bearings function
by generating a fluid film between surfaces, thereby minimizing friction
and wear. The key design aspects considered include bearing geometry,
material choice, and design of the lubrication system to achieve optimal
performance.

Table 11 presents the number of design variables and their bound-
ary values for the engineering design problems considered in this study.
For all problems, the original SCO and the proposed AccOppCSCO
algorithms as well as popular heuristic algorithms from the literature
were used. These heuristic algorithms include the Genetic Algorithm
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(GA) [18], Particle Swarm Optimizer (PSO) [31], Differential Evolu-
tion (DE) Algorithm [19], Artificial Bee Colony (ABC) Algorithm [32,
33], Grey Wolf Optimizer (GWO) [36], Gravitational Search Algorithm
(GSA) [23], Biogeography-based Optimization (BBO) Algorithm [73],
Sine Cosine Algorithm (SCA) [62], and Salp Swarm Algorithm (SSA)
[74].

In the real world, engineering design problems frequently involve a
specific number of constraint functions. Constraint functions determine
whether the solutions are suitable. A valid candidate solution must
satisfy all constraint functions. In minimization problems, an invalid
solution is penalized by multiplying the constraint functions by a
large value (e.g., 10°) and adding the result to the cost value. For
all population-based heuristic algorithms, the number of populations
was set to 10 and the maximum number of iterations was set to 100.
The heuristic algorithms were executed 10 times for each engineering
design problem. The parameters of the heuristics are listed in Table 12.

Fig. 11 shows the best convergence curves obtained by the original
SCO and proposed AccOppCSCO algorithms among the 10 runs for
the Welded Beam and Compression Spring design problems. Despite
the comparable cost values obtained at the end of the optimization
process for both problems, it is evident that the convergence speed of
the AccOppCSCO algorithm is superior to that of SCO.

In Table 13, the results of AccOppCSCO and other heuristics are
summarized. The best solutions for the 4-dimensional WBD problem,
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Table 11
Engineering design problems used in this study.
No Problem’s name D Lower boundaries Upper boundaries
1 Welded Beam Design 4 0.1,0.1,0.1,0.1 2,10,10,2
2 Compression Spring Design 3 0.05,0.25,2 2,1.3,15
3 Pressure Vessel Design 4 0,0,10,10 99,99,200,200
4 Speed Reducer Design 7 2.6,0.7,17,7.3,7.8,2.9,5 3.6,0.8,28,8.3,8.3,3.9,5.5
5 Gear Train Design 4 12,12,12,12 60,60,60,60
6 Himmelblau’s Problem 5 78,33,27,27,27 102,45,45,45,45
7 Three Bar Truss Design 2 0,0 1,1
8 Stepped Cantilever Beam Design 10 1,1,1,1,1,30,30,30,30,30 5,5,5,5,5,65,65,65,65,65
9 Multiple Disc Clutch Brake Design 5 60,90,1.5,600,2 80,110,3,1000,9
10 Hydrodynamic Thrust Bearing Design 4 1,1,1E6,1 16,16,16E6,16
Table 12
Parameters of heuristics used for Engineering design problems.
Algorithm’s name Acronym Parameters
Artificial Bee Colony Algorithm ABC L=(06-DN)
Biogeography-based Optimization Algorithm BBO KeepRate = 0.2, « = 0.9, p,, = 0.1

Differential Evolution Algorithm DE beta,,, = 0.2, beta,,. = 0.8, p. = 0.2
Genetic Algorithm GA p. = 0.95, p, = 0.1
Gravitational Search Algorithm GSA R, = 2, ElitistCheck = 1, R,,,,, =1
Grey Wolf Optimizer GWO -
Particle Swarm Optimizer PSO Wy = 0.9, w,,;, =02, ¢, =2,¢, =2
Sine Cosine Algorithm SCA a=2
Salp Swarm Algorithm SSA -
7
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Fig. 11. Best convergence curves of AccOppCSCO

and SCO algorithms for (a) Welded Beam and (b) Compression Spring design problems.

Table 13

Results for Welded Beam Design problem.

Algorithm Best solution Cost Best run

Xy X, X3 Xy Best Worst Median Mean SD time (s)

GA 0.2954 2.8668 6.2943 0.4271 2.4577 734.68 3.0095 76.238 231.35 4.35E — 2
PSO 0.1983 3.3931 9.0406 0.2058 1.7046 2.6054 1.7955 1.9194 0.2903 3.53E - 2
DE 0.2403 3.2138 7.7826 0.2774 1.9927 2.9609 2.3771 2.4632 0.3474 1.14E - 2
ABC 0.2217 4.9593 7.9384 0.2679 2.2093 3.1156 2.4620 2.5069 0.2472 4.12E - 2
GWO 0.1999 3.4274 9.1321 0.2053 1.7235 1.8265 1.7460 1.7560 0.0317 3.93E - 3
GSA 0.2147 3.7241 8.0633 0.2584 1.9663 3.9361 2.6140 2.6450 0.5826 8.31E - 3
BBO 0.2232 3.4976 7.2523 0.3196 2.1440 3.8833 2.6259 2.7538 0.5504 1.81E — 2
SCA 0.1629 4.0860 9.9173 0.2137 1.9641 2.5193 2.2001 2.2321 0.1854 3.79E - 3
SSA 0.1985 3.1806 9.8610 0.2020 1.7845 2.7603 2.3682 2.3109 0.3108 3.96E — 3
SCO 0.1871 5.6996 9.3631 0.2045 2.0348 181.80 3.0534 42.220 72.235 2.02E - 4
AccOppCSCO 0.1514 4.2863 9.9484 0.2023 1.8792 3.8296 2.2203 2.4375 0.6913 1.87E - 3

the statistical results of the cost values obtained following repeated
runs, and the best running times obtained among the 10 runs are
given in the table. Table 14 presents the results of the AccOppC-
SCO algorithm and other algorithms for the CSD problem with three

dimensions.
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The mean cost values in both tables indicate that the GWO al-
gorithm is the most successful for the WBD problem and the PSO
algorithm is the most successful for the CSD problem. The proposed
AccOppCSCO algorithm was ranked 5th according to the mean metric
for both problems. In terms of running times, the original SCO ranked
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Table 14
Results for Compression Spring Design problem.
Algorithm Best solution Cost Best run
X X, X3 Best Worst Median Mean SD time (s)
GA 0.1366 1.2881 11.615 3.7808 21.384 6.7096 8.6473 5.6329 3.73E - 2
PSO 0.1392 1.3000 11.896 3.6619 3.6953 3.6715 3.6756 0.0144 3.04E — 2
DE 0.1391 1.3000 11.888 3.6619 100.04 3.7170 13.689 30.361 1.07E - 2
ABC 0.1376 1.2579 12.436 3.6938 3.8710 3.7459 3.7642 0.0565 3.65E — 2
GWO 0.1392 1.3000 11.883 3.6625 3.7202 3.6791 3.6862 0.0205 3.40E - 3
GSA 0.1397 1.2660 12.188 4.2134 22.863 11.038 11.736 5.0200 7.01E — 3
BBO 0.1387 1.2996 11.767 3.6687 100.04 6.8892 16.492 29.589 1.40E — 2
SCA 0.1319 1.1223 15.000 3.7594 4.9420 4.2325 4.2821 0.4302 3.21E - 3
SSA 0.1376 1.2742 12,114 3.6847 14.265 8.3222 8.3932 3.7892 3.38E - 3
SCo 0.1373 1.2197 13.514 3.7232 29.591 7.9284 13.082 10.916 1.56E — 4
AccOppCSCO 0.1348 1.1803 13.959 3.7157 20.509 5.7749 7.8700 5.4028 1.52E — 3
Table 15
Results for Pressure Vessel Design problem.
Algorithm Best solution Cost Best run
X, X, X3 Xy Best Worst Median Mean SD time (s)
GA 1.0024 0 64.248 15.430 2513.1 51681 3785.1 8473.2 15201 3.78E — 2
PSO 0.9141 0.0014 59.458 37.470 2906.2 3638.4 3577.9 3445.4 283.09 3.04E - 2
DE 1.0932 0 65.225 10.000 2302.6 6058.1 2302.7 2692.2 1183.3 1.05E — 2
ABC 1.1672 0 66.057 10.000 2424.5 3593.3 2652.2 2843.1 454.16 3.64E — 2
GWO 1.0997 0.0018 65.125 10.792 2345.8 3637.7 2504.2 2766.2 494.14 3.30E - 3
GSA 0.3813 35.521 53.131 100.50 1.84E + 5 1.59E + 6 4.15E + 5 5.83E + 5 4.51E + 5 6.84E — 3
BBO 1.0808 0 64.803 12.681 2390.2 5.E+4 3395.4 9002.6 1.E+4 1.56E — 2
SCA 1.0836 0 66.221 10.000 2404.6 6723.3 6068.8 4742.0 1914.4 3.09E - 3
SSA 1.0856 0 64.927 11.292 2336.1 4770.5 3628.1 3562.8 686.16 3.24E - 3
SCO 1.1087 0 66.191 11.268 2457.6 29723 4481.9 6912.9 8117.2 1.40E — 4
AccOppCSCO 1.1020 0 66.729 13.146 2605.6 5767.8 3900.6 4036.3 901.46 1.47E - 3
Table 16
Results for Speed Reducer Design problem.
Algorithm Best solution Best Best run
X, X, X3 Xy X5 X¢ X4 cost time (s)
GA 2.9921 0.800 17.00 7.300 7.800 3.900 5.500 2.97E + 15 4.24E - 2
PSO 2.8902 0.800 17.00 7.929 7.800 3.900 5.500 2.97E + 15 3.29E - 2
DE 3.6000 0.800 17.00 7.300 7.800 3.900 5.500 2.97E + 15 1.14E - 2
ABC 3.6000 0.800 17.00 7.300 7.800 3.900 5.500 2.97E + 15 3.90E - 2
GWO 3.6000 0.800 17.00 7.300 7.800 3.900 5.500 2.97E + 15 4.45E - 3
GSA 3.1567 0.799 17.19 7.709 7.935 3.431 5.434 3.58E + 15 8.32E - 3
BBO 3.2134 0.800 17.00 8.144 7.800 3.782 5.500 2.97E + 15 2.16E — 2
SCA 3.6000 0.800 17.00 7.300 7.800 3.900 5.500 2.97E + 15 4.12E - 3
SSA 3.6000 0.800 17.00 7.300 7.800 3.900 5.500 2.97E + 15 4.11E - 3
SCoO 3.3895 0.798 17.00 8.211 7.801 3.116 5.491 3.03E + 15 2.25E - 4
AccOppCSCO 2.6740 0.800 17.00 8.011 7.800 3.592 5.500 2.97E + 15 1.64E — 3

first, followed by AccOppCSCO. Population-based heuristics, except
for SCO and the proposed AccOppCSCO, reach a theoretical number
of 1000 function evaluations for 10 candidates and 100 maximum
iterations. However, the SCO and AccOppCSCO algorithms have been
observed to find solutions to engineering problems with 100 function
evaluations for 100 iterations with only a single candidate. The mean
cost and standard deviation of AccOppCSCO are superior to those
of the SCO for both problems (WBD and CSD). This indicates that
the proposed algorithm consistently finds closely matched values at
different execution times.

Fig. 12 shows the best convergence curves of the AccOppCSCO
and SCO algorithms for the Pressure Vessel and Speed Reducer design
problems. Although the AccOppCSCO algorithm demonstrates conver-
gence similar to that of the original SCO for the PVD problem, its
convergence curve is clearly more successful, particularly for the SRD
problem. Tables 15 and 16 present the results of AccOppCSCO and
other heuristic algorithms. PVD is an engineering design problem with
four dimensions, whereas the SRD problem consists of seven design
parameters.

Considering the results for the PVD problem, the DE algorithm was
the most successful according to the mean cost metric. Although the
mean cost of the proposed AccOppCSCO algorithm (4036.3) was better
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than that of the original SCO (6912.9) ranks sixth among all heuristics
for the PVD problem. In the best running times for the PVD problem,
the original SCO had the best score, whereas AccOppCSCO ranked
second.

Returning to the SRD problem, this problem has 7 design parame-
ters, and to present the results properly in the table, we have only added
the best cost and best running time along with the 7 parameter values.
The other heuristics have the same best cost value for this problem,
except for the GSA and SCO. Therefore, in terms of running time, the
proposed AccOppCSCO algorithm obtains the same result in a shorter
time.

Fig. 13 illustrates the convergence curves, which demonstrate the
optimal performance of the AccOppCSCO and SCO algorithms in ad-
dressing the design challenges posed by the Gear Train Design problem
and Himmelblau’s problem. The convergence curves demonstrate that
the proposed AccOppCSCO algorithm outperformed the original SCO
for GTD and Himmelblau’s problems. It is evident that the SCO al-
gorithm was stuck in the exploration phase for these two problems.
For the GTD problem, the results consisting of the best solutions, best
run time values, and statistical metrics of the costs are summarized in
Table 17. Table 18 presents the results of Himmelblau’s problem using
AccOppCSCO and the other heuristic algorithms.
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The mean metric values obtained for the GTD problem indicate
that the AccOppCSCO algorithm achieved a second rank with a value
of 917.54, demonstrating superior performance to the original SCO
(6080.6). In addition, as can be seen from the best running times, the
AccOppCSCO algorithm, which ranked second after SCO, exhibited a
faster solution time than the other population-based heuristics. Him-
melblau’s Problem is a five-dimensional engineering design problem,
and the AccOppCSCO algorithm ranked first among the best cost values,
together with eight population-based heuristics. In terms of the mean
cost values, the AccOppCSCO algorithm is the second-best performer,
and it is superior to SCO. The solution obtained by AccOppCSCO, which
exhibited the second-best running time and employed a single candi-
date search strategy, demonstrated performance that was comparable
to that of population-based heuristics that required substantial memory
and processing power.

Fig. 14 shows the best convergence curves of the AccOppCSCO and
SCO algorithms for the Three Bar Truss and Stepped Cantilever Beam
design problems. In the convergence curve results for the TBTD prob-
lem, the SCO algorithm initiated a solution with rapid convergence. At
the end of the optimization, both algorithms reached similar cost values
that were comparable to each other.

As can be seen from the convergence curves for the SCBD prob-
lem, the original SCO algorithm performed worse than the proposed
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AccOppCSCO algorithm because of its handicap in the first phase.
Table 19 summarizes the results of AccOppCSCO and the other heuristic
algorithms for the TBTD problem. Here, according to the mean metric
results, the best result (186.39) belongs to the PSO algorithm and the
proposed AccOppCSCO algorithm ranks 5th with a score of 187.25. It
can be seen that the AccOppCSCO algorithm achieves a better score
than the mean score of the original SCO (188.29). When running times
are analyzed, it becomes evident that the original SCO ranks first, with
AccOppCSCO ranking second. The results of the SCBD problem were
presented as two tables because of the 10-dimensional of problem. In
Table 20, the best solutions found by the algorithms are given. Table 21
shows the cost metrics and best run time scores for the SCBD problem.

In the SCBD problem, while all algorithms achieve similar results,
AccOppCSCO demonstrates superior stability and achieves the second-
best runtime of 1.93E-3 s.

Finally, Fig. 15 shows a comparison of the convergence curves of
the best run of the AccOppCSCO and SCO algorithms for the Multiple
Disc Clutch Brake and Hydrodynamic Thrust Bearing design problems.
From the convergence curves presented for the MDCBD problem, it is
understood that the proposed AccOppCSCO reaches the solution point
of the problem faster than SCO. It can be seen that the SCO algorithm
gets stuck in the exploration phase and cannot minimize the candidate
solution in this phase. Both algorithms used in the HTBD problem
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Table 17
Results for Gear Train Design problem.
Algorithm Best solution Cost Best run
X X, X3 X4 Best Worst Median Mean SD time (s)
GA 12.000 12.000 60.000 12.463 821.15 821.15 821.15 821.15 2.40E - 13 3.77E - 2
PSO 12.000 12.000 60.000 12.000 821.15 821.15 821.15 821.15 2.40E - 13 3.01E - 2
DE 12.679 12.000 60.000 12.187 821.15 821.15 821.15 821.15 2.40E - 13 9.96E — 3
ABC 12.000 12.610 60.000 12.137 821.15 821.15 821.15 821.15 2.40E - 13 3.84E — 2
GWO 12.000 12.388 60.000 12.000 821.15 821.15 821.15 821.15 2.40E - 13 3.23E - 3
GSA 12.868 12.612 56.050 12.780 943.28 1.81E + 4 6157.3 8149.1 5.46E + 3 6.87E — 3
BBO 12.874 12.669 60.000 12.888 821.15 4496.5 850.10 1343.3 1.16E + 3 1.58E — 2
SCA 12.000 12.000 60.000 12.000 821.15 821.15 821.15 821.15 2.40E - 13 3.03E - 3
SSA 12.000 12.000 60.000 12.000 821.15 821.15 821.15 821.15 2.40E - 13 3.12E - 3
SCo 12.550 12.410 51.099 12.021 1138.3 2.32E + 4 3377.20 6080.6 6.77E + 3 1.41E - 4
AccOppCSCO 12.103 12.044 59.115 12.053 849.36 1184.40 879.05 917.54 1.07E + 2 1.50E - 3
Table 18
Results for Himmelblau’s Problem.
Algorithm Best solution Cost Best run
Xy X, X3 Xy X5 Best Worst Median Mean SD time (s)
GA 78.00 33.00 45.00 27.00 27.00 1.76E + 8 1.77E + 8 1.76E + 8 1.76E + 8 1.62E + 5 4.22E - 2
PSO 78.00 33.00 45.00 27.00 27.00 1.76E + 8 1.76E + 8 1.76E + 8 1.76E + 8 4.35E + 3 3.40E — 2
DE 78.00 33.00 45.00 27.00 27.00 1.76E + 8 1.76E + 8 1.76E + 8 1.76E + 8 0 1.18E — 2
ABC 78.00 33.00 45.00 27.00 27.00 1.76E + 8 1.76E + 8 1.76E + 8 1.76E + 8 0 4.01E - 2
GWO 78.00 33.00 45.00 27.00 27.00 1.76E + 8 1.76E + 8 1.76E + 8 1.76E + 8 0 3.62E — 3
GSA 80.71 34.14 42.43 34.51 27.20 1.80E + 8 1.84E + 8 1.82E + 8 1.82E + 8 1.49E + 6 7.71E - 3
BBO 78.00 33.00 45.00 27.00 27.00 1.76E + 8 1.78E + 8 1.77E + 8 1.77E + 8 6.49E + 5 1.91E - 2
SCA 78.00 33.00 45.00 27.00 27.00 1.76E + 8 1.76E + 8 1.76E + 8 1.76E + 8 0 3.52E - 3
SSA 78.00 33.00 45.00 27.00 27.00 1.76E + 8 1.76E + 8 1.76E + 8 1.76E + 8 0 3.29E - 3
SCO 78.02 33.05 44.66 34.80 27.00 1.77E + 8 1.87E + 8 1.79E + 8 1.80E + 8 3.23E + 6 1.58E - 4
AccOppCSCO 78.00 33.01 44.82 27.35 27.00 1.76E + 8 1.78E + 8 1.77E + 8 1.77E + 8 7.94E + 5 1.81E - 3
Table 19
Results for Three Bar Truss Design problem.
Algorithm Best solution Cost Best run
X X, Best Worst Median Mean SD time (s)
GA 0.7681 0.3269 186.580 202.160 191.460 192.470 5.460 4.07E - 2
PSO 0.7869 0.2879 186.390 186.390 186.390 186.390 0.000 3.17E - 2
DE 0.7867 0.2883 186.390 197.560 186.390 187.670 3.515 1.07E — 2
ABC 0.7892 0.2835 186.390 186.690 186.510 186.520 0.106 3.81E - 2
GWO 0.7882 0.2852 186.390 188.400 186.400 186.600 0.634 3.04E - 3
GSA 0.7679 0.3279 186.590 189.640 187.050 187.630 1.183 6.43E — 3
BBO 0.7730 0.3170 186.490 202.850 188.960 190.550 5.158 1.23E - 2
SCA 0.7943 0.2736 186.410 200.000 193.780 193.500 6.816 2.82E - 3
SSA 0.7868 0.2881 186.390 186.660 186.390 186.430 0.087 3.43E - 3
SCO 0.7793 0.3040 186.420 192.470 187.770 188.290 1.925 1.39E - 4
AccOppCSCO 0.7973 0.2680 186.440 188.730 186.910 187.250 0.744 1.65E - 3
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Fig. 14. Best convergence curves of AccOppCSCO and SCO algorithms for (a) Three Bar Truss and (b) Stepped Cantilever Beam design problems.
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Table 20
Best solution results for Stepped Cantilever Beam Design problem.
Algorithm Best solution
X X2 X3 X4 Xs X6 X7 Xg X9 X10
GA 3.9167 3.2975 3.7064 4.8008 2.7639 55.567 51.934 47.971 51.082 30.959
PSO 3.1806 3.2333 2.5565 2.8266 1.9640 58.149 57.563 51.269 39.486 38.018
DE 3.0970 3.1846 3.9030 3.9965 2.6346 63.323 58.406 43.908 43.580 41.589
ABC 3.1770 2.8625 3.2705 2.9888 2.7562 61.331 57.988 44.375 44.163 34.258
GWO 5.0000 5.0000 2.4885 2.6465 3.2563 47.701 53.103 51.694 54.679 30.667
GSA 3.7753 4.1763 3.4204 3.3898 2.6567 53.802 46.795 54.426 50.036 44.420
BBO 3.5574 3.4886 3.5599 3.1326 4.5911 62.059 60.117 45.190 52.412 31.667
SCA 5.0000 5.0000 4.7289 5.0000 4.0975 50.297 65.000 44.426 30.000 30.000
SSA 3.8496 3.4900 3.4280 3.8565 3.3023 54.464 59.880 65.000 39.094 31.469
SCo 3.1112 3.9509 3.0933 2.9969 2.9502 60.263 54.414 52.483 58.841 52.404
AccOppCSCO 3.5488 3.6313 4.7691 2.8091 2.3535 61.381 57.347 49.780 44.947 46.371
Table 21
Cost & best run time results for Stepped Cantilever Beam Design problem.
Algorithm Cost Best run
Best Worst Median Mean SD time (s)
GA 9.48E + 19 9.48E + 19 9.48E + 19 9.48E + 19 23805 5.83E - 2
PSO 9.48E + 19 9.48E + 19 9.48E + 19 9.48E + 19 12212 3.35E - 2
DE 9.48E + 19 9.48E + 19 9.48E + 19 9.48E + 19 17270 1.07E - 2
ABC 9.48E + 19 9.48E + 19 9.48E + 19 9.48E + 19 5461.3 3.93E - 2
GWO 9.48E + 19 9.48E + 19 9.48E + 19 9.48E + 19 7723.5 4.29E - 3
GSA 9.48E + 19 9.48E + 19 9.48E + 19 9.48E + 19 17270 8.53E - 3
BBO 9.48E + 19 9.48E + 19 9.48E + 19 9.48E + 19 10923 2.71E - 2
SCA 9.48E + 19 9.48E + 19 9.48E + 19 9.48E + 19 13377 4.14E - 3
SSA 9.48E + 19 9.48E + 19 9.48E + 19 9.48E + 19 10923 3.73E - 3
SCO 9.48E + 19 9.48E + 19 9.48E + 19 9.48E + 19 213E + 5 2.03E - 4
AccOppCSCO 9.48E + 19 9.48E + 19 9.48E + 19 9.48E + 19 21845 1.93E - 3
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Fig. 15. Best convergence curves of AccOppCSCO and SCO algorithms for (a) Multiple Disc Clutch Brake and (b) Hydrodynamic Thrust Bearing design problems.

attempt to improve the global solution during optimization. However,
AccOppCSCO has shown to be more effective in this regard. Table 22
summarizes the results of the MDCBD problem for the SOTA heuristic
algorithms and proposed AccOpCSCO algorithm.

In terms of cost values, the AccOppCSCO algorithm ranked first with
seven heuristics on all metrics. Nevertheless, the standard deviation
values indicate that the ABC, GWO, and SSA algorithms exhibit greater
stability. As was the case in the previous results, SCO ranked first and
AccOppCSCO second in terms of running times.

Table 23 presents the results obtained by AccOppCSCO and the
other heuristics for the HTBD problem. This problem consisted of
four optimized design parameters. The AccOppCSCO algorithm demon-
strated superior performance in terms of mean cost values compared to
the SCO algorithm, ranking second among all the heuristics. In the best
cost results, the AccOppCSCO algorithm ranked first with six heuristics.
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In terms of running time, the proposed algorithm ranked second after
SCO.

Table 24 summarizes the results of AccOppCSCO and other SOTA
heuristics for the engineering design problems. In this table, there are
ranking results for the mean cost and best run-time. The average rank-
ing scores of the AccOppCSCO algorithm are presented at the bottom
of the table. The average ranking results indicate that AccOppCSCO has
a ranking score of 3.5 among 11 algorithms in terms of mean cost and
a ranking score of 2 in terms of best running time. It can be concluded
that the new mechanisms added to the SCO algorithm increase the
running time of AccOppCSCO, but also enable the algorithm to find
better solutions than SCO. Furthermore, AccOppCSCO could compete
with other population-based heuristics with shorter run times.
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Table 22
Results for Multiple Disc Clutch Brake Design Problem.
Algorithm Best solution Cost Best run
X Xy X3 X4 X5 Best Worst Median Mean SD time (s)
GA 60.00 90.00 3.00 600.00 2.00 2.07E + 14 2.15E + 14 2.07E + 14 2.08E + 14 2.25E + 12 6.07E — 2
PSO 60.00 90.00 3.00 600.00 2.00 2.07E + 14 2.07E + 14 2.07E + 14 2.07E + 14 2.79E + 7 4.52E — 2
DE 60.00 90.00 3.00 600.00 2.00 2.07E + 14 2.07E + 14 2.07E + 14 2.07E + 14 1.77E + 4 1.57E — 2
ABC 60.00 90.00 3.00 600.00 2.00 2.07E + 14 2.07E + 14 2.07E + 14 2.07E + 14 3.29E - 2 5.89E — 2
GWO 60.00 90.00 3.00 600.00 2.00 2.07E + 14 2.07E + 14 2.07E + 14 2.07E + 14 3.29E - 2 6.33E — 3
GSA 63.18 99.91 1.63 633.06 2.17 3.24E + 14 4.97E + 14 4.28E + 14 4.20E + 14 6.31E + 13 1.30E — 2
BBO 60.00 90.00 2.78 600.00 2.00 2.07E + 14 2.62E + 14 2.10E + 14 2.21E + 14 1.84E + 13 2.22E - 2
SCA 60.00 90.00 3.00 600.00 2.00 2.07E + 14 2.07E + 14 2.07E + 14 2.07E + 14 9.02E + 5 5.42E - 3
SSA 60.00 90.00 3.00 600.00 2.00 2.07E + 14 2.07E + 14 2.07E + 14 2.07E + 14 3.29E - 2 5.21E - 3
SCo 60.38 90.34 2.84 600.09 2.00 2.09E + 14 4.42E + 14 2.35E + 14 2.68E + 14 7.73E + 13 3.37E - 4
AccOppCSCO 60.00 90.00 1.56 600.00 2.00 2.07E + 14 2.07E + 14 2.07E + 14 2.07E + 14 1.60E + 5 3.12E - 3
Table 23
Results for Hydrodynamic Thrust Bearing Design problem.
Algorithm Best solution Cost Best run
X, Xy X3 Xy Best Worst Median Mean SD time (s)
GA 2.76 2.76 1.00E + 06 16.00 1.50E + 14 1.05E + 49 6.95E + 41 2.58E + 48 4.26E + 48 4.27E — 02
PSO 1.00 1.00 1.00E + 06 16.00 2.37E + 11 2.54E + 47 2.37E + 11 2.54E + 46 8.04E + 46 3.50E - 02
DE 1.00 1.00 1.00E + 06 16.00 2.37E + 11 2.37E + 11 2.37E + 11 2.37E + 11 6.43E — 05 1.22E — 02
ABC 1.00 1.00 1.00E + 06 16.00 2.37E + 11 2.37E + 11 2.37E + 11 2.37E + 11 6.43E — 05 4.27E — 02
GWO 1.00 1.00 1.00E + 06 16.00 2.37E + 11 2.37E + 11 2.37E + 11 2.37E + 11 6.43E — 05 3.84E - 03
GSA 2.92 2.05 1.13E + 07 2.17 2.15E + 63 2.10E + 73 3.41E + 68 2.11E + 72 6.63E + 72 7.91E — 03
BBO 1.68 1.68 4.15E + 06 13.45 3.59E + 11 1.37E + 50 9.85E + 29 1.37E + 49 4.33E + 49 2.56E — 02
SCA 1.00 1.00 1.00E + 06 16.00 2.37E + 11 2.37E + 11 2.37E + 11 2.37E + 11 6.43E — 05 3.82E - 03
SSA 1.00 1.00 1.00E + 06 16.00 2.37E + 11 2.37E + 11 2.37E + 11 2.37E + 11 6.43E — 05 3.91E - 03
SCO 1.07 1.07 1.09E + 06 11.01 1.15E + 27 1.34E + 35 7.39E + 29 1.34E + 34 4.24E + 34 2.05E — 04
AccOppCSCO 1.00 1.00 1.14E + 06 2.37 2.37E + 11 2.74E + 12 2.74E + 12 2.49E + 12 7.91E + 11 1.79E - 03
Table 24
The ranking results of AccOppCSCO algorithm for Engineering Design problems.
No Problem’s name Mean cost Best run time (s)
1 Welded Beam Design 5 2
2 Compression Spring Design 5 2
3 Pressure Vessel Design 6 2
4 Speed Reducer Design 4 2
5 Gear Train Design 2 2
6 Himmelblaus Problem 4 2
7 Three Bar Truss Design 5 2
8 Stepped Cantilever Beam Design 1 2
9 Multiple Disc Clutch Brake Design 1 2
10 Hydrodynamic Thrust Bearing Design 2 2
Average ranking 3.5 2

5. Conclusion

The AccOppCSCO algorithm presented in this study integrates an
accelerated opposition-learning mechanism and chaotic mutation op-
erators into the SCO algorithm. In addition, two novel mechanisms
were incorporated into the update phases of the original SCO algorithm
to enhance exploration and exploitation. A more effective boundary
control method was also introduced to prevent the solutions from
exceeding the search space limits. These modifications address the
limitations of single candidate optimization structures while improving
the efficacy of the SCO algorithm.

The search capability of the proposed AccOppCSCO algorithm is
evaluated using four independent analyzes: convergence, search his-
tory, trajectory, and computational complexity. These, conducted using
four types of two-dimensional CEC2014 benchmark problems, highlight
the benefits of new mechanisms. The AccOppCSCO algorithm was fur-
ther compared with the original SCO algorithm using 51 independent
runs on the CEC2014 benchmarks with varying problem dimensions
(10, 30, 50, and 100). The results summarized in Table 5 indicate that
AccOppCSCO significantly outperformed SCO, particularly in the best
(76.67% improvement) and median (68.33% improvement) metrics.
Furthermore, compared to 12 state-of-the-art (SOTA) heuristics from
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the literature on 30-dimensional CEC2014 benchmarks, AccOppCSCO
ranks first according to the mean metric.

The CEC2020 benchmark results reinforce the effectiveness of Ac-
cOppCSCO, demonstrating its superiority over SCO for multiple prob-
lem dimensions (5D, 10D, 15D, and 20D). Additionally, the perfor-
mance of the algorithm was tested on ten engineering design problems,
where it consistently achieved a better solution quality than the original
SCO. Comparisons with 10 SOTA heuristics indicate that AccOppCSCO
ranks third in the mean cost value and second in the best runtime.
Although the computation time of AccOppCSCO is higher than that
of the original SCO due to the additional mechanisms, its superior
performance justifies the increase in the computational effort, making
it competitive with population-based heuristics.

In general, the findings demonstrate that AccOppCSCO is an effec-
tive optimization algorithm that produces consistent and high-quality
solutions to various optimization problems. Its new mechanisms con-
tribute to improved stability and efficiency, positioning AccOppCSCO
as a competitive approach in heuristic optimization.

Future research directions include investigating the performance
of AccOppCSCO in large-scale and complex optimization problems.
Further studies on parameter optimization and comparative evalua-
tions across different problem types will provide valuable insights.
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Additionally, exploring the potential of the algorithm in parallel and
distributed computing environments, adapting it to real-time and dy-
namic optimization scenarios, and assessing its industrial applications
are promising areas for further exploration. These efforts will help to
maximize the impact of AccOppCSCO in optimization research and
applications.
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