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Abstract: The sand cat swarm optimization algorithm (SCSO) is a novel metaheuristic algorithm
that has been proposed in recent years. The algorithm optimizes the search ability of individuals by
mimicking the hunting behavior of sand cat groups in nature, thereby achieving robust optimization
performance. It is characterized by few control parameters and simple operation. However, due to
the lack of population diversity, SCSO is less efficient in solving complex problems and is prone to
fall into local optimization. To address these shortcomings and refine the algorithm’s efficacy, an
improved multi-strategy sand cat optimization algorithm (IMSCSO) is proposed in this paper. In
IMSCSO, a roulette fitness–distance balancing strategy is used to select codes to replace random
agents in the exploration phase and enhance the convergence performance of the algorithm. To bolster
population diversity, a novel population perturbation strategy is introduced, aiming to facilitate
the algorithm’s escape from local optima. Finally, a best–worst perturbation strategy is developed.
The approach not only maintains diversity throughout the optimization process but also enhances
the algorithm’s exploitation capabilities. To evaluate the performance of the proposed IMSCSO, we
conducted experiments in the CEC 2017 test suite and compared IMSCSO with seven other algorithms.
The results show that the IMSCSO proposed in this paper has better optimization performance.

Keywords: sand cat swarm optimization; fitness–distance balancing strategy; non-exclusive learning
search; CEC 2017; metaheuristic algorithm

1. Introduction

In the current epoch marked by swift technological advancements, we are presented
with challenges and opportunities that are truly unmatched in history. The information
explosion, coupled with the ascendancy of big data technology, has catapulted optimization
problems to the forefront of scientific research and engineering applications. The quest for
optimization reaches beyond merely identifying superior solutions to augment system per-
formance; it fundamentally grapples with the challenge of optimizing objective functions
to their fullest potential within the confines of scarce resources and stringent constraints.
This endeavor necessitates intricate decision-making processes that demand a thorough
examination of various dimensions, including but not limited to decision variables, the
objective function itself, and the constraints that govern the problem space. Although
traditional deterministic algorithms are highly effective in dealing with linear, continuous,
differentiable, and convex optimization problems, their limitations are gradually exposed
when dealing with complex, nonlinear, and multi-constraint optimization problems in the
real world [1]. For example, although Newton’s method uses the Hessian matrix to quickly
obtain information about the problem and quickly solve the optimization problem, it re-
quires that the objective function has continuous first- and second-order partial derivatives
and the Hessian matrix must be positive definite. In many cases, traditional gradient-based
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optimization methods terminate the search when the gradient approaches zero, which can
happen in both global and local optimal cases, making it difficult to determine the optimal
solution. As a result, these methods have limitations in the derivation of the search space
and are prone to fall into local optimality with much lower efficiency.

In such a background, metaheuristic algorithms, with their unique stochasticity and
global search capability, provide innovative ideas and methods for solving complex opti-
mization problems. Such algorithms do not depend on the specific form of the problem
but rather guide the search process by simulating phenomena in nature, behaviors of
organisms, physical principles, and social laws, etc., thus demonstrating excellent adapt-
ability and efficiency in numerous application fields. With the continuous development of
metaheuristic algorithms, these algorithms play a crucial role in a variety of fields, such as
path planning [2,3], image segmentation [4,5], feature selection [6,7], neural network hyper-
parameter optimization [8,9], task allocation [10,11], supply chain management [12,13],
waste collection [14], wireless sensor optimization problems [15,16], and antenna array
synthesis issues [17,18]. And, they show great potential in promoting the development of
engineering technology, improving productivity, and solving multi-objective optimization
problems [19,20]. Their flexibility and adaptability enable the provision of solutions for
different types of problems, ensuring that they play a vital role in practical applications.

Metaheuristic algorithms are based on modeling natural phenomena, animal behavior,
physical concepts, and human and other evolutionary processes. They usually fall into
four main categories: evolution-based algorithms, physics-based algorithms, swarm-based
algorithms, and human-based algorithms.

Evolution-based algorithms are a class of metaheuristic algorithms based on the
principles of natural evolution, such as genetic algorithms (GA) [21], based on Darwinian
evolution; differential evolutionary (DE) [22], based on the concepts of natural selection
and reproduction in Darwinian evolution; genetic programming (GP) [23], inspired by
the process of biological evolution; and evolutionary strategies (ES) [24]. Among them,
genetic algorithm and differential evolution are widely recognized as the most popular
evolutionary algorithms.

Physics-based algorithms are metaheuristic algorithms inspired by various phenom-
ena and principles in physics. For example, simulated annealing (SA) [25] is based on
the principle of solid-state annealing in metallurgy. The gravitational search algorithm
(GSA) [26] is derived from Newton’s laws of gravity and kinematics. The sine cosine
algorithm (SCA) [27] is inspired by the periodic oscillatory properties of the sine and
cosine functions and their useful properties in optimization. The multi-verse optimization
(MVO) [28] is based on the assumption of the existence of multiple universes in the universe
and the possible interactions and evolutionary laws between these universes.

Human-based algorithms are metaheuristic algorithms that solve optimization prob-
lems by simulating certain natural human behaviors. For example, teaching-and-learning-
based optimization (TLBO) [29] is based on the teacher’s influence on the learner’s output.
Social network search (SNS) [30] is inspired by the real-life behaviors of people when they
are socializing. The group teaching optimization algorithm (GTOA) [31] draws on the
idea that teachers use different teaching methods for different students in the teaching and
learning process.

Swarm-based algorithms are metaheuristics inspired by the social behavior of various
groups of organisms in nature. For example, particle swarm optimization (PSO) [32] is
inspired by the foraging behavior of bird flocks. Ant colony optimization (ACO) [33] is
derived from the social foraging behavior of ant colonies. The whale optimization algorithm
(WOA) [34] is inspired by the hunting behavior of whales feeding on their prey. Grey wolf
optimization (GWO) [35] is based on the social hierarchy and hunting behavior of grey
wolf packs. The reptile search algorithm (RSA) [36] is based on the hunting behavior of
alligators. The dwarf mongoose optimization (DMO) [37] is developed as an algorithm
for optimization by simulating the foraging behavior of the dwarf mongoose. The tuna
swarm optimization (TSO) [38] is inspired by two collaborative foraging behaviors of tuna
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swarms. Maziar et al. proposed a lion optimization algorithm (LOA) [39] based on the
special lifestyle and cooperation characteristics of lions. Inspired by the mating pattern of
naked mole-rats, Salgotra et al. proposed the naked mole-rat algorithm [40].

The sand cat swarm optimization (SCSO) [41] is a novel swarm-based metaheuristic
algorithm. It finds the optimal solution in a suitable sized problem space by studying and
imitating the hunting habits of sand cats, finding prey in space as the exploration phase
and hunting prey as the exploitation phase. The algorithm is characterized by simplicity,
few control parameters, easy implementation, and generality. Currently, SCSO has been
widely used in various fields such as feature selection, security factor evaluation, code
refactoring, intrusion detection, etc. The no free lunch (NFL) theorem [42] states that no
single optimization method can solve all practical problems. Each optimization problem
has its own characteristics and constraints, so a metaheuristic algorithm applicable to
one class of optimization problems may not be suitable for another class of optimization
problems. Therefore, it is important to improve the existing algorithms to fit a wider range
of optimization problems and enhance their optimization capabilities.

Amir et al. [43] proposed combining the sand cat swarm optimization algorithm
with reinforcement learning techniques to improve its global optimization performance.
Wang et al. [44] proposed a chaos-based oppositional adaptive Cauchy sand cat swarm
optimization algorithm. The algorithm balances exploration and exploitation through a
nonlinear adaptive parameter and introduces a Cauchy variation operator to perturb the
search step size. Wu et al. [45] use a triangular walk strategy and a Lévy flight walk strategy
to improve the optimization performance of the algorithm. Li et al. [46] used a stochastically
varying elite collaborative strategy to enable the algorithm to avoid local optimums and
then replaced the SCSO’s linear adaptive parameter with a nonlinear adaptive parameter
to enhance the global search capability of the algorithm. Amjad et al. [47] used a memory
strategy for secondary selection and filtering of features to improve the optimization
performance of the algorithm.

In the SCSO algorithm, each sand cat searches for prey in the search area and then
captures the prey. This will imbalance the exploration phase and the exploitation phase of
the SCSO algorithm, resulting in the late stage of the algorithm due to the decrease in the
efficiency of the sand cat’s movement and the lack of searching ability; it is easy for each
sand cat to fall into the local optimal trap and stop searching, preventing the algorithm
from finding a better position. In order to solve these problems, an improved multi-strategy
sand cat swarm optimization algorithm (IMSCSO) is proposed in this paper. The main
contributions of this algorithm are as follows:

1. A roulette fitness–distance balance strategy is proposed. Roulette is used to select
individuals to replace the randomly selected individuals in the exploration phase,
thus improving the optimization ability of the algorithm.

2. A population perturbation mechanism is proposed. The strategy improves the quality
of the sand cat population and is useful for freeing the algorithm from local optima.

3. A best–worst mutation mechanism is proposed. Adjustments are made for the best
and worst individual, respectively, to achieve more comprehensive global exploration
and local exploitation.

To verify the effectiveness of IMSCSO, experiments were conducted on IEEE CEC2017
test suites whose dimensions were 10, 30, 50, and 100, respectively. It was also compared
with the arithmetic optimization algorithm (AOA) [48], salp swarm algorithm (SSA) [49],
dung beetle optimizer (DBO) [50], whale optimization algorithm (WOA), aquila opti-
mizer (AO) [51], Harris hawks optimization (HHO) [52], and golden jackal optimization
(GJO) [53]. To further evaluate the performance of the algorithms, we statistically analyzed
the experimental results using the Wilcoxon rank sum test and Friedman test. Stability
analysis and convergence analysis of IMSCSO were also performed to further verify its
superior performance.

The subsequent sections of this paper are organized as follows: the second part
presents a detailed description of the sand cat swarm optimization algorithm. The third
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part of this paper shows the detailed description of the proposed IMSCSO. In Section 4,
a theoretical analysis of IMSCSO is presented, including the effectiveness analysis of
the proposed strategy, numerical analysis, stability analysis, convergence analysis, and
statistical tests. Finally, a conclusion and outlook are given in Section 5.

2. Sand Cat Swarm Optimization

The sand cat swarm optimization algorithm simulates the hunting behavior of sand
cats in a 2 kHz low-frequency noise environment, which consists of two main phases:
exploration and hunting. SCSO employs a balancing mechanism to control the different
search phases of the algorithm.

2.1. Initialization

In the SCSO algorithm, each dune cat is regarded as a search agent of the algorithm,
and the population of sand cats formed by all individuals is regarded as the population of
the algorithm. First, the whole population of sand cats is initialized. It is similar to other
swarm intelligent optimization algorithms, which are randomly generated in the search
space, and the population is initialized as shown below:

Xini = (ub − lb)× rand + lb (1)

where lb and ub represent the lower and upper bounds of the decision variables, and rand
is a random number between 0 and 1.

2.2. Search for Prey (Exploration Phase)

The search for prey by sand cats relies on the emission of low-frequency noise, and
its sensitivity to low-frequency noise is defined in the SCSO algorithm as rG, which is in
the range of 0 to 2 Hz. R is the control parameter used to switch between exploration
and exploitation. When |R| > 1, the sand cat performs the search prey behavior. The
computational formula for the exploration phase is expressed as follows:

rG = Sm − (
Sm × t
tmax

), (2)

R = 2 × rG × rand − rG, (3)

Sr = rG × rand, (4)

Xt+1
i = Sr · (Xr − rand × Xt

i ) (5)

where Sm is used to simulate the auditory characteristics of sand cats, with a value of 2
indicating that sand cats can detect low-frequency noise at 2 kHz. t represents the current
iteration number, tmax is the maximum number of iterations, and Xr denotes an individual
randomly selected from the population.

2.3. Hunting Prey (Exploitation Phase)

In the SCSO algorithm, the noise-sensitive range of the sand cat is defined as a circular
area in order to clearly describe the sand cat’s predation process. In each iteration, the
angle amount is randomly calculated using a roulette wheel selection algorithm, which
determines the direction in which the sand cat moves within the circular area. The selection
of random angles within the entire circular area ranges from 0 to 360◦, resulting in a range
of values. This approach randomizes a different direction of movement for each sand cat,
which enhances the randomness of the algorithm and avoids local convergence. In the
predation phase, the position update formula of the sand cat is expressed as follows:

Xt+1
i = Xbest − Sr ×

∣∣rand × Xbest − Xt
i
∣∣× cos(α) (6)

where Xbest denotes the global optimal position.
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Below is the pseudo-code for the SCSO (Algorithm 1).

Algorithm 1. Sand Cat Swarm Optimization

Initialize the population and algorithm parameters
Calculate the fitness of the objective function.
While (t ≤ tmax)

For each agent
Calculate α obtained by Roulette Wheel Selection (−1 ≤ α ≤ 1).
If (abs(R) ≤ 1)

Update the position based on Equation (6).
Else

Update the position based on Equation (5).
End

t = t + 1
End

3. Improved Multi-Strategy Sand Cat Swarm Optimization

This section details the motivation behind our proposed IMSCSO and three improve-
ment strategies, including the roulette fitness–distance balancing strategy, population
perturbation strategy, and best–worst perturbation mechanism. In addition, algorithmic
complexity analysis is performed.

3.1. Roulette Fitness–Distance Balancing Strategy (RFDB)

SCSO refers to a random agent for position updating during the prey search phase.
For SCSO, the key to achieving great optimization results is to strike a balance between
exploration and exploitation. On the one hand, the algorithm needs to search extensively
for areas with development prospects. On the other hand, the algorithm also needs to
perform further deep exploitation in the pre-searched promising areas. The fitness–distance
balancing strategy (FDB) [54] is a novel selection strategy that is aimed at discovering
one or more candidate solutions that contribute the most to the search process of the
algorithm. FDB differs from other selection methods in that the selection process is also
executed on the basis of the score of the candidate solution, not only its fitness value. In
the score calculation, both features, the fitness function values of the candidate solutions
and their distance to the optimal solution, are taken into account. This ensures that the
candidate solution with the highest score value is selected to guide the population search
more efficiently. On the other hand, this also prevents the selection of a candidate solution
that is very close to the optimal solution in the population and avoids falling into a local
optimum. The implementation steps of the FDB selection method are as follows.

a. Calculate the Euclidean distance between each agent and the optimal solution.
b. Normalize the obtained Euclidean distance and fitness.
c. Sum the weighted Euclidean distance and fitness according to the following formula.

Scorei = ω × normFi + (1 − ω)× normDi (7)

where ω is a constant taking the value 0.5. normFi is the normalized fitness and normDi
is the normalized distance. In IMSCSO, the individual selected using this strategy in the
exploration phase will be used to replace the randomly selected individual, which helps to
speed up the convergence. In addition to ensure sufficient exploration capacity, the roulette
rule is used for selection instead of using the individual with the first FDB score.

XRFDB = Select{X} (8)

where XRFDB is the agent selected using the roulette strategy.
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3.2. Population Perturbation Strategy (PPS)

The IMSCSO algorithm moves closer to the optimal individual during the exploitation
phase and has a higher probability of moving closer to the optimal individual selected by
the FDB strategy during the exploration phase. This will accelerate convergence, but there
is also the possibility of falling into a local optimum. In order to improve the quality of the
sand cat population, the sand cat individuals are perturbed to help the algorithm jump out
of the local optimum. The mathematical formula of this strategy is expressed as follows:

Xt+1
i =

 Xt
i + (1 − t

tmax

) 2t
tmax × ( lb + rand × (ub− lb))× U, rand ≤ 0.2

Xt
i + [0.2 × (1− rand)+rand]×

(
Xt

r1 − Xt
r2
)
, rand > 0.2

(9)

where U is a binary vector including 0 or 1. When a random vector from 0 to 1 is generated
and is less than 0.2, the array is changed to 0, and vice versa. Xt

r1 and Xt
r2 are two randomly

selected agents in the population.

3.3. Best Worst Perturbation Mechanism (BWPM)

In SCSO, the quality of the optimal solution has an important impact on the per-
formance of the algorithm; if the optimal solution falls into local optimality, it will lead
to other following individuals to fall into local optimality as well. In order to avoid the
algorithm from converging prematurely, the optimal solution needs to be perturbed. The
non-exclusive learning search strategy is a novel localized search approach that modifies
each dimension of the current solution space along the search space. Unlike other local
search strategies, this strategy has the ability to get rid of suboptimal solutions due to
the inclusion of stochastic operations. In this paper, we utilize the non-exclusive learning
search strategy to perform a further search on the optimal individuals as a way to improve
the quality of the optimal solution. The specific formula is expressed as follows:

Xnew(j) = rand × Xbest(RS) (10)

where Xnew(j) is the j dimension of the new solution. Xbest(RS) is a random dimension of
the optimal solution. RS is a random number between 1 and dim. This formula is used
in the first half of the iteration process to help the optimal individual explore the problem
space as it continues.

Another formula is executed in the second half of the iteration, which is used to
develop the domain of the optimal solution by perturbing it so that it searches for better
locations around it, as shown below:

Xnew(j) = Xbest(j)− (Xbest(RS)× rand)× eps − (Xbest(j)− NO) (11)

where eps is a very small value. NO is a tuning parameter used to adjust the search process,
which takes the value of 1 in this paper. In the specific optimization process, each individual
is not the worst in all dimensions; if each dimension is adjusted, some better dimensions
may be discarded. Therefore, in this paper, we use non-exclusive learning to adjust each
dimension of the optimal individual one at a time, so as to retain the better dimensions
and improve the convergence speed of the algorithm. Furthermore, SCSO only considers
the effect of the optimal individual and ignores the effective information of the worst
individual. For the worst individual, it contains some effective information to a certain
extent, so it is necessary to adjust the worst individual using the following formula:

XWorst = XWorst + randn × (XBest − |XWorst|)− randn × (XMean − |XWorst|) (12)

where XMean is the weighted average position of the dominant population. Individuals
with different qualities have different degrees of influence on the worst individual, so they
cannot be simply averaged and need to be weight averaged according to the individual
ordering to help the worst individual guide to have more chances to escape from the local
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optimum. The standard normal distribution of random numbers has a larger variation
amplitude compared to the uniform random distribution, which can expand the search
space of the individuals, so the above formula can effectively improve the quality of the
worst individual.

3.4. Implementation of IMSCSO

Step 1. Initialization phase: Initialize the population size Np, the population dimension
dim, and the max number of iterations tmax. The initialized population is calculated using
Equation (1).

Step 2. Roulette fitness–distance balancing strategy: during the exploration phase,
FDB scores are calculated using Equation (7) and the roulette strategy is used to select an
agent to replace the original random agent.

Step 3. Search for prey: when the parameter |R| greater than 1, the sand cat searches
its prey using Equations (5) and (8).

Step 4. Hunting prey: when the parameter |R| is less than or equal to 1, the sand cat
hunts prey using Equation (6).

Step 5. Population perturbation strategy: a perturbation is applied to the population
according to Equation (9), and a greedy strategy is utilized to select the offspring.

Step 6. Best–worst variance mechanism: A mutation perturbation is applied to the
optimal and worst agents. The specific method is shown in Equations (10)–(12).

Step 7. Update position: The position is updated by comparing the fitness values. If
the new agent has better fitness, the new agent replaces the original agent. Conversely, the
original agent is retained. If the termination condition is met, the run is stopped. Otherwise,
go to Step 2.

The pseudo-code for IMSCSO is given by Algorithm 2.

Algorithm 2. Improved Multi-Strategy Sand Cat Swarm Optimization

Initialize the population and algorithm parameters
Calculate the fitness of the objective function.
While (t ≤ tmax)

For each Sand cat
Calculate α obtained by Roulette Wheel Selection (−1 ≤ α ≤ 1).
If (abs(R) ≤ 1)

Update the position based on Equation (6).
Else

Calculate and select XRFDB based on Equations (7) and (8).
Update the position based on Equation (5).

End
End
Update the best position through population perturbation strategy based on Equation (9)
Update the best and worst position based on Equations (10)–(12).

t = t + 1
End

3.5. Complexity Analysis of IMSCSO

The time complexity reflects the processing length needed for an algorithm to resolve
a problem when its scale is increasing. As for the SCSO with a population size of Np, a
problem dimension of D, and a maximum number of iterations of T, the time complexity
of SCSO can be divided into two main parts: population initialization and individual
position update. During the initialization, the time complexity for the fitness calculation
is O(Np × D). The individual position update involves updating the positions of each
individual over T iterations, so the time complexity is O(T × Np × D). Therefore, the total
time complexity of SCSO is O(Np × D + T × Np × D). Removing lower-order terms, the
overall time complexity of SCSO can be simplified as O(T × Np × D).
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For IMSCSO, the initialization process is O(Np × D). The search and prey time
complexity is O(T × Np × D), the population perturbation strategy (PPS) time complexity
is O(T × Np × D), and the best–worst perturbation mechanism (BWPM) time complexity
is O(T × (1 + D)× D). Thus, the total complexity of IMSCSO is as below.

O(IMSCSO) = O(initialization process) + O(search and prey process) + O(PPS) + O(BWPM)
= O(Np × D) + O(T × Np × D) + O(T × Np × D) + O(T × (1 + D)× D)
= O(TD × (2Np + D))

The initialization of populations is short and negligible. Removing the lower-order
terms again, the final IMSCSO time complexity is O(TD × (2Np + D)). Although the
time complexity of IMSCSO becomes larger, the performance of IMSCSO is significantly
improved compared to SCSO, so this issue can be accepted.

4. Performance Analysis of EDSCSO in CEC 2017

In this section, we will evaluate the performance of the IMSCSO algorithm proposed
in this paper on CEC 2017 test suite. Firstly, the specific details of the benchmark test suite
used to test the performance of this algorithm will be presented in a tabular form; secondly,
the algorithms and their parameter settings compared with the IMSCSO algorithm are
shown. Based on this, the efficacy and soundness of the proposed approach are deliberated
upon. This paper analyzes all the experiments based on the MATLAB 2020b platform with
a 2.90 GHz Intel Core i7-10700F CPU and 16 GB RAM.

4.1. Benchmark Functions

The benchmark test function serves as a crucial tool for evaluating the performance of
algorithms, offering a standardized platform to assess and compare various optimization
optimizers. In this study, we utilize the CEC2017 test suite to evaluate the performance of
the proposed MIRIME algorithm across dimensions of 10, 30, and 50, respectively. With
increasing dimensionality, the number of local optimal solutions also increases, enabling
the suite to effectively evaluate the algorithm’s global optimization capability. Among the
29 test functions in these three test sets, single-peak, multi-peak, and composite functions
are included, through which the performance of the IMSCSO algorithm proposed in this
paper can be comprehensively tested. For further details regarding CEC2017, please refer
to Table 1.

Table 1. Descriptions of CEC-2017 benchmark test functions.

No. Functions Search Range Dim fmin

Unimodal functions
F1 Shifted and Rotated Bent Cigar Function [−100,100] 10/30/50/100 100
F2 Shifted and Rotated Zakharov Function [−100,100] 10/30/50/100 300

Simple multimodal
functions

F3 Shifted and Rotated Rosenbrock’s Function [−100,100] 10/30/50/100 400
F4 Shifted and Rotated Rastrigin’s Function [−100,100] 10/30/50/100 500
F5 Shifted and Rotated Expanded Scaffer’s F6 Function [−100,100] 10/30/50/100 600
F6 Shifted and Rotated Lunacek Bi_Rastrigin’s Function [−100,100] 10/30/50/100 700
F7 Shifted and Rotated Non-Continuous Rastrigin’s Function [−100,100] 10/30/50/100 800
F8 Shifted and Rotated Levy Function [−100,100] 10/30/50/100 900
F9 Shifted and Rotated Schwefel’s Function [−100,100] 10/30/50/100 1000

Hybrid functions
F10 Hybrid Function 1 (N = 3) [−100,100] 10/30/50/100 1100
F11 Hybrid Function 2 (N = 3) [−100,100] 10/30/50/100 1200
F12 Hybrid Function 3 (N = 3) [−100,100] 10/30/50/100 1300
F13 Hybrid Function 4 (N = 4) [−100,100] 10/30/50/100 1400
F14 Hybrid Function 5 (N = 4) [−100,100] 10/30/50/100 1500
F15 Hybrid Function 6 (N = 4) [−100,100] 10/30/50/100 1600
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Table 1. Cont.

No. Functions Search Range Dim fmin

F16 Hybrid Function 6 (N = 5) [−100,100] 10/30/50/100 1700
F17 Hybrid Function 6 (N = 5) [−100,100] 10/30/50/100 1800
F18 Hybrid Function 6 (N = 5) [−100,100] 10/30/50/100 1900
F19 Hybrid Function 6 (N = 6) [−100,100] 10/30/50/100 2000

Composition functions
F20 Composition Function 1 (N = 3) [−100,100] 10/30/50/100 2100
F21 Composition Function 2 (N = 3) [−100,100] 10/30/50/100 2200
F22 Composition Function 3 (N = 4) [−100,100] 10/30/50/100 2300
F23 Composition Function 4 (N = 4) [−100,100] 10/30/50/100 2400
F24 Composition Function 5 (N = 5) [−100,100] 10/30/50/100 2500
F25 Composition Function 6 (N = 5) [−100,100] 10/30/50/100 2600
F26 Composition Function 7 (N = 6) [−100,100] 10/30/50/100 2700
F27 Composition Function 8 (N = 6) [−100,100] 10/30/50/100 2800
F28 Composition Function 9 (N = 3) [−100,100] 10/30/50/100 2900
F29 Composition Function 10 (N = 3) [−100,100] 10/30/50/100 3000

4.2. Parameter Setting of Competitors Algorithm

IMSCSO is compared with eight other swarm intelligence optimization algorithms,
including AOA, SSA, DBO, WOA, AO, HHO, GJO, and SCSO. Table 2 presents the parame-
ter settings of these optimizers. The maximum number of iterations and population size
are set to 1000 and 30, respectively, and each algorithm is run independently 30 times. Sub-
sequently, the best value (Best), the standard deviation (Std), and average value (Ave) are
calculated, reflecting the convergence speed and robustness of the algorithm, respectively.

Table 2. Parameter settings of each algorithm.

Algorithms Name of the Parameter Value of the Parameter

WOA a, a2, b [0,2], [−1,−2], 1
AO alpha, delta 0.1, 0.1

AOA Alpha, Mu 5, 0.499
SCSO S 2
GJO r (0, 1)
DBO p 0.2
SSA no parameter No value

HHO E0, E1, q, r [−1,1], [0,2], [0,1], [0,1]

4.3. Effectiveness Analysis of Improvement Strategies

In this section, we will verify the effectiveness of each improvement strategy. In this
paper, the following three strategies are proposed: roulette fitness–distance balancing
strategy, population perturbation mechanism, and best–worst mutation strategy. In order
to comprehensively analyze the three strategies, the algorithm combining the roulette
adaptive distance balancing strategy is named IMSCSO-1, the algorithm combining the
population perturbation mechanism is named IMSCSO-2, and the algorithm combining
the best–worst mutation strategy is named IMSCSO-3. The three derived algorithms and
SCSO, as well as IMSCSO containing all three strategies, were tested using the 29 functions
of CEC2017 in four dimensions: 10, 30, 50, and 100. The parameters were set as follows: the
population size Np = 30 and the maximum number of iterations T = 1000. The results are
shown in Tables 3 and 4.
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Table 3. Comparative results of different strategies of IMSCSO (Dim = 10/30).

Function Index
IMSCSO IMSCSO-

1
IMSCSO-

2
IMSCSO-

3 SCSO IMSCSO IMSCSO-
1

IMSCSO-
2

IMSCSO-
3 SCSO

Dim = 10 Dim = 30

F1

Best 1.05 × 103 2.79 × 103 2.55 × 103 1.56 × 103 7.36 × 103 8.77 × 104 1.59 × 108 1.88 × 106 1.69 × 105 2.07 × 109

Ave 7.31 × 103 1.35 × 108 3.43 × 104 8.93 × 103 1.45 × 108 2.70 × 105 5.51 × 109 2.18 × 107 3.46 × 105 6.22 × 109

Std 5.63 × 103 3.30 × 108 5.69 × 104 1.06 × 104 3.33 × 108 1.07 × 105 3.40 × 109 1.99 × 107 1.37 × 105 3.38 × 109

Rank 1 4 3 2 5 1 4 3 2 5

F2

Best 3.00 × 102 3.72 × 102 3.00 × 102 3.01 × 102 3.07 × 102 3.80 × 103 3.14 × 104 1.12 × 104 1.96 × 104 3.42 × 104

Ave 3.19 × 102 2.05 × 103 3.19 × 102 3.55 × 102 1.49 × 103 1.30 × 104 5.16 × 104 1.97 × 104 3.24 × 104 5.27 × 104

Std 2.41 × 101 2.32 × 103 1.93 × 101 6.67 × 101 1.56 × 103 4.81 × 103 1.02 × 104 5.54 × 103 6.66 × 103 1.06 × 104

Rank 1 5 2 3 4 1 4 2 3 5

F3

Best 4.00 × 102 4.05 × 102 4.00 × 102 4.00 × 102 4.00 × 102 4.01 × 102 5.67 × 102 4.85 × 102 4.55 × 102 5.58 × 102

Ave 4.04 × 102 4.39 × 102 4.15 × 102 4.11 × 102 4.40 × 102 5.04 × 102 1.14 × 103 5.58 × 102 5.09 × 102 1.04 × 103

Std 2.98 × 100 3.06 × 101 2.53 × 101 1.98 × 101 3.78 × 101 2.95 × 101 7.70 × 102 5.26 × 101 2.64 × 101 6.10 × 102

Rank 1 4 3 2 5 1 5 3 2 4

F4

Best 5.09 × 102 5.16 × 102 5.12 × 102 5.08 × 102 5.18 × 102 5.56 × 102 6.47 × 102 6.53 × 102 5.54 × 102 6.73 × 102

Ave 5.23 × 102 5.37 × 102 5.31 × 102 5.26 × 102 5.39 × 102 6.33 × 102 7.53 × 102 7.18 × 102 6.36 × 102 7.62 × 102

Std 9.17 × 100 1.32 × 101 1.40 × 101 1.23 × 101 1.27 × 101 5.35 × 101 4.22 × 101 3.42 × 101 5.16 × 101 4.64 × 101

Rank 1 4 3 2 5 1 4 3 2 5

F5

Best 6.00 × 102 6.03 × 102 6.00 × 102 6.00 × 102 6.04 × 102 6.01 × 102 6.44 × 102 6.27 × 102 6.01 × 102 6.36 × 102

Ave 6.02 × 102 6.14 × 102 6.05 × 102 6.04 × 102 6.18 × 102 6.06 × 102 6.64 × 102 6.47 × 102 6.06 × 102 6.60 × 102

Std 3.50 × 100 7.38 × 100 5.63 × 100 4.55 × 100 9.40 × 100 5.34 × 100 8.46 × 100 9.71 × 100 4.01 × 100 9.95 × 100

Rank 1 4 3 2 5 2 5 3 1 4

F6

Best 7.29 × 102 7.24 × 102 7.23 × 102 7.29 × 102 7.34 × 102 8.27 × 102 9.75 × 102 9.62 × 102 8.21 × 102 9.61 × 102

Ave 7.45 × 102 7.75 × 102 7.49 × 102 7.57 × 102 7.63 × 102 1.02 × 103 1.15 × 103 1.07 × 103 1.07 × 103 1.15 × 103

Std 1.19 × 101 2.20 × 101 1.43 × 101 2.59 × 101 1.81 × 101 1.43 × 102 9.07 × 101 6.37 × 101 1.61 × 102 8.88 × 101

Rank 1 5 2 3 4 1 4 2 3 5

F7

Best 8.10 × 102 8.16 × 102 8.11 × 102 8.10 × 102 8.06 × 102 8.75 × 102 9.50 × 102 9.22 × 102 8.69 × 102 9.28 × 102

Ave 8.23 × 102 8.29 × 102 8.24 × 102 8.26 × 102 8.30 × 102 9.26 × 102 9.95 × 102 9.60 × 102 9.24 × 102 1.00 × 103

Std 8.25 × 100 9.33 × 100 7.91 × 100 1.02 × 101 7.42 × 100 3.25 × 101 3.05 × 101 1.92 × 101 3.61 × 101 3.19 × 101

Rank 1 4 2 3 5 2 4 3 1 5

F8

Best 9.00 × 102 9.04 × 102 9.00 × 102 9.00 × 102 9.03 × 102 1.75 × 103 4.70 × 103 2.73 × 103 1.45 × 103 2.98 × 103

Ave 9.18 × 102 1.08 × 103 9.18 × 102 9.96 × 102 1.07 × 103 3.02 × 103 5.87 × 103 5.07 × 103 3.17 × 103 5.57 × 103

Std 4.48 × 101 1.41 × 102 3.13 × 101 1.63 × 102 1.56 × 102 9.85 × 102 8.24 × 102 9.70 × 102 1.07 × 103 9.69 × 102

Rank 2 5 1 3 4 1 5 3 2 4

F9

Best 1.31 × 103 1.03 × 103 1.51 × 103 1.13 × 103 1.57 × 103 3.26 × 103 4.52 × 103 4.29 × 103 3.28 × 103 4.06 × 103

Ave 1.75 × 103 1.97 × 103 1.89 × 103 1.79 × 103 2.06 × 103 4.13 × 103 5.97 × 103 5.67 × 103 4.14 × 103 5.84 × 103

Std 2.80 × 102 3.55 × 102 2.85 × 102 3.11 × 102 2.81 × 102 5.35 × 102 7.72 × 102 6.81 × 102 4.37 × 102 7.88 × 102

Rank 1 4 3 2 5 1 5 3 2 4

F10

Best 1.10 × 103 1.12 × 103 1.10 × 103 1.11 × 103 1.11 × 103 1.14 × 103 1.34 × 103 1.25 × 103 1.16 × 103 1.40 × 103

Ave 1.12 × 103 1.16 × 103 1.14 × 103 1.12 × 103 1.18 × 103 1.19 × 103 2.51 × 103 1.34 × 103 1.20 × 103 2.76 × 103

Std 8.35 × 100 4.13 × 101 3.50 × 101 9.00 × 100 5.57 × 101 3.58 × 101 1.01 × 103 6.88 × 101 3.56 × 101 1.07 × 103

Rank 1 4 3 2 5 1 4 3 2 5

F11

Best 6.61 × 104 1.49 × 104 1.20 × 104 1.22 × 104 4.07 × 103 3.50 × 105 5.32 × 106 1.92 × 106 4.02 × 105 1.18 × 107

Ave 1.21 × 106 9.40 × 105 1.16 × 106 1.34 × 106 1.15 × 106 3.97 × 106 2.33 × 108 2.25 × 107 3.44 × 106 2.90 × 108

Std 1.20 × 106 1.04 × 106 2.17 × 106 1.36 × 106 1.72 × 106 4.16 × 106 3.48 × 108 1.78 × 107 2.75 × 106 3.71 × 108

Rank 4 1 3 5 2 2 4 3 1 5

F12

Best 1.32 × 103 3.16 × 103 1.64 × 103 1.32 × 103 2.90 × 103 3.47 × 103 4.31 × 104 2.08 × 104 2.84 × 103 3.05 × 104

Ave 1.03 × 104 1.34 × 104 1.17 × 104 9.42 × 103 1.33 × 104 1.57 × 105 4.63 × 107 1.05 × 106 2.39 × 105 3.05 × 107

Std 7.30 × 103 9.03 × 103 9.03 × 103 8.66 × 103 1.00 × 104 4.04 × 105 8.53 × 107 4.10 × 106 8.16 × 105 6.85 × 107

Rank 2 5 3 1 4 1 5 3 2 4

F13

Best 1.41 × 103 1.45 × 103 1.44 × 103 1.40 × 103 1.46 × 103 7.34 × 103 4.80 × 103 6.52 × 103 8.05 × 103 7.66 × 103

Ave 1.88 × 103 2.56 × 103 2.19 × 103 2.53 × 103 2.93 × 103 1.28 × 105 4.31 × 105 1.46 × 105 1.97 × 105 3.34 × 105

Std 1.16 × 103 1.55 × 103 1.45 × 103 1.70 × 103 1.82 × 103 2.18 × 105 5.83 × 105 2.14 × 105 2.64 × 105 4.14 × 105

Rank 1 4 2 3 5 1 5 2 3 4

F14

Best 1.50 × 103 1.56 × 103 1.52 × 103 1.52 × 103 1.55 × 103 1.98 × 103 1.40 × 104 9.11 × 103 1.94 × 103 2.80 × 104

Ave 1.97 × 103 4.26 × 103 1.86 × 103 2.83 × 103 3.17 × 103 9.72 × 103 2.49 × 106 4.36 × 104 8.92 × 103 2.98 × 106

Std 8.90 × 102 2.62 × 103 5.46 × 102 1.29 × 103 1.40 × 103 7.85 × 103 7.04 × 106 5.35 × 104 8.32 × 103 1.30 × 107

Rank 2 5 1 3 4 2 4 3 1 5

F15

Best 1.60 × 103 1.64 × 103 1.60 × 103 1.60 × 103 1.60 × 103 2.14 × 103 2.37 × 103 2.35 × 103 2.16 × 103 2.38 × 103

Ave 1.74 × 103 1.81 × 103 1.73 × 103 1.76 × 103 1.82 × 103 2.69 × 103 3.36 × 103 2.80 × 103 2.76 × 103 3.23 × 103

Std 9.35 × 101 1.21 × 102 1.14 × 102 1.32 × 102 1.44 × 102 2.80 × 102 4.46 × 102 2.99 × 102 3.23 × 102 3.08 × 102

Rank 2 4 1 3 5 1 5 3 2 4

F16

Best 1.71 × 103 1.74 × 103 1.72 × 103 1.70 × 103 1.73 × 103 1.79 × 103 1.92 × 103 1.90 × 103 1.79 × 103 2.05 × 103

Ave 1.74 × 103 1.78 × 103 1.75 × 103 1.75 × 103 1.77 × 103 2.21 × 103 2.36 × 103 2.36 × 103 2.28 × 103 2.42 × 103

Std 2.41 × 101 2.33 × 101 2.14 × 101 2.89 × 101 1.93 × 101 1.68 × 102 2.51 × 102 2.42 × 102 2.16 × 102 2.23 × 102

Rank 1 5 3 2 4 1 4 3 2 5
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Table 3. Cont.

Function Index
IMSCSO IMSCSO-

1
IMSCSO-

2
IMSCSO-

3 SCSO IMSCSO IMSCSO-
1

IMSCSO-
2

IMSCSO-
3 SCSO

Dim = 10 Dim = 30

F17

Best 4.37 × 103 2.63 × 103 3.35 × 103 2.20 × 103 2.61 × 103 8.06 × 104 1.12 × 105 1.41 × 105 1.42 × 105 1.47 × 105

Ave 1.76 × 104 2.11 × 104 2.02 × 104 2.06 × 104 2.14 × 104 1.10 × 106 2.06 × 106 1.27 × 106 1.80 × 106 1.99 × 106

Std 1.30 × 104 1.40 × 104 1.23 × 104 1.32 × 104 1.61 × 104 1.15 × 106 2.37 × 106 1.20 × 106 2.47 × 106 2.11 × 106

Rank 1 4 2 3 5 1 5 2 3 4

F18

Best 1.90 × 103 1.92 × 103 1.92 × 103 1.90 × 103 1.93 × 103 2.31 × 103 3.77 × 104 1.09 × 104 2.30 × 103 1.40 × 104

Ave 4.74 × 103 8.25 × 103 5.12 × 103 8.57 × 103 7.30 × 103 1.41 × 104 1.98 × 106 1.54 × 105 1.85 × 104 1.32 × 106

Std 4.59 × 103 5.55 × 103 5.03 × 103 6.34 × 103 5.79 × 103 1.45 × 104 1.86 × 106 1.93 × 105 1.76 × 104 1.36 × 106

Rank 1 4 2 5 3 1 5 3 2 4

F19

Best 2.00 × 103 2.03 × 103 2.01 × 103 2.00 × 103 2.04 × 103 2.22 × 103 2.36 × 103 2.24 × 103 2.19 × 103 2.29 × 103

Ave 2.02 × 103 2.14 × 103 2.06 × 103 2.07 × 103 2.14 × 103 2.47 × 103 2.71 × 103 2.57 × 103 2.52 × 103 2.70 × 103

Std 2.54 × 101 6.49 × 101 3.32 × 101 7.34 × 101 6.33 × 101 1.72 × 102 2.04 × 102 1.89 × 102 1.98 × 102 2.06 × 102

Rank 1 4 2 3 5 1 5 3 2 4

F20

Best 2.20 × 103 2.20 × 103 2.20 × 103 2.20 × 103 2.20 × 103 2.35 × 103 2.40 × 103 2.39 × 103 2.36 × 103 2.43 × 103

Ave 2.27 × 103 2.29 × 103 2.26 × 103 2.31 × 103 2.29 × 103 2.42 × 103 2.51 × 103 2.47 × 103 2.42 × 103 2.53 × 103

Std 6.25 × 101 6.04 × 101 6.23 × 101 5.05 × 101 5.85 × 101 3.19 × 101 4.75 × 101 3.63 × 101 3.71 × 101 5.52 × 101

Rank 2 3 1 5 4 2 4 3 1 5

F21

Best 2.22 × 103 2.25 × 103 2.23 × 103 2.23 × 103 2.26 × 103 2.30 × 103 2.62 × 103 2.31 × 103 2.30 × 103 2.53 × 103

Ave 2.30 × 103 2.32 × 103 2.30 × 103 2.32 × 103 2.32 × 103 5.23 × 103 4.61 × 103 3.01 × 103 5.06 × 103 5.08 × 103

Std 1.49 × 101 3.10 × 101 1.41 × 101 1.08 × 102 2.94 × 101 1.71 × 103 2.18 × 103 1.67 × 103 1.79 × 103 2.19 × 103

Rank 1 5 2 4 3 5 2 1 3 4

F22

Best 2.61 × 103 2.61 × 103 2.61 × 103 2.62 × 103 2.62 × 103 2.71 × 103 2.81 × 103 2.78 × 103 2.74 × 103 2.84 × 103

Ave 2.63 × 103 2.64 × 103 2.63 × 103 2.64 × 103 2.64 × 103 2.78 × 103 2.92 × 103 2.87 × 103 2.80 × 103 2.93 × 103

Std 1.06 × 101 1.63 × 101 1.30 × 101 1.12 × 101 1.51 × 101 4.52 × 101 6.45 × 101 5.48 × 101 3.71 × 101 5.61 × 101

Rank 2 4 1 3 5 1 4 3 2 5

F23

Best 2.50 × 103 2.51 × 103 2.50 × 103 2.50 × 103 2.50 × 103 2.95 × 103 2.97 × 103 2.95 × 103 2.96 × 103 2.98 × 103

Ave 2.74 × 103 2.74 × 103 2.70 × 103 2.74 × 103 2.74 × 103 3.08 × 103 3.08 × 103 3.03 × 103 3.11 × 103 3.08 × 103

Std 8.25 × 101 7.38 × 101 1.11 × 102 8.25 × 101 8.28 × 101 8.20 × 101 6.24 × 101 6.15 × 101 8.50 × 101 5.90 × 101

Rank 2 4 1 3 5 4 3 1 5 2

F24

Best 2.60 × 103 2.90 × 103 2.90 × 103 2.90 × 103 2.91 × 103 2.88 × 103 3.01 × 103 2.88 × 103 2.88 × 103 3.03 × 103

Ave 2.92 × 103 2.95 × 103 2.92 × 103 2.93 × 103 2.95 × 103 2.90 × 103 3.11 × 103 2.94 × 103 2.90 × 103 3.16 × 103

Std 6.38 × 101 3.10 × 101 2.40 × 101 2.27 × 101 2.13 × 101 1.35 × 101 8.53 × 101 2.34 × 101 1.90 × 101 1.04 × 102

Rank 1 5 2 3 4 1 4 3 2 5

F25

Best 2.60 × 103 2.83 × 103 2.80 × 103 2.60 × 103 2.60 × 103 2.81 × 103 4.41 × 103 2.95 × 103 2.81 × 103 4.20 × 103

Ave 2.94 × 103 3.04 × 103 2.97 × 103 2.99 × 103 3.14 × 103 4.95 × 103 6.66 × 103 4.97 × 103 4.84 × 103 6.59 × 103

Std 1.42 × 102 1.24 × 102 7.53 × 101 2.84 × 102 2.98 × 102 1.36 × 103 9.87 × 102 1.27 × 103 1.36 × 103 1.23 × 103

Rank 1 4 2 3 5 2 5 3 1 4

F26

Best 3.09 × 103 3.09 × 103 3.09 × 103 3.09 × 103 3.09 × 103 3.22 × 103 3.27 × 103 3.23 × 103 3.22 × 103 3.27 × 103

Ave 3.10 × 103 3.11 × 103 3.10 × 103 3.11 × 103 3.10 × 103 3.25 × 103 3.38 × 103 3.32 × 103 3.25 × 103 3.37 × 103

Std 1.60 × 101 2.19 × 101 1.49 × 101 2.15 × 101 1.84 × 101 2.08 × 101 6.70 × 101 4.84 × 101 2.91 × 101 7.46 × 101

Rank 2 4 1 5 3 1 5 3 2 4

F27

Best 3.10 × 103 3.17 × 103 3.10 × 103 3.10 × 103 3.10 × 103 3.20 × 103 3.35 × 103 3.26 × 103 3.12 × 103 3.41 × 103

Ave 3.26 × 103 3.36 × 103 3.33 × 103 3.31 × 103 3.33 × 103 3.23 × 103 3.69 × 103 3.31 × 103 3.22 × 103 3.62 × 103

Std 1.34 × 102 1.06 × 102 1.12 × 102 1.30 × 102 1.07 × 102 2.31 × 101 2.52 × 102 2.66 × 101 2.70 × 101 2.09 × 102

Rank 1 5 3 2 4 2 5 3 1 4

F28

Best 3.15 × 103 3.18 × 103 3.14 × 103 3.16 × 103 3.15 × 103 3.58 × 103 4.09 × 103 4.00 × 103 3.66 × 103 3.87 × 103

Ave 3.22 × 103 3.26 × 103 3.22 × 103 3.24 × 103 3.26 × 103 3.95 × 103 4.57 × 103 4.32 × 103 3.99 × 103 4.59 × 103

Std 4.73 × 101 6.40 × 101 5.19 × 101 6.65 × 101 7.21 × 101 2.35 × 102 3.65 × 102 2.56 × 102 1.92 × 102 4.00 × 102

Rank 1 4 2 3 5 1 4 3 2 5

F29

Best 4.72 × 103 6.44 × 103 6.75 × 103 5.71 × 103 4.07 × 103 2.55 × 104 1.31 × 106 1.43 × 106 1.85 × 104 1.76 × 106

Ave 1.34 × 105 8.41 × 105 3.68 × 105 2.59 × 105 6.06 × 105 1.16 × 105 1.47 × 107 4.92 × 106 1.35 × 105 1.63 × 107

Std 2.71 × 105 1.29 × 106 5.57 × 105 4.59 × 105 7.84 × 105 7.95 × 104 1.49 × 107 2.41 × 106 1.05 × 105 1.51 × 107

Rank 1 5 3 2 4 1 4 3 2 5

Table 4. Comparative results of different strategies of IMSCSO (Dim = 50/100).

Function Index
IMSCSO IMSCSO-1IMSCSO-2 IMSCSO-3 SCSO IMSCSO IMSCSO-1IMSCSO-2 IMSCSO-3 SCSO

Dim = 50 Dim = 100

F1

Best 5.25 × 105 1.06 × 1010 6.08 × 107 9.08 × 105 9.95 × 109 1.12 × 107 6.18 × 1010 2.03 × 109 1.10 × 107 7.62 × 1010

Ave 1.76 × 106 2.66 × 1010 2.35 × 108 1.75 × 106 2.61 × 1010 1.52 × 107 9.47 × 1010 4.56 × 109 1.90 × 107 9.75 × 1010

Std 6.96 × 105 6.95 × 109 9.73 × 107 4.69 × 105 6.63 × 109 3.22 × 106 1.50 × 1010 1.70 × 109 4.17 × 106 1.35 × 1010

Rank 2 5 3 1 4 1 4 3 2 5

F2

Best 4.12 × 104 7.90 × 104 4.60 × 104 6.13 × 104 7.28 × 104 1.94 × 105 2.62 × 105 2.02 × 105 2.47 × 105 2.65 × 105

Ave 6.02 × 104 1.12 × 105 7.11 × 104 9.23 × 104 1.17 × 105 2.30 × 105 2.97 × 105 2.56 × 105 2.72 × 105 3.05 × 105

Std 9.72 × 103 1.98 × 104 1.41 × 104 1.48 × 104 1.86 × 104 1.61 × 104 1.86 × 104 2.73 × 104 1.54 × 104 1.95 × 104

Rank 1 4 2 3 5 1 4 2 3 5
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Table 4. Cont.

Function Index
IMSCSO IMSCSO-1IMSCSO-2 IMSCSO-3 SCSO IMSCSO IMSCSO-1IMSCSO-2 IMSCSO-3 SCSO

Dim = 50 Dim = 100

F3

Best 4.75 × 102 1.60 × 103 5.85 × 102 4.69 × 102 1.73 × 103 6.26 × 102 5.25 × 103 1.48 × 103 6.54 × 102 6.63 × 103

Ave 5.49 × 102 3.52 × 103 7.48 × 102 5.73 × 102 3.46 × 103 7.65 × 102 1.06 × 104 2.01 × 103 7.77 × 102 1.13 × 104

Std 4.70 × 101 1.59 × 103 8.49 × 101 5.20 × 101 1.21 × 103 7.65 × 101 3.27 × 103 4.19 × 102 5.81 × 101 3.05 × 103

Rank 1 5 3 2 4 1 4 3 2 5

F4

Best 6.61 × 102 7.79 × 102 8.26 × 102 6.60 × 102 8.83 × 102 9.77 × 102 1.51 × 103 1.43 × 103 8.90 × 102 1.38 × 103

Ave 7.38 × 102 9.31 × 102 8.82 × 102 7.60 × 102 9.44 × 102 1.15 × 103 1.60 × 103 1.51 × 103 1.16 × 103 1.61 × 103

Std 6.43 × 101 4.56 × 101 3.85 × 101 7.58 × 101 4.10 × 101 1.18 × 102 4.84 × 101 5.47 × 101 1.44 × 102 8.45 × 101

Rank 1 4 3 2 5 1 4 3 2 5

F5

Best 6.01 × 102 6.65 × 102 6.53 × 102 6.02 × 102 6.63 × 102 6.02 × 102 6.73 × 102 6.70 × 102 6.02 × 102 6.77 × 102

Ave 6.04 × 102 6.74 × 102 6.68 × 102 6.05 × 102 6.76 × 102 6.03 × 102 6.86 × 102 6.80 × 102 6.03 × 102 6.85 × 102

Std 2.09 × 100 5.18 × 100 8.21 × 100 2.75 × 100 6.18 × 100 8.15 × 10−1 5.96 × 100 3.67 × 100 9.31 × 10−1 5.97 × 100

Rank 1 4 3 2 5 1 5 3 2 4

F6

Best 9.47 × 102 1.37 × 103 1.35 × 103 1.01 × 103 1.42 × 103 1.47 × 103 2.79 × 103 2.90 × 103 1.40 × 103 2.79 × 103

Ave 1.29 × 103 1.68 × 103 1.56 × 103 1.36 × 103 1.63 × 103 2.48 × 103 3.36 × 103 3.25 × 103 2.51 × 103 3.20 × 103

Std 3.11 × 102 1.37 × 102 1.20 × 102 3.02 × 102 1.26 × 102 6.34 × 102 1.64 × 102 1.58 × 102 6.82 × 102 1.96 × 102

Rank 1 5 3 2 4 1 5 4 2 3

F7

Best 9.24 × 102 1.15 × 103 1.16 × 103 9.58 × 102 1.22 × 103 1.24 × 103 1.84 × 103 1.81 × 103 1.25 × 103 1.90 × 103

Ave 1.02 × 103 1.26 × 103 1.21 × 103 1.02 × 103 1.28 × 103 1.46 × 103 2.05 × 103 1.97 × 103 1.44 × 103 2.07 × 103

Std 4.11 × 101 4.85 × 101 2.89 × 101 3.41 × 101 3.26 × 101 1.20 × 102 8.75 × 101 7.16 × 101 1.35 × 102 9.05 × 101

Rank 2 4 3 1 5 2 4 3 1 5

F8

Best 2.52 × 103 1.50 × 104 1.17 × 104 3.31 × 103 1.49 × 104 1.42 × 104 2.81 × 104 3.24 × 104 1.48 × 104 3.08 × 104

Ave 7.35 × 103 1.93 × 104 1.64 × 104 8.25 × 103 2.03 × 104 2.23 × 104 4.36 × 104 4.05 × 104 2.23 × 104 4.22 × 104

Std 3.41 × 103 3.08 × 103 2.64 × 103 3.30 × 103 3.22 × 103 4.97 × 103 7.88 × 103 5.07 × 103 4.05 × 103 6.03 × 103

Rank 1 4 3 2 5 1 5 3 2 4

F9

Best 4.70 × 103 7.88 × 103 6.68 × 103 5.13 × 103 8.08 × 103 9.90 × 103 1.84 × 104 1.72 × 104 1.03 × 104 1.77 × 104

Ave 5.94 × 103 9.77 × 103 9.37 × 103 6.05 × 103 1.01 × 104 1.25 × 104 2.13 × 104 1.99 × 104 1.32 × 104 2.20 × 104

Std 7.39 × 102 8.45 × 102 1.06 × 103 5.53 × 102 7.55 × 102 1.24 × 103 1.69 × 103 1.63 × 103 1.35 × 103 1.98 × 103

Rank 1 4 3 2 5 1 4 3 2 5

F10

Best 1.17 × 103 2.85 × 103 1.33 × 103 1.22 × 103 3.20 × 103 3.68 × 103 4.33 × 104 1.47 × 104 8.30 × 103 3.55 × 104

Ave 1.34 × 103 7.10 × 103 1.76 × 103 1.66 × 103 6.87 × 103 9.83 × 103 7.80 × 104 2.82 × 104 2.29 × 104 7.75 × 104

Std 2.01 × 102 2.64 × 103 3.73 × 102 6.70 × 102 2.20 × 103 3.45 × 103 1.61 × 104 6.96 × 103 7.95 × 103 1.86 × 104

Rank 1 5 3 2 4 1 5 3 2 4

F11

Best 3.58 × 106 4.57 × 108 4.12 × 107 1.76 × 106 2.30 × 108 1.39 × 107 8.79 × 109 4.42 × 108 1.51 × 107 6.87 × 109

Ave 1.35 × 107 4.54 × 109 2.26 × 108 1.69 × 107 3.43 × 109 5.54 × 107 2.70 × 1010 1.31 × 109 6.12 × 107 2.82 × 1010

Std 7.44 × 106 3.26 × 109 1.38 × 108 1.18 × 107 2.95 × 109 2.53 × 107 1.05 × 1010 5.31 × 108 2.77 × 107 1.22 × 1010

Rank 1 5 3 2 4 1 4 3 2 5

F12

Best 1.25 × 104 1.01 × 107 2.36 × 105 4.77 × 104 2.43 × 107 7.75 × 104 6.19 × 108 3.19 × 106 8.99 × 104 1.26 × 108

Ave 1.01 × 105 1.12 × 109 5.60 × 106 1.81 × 105 4.29 × 108 1.72 × 105 5.01 × 109 1.59 × 107 2.28 × 105 5.71 × 109

Std 6.45 × 104 2.23 × 109 7.15 × 106 1.58 × 105 8.25 × 108 5.97 × 104 3.37 × 109 1.27 × 107 1.06 × 105 3.85 × 109

Rank 1 5 3 2 4 1 4 3 2 5

F13

Best 1.09 × 105 1.58 × 105 8.20 × 104 3.96 × 104 3.80 × 104 1.15 × 106 1.58 × 106 1.43 × 106 9.70 × 105 2.39 × 106

Ave 6.81 × 105 1.20 × 106 9.29 × 105 8.48 × 105 1.51 × 106 3.41 × 106 8.74 × 106 6.94 × 106 4.29 × 106 8.39 × 106

Std 5.94 × 105 1.13 × 106 7.88 × 105 7.42 × 105 1.45 × 106 1.81 × 106 4.62 × 106 3.19 × 106 2.33 × 106 4.25 × 106

Rank 1 4 3 2 5 1 5 3 2 4

F14

Best 2.68 × 103 3.37 × 104 2.28 × 104 6.40 × 103 3.04 × 104 9.37 × 103 6.97 × 107 1.78 × 105 1.96 × 104 2.44 × 107

Ave 2.33 × 104 1.37 × 108 1.25 × 105 2.48 × 104 5.01 × 107 6.78 × 104 1.20 × 109 2.22 × 106 6.33 × 104 9.32 × 108

Std 1.66 × 104 4.09 × 108 1.16 × 105 1.26 × 104 1.20 × 108 3.50 × 104 1.32 × 109 2.84 × 106 3.88 × 104 1.15 × 109

Rank 1 5 3 2 4 2 5 3 1 4

F15

Best 2.92 × 103 3.57 × 103 2.85 × 103 2.57 × 103 3.81 × 103 4.63 × 103 7.05 × 103 7.63 × 103 4.89 × 103 7.56 × 103

Ave 3.72 × 103 4.68 × 103 4.22 × 103 3.66 × 103 4.62 × 103 6.04 × 103 9.75 × 103 9.45 × 103 5.99 × 103 9.78 × 103

Std 4.42 × 102 6.29 × 102 5.89 × 102 5.58 × 102 4.80 × 102 5.25 × 102 1.37 × 103 8.46 × 102 6.26 × 102 9.94 × 102

Rank 2 5 3 1 4 2 4 3 1 5

F16

Best 2.45 × 103 3.13 × 103 2.71 × 103 2.69 × 103 3.09 × 103 3.27 × 103 6.11 × 103 4.37 × 103 4.14 × 103 5.92 × 103

Ave 3.26 × 103 3.90 × 103 3.51 × 103 3.29 × 103 3.91 × 103 4.79 × 103 1.37 × 104 6.90 × 103 5.15 × 103 1.34 × 104

Std 4.65 × 102 4.08 × 102 4.51 × 102 2.98 × 102 4.45 × 102 5.40 × 102 1.14 × 104 9.24 × 102 4.86 × 102 1.18 × 104

Rank 1 4 3 2 5 1 5 3 2 4

F17

Best 7.43 × 105 1.51 × 106 6.26 × 105 6.20 × 105 5.13 × 105 1.74 × 106 3.75 × 106 2.71 × 106 1.50 × 106 2.37 × 106

Ave 4.75 × 106 9.84 × 106 3.96 × 106 5.10 × 106 1.46 × 107 5.19 × 106 1.15 × 107 6.66 × 106 6.57 × 106 7.73 × 106

Std 2.65 × 106 1.27 × 107 2.22 × 106 3.42 × 106 2.45 × 107 2.63 × 106 5.38 × 106 3.03 × 106 3.03 × 106 3.96 × 106

Rank 2 4 1 3 5 1 5 3 2 4

F18

Best 2.71 × 103 6.30 × 104 4.55 × 104 4.60 × 103 1.07 × 105 1.36 × 104 3.62 × 107 1.40 × 106 1.98 × 104 2.99 × 107

Ave 2.22 × 104 5.99 × 107 1.22 × 106 2.44 × 104 1.40 × 107 5.45 × 104 8.43 × 108 1.60 × 107 5.90 × 104 1.23 × 109

Std 1.21 × 104 9.89 × 107 1.28 × 106 1.43 × 104 2.87 × 107 3.44 × 104 9.36 × 108 8.58 × 106 4.08 × 104 1.45 × 109

Rank 1 5 3 2 4 1 4 3 2 5

F19

Best 2.68 × 103 3.03 × 103 2.58 × 103 2.69 × 103 2.72 × 103 4.12 × 103 4.78 × 103 4.89 × 103 4.08 × 103 5.21 × 103

Ave 3.26 × 103 3.57 × 103 3.34 × 103 3.19 × 103 3.54 × 103 5.07 × 103 5.89 × 103 5.78 × 103 5.00 × 103 6.24 × 103

Std 3.43 × 102 3.37 × 102 4.03 × 102 3.20 × 102 4.52 × 102 5.50 × 102 6.50 × 102 5.59 × 102 4.70 × 102 5.38 × 102

Rank 2 5 3 1 4 2 4 3 1 5

F20

Best 2.46 × 103 2.60 × 103 2.59 × 103 2.49 × 103 2.65 × 103 2.79 × 103 3.36 × 103 3.34 × 103 2.82 × 103 3.48 × 103

Ave 2.55 × 103 2.78 × 103 2.72 × 103 2.55 × 103 2.78 × 103 2.94 × 103 3.64 × 103 3.54 × 103 2.98 × 103 3.69 × 103

Std 4.96 × 101 7.87 × 101 6.19 × 101 4.12 × 101 6.43 × 101 8.31 × 101 1.59 × 102 1.59 × 102 9.03 × 101 1.28 × 102

Rank 1 5 3 2 4 1 4 3 2 5

F21

Best 6.91 × 103 9.74 × 103 2.45 × 103 6.60 × 103 9.23 × 103 1.39 × 104 2.14 × 104 2.09 × 104 1.34 × 104 2.18 × 104

Ave 8.30 × 103 1.17 × 104 1.10 × 104 8.22 × 103 1.21 × 104 1.63 × 104 2.48 × 104 2.39 × 104 1.59 × 104 2.47 × 104

Std 8.73 × 102 9.87 × 102 1.94 × 103 7.17 × 102 1.22 × 103 1.26 × 103 1.32 × 103 1.81 × 103 1.20 × 103 1.43 × 103

Rank 2 4 3 1 5 2 5 3 1 4

F22

Best 2.90 × 103 3.21 × 103 3.06 × 103 2.92 × 103 3.20 × 103 3.09 × 103 4.07 × 103 3.80 × 103 3.10 × 103 4.11 × 103

Ave 3.02 × 103 3.36 × 103 3.25 × 103 3.03 × 103 3.39 × 103 3.21 × 103 4.40 × 103 4.21 × 103 3.23 × 103 4.41 × 103

Std 6.31 × 101 9.28 × 101 1.28 × 102 5.75 × 101 1.21 × 102 7.24 × 101 1.85 × 102 2.17 × 102 6.37 × 101 1.82 × 102

Rank 1 4 3 2 5 1 4 3 2 5
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Table 4. Cont.

Function Index
IMSCSO IMSCSO-1IMSCSO-2 IMSCSO-3 SCSO IMSCSO IMSCSO-1IMSCSO-2 IMSCSO-3 SCSO

Dim = 50 Dim = 100

F23

Best 3.26 × 103 3.28 × 103 3.08 × 103 3.24 × 103 3.28 × 103 3.75 × 103 4.93 × 103 4.59 × 103 3.76 × 103 4.92 × 103

Ave 3.45 × 103 3.49 × 103 3.37 × 103 3.53 × 103 3.51 × 103 3.94 × 103 5.55 × 103 5.04 × 103 3.96 × 103 5.42 × 103

Std 1.15 × 102 9.79 × 101 1.03 × 102 1.42 × 102 1.08 × 102 1.14 × 102 2.94 × 102 2.81 × 102 1.07 × 102 3.06 × 102

Rank 2 3 1 5 4 1 5 3 2 4

F24

Best 3.03 × 103 3.83 × 103 3.16 × 103 3.03 × 103 3.56 × 103 3.28 × 103 6.45 × 103 4.09 × 103 3.31 × 103 7.44 × 103

Ave 3.10 × 103 4.75 × 103 3.26 × 103 3.09 × 103 4.82 × 103 3.40 × 103 9.33 × 103 4.46 × 103 3.40 × 103 9.55 × 103

Std 2.69 × 101 6.01 × 102 7.81 × 101 2.85 × 101 7.32 × 102 5.27 × 101 1.42 × 103 2.38 × 102 6.50 × 101 1.53 × 103

Rank 2 4 3 1 5 1 4 3 2 5

F25

Best 2.93 × 103 6.41 × 103 3.92 × 103 2.91 × 103 8.77 × 103 1.20 × 104 2.31 × 104 9.61 × 103 1.09 × 104 2.52 × 104

Ave 7.45 × 103 1.05 × 104 8.20 × 103 7.34 × 103 1.13 × 104 1.46 × 104 3.21 × 104 2.64 × 104 1.48 × 104 3.12 × 104

Std 1.28 × 103 1.89 × 103 2.58 × 103 1.53 × 103 1.23 × 103 1.50 × 103 3.16 × 103 5.44 × 103 1.67 × 103 3.03 × 103

Rank 2 4 3 1 5 1 5 3 2 4

F26

Best 3.37 × 103 3.73 × 103 3.53 × 103 3.35 × 103 3.79 × 103 3.58 × 103 4.66 × 103 4.06 × 103 3.56 × 103 4.72 × 103

Ave 3.53 × 103 4.14 × 103 3.88 × 103 3.58 × 103 4.22 × 103 3.80 × 103 5.39 × 103 4.57 × 103 3.81 × 103 5.43 × 103

Std 1.36 × 102 2.26 × 102 2.06 × 102 1.07 × 102 2.53 × 102 1.21 × 102 3.95 × 102 2.83 × 102 1.30 × 102 4.63 × 102

Rank 1 4 3 2 5 1 4 3 2 5

F27

Best 3.28 × 103 4.15 × 103 3.40 × 103 3.29 × 103 4.47 × 103 3.41 × 103 9.14 × 103 4.12 × 103 3.42 × 103 1.01 × 104

Ave 3.35 × 103 5.32 × 103 3.60 × 103 3.36 × 103 5.32 × 103 3.52 × 103 1.23 × 104 4.69 × 103 3.52 × 103 1.33 × 104

Std 4.81 × 101 7.12 × 102 1.19 × 102 4.76 × 101 6.05 × 102 5.00 × 101 1.74 × 103 3.93 × 102 4.46 × 101 1.55 × 103

Rank 1 4 3 2 5 1 4 3 2 5

F28

Best 3.78 × 103 5.27 × 103 4.66 × 103 3.79 × 103 4.99 × 103 6.53 × 103 1.06 × 104 1.02 × 104 6.15 × 103 1.10 × 104

Ave 4.62 × 103 6.75 × 103 5.92 × 103 4.50 × 103 6.63 × 103 7.45 × 103 1.47 × 104 1.21 × 104 7.31 × 103 1.64 × 104

Std 3.51 × 102 8.26 × 102 5.74 × 102 3.86 × 102 8.53 × 102 5.77 × 102 4.22 × 103 1.22 × 103 5.58 × 102 1.02 × 104

Rank 2 5 3 1 4 2 4 3 1 5

F29

Best 8.79 × 105 8.01 × 107 3.11 × 107 1.08 × 106 7.44 × 107 1.38 × 105 4.73 × 108 1.04 × 108 1.04 × 105 7.17 × 108

Ave 2.77 × 106 2.01 × 108 7.29 × 107 2.82 × 106 2.20 × 108 3.30 × 105 3.81 × 109 2.40 × 108 3.93 × 105 3.62 × 109

Std 1.77 × 106 1.15 × 108 3.32 × 107 1.75 × 106 1.92 × 108 1.58 × 105 2.40 × 109 1.21 × 108 1.63 × 105 3.05 × 109

Rank 1 4 3 2 5 1 5 3 2 4

As shown in Tables 3 and 4, IMSCSO with three strategies performs the best among all
the algorithms involved in the test, while SCSO has the worst performance overall. The rest
of the algorithms are ranked from best to worst as IMSCSO-3 > IMSCSO-2 > IMSCSO-1. In
order to visualize the performance of different derived algorithms, we illustrate the ranking
of different algorithms using stacked bar charts, as shown in Figure 1. We categorize
the rankings into six categories: average top rank, average second rank, average third
rank, average fourth rank, and average fifth rank. Taking the 10-dimension test as an
example, IMSCSO achieved an average top ranking in twenty functions, second in eight
functions, and third in one function. As the dimensions increase, IMSCSO still maintains
good optimization results. In the case of 30 dimensions, IMSCSO achieved the highest
average top rank in twenty functions, second in seven functions and third in one function.
In the 50-dimension case, IMSCSO was ranked first in nineteen functions and second in
nine functions. In the 100-dimension case, IMSCSO performed even better, ranking first
in twenty-three functions and second in six functions. There is no worst ranking in all
four dimensions. In general, IMSCSO shows great optimization performance in different
dimensions, especially in dealing with high-dimension complex problems, which suggests
that our three proposed strategies effectively improve the performance of IMSCSO. For
the three derived algorithms and SCSO, IMSCSO-3 is ranked second on most functions.
IMSCSO-3 is ranked third in most cases. Although IMSCSO-1 and SCSO have similar
average rankings, IMSCSO- outperformed SCSO in solving more than half of the functions.

4.4. Comparison with Other Competitive Algorithms

In this section, we utilize the CEC 2017 test suite to evaluate the effectiveness of
IMSCSO compared with other competitive algorithms.

4.4.1. Quantitative Analysis

To demonstrate the competitiveness of our proposed IMSCSO, we conducted perfor-
mance tests using the CEC 2017 suite on four different dimensions: 10, 30, 50, and 100.
Tables 5–8 show the best value (Best), mean (Ave), standard deviation (std), and ranking of
IMSCSO and its comparative algorithms for 30 independent runs on different dimensions,
respectively. The results show that with the increase in problem dimensions, the perfor-
mance of other algorithms is greatly affected and they are susceptible to falling into local
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optimality, while the IMSCSO algorithm shows better stability and robustness. It is worth
mentioning that IMSCSO obtains the greatest number of first places in all four dimensions
with no underperformance rate. Figure 2 displays the Friedman ranking of IMSCSO and
its comparison algorithms in the 10, 30, 50, and 100 dimensions of the CEC2017 test suite
with a Sankey diagram. It is worth mentioning that IMSCSO has obtained the most first
places in all four dimensions. Specifically, IMSCSO achieved the best performance on the
21 functions tests. SSA, DBO, and HHO were the best performers on two functions each.
WOA and GJO gave the best solutions on one function each. When the dimensions were
increased to 30, IMSCSO achieved the best ranking on 22 test functions. SA managed
to achieve the first place on five functions. SCSO and AO gave the best solution on one
function each. The experimental results show that increasing the dimension to 30 does not
weaken the performance of IMSCSO. On the contrary, the average ranking of IMSCSO in 30
dimensions also decreases from 1.45 to 1.31. When the dimensionality is further increased
to 50 and 100, the average ranking of IMSCSO further decreases compared with other algo-
rithms, which fully verifies the superiority and feasibility of IMSCSO. The ranking of SCSO
becomes larger with the increase in dimensionality on the contrary, which again shows that
the improvement strategy proposed in this paper can effectively improve the optimization
performance of SCSO, especially when dealing with high-dimension problems.
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ample, IMSCSO achieved an average top ranking in twenty functions, second in eight 
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In the 50-dimension case, IMSCSO was ranked first in nineteen functions and second in 
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that our three proposed strategies effectively improve the performance of IMSCSO. For 
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Table 5. Comparative results of different algorithms (Dim = 10).

Function Index MISCSO SCSO AOA SSA DBO WOA AO HHO GJO

F1

Best 1.05 × 103 7.36 × 103 5.63 × 109 1.07 × 102 1.02 × 102 1.38 × 106 1.80 × 105 1.73 × 105 1.48 × 105

Ave 7.31 × 103 1.45 × 108 1.43 × 1010 2.02 × 103 7.88 × 105 2.40 × 107 1.02 × 106 4.81 × 105 2.66 × 108

Std 5.63 × 103 3.33 × 108 4.95 × 109 1.97 × 103 3.30 × 106 6.47 × 107 8.53 × 105 2.45 × 105 3.42 × 108

Rank 2 7 9 1 4 6 5 3 8

F2

Best 3.00 × 102 3.07 × 102 7.53 × 103 3.00 × 102 3.00 × 102 4.96 × 102 3.33 × 102 3.02 × 102 4.67 × 102

Ave 3.19 × 102 1.49 × 103 1.33 × 104 7.34 × 102 4.91 × 102 4.12 × 103 7.08 × 102 3.10 × 102 4.27 × 103

Std 2.41 × 101 1.56 × 103 1.76 × 103 2.36 × 103 1.01 × 103 4.86 × 103 2.32 × 102 2.11 × 101 3.42 × 103

Rank 2 6 9 5 3 7 4 1 8

F3

Best 4.00 × 102 4.00 × 102 6.90 × 102 4.00 × 102 4.01 × 102 4.03 × 102 4.01 × 102 4.00 × 102 4.07 × 102

Ave 4.04 × 102 4.40 × 102 1.74 × 103 4.06 × 102 4.18 × 102 4.59 × 102 4.15 × 102 4.33 × 102 4.41 × 102

Std 2.98 × 100 3.78 × 101 6.80 × 102 1.05 × 101 2.95 × 101 5.66 × 101 1.98 × 101 3.44 × 101 3.32 × 101

Rank 1 6 9 2 4 8 3 5 7

F4

Best 5.09 × 102 5.18 × 102 5.33 × 102 5.23 × 102 5.03 × 102 5.25 × 102 5.08 × 102 5.24 × 102 5.08 × 102

Ave 5.23 × 102 5.39 × 102 5.66 × 102 5.85 × 102 5.33 × 102 5.54 × 102 5.27 × 102 5.53 × 102 5.35 × 102

Std 9.17 × 100 1.27 × 101 1.94 × 101 3.81 × 101 1.24 × 101 2.04 × 101 1.09 × 101 2.14 × 101 1.25 × 101

Rank 1 5 8 9 3 7 2 6 4
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Table 5. Cont.

Function Index MISCSO SCSO AOA SSA DBO WOA AO HHO GJO

F5

Best 6.00 × 102 6.04 × 102 6.29 × 102 6.37 × 102 6.00 × 102 6.09 × 102 6.04 × 102 6.19 × 102 6.00 × 102

Ave 6.02 × 102 6.18 × 102 6.44 × 102 6.59 × 102 6.08 × 102 6.38 × 102 6.16 × 102 6.39 × 102 6.12 × 102

Std 3.50 × 100 9.40 × 100 6.22 × 100 1.19 × 101 7.87 × 100 1.47 × 101 5.59 × 100 1.03 × 101 7.97 × 100

Rank 1 5 8 9 2 6 4 7 3

F6

Best 7.29 × 102 7.34 × 102 7.77 × 102 8.05 × 102 7.12 × 102 7.38 × 102 7.23 × 102 7.38 × 102 7.29 × 102

Ave 7.45 × 102 7.63 × 102 8.00 × 102 9.43 × 102 7.48 × 102 7.72 × 102 7.56 × 102 7.88 × 102 7.59 × 102

Std 1.19 × 101 1.81 × 101 7.56 × 100 1.54 × 102 2.25 × 101 1.99 × 101 1.85 × 101 2.10 × 101 1.60 × 101

Rank 1 5 8 9 2 6 3 7 4

F7

Best 8.10 × 102 8.06 × 102 8.26 × 102 8.27 × 102 8.15 × 102 8.17 × 102 8.10 × 102 8.13 × 102 8.12 × 102

Ave 8.23 × 102 8.30 × 102 8.36 × 102 8.57 × 102 8.29 × 102 8.46 × 102 8.26 × 102 8.30 × 102 8.25 × 102

Std 8.25 × 100 7.42 × 100 5.90 × 100 2.03 × 101 9.31 × 100 1.89 × 101 7.98 × 100 7.79 × 100 7.67 × 100

Rank 1 5 7 9 4 8 3 6 2

F8

Best 9.00 × 102 9.03 × 102 1.28 × 103 1.44 × 103 9.01 × 102 1.04 × 103 9.24 × 102 9.99 × 102 9.01 × 102

Ave 9.18 × 102 1.07 × 103 1.58 × 103 2.21 × 103 9.64 × 102 1.59 × 103 1.04 × 103 1.48 × 103 1.01 × 103

Std 4.48 × 101 1.56 × 102 1.08 × 102 6.40 × 102 9.99 × 101 4.45 × 102 8.54 × 101 2.57 × 102 9.34 × 101

Rank 1 5 7 9 2 8 4 6 3

F9

Best 1.31 × 103 1.57 × 103 1.81 × 103 1.91 × 103 1.25 × 103 1.27 × 103 1.26 × 103 1.58 × 103 1.45 × 103

Ave 1.75 × 103 2.06 × 103 2.13 × 103 2.64 × 103 1.91 × 103 2.10 × 103 1.87 × 103 2.09 × 103 2.09 × 103

Std 2.80 × 102 2.81 × 102 2.11 × 102 3.56 × 102 2.94 × 102 3.60 × 102 3.03 × 102 2.72 × 102 4.01 × 102

Rank 1 4 8 9 3 7 2 5 6

F10

Best 1.10 × 103 1.11 × 103 1.19 × 103 1.12 × 103 1.11 × 103 1.12 × 103 1.12 × 103 1.11 × 103 1.12 × 103

Ave 1.12 × 103 1.18 × 103 4.19 × 103 1.19 × 103 1.20 × 103 1.21 × 103 1.19 × 103 1.18 × 103 1.18 × 103

Std 8.35 × 100 5.57 × 101 2.02 × 103 4.69 × 101 8.18 × 101 8.09 × 101 5.98 × 101 6.78 × 101 5.34 × 101

Rank 1 4 9 6 7 8 5 2 3

F11

Best 6.61 × 104 4.07 × 103 8.60 × 106 2.32 × 104 3.39 × 103 8.68 × 103 4.61 × 104 2.84 × 104 1.10 × 104

Ave 1.21 × 106 1.15 × 106 5.49 × 108 4.34 × 105 1.82 × 106 4.94 × 106 5.05 × 106 4.52 × 106 5.45 × 105

Std 1.20 × 106 1.72 × 106 5.55 × 108 3.77 × 105 4.81 × 106 5.47 × 106 4.88 × 106 4.80 × 106 6.89 × 105

Rank 4 3 9 1 5 7 8 6 2

F12

Best 1.32 × 103 2.90 × 103 3.49 × 103 2.47 × 103 1.65 × 103 2.63 × 103 2.57 × 103 2.34 × 103 2.45 × 103

Ave 1.03 × 104 1.33 × 104 1.17 × 104 1.74 × 104 1.31 × 104 1.64 × 104 1.14 × 104 1.58 × 104 1.18 × 104

Std 7.30 × 103 1.00 × 104 8.29 × 103 1.48 × 104 1.28 × 104 1.42 × 104 9.59 × 103 1.39 × 104 8.80 × 103

Rank 1 6 3 9 5 8 2 7 4

F13

Best 1.41 × 103 1.46 × 103 1.47 × 103 1.47 × 103 1.46 × 103 1.48 × 103 1.47 × 103 1.48 × 103 1.47 × 103

Ave 1.88 × 103 2.93 × 103 9.46 × 103 6.10 × 103 1.70 × 103 2.34 × 103 2.48 × 103 1.63 × 103 2.88 × 103

Std 1.16 × 103 1.82 × 103 8.97 × 103 5.37 × 103 4.91 × 102 1.33 × 103 1.06 × 103 1.66 × 102 1.68 × 103

Rank 3 7 9 8 2 4 5 1 6

F14

Best 1.50 × 103 1.55 × 103 1.70 × 104 2.04 × 103 1.65 × 103 1.66 × 103 2.27 × 103 1.78 × 103 1.59 × 103

Ave 1.97 × 103 3.17 × 103 2.02 × 104 2.41 × 104 4.05 × 103 7.29 × 103 5.59 × 103 5.61 × 103 3.81 × 103

Std 8.90 × 102 1.40 × 103 2.17 × 103 2.74 × 104 6.03 × 103 5.75 × 103 3.27 × 103 2.32 × 103 1.62 × 103

Rank 1 2 8 9 4 7 5 6 3

F15

Best 1.60 × 103 1.60 × 103 1.86 × 103 1.83 × 103 1.61 × 103 1.68 × 103 1.62 × 103 1.65 × 103 1.63 × 103

Ave 1.74 × 103 1.82 × 103 2.07 × 103 2.19 × 103 1.82 × 103 1.88 × 103 1.79 × 103 1.88 × 103 1.78 × 103

Std 9.35 × 101 1.44 × 102 1.05 × 102 2.25 × 102 1.45 × 102 1.25 × 102 1.26 × 102 1.47 × 102 1.41 × 102

Rank 1 4 8 9 5 6 3 7 2

F16

Best 1.71 × 103 1.73 × 103 1.75 × 103 1.81 × 103 1.73 × 103 1.74 × 103 1.74 × 103 1.74 × 103 1.74 × 103

Ave 1.74 × 103 1.77 × 103 1.86 × 103 2.05 × 103 1.78 × 103 1.82 × 103 1.78 × 103 1.81 × 103 1.77 × 103

Std 2.41 × 101 1.93 × 101 1.02 × 102 2.08 × 102 3.72 × 101 6.05 × 101 2.73 × 101 5.78 × 101 1.93 × 101

Rank 1 2 8 9 5 7 4 6 3

F17

Best 4.37 × 103 2.61 × 103 3.25 × 103 2.86 × 103 2.17 × 103 2.21 × 103 4.13 × 103 2.31 × 103 8.25 × 103

Ave 1.76 × 104 2.14 × 104 5.25 × 106 1.41 × 104 2.21 × 104 1.38 × 104 2.55 × 104 1.40 × 104 3.72 × 104

Std 1.30 × 104 1.61 × 104 2.87 × 107 8.28 × 103 1.64 × 104 8.88 × 103 1.55 × 104 9.33 × 103 1.13 × 104

Rank 4 5 9 3 6 1 7 2 8

F18

Best 1.90 × 103 1.93 × 103 2.34 × 103 2.20 × 103 1.96 × 103 1.96 × 103 2.01 × 103 2.48 × 103 1.94 × 103

Ave 4.74 × 103 7.30 × 103 2.98 × 104 1.04 × 104 5.56 × 103 1.96 × 104 2.50 × 104 1.32 × 104 9.05 × 103

Std 4.59 × 103 5.79 × 103 1.60 × 104 6.50 × 103 7.38 × 103 1.87 × 104 7.12 × 104 8.93 × 103 5.81 × 103

Rank 1 3 9 5 2 7 8 6 4

F19

Best 2.00 × 103 2.04 × 103 2.05 × 103 2.06 × 103 2.02 × 103 2.05 × 103 2.04 × 103 2.04 × 103 2.05 × 103

Ave 2.02 × 103 2.14 × 103 2.13 × 103 2.30 × 103 2.08 × 103 2.18 × 103 2.11 × 103 2.17 × 103 2.13 × 103

Std 2.54 × 101 6.33 × 101 4.68 × 101 1.20 × 102 4.58 × 101 7.98 × 101 5.18 × 101 7.84 × 101 5.54 × 101

Rank 1 6 4 9 2 8 3 7 5

F20

Best 2.20 × 103 2.20 × 103 2.23 × 103 2.20 × 103 2.20 × 103 2.21 × 103 2.21 × 103 2.20 × 103 2.20 × 103

Ave 2.27 × 103 2.29 × 103 2.35 × 103 2.37 × 103 2.21 × 103 2.32 × 103 2.29 × 103 2.34 × 103 2.32 × 103

Std 6.25 × 101 5.85 × 101 3.72 × 101 5.10 × 101 4.92 × 100 5.54 × 101 5.49 × 101 4.86 × 101 3.73 × 101

Rank 2 4 8 9 1 5 3 7 6

F21

Best 2.22 × 103 2.26 × 103 2.79 × 103 2.30 × 103 2.30 × 103 2.29 × 103 2.30 × 103 2.27 × 103 2.23 × 103

Ave 2.30 × 103 2.32 × 103 3.39 × 103 2.77 × 103 2.31 × 103 2.44 × 103 2.31 × 103 2.34 × 103 2.36 × 103

Std 1.49 × 101 2.94 × 101 3.72 × 102 7.41 × 102 1.39 × 101 3.69 × 102 3.81 × 100 1.69 × 102 6.75 × 101

Rank 1 4 9 8 3 7 2 5 6
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Table 5. Cont.

Function Index MISCSO SCSO AOA SSA DBO WOA AO HHO GJO

F22

Best 2.61 × 103 2.62 × 103 2.66 × 103 2.67 × 103 2.62 × 103 2.63 × 103 2.62 × 103 2.64 × 103 2.61 × 103

Ave 2.63 × 103 2.64 × 103 2.77 × 103 2.78 × 103 2.65 × 103 2.66 × 103 2.64 × 103 2.68 × 103 2.63 × 103

Std 1.06 × 101 1.51 × 101 5.18 × 101 7.58 × 101 1.40 × 101 2.57 × 101 1.15 × 101 3.38 × 101 1.11 × 101

Rank 1 4 8 9 5 6 3 7 2

F23

Best 2.50 × 103 2.50 × 103 2.74 × 103 2.50 × 103 2.50 × 103 2.56 × 103 2.50 × 103 2.50 × 103 2.74 × 103

Ave 2.74 × 103 2.74 × 103 2.91 × 103 2.90 × 103 2.69 × 103 2.78 × 103 2.75 × 103 2.80 × 103 2.77 × 103

Std 8.25 × 101 8.28 × 101 9.62 × 101 1.10 × 102 1.15 × 102 4.78 × 101 6.88 × 101 9.29 × 101 1.48 × 101

Rank 2 3 9 8 1 6 4 7 5

F24

Best 2.60 × 103 2.91 × 103 3.11 × 103 2.90 × 103 2.90 × 103 2.90 × 103 2.90 × 103 2.90 × 103 2.91 × 103

Ave 2.92 × 103 2.95 × 103 3.60 × 103 2.95 × 103 2.93 × 103 2.95 × 103 2.93 × 103 2.94 × 103 2.95 × 103

Std 6.38 × 101 2.13 × 101 3.08 × 102 2.08 × 101 2.58 × 101 2.22 × 101 2.28 × 101 3.20 × 101 4.18 × 101

Rank 1 5 9 6 3 8 2 4 7

F25

Best 2.60 × 103 2.60 × 103 3.32 × 103 2.80 × 103 2.80 × 103 2.88 × 103 2.62 × 103 2.82 × 103 2.90 × 103

Ave 2.94 × 103 3.14 × 103 4.22 × 103 4.00 × 103 3.09 × 103 3.66 × 103 3.03 × 103 3.67 × 103 3.15 × 103

Std 1.42 × 102 2.98 × 102 3.71 × 102 5.95 × 102 1.16 × 102 5.75 × 102 1.71 × 102 6.27 × 102 2.67 × 102

Rank 1 4 9 8 3 6 2 7 5

F26

Best 3.09 × 103 3.09 × 103 3.15 × 103 3.13 × 103 3.09 × 103 3.10 × 103 3.10 × 103 3.10 × 103 3.09 × 103

Ave 3.10 × 103 3.10 × 103 3.27 × 103 3.24 × 103 3.10 × 103 3.13 × 103 3.10 × 103 3.15 × 103 3.11 × 103

Std 1.60 × 101 1.84 × 101 6.35 × 101 8.47 × 101 1.55 × 101 4.36 × 101 3.90 × 100 3.93 × 101 1.79 × 101

Rank 1 3 9 8 4 6 2 7 5

F27

Best 3.10 × 103 3.10 × 103 3.72 × 103 3.10 × 103 3.11 × 103 3.22 × 103 3.26 × 103 3.18 × 103 3.18 × 103

Ave 3.26 × 103 3.33 × 103 3.93 × 103 3.36 × 103 3.32 × 103 3.46 × 103 3.42 × 103 3.39 × 103 3.41 × 103

Std 1.34 × 102 1.07 × 102 9.83 × 101 1.06 × 102 1.14 × 102 1.58 × 102 5.10 × 101 1.28 × 102 1.36 × 102

Rank 1 3 9 4 2 8 7 5 6

F28

Best 3.15 × 103 3.15 × 103 3.28 × 103 3.31 × 103 3.15 × 103 3.19 × 103 3.16 × 103 3.23 × 103 3.16 × 103

Ave 3.22 × 103 3.26 × 103 3.49 × 103 3.59 × 103 3.25 × 103 3.34 × 103 3.23 × 103 3.35 × 103 3.21 × 103

Std 4.73 × 101 7.21 × 101 1.39 × 102 1.90 × 102 6.66 × 101 1.02 × 102 3.79 × 101 9.45 × 101 3.88 × 101

Rank 2 5 8 9 4 6 3 7 1

F29

Best 4.72 × 103 4.07 × 103 2.87 × 106 5.42 × 103 5.22 × 103 7.09 × 103 8.32 × 103 1.33 × 104 8.15 × 103

Ave 1.34 × 105 6.06 × 105 5.24 × 107 8.58 × 105 9.96 × 105 1.10 × 106 4.28 × 105 9.39 × 105 6.99 × 105

Std 2.71 × 105 7.84 × 105 6.42 × 107 1.46 × 106 1.34 × 106 1.02 × 106 6.33 × 105 9.97 × 105 1.38 × 106

Rank 1 3 9 5 7 8 2 6 4

Table 6. Comparative results of different algorithms (Dim = 30).

Function Index MISCSO SCSO AOA SSA DBO WOA AO HHO GJO

F1

Best 8.77 × 104 2.07 × 109 5.47 × 1010 2.37 × 103 2.85 × 102 8.38 × 108 2.16 × 108 1.82 × 107 6.29 × 109

Ave 2.70 × 105 6.22 × 109 7.46 × 1010 6.83 × 103 4.97 × 107 1.60 × 109 5.55 × 108 3.07 × 107 1.22 × 1010

Std 1.07 × 105 3.38 × 109 7.06 × 109 3.04 × 103 5.47 × 107 7.04 × 108 2.60 × 108 7.26 × 106 3.25 × 109

Rank 2 7 9 1 4 6 5 3 8

F2

Best 3.80 × 103 3.42 × 104 6.81 × 104 2.38 × 104 3.31 × 104 9.32 × 104 4.29 × 104 2.75 × 104 3.02 × 104

Ave 1.30 × 104 5.27 × 104 9.00 × 104 5.83 × 104 7.22 × 104 2.39 × 105 5.57 × 104 3.99 × 104 5.54 × 104

Std 4.81 × 103 1.06 × 104 4.82 × 103 2.45 × 104 1.31 × 104 7.32 × 104 7.46 × 103 6.99 × 103 9.41 × 103

Rank 1 3 8 6 7 9 5 2 4

F3

Best 4.01 × 102 5.58 × 102 1.48 × 104 4.67 × 102 5.01 × 102 6.08 × 102 5.50 × 102 4.90 × 102 6.54 × 102

Ave 5.04 × 102 1.04 × 103 2.62 × 104 5.06 × 102 5.77 × 102 8.30 × 102 6.42 × 102 5.53 × 102 1.22 × 103

Std 2.95 × 101 6.10 × 102 5.01 × 103 1.79 × 101 6.48 × 101 1.51 × 102 7.81 × 101 4.00 × 101 6.44 × 102

Rank 1 7 9 2 4 6 5 3 8

F4

Best 5.56 × 102 6.73 × 102 8.67 × 102 7.72 × 102 6.36 × 102 6.85 × 102 6.49 × 102 7.00 × 102 6.47 × 102

Ave 6.33 × 102 7.62 × 102 9.22 × 102 9.13 × 102 7.64 × 102 8.43 × 102 7.02 × 102 7.62 × 102 7.12 × 102

Std 5.35 × 101 4.64 × 101 2.64 × 101 1.03 × 102 6.14 × 101 7.42 × 101 3.46 × 101 3.05 × 101 3.88 × 101

Rank 1 4 9 8 6 7 2 5 3

F5

Best 6.01 × 102 6.36 × 102 6.59 × 102 6.63 × 102 6.24 × 102 6.65 × 102 6.44 × 102 6.52 × 102 6.18 × 102

Ave 6.06 × 102 6.60 × 102 6.69 × 102 6.78 × 102 6.48 × 102 6.84 × 102 6.54 × 102 6.67 × 102 6.40 × 102

Std 5.34 × 100 9.95 × 100 5.18 × 100 1.02 × 101 1.18 × 101 1.16 × 101 6.39 × 100 7.01 × 100 1.09 × 101

Rank 1 5 7 8 3 9 4 6 2

F6

Best 8.27 × 102 9.61 × 102 1.31 × 103 1.31 × 103 8.60 × 102 1.11 × 103 1.02 × 103 1.10 × 103 9.58 × 102

Ave 1.02 × 103 1.15 × 103 1.36 × 103 2.58 × 103 1.02 × 103 1.27 × 103 1.11 × 103 1.28 × 103 1.06 × 103

Std 1.43 × 102 8.88 × 101 2.55 × 101 8.97 × 102 8.79 × 101 7.90 × 101 7.93 × 101 8.38 × 101 6.58 × 101

Rank 1 5 8 9 2 6 4 7 3

F7

Best 8.75 × 102 9.28 × 102 1.05 × 103 9.94 × 102 9.34 × 102 9.64 × 102 9.10 × 102 9.35 × 102 9.03 × 102

Ave 9.26 × 102 1.00 × 103 1.13 × 103 1.06 × 103 1.03 × 103 1.04 × 103 9.60 × 102 9.76 × 102 9.72 × 102

Std 3.25 × 101 3.19 × 101 2.86 × 101 8.12 × 101 5.03 × 101 4.70 × 101 2.67 × 101 2.25 × 101 4.22 × 101

Rank 1 5 9 8 6 7 2 4 3
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Table 6. Cont.

Function Index MISCSO SCSO AOA SSA DBO WOA AO HHO GJO

F8

Best 1.75 × 103 2.98 × 103 5.13 × 103 5.38 × 103 2.30 × 103 6.21 × 103 3.58 × 103 5.78 × 103 2.24 × 103

Ave 3.02 × 103 5.57 × 103 5.99 × 103 7.61 × 103 5.77 × 103 1.13 × 104 6.26 × 103 8.32 × 103 4.98 × 103

Std 9.85 × 102 9.69 × 102 3.66 × 102 2.05 × 103 2.18 × 103 3.24 × 103 1.41 × 103 1.19 × 103 1.32 × 103

Rank 1 3 5 7 4 9 6 8 2

F9

Best 3.26 × 103 4.06 × 103 6.53 × 103 4.11 × 103 4.15 × 103 4.83 × 103 4.27 × 103 5.00 × 103 4.11 × 103

Ave 4.13 × 103 5.84 × 103 7.29 × 103 5.74 × 103 6.32 × 103 7.00 × 103 5.49 × 103 5.87 × 103 6.18 × 103

Std 5.35 × 102 7.88 × 102 3.48 × 102 7.87 × 102 1.01 × 103 9.15 × 102 6.47 × 102 5.57 × 102 1.28 × 103

Rank 1 4 9 3 7 8 2 5 6

F10

Best 1.14 × 103 1.40 × 103 6.87 × 103 1.26 × 103 1.28 × 103 3.40 × 103 1.66 × 103 1.20 × 103 1.45 × 103

Ave 1.19 × 103 2.76 × 103 1.19 × 104 1.34 × 103 1.54 × 103 6.55 × 103 2.45 × 103 1.30 × 103 3.64 × 103

Std 3.58 × 101 1.07 × 103 3.60 × 103 6.06 × 101 1.93 × 102 2.72 × 103 6.94 × 102 4.94 × 101 1.28 × 103

Rank 1 6 9 3 4 8 5 2 7

F11

Best 3.50 × 105 1.18 × 107 1.46 × 1010 9.77 × 105 3.59 × 105 3.73 × 107 9.75 × 106 4.31 × 106 5.70 × 107

Ave 3.97 × 106 2.90 × 108 2.28 × 1010 3.35 × 106 2.66 × 107 2.90 × 108 8.89 × 107 2.56 × 107 7.08 × 108

Std 4.16 × 106 3.71 × 108 3.94 × 109 2.15 × 106 3.28 × 107 2.69 × 108 6.16 × 107 1.65 × 107 6.69 × 108

Rank 2 7 9 1 4 6 5 3 8

F12

Best 3.47 × 103 3.05 × 104 4.93 × 109 3.17 × 104 1.44 × 104 1.35 × 105 3.99 × 105 2.36 × 105 1.67 × 105

Ave 1.57 × 105 3.05 × 107 1.94 × 1010 1.10 × 105 4.47 × 106 1.63 × 106 2.29 × 106 6.60 × 105 7.92 × 108

Std 4.04 × 105 6.85 × 107 8.38 × 109 5.93 × 104 9.52 × 106 1.39 × 106 3.81 × 106 3.80 × 105 1.43 × 109

Rank 2 7 9 1 6 4 5 3 8

F13

Best 7.34 × 103 7.66 × 103 4.24 × 105 4.08 × 103 1.82 × 104 5.98 × 104 1.10 × 105 2.90 × 104 3.39 × 104

Ave 1.28 × 105 3.34 × 105 5.27 × 106 3.45 × 104 1.99 × 105 2.01 × 106 7.83 × 105 5.91 × 105 6.33 × 105

Std 2.18 × 105 4.14 × 105 1.41 × 107 3.13 × 104 2.14 × 105 2.26 × 106 5.75 × 105 5.07 × 105 5.82 × 105

Rank 2 4 9 1 3 8 7 5 6

F14

Best 1.98 × 103 2.80 × 104 9.31 × 103 1.40 × 104 5.81 × 103 1.00 × 105 3.16 × 104 3.02 × 104 1.47 × 104

Ave 9.72 × 103 2.98 × 106 6.95 × 108 6.88 × 104 1.04 × 105 8.11 × 105 1.26 × 105 1.09 × 105 5.64 × 106

Std 7.85 × 103 1.30 × 107 7.90 × 108 6.38 × 104 1.47 × 105 1.10 × 106 6.40 × 104 5.57 × 104 2.10 × 107

Rank 1 7 9 2 3 6 5 4 8

F15

Best 2.14 × 103 2.38 × 103 3.99 × 103 2.55 × 103 2.31 × 103 2.74 × 103 2.70 × 103 2.74 × 103 2.37 × 103

Ave 2.69 × 103 3.23 × 103 6.46 × 103 3.87 × 103 3.17 × 103 4.11 × 103 3.32 × 103 3.56 × 103 3.00 × 103

Std 2.80 × 102 3.08 × 102 1.86 × 103 6.23 × 102 4.49 × 102 6.38 × 102 3.59 × 102 3.83 × 102 4.04 × 102

Rank 1 4 9 7 3 8 5 6 2

F16

Best 1.79 × 103 2.05 × 103 2.46 × 103 2.30 × 103 1.91 × 103 2.00 × 103 2.06 × 103 1.95 × 103 1.94 × 103

Ave 2.21 × 103 2.42 × 103 9.92 × 103 2.85 × 103 2.63 × 103 2.74 × 103 2.47 × 103 2.48 × 103 2.36 × 103

Std 1.68 × 102 2.23 × 102 1.04 × 104 3.18 × 102 2.81 × 102 2.90 × 102 2.14 × 102 3.29 × 102 2.74 × 102

Rank 1 3 9 8 6 7 4 5 2

F17

Best 8.06 × 104 1.47 × 105 5.07 × 106 9.94 × 104 8.90 × 104 7.29 × 105 5.69 × 105 8.16 × 104 8.71 × 104

Ave 1.10 × 106 1.99 × 106 5.27 × 107 3.67 × 105 3.01 × 106 8.91 × 106 4.59 × 106 2.73 × 106 2.27 × 106

Std 1.15 × 106 2.11 × 106 3.36 × 107 2.92 × 105 4.66 × 106 8.80 × 106 4.11 × 106 4.97 × 106 2.61 × 106

Rank 2 3 9 1 6 8 7 5 4

F18

Best 2.31 × 103 1.40 × 104 4.94 × 107 2.83 × 105 2.27 × 103 4.23 × 104 7.99 × 104 9.31 × 104 3.92 × 104

Ave 1.41 × 104 1.32 × 106 7.02 × 108 6.46 × 105 3.60 × 106 1.19 × 107 2.19 × 106 8.70 × 105 4.79 × 107

Std 1.45 × 104 1.36 × 106 5.04 × 108 3.26 × 105 9.16 × 106 1.74 × 107 1.75 × 106 6.32 × 105 8.42 × 107

Rank 1 4 9 2 6 7 5 3 8

F19

Best 2.22 × 103 2.29 × 103 2.50 × 103 2.69 × 103 2.25 × 103 2.47 × 103 2.25 × 103 2.37 × 103 2.33 × 103

Ave 2.47 × 103 2.70 × 103 2.88 × 103 3.11 × 103 2.72 × 103 2.93 × 103 2.56 × 103 2.82 × 103 2.61 × 103

Std 1.72 × 102 2.06 × 102 2.14 × 102 2.48 × 102 1.91 × 102 1.81 × 102 2.04 × 102 2.23 × 102 1.84 × 102

Rank 1 4 7 9 5 8 2 6 3

F20

Best 2.35 × 103 2.43 × 103 2.62 × 103 2.56 × 103 2.43 × 103 2.55 × 103 2.40 × 103 2.43 × 103 2.41 × 103

Ave 2.42 × 103 2.53 × 103 2.72 × 103 2.69 × 103 2.54 × 103 2.63 × 103 2.49 × 103 2.57 × 103 2.48 × 103

Std 3.19 × 101 5.52 × 101 6.18 × 101 7.55 × 101 5.13 × 101 5.79 × 101 3.98 × 101 5.54 × 101 4.70 × 101

Rank 1 4 9 8 5 7 3 6 2

F21

Best 2.30 × 103 2.53 × 103 7.08 × 103 6.22 × 103 2.33 × 103 2.61 × 103 2.43 × 103 2.60 × 103 2.83 × 103

Ave 5.23 × 103 5.08 × 103 9.13 × 103 7.78 × 103 5.13 × 103 7.64 × 103 2.60 × 103 7.08 × 103 5.36 × 103

Std 1.71 × 103 2.19 × 103 7.01 × 102 8.29 × 102 2.30 × 103 1.85 × 103 2.44 × 102 1.17 × 103 2.14 × 103

Rank 4 2 9 8 3 7 1 6 5

F22

Best 2.71 × 103 2.84 × 103 3.15 × 103 3.17 × 103 2.81 × 103 2.98 × 103 2.84 × 103 2.96 × 103 2.80 × 103

Ave 2.78 × 103 2.93 × 103 3.54 × 103 3.49 × 103 2.98 × 103 3.18 × 103 2.95 × 103 3.19 × 103 2.90 × 103

Std 4.52 × 101 5.61 × 101 1.41 × 102 1.73 × 102 8.36 × 101 1.13 × 102 5.75 × 101 1.13 × 102 6.83 × 101

Rank 1 3 9 8 5 6 4 7 2

F23

Best 2.95 × 103 2.98 × 103 3.58 × 103 3.50 × 103 3.00 × 103 3.01 × 103 2.99 × 103 3.24 × 103 2.93 × 103

Ave 3.08 × 103 3.08 × 103 4.20 × 103 3.72 × 103 3.15 × 103 3.22 × 103 3.09 × 103 3.46 × 103 3.11 × 103

Std 8.20 × 101 5.90 × 101 2.97 × 102 1.05 × 102 1.08 × 102 9.20 × 101 5.60 × 101 1.47 × 102 7.51 × 101

Rank 2 1 9 8 5 6 3 7 4

F24

Best 2.88 × 103 3.03 × 103 5.06 × 103 2.88 × 103 2.89 × 103 3.02 × 103 2.91 × 103 2.91 × 103 3.07 × 103

Ave 2.90 × 103 3.16 × 103 7.67 × 103 2.92 × 103 2.96 × 103 3.11 × 103 2.99 × 103 2.95 × 103 3.28 × 103

Std 1.35 × 101 1.04 × 102 7.93 × 102 2.28 × 101 6.07 × 101 4.78 × 101 3.11 × 101 2.61 × 101 2.23 × 102

Rank 1 7 9 2 4 6 5 3 8
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Table 6. Cont.

Function Index MISCSO SCSO AOA SSA DBO WOA AO HHO GJO

F25

Best 2.81 × 103 4.20 × 103 9.71 × 103 2.96 × 103 5.57 × 103 6.35 × 103 3.32 × 103 4.44 × 103 4.76 × 103

Ave 4.95 × 103 6.59 × 103 1.24 × 104 9.55 × 103 6.64 × 103 8.51 × 103 5.68 × 103 7.67 × 103 6.00 × 103

Std 1.36 × 103 1.23 × 103 1.59 × 103 3.43 × 103 6.27 × 102 9.00 × 102 1.56 × 103 1.10 × 103 6.23 × 102

Rank 1 4 9 8 5 7 2 6 3

F26

Best 3.22 × 103 3.27 × 103 3.72 × 103 3.51 × 103 3.23 × 103 3.25 × 103 3.27 × 103 3.28 × 103 3.28 × 103

Ave 3.25 × 103 3.37 × 103 4.68 × 103 4.13 × 103 3.31 × 103 3.43 × 103 3.37 × 103 3.50 × 103 3.39 × 103

Std 2.08 × 101 7.46 × 101 4.60 × 102 4.78 × 102 6.53 × 101 1.34 × 102 5.69 × 101 1.58 × 102 7.34 × 101

Rank 1 3 9 8 2 6 4 7 5

F27

Best 3.20 × 103 3.41 × 103 6.89 × 103 3.20 × 103 3.25 × 103 3.39 × 103 3.32 × 103 3.25 × 103 3.57 × 103

Ave 3.23 × 103 3.62 × 103 9.15 × 103 3.23 × 103 3.45 × 103 3.55 × 103 3.48 × 103 3.33 × 103 4.01 × 103

Std 2.31 × 101 2.09 × 102 6.06 × 102 3.48 × 101 2.56 × 102 1.13 × 102 1.28 × 102 3.34 × 101 3.88 × 102

Rank 1 7 9 2 4 6 5 3 8

F28

Best 3.58 × 103 3.87 × 103 5.20 × 103 4.28 × 103 4.05 × 103 4.34 × 103 3.81 × 103 3.96 × 103 3.87 × 103

Ave 3.95 × 103 4.59 × 103 1.12 × 104 5.06 × 103 4.57 × 103 5.18 × 103 4.62 × 103 4.65 × 103 4.23 × 103

Std 2.35 × 102 4.00 × 102 6.77 × 103 4.21 × 102 2.96 × 102 5.03 × 102 3.46 × 102 4.02 × 102 2.17 × 102

Rank 1 4 9 7 3 8 5 6 2

F29

Best 2.55 × 104 1.76 × 106 1.67 × 109 2.64 × 105 1.62 × 104 5.80 × 106 1.10 × 106 3.53 × 105 3.05 × 106

Ave 1.16 × 105 1.63 × 107 3.84 × 109 2.17 × 106 3.89 × 106 4.16 × 107 2.25 × 107 5.06 × 106 3.51 × 107

Std 7.95 × 104 1.51 × 107 1.79 × 109 1.26 × 106 5.02 × 106 3.40 × 107 2.45 × 107 4.25 × 106 3.64 × 107

Rank 1 5 9 2 3 8 6 4 7

Table 7. Comparative results of different algorithms (Dim = 50).

Function Index MISCSO SCSO AOA SSA DBO WOA AO HHO GJO

F1

Best 5.25 × 105 9.95 × 109 1.18 × 1011 2.53 × 104 2.16 × 108 4.17 × 109 2.30 × 109 1.21 × 108 2.36 × 1010

Ave 1.76 × 106 2.61 × 1010 1.30 × 1011 5.42 × 104 1.76 × 109 7.60 × 109 5.19 × 109 2.76 × 108 3.67 × 1010

Std 6.96 × 105 6.63 × 109 4.06 × 109 1.62 × 104 2.70 × 109 2.34 × 109 1.44 × 109 1.06 × 108 7.37 × 109

Rank 2 7 9 1 4 6 5 3 8

F2

Best 4.12 × 104 7.28 × 104 1.49 × 105 1.32 × 105 1.45 × 105 1.62 × 105 1.83 × 105 1.03 × 105 9.86 × 104

Ave 6.02 × 104 1.17 × 105 1.90 × 105 2.31 × 105 2.24 × 105 2.74 × 105 2.51 × 105 1.39 × 105 1.27 × 105

Std 9.72 × 103 1.86 × 104 2.13 × 104 5.52 × 104 5.79 × 104 8.74 × 104 4.56 × 104 2.17 × 104 1.69 × 104

Rank 1 2 5 7 6 9 8 4 3

F3

Best 4.75 × 102 1.73 × 103 4.33 × 104 5.22 × 102 5.90 × 102 1.23 × 103 1.09 × 103 6.87 × 102 2.87 × 103

Ave 5.49 × 102 3.46 × 103 5.21 × 104 6.05 × 102 9.35 × 102 2.42 × 103 1.63 × 103 8.29 × 102 5.44 × 103

Std 4.70 × 101 1.21 × 103 3.67 × 103 8.05 × 101 3.04 × 102 6.89 × 102 3.09 × 102 9.17 × 101 1.85 × 103

Rank 1 7 9 2 4 6 5 3 8

F4

Best 6.61 × 102 8.83 × 102 1.06 × 103 8.75 × 102 7.97 × 102 9.22 × 102 8.22 × 102 8.62 × 102 8.49 × 102

Ave 7.38 × 102 9.44 × 102 1.12 × 103 1.06 × 103 9.58 × 102 1.08 × 103 9.01 × 102 9.02 × 102 9.31 × 102

Std 6.43 × 101 4.10 × 101 3.35 × 101 1.79 × 102 1.01 × 102 1.01 × 102 4.06 × 101 1.92 × 101 6.96 × 101

Rank 1 5 9 7 6 8 2 3 4

F5

Best 6.01 × 102 6.63 × 102 6.63 × 102 6.66 × 102 6.43 × 102 6.72 × 102 6.57 × 102 6.62 × 102 6.38 × 102

Ave 6.04 × 102 6.76 × 102 6.76 × 102 6.79 × 102 6.65 × 102 6.94 × 102 6.67 × 102 6.77 × 102 6.53 × 102

Std 2.09 × 100 6.18 × 100 4.43 × 100 9.87 × 100 1.02 × 101 1.30 × 101 7.60 × 100 4.83 × 100 6.34 × 100

Rank 1 5 6 8 3 9 4 7 2

F6

Best 9.47 × 102 1.42 × 103 1.79 × 103 1.78 × 103 1.27 × 103 1.50 × 103 1.41 × 103 1.69 × 103 1.27 × 103

Ave 1.29 × 103 1.63 × 103 1.91 × 103 3.20 × 103 1.46 × 103 1.84 × 103 1.60 × 103 1.86 × 103 1.44 × 103

Std 3.11 × 102 1.26 × 102 4.90 × 101 1.59 × 103 1.49 × 102 1.07 × 102 9.19 × 101 7.56 × 101 1.06 × 102

Rank 1 5 8 9 3 6 4 7 2

F7

Best 9.24 × 102 1.22 × 103 1.37 × 103 1.22 × 103 1.14 × 103 1.20 × 103 1.17 × 103 1.14 × 103 1.12 × 103

Ave 1.02 × 103 1.28 × 103 1.43 × 103 1.39 × 103 1.30 × 103 1.35 × 103 1.23 × 103 1.21 × 103 1.23 × 103

Std 4.11 × 101 3.26 × 101 3.06 × 101 1.46 × 102 8.61 × 101 1.18 × 102 2.74 × 101 3.03 × 101 7.30 × 101

Rank 1 5 9 8 6 7 3 2 4

F8

Best 2.52 × 103 1.49 × 104 1.66 × 104 1.32 × 104 8.55 × 103 1.81 × 104 2.05 × 104 2.26 × 104 1.51 × 104

Ave 7.35 × 103 2.03 × 104 1.93 × 104 1.99 × 104 2.43 × 104 3.51 × 104 2.52 × 104 2.84 × 104 2.12 × 104

Std 3.41 × 103 3.22 × 103 1.46 × 103 6.16 × 103 7.95 × 103 1.18 × 104 3.38 × 103 2.92 × 103 4.23 × 103

Rank 1 4 2 3 6 9 7 8 5

F9

Best 4.70 × 103 8.08 × 103 1.04 × 104 6.98 × 103 7.48 × 103 9.75 × 103 7.13 × 103 8.05 × 103 8.31 × 103

Ave 5.94 × 103 1.01 × 104 1.22 × 104 8.54 × 103 1.04 × 104 1.25 × 104 9.97 × 103 9.49 × 103 1.11 × 104

Std 7.39 × 102 7.55 × 102 8.05 × 102 6.46 × 102 1.87 × 103 1.17 × 103 1.27 × 103 7.23 × 102 2.69 × 103

Rank 1 5 8 2 6 9 4 3 7

F10

Best 1.17 × 103 3.20 × 103 2.23 × 104 1.29 × 103 1.52 × 103 3.11 × 103 2.41 × 103 1.50 × 103 4.92 × 103

Ave 1.34 × 103 6.87 × 103 2.77 × 104 1.54 × 103 2.73 × 103 5.34 × 103 3.59 × 103 1.81 × 103 9.16 × 103

Std 2.01 × 102 2.20 × 103 1.65 × 103 1.48 × 102 1.49 × 103 1.42 × 103 7.59 × 102 1.44 × 102 2.63 × 103

Rank 1 7 9 2 4 6 5 3 8
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Table 7. Cont.

Function Index MISCSO SCSO AOA SSA DBO WOA AO HHO GJO

F11

Best 3.58 × 106 2.30 × 108 7.79 × 1010 4.36 × 106 4.56 × 107 4.49 × 108 2.05 × 108 5.96 × 107 1.29 × 109

Ave 1.35 × 107 3.43 × 109 1.15 × 1011 2.76 × 107 6.15 × 108 1.95 × 109 9.83 × 108 2.30 × 108 8.28 × 109

Std 7.44 × 106 2.95 × 109 1.79 × 1010 1.99 × 107 7.06 × 108 9.27 × 108 5.80 × 108 1.11 × 108 4.94 × 109

Rank 1 7 9 2 4 6 5 3 8

F12

Best 1.25 × 104 2.43 × 107 1.60 × 1010 2.71 × 104 2.90 × 105 2.09 × 107 1.30 × 107 1.77 × 106 7.75 × 107

Ave 1.01 × 105 4.29 × 108 6.44 × 1010 1.90 × 105 5.02 × 107 1.30 × 108 7.60 × 107 4.92 × 106 2.32 × 109

Std 6.45 × 104 8.25 × 108 2.04 × 1010 1.28 × 105 6.87 × 107 1.10 × 108 8.89 × 107 1.97 × 106 3.09 × 109

Rank 1 7 9 2 4 6 5 3 8

F13

Best 1.09 × 105 3.80 × 104 2.82 × 107 2.49 × 104 9.48 × 104 5.72 × 105 1.88 × 105 3.45 × 104 2.46 × 105

Ave 6.81 × 105 1.51 × 106 1.79 × 108 1.14 × 105 2.93 × 106 5.22 × 106 5.43 × 106 2.30 × 106 2.72 × 106

Std 5.94 × 105 1.45 × 106 1.12 × 108 7.07 × 104 3.66 × 106 3.66 × 106 5.15 × 106 2.21 × 106 4.28 × 106

Rank 2 3 9 1 6 7 8 4 5

F14

Best 2.68 × 103 3.04 × 104 4.02 × 109 1.42 × 104 2.66 × 104 3.37 × 105 3.97 × 105 2.95 × 105 7.32 × 104

Ave 2.33 × 104 5.01 × 107 1.46 × 1010 5.28 × 104 1.47 × 107 9.38 × 106 1.26 × 106 7.26 × 105 3.50 × 108

Std 1.66 × 104 1.20 × 108 4.90 × 109 4.83 × 104 4.50 × 107 1.16 × 107 7.89 × 105 2.95 × 105 4.38 × 108

Rank 1 7 9 2 6 5 4 3 8

F15

Best 2.92 × 103 3.81 × 103 6.65 × 103 3.48 × 103 3.22 × 103 4.82 × 103 3.25 × 103 3.73 × 103 3.17 × 103

Ave 3.72 × 103 4.62 × 103 1.09 × 104 4.73 × 103 4.78 × 103 6.00 × 103 4.59 × 103 4.70 × 103 4.30 × 103

Std 4.42 × 102 4.80 × 102 2.25 × 103 5.63 × 102 6.19 × 102 7.55 × 102 6.33 × 102 5.98 × 102 6.51 × 102

Rank 1 4 9 6 7 8 3 5 2

F16

Best 2.45 × 103 3.09 × 103 9.82 × 103 3.17 × 103 3.00 × 103 3.51 × 103 3.02 × 103 2.87 × 103 2.78 × 103

Ave 3.26 × 103 3.91 × 103 4.42 × 104 3.90 × 103 4.12 × 103 4.59 × 103 3.92 × 103 3.74 × 103 3.62 × 103

Std 4.65 × 102 4.45 × 102 1.81 × 104 4.59 × 102 4.92 × 102 6.91 × 102 4.56 × 102 3.63 × 102 3.95 × 102

Rank 1 5 9 4 7 8 6 3 2

F17

Best 7.43 × 105 5.13 × 105 1.28 × 108 5.02 × 105 8.34 × 105 4.78 × 106 1.49 × 106 8.75 × 105 1.52 × 106

Ave 4.75 × 106 1.46 × 107 4.47 × 108 1.79 × 106 8.79 × 106 3.70 × 107 1.60 × 107 5.57 × 106 1.72 × 107

Std 2.65 × 106 2.45 × 107 3.09 × 108 1.16 × 106 9.00 × 106 2.92 × 107 1.00 × 107 4.09 × 106 2.52 × 107

Rank 2 5 9 1 4 8 6 3 7

F18

Best 2.71 × 103 1.07 × 105 3.35 × 109 5.54 × 104 1.95 × 104 7.24 × 105 2.29 × 105 3.01 × 105 1.24 × 105

Ave 2.22 × 104 1.40 × 107 8.61 × 109 1.51 × 106 5.96 × 106 1.02 × 107 2.19 × 106 1.46 × 106 2.94 × 108

Std 1.21 × 104 2.87 × 107 2.07 × 109 1.30 × 106 7.16 × 106 9.77 × 106 2.38 × 106 1.24 × 106 4.14 × 108

Rank 1 7 9 3 5 6 4 2 8

F19

Best 2.68 × 103 2.72 × 103 3.44 × 103 3.26 × 103 2.69 × 103 3.46 × 103 3.00 × 103 2.80 × 103 2.52 × 103

Ave 3.26 × 103 3.54 × 103 4.10 × 103 3.97 × 103 3.71 × 103 3.92 × 103 3.39 × 103 3.40 × 103 3.32 × 103

Std 3.43 × 102 4.52 × 102 3.54 × 102 4.20 × 102 3.60 × 102 2.69 × 102 2.43 × 102 3.02 × 102 3.93 × 102

Rank 1 5 9 8 6 7 3 4 2

F20

Best 2.46 × 103 2.65 × 103 2.92 × 103 2.93 × 103 2.65 × 103 2.89 × 103 2.63 × 103 2.81 × 103 2.60 × 103

Ave 2.55 × 103 2.78 × 103 3.13 × 103 3.15 × 103 2.82 × 103 3.07 × 103 2.74 × 103 2.92 × 103 2.69 × 103

Std 4.96 × 101 6.43 × 101 1.17 × 102 1.02 × 102 8.64 × 101 1.14 × 102 6.68 × 101 7.66 × 101 4.37 × 101

Rank 1 4 8 9 5 7 3 6 2

F21

Best 6.91 × 103 9.23 × 103 1.44 × 104 9.58 × 103 8.78 × 103 1.17 × 104 6.65 × 103 9.73 × 103 9.85 × 103

Ave 8.30 × 103 1.21 × 104 1.58 × 104 1.09 × 104 1.16 × 104 1.41 × 104 1.18 × 104 1.20 × 104 1.32 × 104

Std 8.73 × 102 1.22 × 103 6.65 × 102 7.41 × 102 1.56 × 103 1.18 × 103 1.63 × 103 1.25 × 103 2.49 × 103

Rank 1 6 9 2 3 8 4 5 7

F22

Best 2.90 × 103 3.20 × 103 3.90 × 103 3.90 × 103 3.26 × 103 3.37 × 103 3.36 × 103 3.63 × 103 3.16 × 103

Ave 3.02 × 103 3.39 × 103 4.34 × 103 4.31 × 103 3.50 × 103 3.83 × 103 3.55 × 103 3.97 × 103 3.32 × 103

Std 6.31 × 101 1.21 × 102 2.69 × 102 2.42 × 102 1.46 × 102 2.36 × 102 1.15 × 102 1.83 × 102 9.64 × 101

Rank 1 3 9 8 4 6 5 7 2

F23

Best 3.26 × 103 3.28 × 103 4.05 × 103 4.04 × 103 3.41 × 103 3.54 × 103 3.22 × 103 3.79 × 103 3.33 × 103

Ave 3.45 × 103 3.51 × 103 5.25 × 103 4.27 × 103 3.69 × 103 3.83 × 103 3.57 × 103 4.25 × 103 3.47 × 103

Std 1.15 × 102 1.08 × 102 5.70 × 102 1.25 × 102 1.31 × 102 1.59 × 102 1.33 × 102 2.52 × 102 1.03 × 102

Rank 1 3 9 8 5 6 4 7 2

F24

Best 3.03 × 103 3.56 × 103 1.64 × 104 3.07 × 103 3.05 × 103 3.52 × 103 3.38 × 103 3.17 × 103 4.38 × 103

Ave 3.10 × 103 4.82 × 103 1.87 × 104 3.12 × 103 3.49 × 103 4.18 × 103 3.70 × 103 3.28 × 103 5.65 × 103

Std 2.69 × 101 7.32 × 102 8.68 × 102 3.09 × 101 1.16 × 103 3.34 × 102 2.27 × 102 7.37 × 101 6.93 × 102

Rank 1 7 9 2 4 6 5 3 8

F25

Best 2.93 × 103 8.77 × 103 1.63 × 104 3.71 × 103 7.42 × 103 1.16 × 104 5.65 × 103 8.12 × 103 7.96 × 103

Ave 7.45 × 103 1.13 × 104 1.88 × 104 1.34 × 104 9.94 × 103 1.42 × 104 9.39 × 103 1.13 × 104 9.92 × 103

Std 1.28 × 103 1.23 × 103 6.06 × 102 5.68 × 103 1.48 × 103 1.49 × 103 2.21 × 103 1.13 × 103 8.27 × 102

Rank 1 6 9 7 4 8 2 5 3

F26

Best 3.37 × 103 3.79 × 103 5.10 × 103 4.23 × 103 3.64 × 103 3.72 × 103 3.81 × 103 3.80 × 103 3.83 × 103

Ave 3.53 × 103 4.22 × 103 6.58 × 103 5.67 × 103 3.93 × 103 4.53 × 103 4.22 × 103 4.46 × 103 4.12 × 103

Std 1.36 × 102 2.53 × 102 8.53 × 102 6.29 × 102 2.61 × 102 4.35 × 102 2.16 × 102 3.66 × 102 2.16 × 102

Rank 1 4 9 8 2 7 5 6 3

F27

Best 3.28 × 103 4.47 × 103 1.27 × 104 3.33 × 103 3.47 × 103 4.17 × 103 4.08 × 103 3.58 × 103 4.87 × 103

Ave 3.35 × 103 5.32 × 103 1.72 × 104 3.54 × 103 4.92 × 103 5.09 × 103 4.81 × 103 3.83 × 103 6.13 × 103

Std 4.81 × 101 6.05 × 102 1.84 × 103 2.75 × 102 1.85 × 103 3.98 × 102 3.57 × 102 1.92 × 102 6.38 × 102

Rank 1 7 9 2 5 6 4 3 8
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Table 7. Cont.

Function Index MISCSO SCSO AOA SSA DBO WOA AO HHO GJO

F28

Best 3.78 × 103 4.99 × 103 2.63 × 104 5.05 × 103 4.80 × 103 6.33 × 103 5.63 × 103 4.87 × 103 5.06 × 103

Ave 4.62 × 103 6.63 × 103 5.19 × 105 6.62 × 103 6.47 × 103 8.98 × 103 6.81 × 103 6.20 × 103 6.19 × 103

Std 3.51 × 102 8.53 × 102 8.44 × 105 8.62 × 102 1.07 × 103 1.46 × 103 9.45 × 102 8.40 × 102 9.41 × 102

Rank 1 6 9 5 4 8 7 3 2

F29

Best 8.79 × 105 7.44 × 107 4.27 × 109 3.41 × 107 4.17 × 106 9.44 × 107 6.29 × 107 3.95 × 107 1.37 × 108

Ave 2.77 × 106 2.20 × 108 1.32 × 1010 4.75 × 107 4.88 × 107 2.53 × 108 1.41 × 108 7.41 × 107 4.15 × 108

Std 1.77 × 106 1.92 × 108 4.81 × 109 1.02 × 107 1.04 × 108 1.03 × 108 5.81 × 107 2.38 × 107 2.31 × 108

Rank 1 6 9 2 3 7 5 4 8

Table 8. Comparative results of different algorithms (Dim = 100).

Function Index MISCSO SCSO AOA SSA DBO WOA AO HHO GJO

F1

Best 1.12 × 107 7.62 × 1010 2.53 × 1011 9.15 × 105 4.88 × 109 4.49 × 1010 2.84 × 1010 5.09 × 109 1.04 × 1011

Ave 1.52 × 107 9.75 × 1010 2.79 × 1011 1.80 × 109 4.62 × 1010 6.30 × 1010 4.20 × 1010 7.12 × 109 1.35 × 1011

Std 3.22 × 106 1.35 × 1010 9.93 × 109 3.02 × 109 5.46 × 1010 8.54 × 109 6.57 × 109 1.19 × 109 1.39 × 1010

Rank 1 7 9 2 5 6 4 3 8

F2

Best 1.94 × 105 2.65 × 105 3.38 × 105 5.76 × 105 3.39 × 105 4.62 × 105 3.22 × 105 2.81 × 105 2.77 × 105

Ave 2.30 × 105 3.05 × 105 3.54 × 105 7.41 × 105 4.91 × 105 8.52 × 105 3.48 × 105 3.22 × 105 3.28 × 105

Std 1.61 × 104 1.95 × 104 1.15 × 104 1.05 × 105 1.69 × 105 1.27 × 105 1.23 × 104 1.98 × 104 2.60 × 104

Rank 1 2 6 8 7 9 5 3 4

F3

Best 6.26 × 102 6.63 × 103 9.12 × 104 7.39 × 102 2.26 × 103 6.78 × 103 5.26 × 103 2.04 × 103 8.16 × 103

Ave 7.65 × 102 1.13 × 104 1.38 × 105 1.18 × 103 8.48 × 103 1.14 × 104 7.77 × 103 2.60 × 103 1.93 × 104

Std 7.65 × 101 3.05 × 103 1.57 × 104 3.76 × 102 1.08 × 104 2.45 × 103 1.64 × 103 3.44 × 102 4.96 × 103

Rank 1 6 9 2 5 7 4 3 8

F4

Best 9.77 × 102 1.38 × 103 1.79 × 103 1.31 × 103 1.26 × 103 1.64 × 103 1.50 × 103 1.51 × 103 1.46 × 103

Ave 1.15 × 103 1.61 × 103 1.90 × 103 1.92 × 103 1.65 × 103 1.82 × 103 1.60 × 103 1.60 × 103 1.59 × 103

Std 1.18 × 102 8.45 × 101 5.02 × 101 4.19 × 102 2.53 × 102 1.46 × 102 6.77 × 101 6.34 × 101 1.07 × 102

Rank 1 5 8 9 6 7 3 4 2

F5

Best 6.02 × 102 6.77 × 102 6.72 × 102 6.65 × 102 6.54 × 102 6.82 × 102 6.67 × 102 6.79 × 102 6.63 × 102

Ave 6.03 × 102 6.85 × 102 6.79 × 102 6.82 × 102 6.73 × 102 7.01 × 102 6.83 × 102 6.88 × 102 6.74 × 102

Std 8.15 × 10−1 5.97 × 100 4.36 × 100 1.24 × 101 1.17 × 101 1.18 × 101 5.54 × 100 4.18 × 100 5.29 × 100

Rank 1 7 4 5 2 9 6 8 3

F6

Best 1.47 × 103 2.79 × 103 3.42 × 103 3.08 × 103 2.15 × 103 3.48 × 103 3.05 × 103 3.54 × 103 2.65 × 103

Ave 2.48 × 103 3.20 × 103 3.62 × 103 7.84 × 103 2.76 × 103 3.66 × 103 3.32 × 103 3.75 × 103 3.02 × 103

Std 6.34 × 102 1.96 × 102 9.21 × 101 3.53 × 103 2.33 × 102 9.02 × 101 1.27 × 102 1.19 × 102 1.89 × 102

Rank 1 4 6 9 2 7 5 8 3

F7

Best 1.24 × 103 1.90 × 103 2.22 × 103 1.83 × 103 1.74 × 103 2.04 × 103 1.91 × 103 1.92 × 103 1.80 × 103

Ave 1.46 × 103 2.07 × 103 2.34 × 103 2.36 × 103 2.08 × 103 2.29 × 103 2.04 × 103 2.07 × 103 1.94 × 103

Std 1.20 × 102 9.05 × 101 6.39 × 101 3.76 × 102 2.41 × 102 1.07 × 102 5.54 × 101 5.30 × 101 1.29 × 102

Rank 1 5 8 9 6 7 3 4 2

F8

Best 1.42 × 104 3.08 × 104 4.05 × 104 2.48 × 104 2.50 × 104 5.38 × 104 4.76 × 104 5.79 × 104 3.73 × 104

Ave 2.23 × 104 4.22 × 104 4.75 × 104 4.56 × 104 6.56 × 104 7.13 × 104 6.18 × 104 6.47 × 104 6.06 × 104

Std 4.97 × 103 6.03 × 103 2.68 × 103 1.52 × 104 1.61 × 104 1.49 × 104 6.37 × 103 5.03 × 103 1.16 × 104

Rank 1 2 4 3 8 9 6 7 5

F9

Best 9.90 × 103 1.77 × 104 2.51 × 104 1.41 × 104 1.71 × 104 2.57 × 104 1.93 × 104 1.96 × 104 1.82 × 104

Ave 1.25 × 104 2.20 × 104 2.62 × 104 1.64 × 104 2.76 × 104 2.79 × 104 2.35 × 104 2.30 × 104 2.39 × 104

Std 1.24 × 103 1.98 × 103 8.47 × 102 1.23 × 103 5.24 × 103 1.35 × 103 1.97 × 103 1.98 × 103 4.97 × 103

Rank 1 3 7 2 8 9 5 4 6

F10

Best 3.68 × 103 3.55 × 104 1.33 × 105 1.63 × 104 9.77 × 104 1.29 × 105 1.49 × 105 3.05 × 104 7.21 × 104

Ave 9.83 × 103 7.75 × 104 1.21 × 106 4.44 × 104 1.70 × 105 2.17 × 105 2.67 × 105 7.26 × 104 9.72 × 104

Std 3.45 × 103 1.86 × 104 5.52 × 106 1.63 × 104 5.80 × 104 1.04 × 105 7.05 × 104 2.16 × 104 1.99 × 104

Rank 1 4 9 2 6 7 8 3 5

F11

Best 1.39 × 107 6.87 × 109 2.21 × 1011 1.24 × 108 1.36 × 109 8.28 × 109 5.22 × 109 6.51 × 108 2.98 × 1010

Ave 5.54 × 107 2.82 × 1010 2.49 × 1011 3.16 × 108 3.18 × 109 1.33 × 1010 1.14 × 1010 1.45 × 109 4.98 × 1010

Std 2.53 × 107 1.22 × 1010 8.21 × 109 2.06 × 108 1.13 × 109 3.54 × 109 3.74 × 109 4.25 × 108 1.15 × 1010

Rank 1 7 9 2 4 6 5 3 8

F12

Best 7.75 × 104 1.26 × 108 4.30 × 1010 2.62 × 104 1.09 × 107 2.66 × 108 9.96 × 107 1.30 × 107 2.65 × 109

Ave 1.72 × 105 5.71 × 109 6.05 × 1010 7.78 × 104 1.49 × 108 6.41 × 108 2.96 × 108 1.84 × 107 8.40 × 109

Std 5.97 × 104 3.85 × 109 5.04 × 109 4.19 × 104 1.41 × 108 2.95 × 108 1.67 × 108 4.04 × 106 3.11 × 109

Rank 2 7 9 1 4 6 5 3 8

F13

Best 1.15 × 106 2.39 × 106 4.56 × 107 4.95 × 105 1.22 × 106 3.98 × 106 5.71 × 106 2.14 × 106 3.63 × 106

Ave 3.41 × 106 8.39 × 106 3.72 × 108 1.43 × 106 1.26 × 107 1.53 × 107 1.47 × 107 5.92 × 106 1.38 × 107

Std 1.81 × 106 4.25 × 106 3.16 × 108 7.05 × 105 8.23 × 106 6.83 × 106 5.40 × 106 2.42 × 106 5.59 × 106

Rank 2 4 9 1 5 8 7 3 6
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Table 8. Cont.

Function Index MISCSO SCSO AOA SSA DBO WOA AO HHO GJO

F14

Best 9.37 × 103 2.44 × 107 2.72 × 1010 1.82 × 104 7.85 × 104 1.44 × 107 6.23 × 106 2.37 × 106 2.42 × 107

Ave 6.78 × 104 9.32 × 108 3.59 × 1010 7.00 × 104 2.57 × 107 8.61 × 107 2.76 × 107 4.34 × 106 2.99 × 109

Std 3.50 × 104 1.15 × 109 3.50 × 109 4.65 × 104 6.92 × 107 6.36 × 107 1.68 × 107 9.64 × 105 2.24 × 109

Rank 1 7 9 2 4 6 5 3 8

F15

Best 4.63 × 103 7.56 × 103 2.14 × 104 5.85 × 103 6.40 × 103 1.03 × 104 7.87 × 103 6.86 × 103 6.91 × 103

Ave 6.04 × 103 9.78 × 103 2.91 × 104 8.07 × 103 9.29 × 103 1.48 × 104 9.96 × 103 8.83 × 103 9.16 × 103

Std 5.25 × 102 9.94 × 102 4.35 × 103 1.33 × 103 1.53 × 103 2.36 × 103 1.06 × 103 8.58 × 102 1.22 × 103

Rank 1 6 9 2 5 8 7 3 4

F16

Best 3.27 × 103 5.92 × 103 2.44 × 106 4.52 × 103 6.09 × 103 7.28 × 103 5.87 × 103 5.84 × 103 5.88 × 103

Ave 4.79 × 103 1.34 × 104 3.85 × 107 5.91 × 103 8.59 × 103 1.14 × 104 9.15 × 103 6.82 × 103 2.14 × 104

Std 5.40 × 102 1.18 × 104 2.75 × 107 7.72 × 102 1.26 × 103 2.83 × 103 2.06 × 103 5.73 × 102 2.82 × 104

Rank 1 7 9 2 4 6 5 3 8

F17

Best 1.74 × 106 2.37 × 106 1.54 × 108 5.28 × 105 3.92 × 106 5.49 × 106 2.56 × 106 3.40 × 106 3.76 × 106

Ave 5.19 × 106 7.73 × 106 8.10 × 108 1.90 × 106 1.56 × 107 1.33 × 107 1.30 × 107 7.14 × 106 1.66 × 107

Std 2.63 × 106 3.96 × 106 3.28 × 108 1.21 × 106 1.02 × 107 5.50 × 106 5.59 × 106 2.70 × 106 1.29 × 107

Rank 2 4 9 1 7 6 5 3 8

F18

Best 1.36 × 104 2.99 × 107 2.36 × 1010 4.31 × 105 2.67 × 106 3.71 × 107 8.32 × 106 5.87 × 106 2.79 × 108

Ave 5.45 × 104 1.23 × 109 3.47 × 1010 6.75 × 106 3.83 × 107 1.89 × 108 3.65 × 107 1.65 × 107 2.63 × 109

Std 3.44 × 104 1.45 × 109 4.59 × 109 4.26 × 106 3.34 × 107 2.51 × 108 2.15 × 107 7.60 × 106 1.66 × 109

Rank 1 7 9 2 5 6 4 3 8

F19

Best 4.12 × 103 5.21 × 103 6.91 × 103 5.30 × 103 5.43 × 103 5.87 × 103 4.99 × 103 5.31 × 103 4.68 × 103

Ave 5.07 × 103 6.24 × 103 7.79 × 103 6.36 × 103 6.88 × 103 6.98 × 103 5.81 × 103 6.14 × 103 6.23 × 103

Std 5.50 × 102 5.38 × 102 4.62 × 102 4.87 × 102 8.33 × 102 6.00 × 102 6.16 × 102 4.44 × 102 1.00 × 103

Rank 1 5 9 6 7 8 2 3 4

F20

Best 2.79 × 103 3.48 × 103 3.96 × 103 4.08 × 103 3.74 × 103 3.98 × 103 3.75 × 103 3.80 × 103 3.32 × 103

Ave 2.94 × 103 3.69 × 103 4.21 × 103 4.50 × 103 3.99 × 103 4.38 × 103 4.13 × 103 4.25 × 103 3.52 × 103

Std 8.31 × 101 1.28 × 102 1.75 × 102 1.92 × 102 1.45 × 102 2.24 × 102 2.63 × 102 2.06 × 102 1.20 × 102

Rank 1 3 6 9 4 8 5 7 2

F21

Best 1.39 × 104 2.18 × 104 2.81 × 104 1.76 × 104 1.97 × 104 2.80 × 104 2.29 × 104 2.31 × 104 2.24 × 104

Ave 1.63 × 104 2.47 × 104 3.00 × 104 1.97 × 104 2.69 × 104 3.05 × 104 2.63 × 104 2.60 × 104 2.83 × 104

Std 1.26 × 103 1.43 × 103 9.46 × 102 1.21 × 103 5.64 × 103 1.73 × 103 1.62 × 103 1.70 × 103 4.90 × 103

Rank 1 3 8 2 6 9 5 4 7

F22

Best 3.09 × 103 4.11 × 103 4.74 × 103 4.87 × 103 4.36 × 103 4.59 × 103 4.36 × 103 4.73 × 103 4.11 × 103

Ave 3.21 × 103 4.41 × 103 5.70 × 103 5.76 × 103 4.84 × 103 5.12 × 103 4.75 × 103 5.55 × 103 4.43 × 103

Std 7.24 × 101 1.82 × 102 4.95 × 102 3.99 × 102 2.88 × 102 2.16 × 102 2.57 × 102 3.82 × 102 1.70 × 102

Rank 1 2 8 9 5 6 4 7 3

F23

Best 3.75 × 103 4.92 × 103 8.42 × 103 6.18 × 103 4.97 × 103 5.60 × 103 5.30 × 103 6.48 × 103 5.41 × 103

Ave 3.94 × 103 5.42 × 103 1.25 × 104 6.89 × 103 5.94 × 103 6.46 × 103 6.34 × 103 7.56 × 103 5.95 × 103

Std 1.14 × 102 3.06 × 102 1.66 × 103 2.98 × 102 5.31 × 102 4.12 × 102 4.91 × 102 6.62 × 102 3.95 × 102

Rank 1 2 9 7 3 6 5 8 4

F24

Best 3.28 × 103 7.44 × 103 3.06 × 104 3.34 × 103 3.83 × 103 6.21 × 103 5.35 × 103 4.01 × 103 9.64 × 103

Ave 3.40 × 103 9.55 × 103 3.30 × 104 3.79 × 103 6.68 × 103 7.81 × 103 6.51 × 103 4.49 × 103 1.22 × 104

Std 5.27 × 101 1.53 × 103 9.91 × 102 3.06 × 102 4.47 × 103 7.50 × 102 4.77 × 102 1.95 × 102 1.25 × 103

Rank 1 7 9 2 5 6 4 3 8

F25

Best 1.20 × 104 2.52 × 104 5.14 × 104 1.30 × 104 1.79 × 104 2.96 × 104 2.37 × 104 2.52 × 104 2.45 × 104

Ave 1.46 × 104 3.12 × 104 5.96 × 104 3.11 × 104 2.43 × 104 3.63 × 104 2.99 × 104 2.87 × 104 2.76 × 104

Std 1.50 × 103 3.03 × 103 2.62 × 103 9.79 × 103 3.93 × 103 3.20 × 103 2.53 × 103 1.75 × 103 1.63 × 103

Rank 1 7 9 6 2 8 5 4 3

F26

Best 3.58 × 103 4.72 × 103 7.11 × 103 4.78 × 103 4.01 × 103 4.93 × 103 5.11 × 103 4.30 × 103 4.68 × 103

Ave 3.80 × 103 5.43 × 103 1.17 × 104 6.97 × 103 4.63 × 103 5.98 × 103 6.07 × 103 5.50 × 103 5.78 × 103

Std 1.21 × 102 4.63 × 102 1.59 × 103 1.33 × 103 3.97 × 102 9.36 × 102 6.03 × 102 6.65 × 102 4.90 × 102

Rank 1 3 9 8 2 6 7 4 5

F27

Best 3.41 × 103 1.01 × 104 3.61 × 104 3.67 × 103 5.22 × 103 9.18 × 103 7.58 × 103 4.42 × 103 1.40 × 104

Ave 3.52 × 103 1.33 × 104 4.10 × 104 5.20 × 103 1.55 × 104 1.15 × 104 9.53 × 103 5.51 × 103 1.61 × 104

Std 5.00 × 101 1.55 × 103 1.20 × 103 1.73 × 103 8.17 × 103 1.15 × 103 1.04 × 103 3.56 × 102 1.64 × 103

Rank 1 6 9 2 7 5 4 3 8

F28

Best 6.53 × 103 1.10 × 104 2.72 × 105 9.19 × 103 8.35 × 103 1.36 × 104 1.11 × 104 9.85 × 103 1.10 × 104

Ave 7.45 × 103 1.64 × 104 3.02 × 106 1.11 × 104 1.08 × 104 1.80 × 104 1.37 × 104 1.11 × 104 1.56 × 104

Std 5.77 × 102 1.02 × 104 1.77 × 106 1.57 × 103 2.48 × 103 2.61 × 103 1.71 × 103 9.52 × 102 3.30 × 103

Rank 1 7 9 4 2 8 5 3 6

F29

Best 1.38 × 105 7.17 × 108 4.36 × 1010 1.70 × 107 1.23 × 107 6.98 × 108 3.04 × 108 4.08 × 107 1.62 × 109

Ave 3.30 × 105 3.62 × 109 5.61 × 1010 4.61 × 107 1.01 × 108 1.70 × 109 7.75 × 108 1.55 × 108 6.95 × 109

Std 1.58 × 105 3.05 × 109 3.56 × 109 2.18 × 107 6.06 × 107 9.92 × 108 3.46 × 108 6.50 × 107 3.29 × 109

Rank 1 7 9 2 3 6 5 4 8
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Figure 2. The ranking Sankey of different competitors on CEC2017.

Figure 3 illustrates the convergence curves of the different algorithms in each dimen-
sion. As the number of dimensions increases, the optimization becomes more challenging,
and the other algorithms tend to fall into local optima. In contrast, most of the convergence
curves of IMSCSO show a continuous downward trend, which indicates that it has strong
potential to find the optimal solution and outperforms the comparison algorithms in terms
of convergence speed and convergence accuracy. The reasons behind these results are
discussed as follows: (1) The roulette fitness–distance balancing strategy enhances the
exploitation ability in the exploration phase, guiding the search direction of the IMSCSO
population in the exploration phase, while retaining sufficient global exploration ability due
to the roulette strategy. (2) The population perturbation mechanism enables the population
to be more diverse and improves the convergence accuracy by helping the IMSCSO to get
rid of the local optimum. (3) The optimal worst mutation strategy adjusts the optimal indi-
viduals to improve the convergence speed accuracy. (4) The best–worst mutation strategy
adjusts the optimal individuals to guide the evolutionary direction of the population and
enhance the convergence speed. The adjustment of the worst individual helps to enhance
the diversity of the population.

In Figure 4, the performance of the nine algorithms on the three different dimensions of
the CEC2017 test set is presented in detail in box-and-line plots, and it is clear that IMSCSO
has the best performance. The distribution of solutions for IMSCSO is more centralized and
smaller than that of all the other algorithms, which demonstrates the excellent performance
of the IMSCSO algorithms in terms of global exploration and local exploitation and verifies
their effectiveness and accuracy.
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4.4.2. Statistical Analysis

In this section, we will analyze the experimental data using a Wilcoxon test and
Friedman test to statistically analyze the performance difference between the IMSCSO
algorithm and other algorithms.

To comprehensively highlight the outstanding performance of the proposed algo-
rithm, this section will employ the Wilcoxon rank sum test to verify whether there is a
significant difference between the results of each run of IMSCSO and other algorithms
at a significance level of p = 0.05. When p ≤ 0.05, the hypothesis is rejected, indicating
a significant difference between the two algorithms; when p > 0.05, the hypothesis is
accepted, suggesting no significant difference between the algorithms, i.e., comparable
performance. Tables 9–12, respectively, present the results of IMSCSO and the comparative
algorithms on the CEC2017 test suite with dimensions 10, 30, 50, and 100. To highlight the
comparative effect, data exceeding 0.05 are displayed in bold, which demonstrate the two
algorithms have no differences.
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4.4.2. Statistical Analysis 
In this section, we will analyze the experimental data using a Wilcoxon test and Fried-

man test to statistically analyze the performance difference between the IMSCSO algo-
rithm and other algorithms. 

To comprehensively highlight the outstanding performance of the proposed algo-
rithm, this section will employ the Wilcoxon rank sum test to verify whether there is a 
significant difference between the results of each run of IMSCSO and other algorithms at 
a significance level of 0.05p  . When 0.05p  , the hypothesis is rejected, indicating a 
significant difference between the two algorithms; when 0.05p  , the hypothesis is ac-
cepted, suggesting no significant difference between the algorithms, i.e., comparable per-
formance. Tables 9–12, respectively, present the results of IMSCSO and the comparative 
algorithms on the CEC2017 test suite with dimensions 10, 30, 50, and 100. To highlight the 
comparative effect, data exceeding 0.05 are displayed in bold, which demonstrate the two 
algorithms have no differences. 
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Table 9. p-value of 8 algorithms on CEC 2017 (Dim = 10).

Function SCSO AOA SSA DBO WOA AO HHO GJO

F1 4.62 × 10−10 3.02 × 10−11 5.09 × 10−6 5.59 × 10−1 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F2 2.87 × 10−10 3.02 × 10−11 3.64 × 10−8 1.11 × 10−4 3.02 × 10−11 4.20 × 10−10 7.84 × 10−1 3.02 × 10−11

F3 1.36 × 10−7 3.02 × 10−11 2.90 × 10−1 1.25 × 10−4 2.23 × 10−9 2.62 × 10−3 8.66 × 10−5 5.57 × 10−10

F4 1.11 × 10−6 1.09 × 10−10 7.38 × 10−10 3.99 × 10−4 5.46 × 10−9 5.37 × 10−2 1.43 × 10−8 1.78 × 10−4

F5 2.37 × 10−10 3.02 × 10−11 3.02 × 10−11 1.34 × 10−5 3.69 × 10−11 2.15 × 10−10 3.02 × 10−11 5.53 × 10−8

F6 5.27 × 10−5 3.02 × 10−11 3.02 × 10−11 9.47 × 10−1 2.20 × 10−7 1.50 × 10−2 2.23 × 10−9 4.71 × 10−4

F7 1.77 × 10−3 3.01 × 10−7 6.72 × 10−10 2.15 × 10−2 7.60 × 10−7 1.19 × 10−1 1.68 × 10−3 4.46 × 10−1

F8 8.48 × 10−9 3.02 × 10−11 3.02 × 10−11 7.74 × 10−6 3.69 × 10−11 5.46 × 10−9 4.98 × 10−11 4.31 × 10−8

F9 3.37 × 10−4 3.09 × 10−6 2.37 × 10−10 3.92 × 10−2 1.25 × 10−4 1.33 × 10−1 3.59 × 10−5 1.44 × 10−3

F10 8.10 × 10−10 3.02 × 10−11 1.46 × 10−10 6.53 × 10−8 1.33 × 10−10 5.07 × 10−10 1.31 × 10−8 1.78 × 10−10

F11 5.11 × 10−1 3.02 × 10−11 5.83 × 10−3 5.61 × 10−5 3.34 × 10−3 2.05 × 10−3 6.91 × 10−4 1.95 × 10−3

F12 2.90 × 10−1 6.41 × 10−1 8.50 × 10−2 6.73 × 10−1 7.98 × 10−2 7.62 × 10−1 1.22 × 10−1 8.07 × 10−1

F13 2.38 × 10−7 7.12 × 10−9 1.70 × 10−8 3.57 × 10−6 1.11 × 10−6 8.84 × 10−7 3.09 × 10−6 4.44 × 10−7

F14 1.03 × 10−6 3.02 × 10−11 2.15 × 10−10 2.77 × 10−5 7.77 × 10−9 5.00 × 10−9 5.97 × 10−9 2.03 × 10−7

F15 6.67 × 10−3 3.69 × 10−11 1.96 × 10−10 2.07 × 10−2 1.34 × 10−5 7.48 × 10−2 2.60 × 10−5 2.97 × 10−1

F16 1.49 × 10−6 2.15 × 10−10 3.02 × 10−11 8.20 × 10−7 2.67 × 10−9 2.38 × 10−7 1.01 × 10−8 4.11 × 10−7

F17 4.55 × 10−1 6.10 × 10−1 5.20 × 10−1 5.20 × 10−1 3.95 × 10−1 4.06 × 10−2 3.63 × 10−1 2.68 × 10−6

F18 6.55 × 10−4 1.41 × 10−9 1.87 × 10−5 4.43 × 10−3 1.49 × 10−6 5.86 × 10−6 5.09 × 10−6 2.60 × 10−5

F19 1.46 × 10−10 1.96 × 10−10 3.69 × 10−11 1.10 × 10−8 7.39 × 10−11 4.62 × 10−10 1.09 × 10−10 1.21 × 10−10

F20 6.67 × 10−3 1.20 × 10−8 5.00 × 10−9 2.40 × 10−1 4.08 × 10−5 2.15 × 10−2 1.43 × 10−8 8.15 × 10−5

F21 1.53 × 10−5 3.02 × 10−11 5.00 × 10−9 3.83 × 10−6 1.07 × 10−9 2.83 × 10−8 5.53 × 10−8 9.26 × 10−9

F22 2.53 × 10−4 3.02 × 10−11 3.02 × 10−11 7.22 × 10−6 7.59 × 10−7 5.83 × 10−3 8.14 × 10−11 5.19 × 10−2

F23 5.49 × 10−1 1.01 × 10−8 1.55 × 10−9 5.40 × 10−1 4.86 × 10−3 9.47 × 10−1 2.13 × 10−5 1.91 × 10−1

F24 6.38 × 10−3 3.02 × 10−11 1.34 × 10−5 3.39 × 10−2 3.01 × 10−7 3.64 × 10−2 4.51 × 10−2 1.05 × 10−1

F25 5.97 × 10−5 3.02 × 10−11 3.35 × 10−8 6.28 × 10−6 3.01 × 10−7 2.92 × 10−2 8.66 × 10−5 1.04 × 10−4

F26 1.15 × 10−1 4.08 × 10−11 7.39 × 10−11 3.64 × 10−2 2.38 × 10−7 6.77 × 10−5 1.55 × 10−9 5.57 × 10−3

F27 3.50 × 10−3 3.02 × 10−11 3.67 × 10−3 2.32 × 10−2 1.47 × 10−7 5.57 × 10−10 1.43 × 10−5 2.00 × 10−5

F28 6.15 × 10−2 6.70 × 10−11 4.98 × 10−11 2.61 × 10−2 4.80 × 10−7 1.54 × 10−1 1.70 × 10−8 1.26 × 10−1

F29 6.67 × 10−3 3.02 × 10−11 9.07 × 10−3 6.10 × 10−3 1.64 × 10−5 8.12 × 10−4 7.04 × 10−7 1.70 × 10−2

It is clear from the table that the p-values for most of the functions in the four dimen-
sions are less than 0.05, which suggests that there is a difference between the optimization
results of IMSCSO and the other algorithms. Moreover, the limited occurrence of bolded
data, especially in the 50- and 100-dimension test functions, further supports this observa-
tion. Furthermore, the number of bold entries decreases as the problem dimensions increase,
indicating that the differences between IMSCSO and the other algorithms become more
significant. The symbols “+/=/−” are used to indicate whether IMSCSO’s performance is
superior, equivalent, or inferior to its competitors. The data in Table 13 show that the perfor-
mance gap between IMSCSO and other algorithms gradually widens as the dimensionality
increases. In conclusion, IMSCSO exhibits the best overall performance, demonstrating
the effectiveness of our introduced roulette fitness–distance balancing strategy, population
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perturbation strategy, and optimal worst variant strategy. These improvements improve
the convergence speed and solution accuracy of the algorithm.

Table 10. p-value of 8 algorithms on CEC 2017 (Dim = 30).

Function SCSO AOA SSA DBO WOA AO HHO GJO

F1 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 8.29 × 10−6 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F2 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F3 3.02 × 10−11 3.02 × 10−11 3.63 × 10−1 4.57 × 10−9 3.02 × 10−11 3.02 × 10−11 9.53 × 10−7 3.02 × 10−11

F4 2.03 × 10−9 3.02 × 10−11 3.69 × 10−11 3.49 × 10−9 8.98 × 10−11 6.04 × 10−7 1.17 × 10−9 2.03 × 10−7

F5 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.34 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 4.08 × 10−11

F6 2.25 × 10−4 3.02 × 10−11 3.02 × 10−11 5.40 × 10−1 2.60 × 10−8 7.70 × 10−4 1.70 × 10−8 4.06 × 10−2

F7 2.67 × 10−9 3.02 × 10−11 4.08 × 10−11 1.07 × 10−9 1.09 × 10−10 9.79 × 10−5 4.44 × 10−7 2.43 × 10−5

F8 1.29 × 10−9 4.08 × 10−11 4.08 × 10−11 3.26 × 10−7 3.02 × 10−11 6.72 × 10−10 3.02 × 10−11 2.78 × 10−7

F9 4.62 × 10−10 3.02 × 10−11 4.62 × 10−10 2.61 × 10−10 4.08 × 10−11 1.41 × 10−9 4.08 × 10−11 2.87 × 10−10

F10 3.02 × 10−11 3.02 × 10−11 3.34 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 9.76 × 10−10 3.02 × 10−11

F11 4.08 × 10−11 3.02 × 10−11 5.79 × 10−1 2.13 × 10−4 3.02 × 10−11 5.49 × 10−11 6.12 × 10−10 3.02 × 10−11

F12 1.36 × 10−7 3.02 × 10−11 1.41 × 10−4 3.01 × 10−7 2.03 × 10−9 1.69 × 10−9 2.39 × 10−8 2.61 × 10−10

F13 9.07 × 10−3 5.49 × 10−11 2.53 × 10−4 4.36 × 10−2 3.35 × 10−8 1.56 × 10−8 7.60 × 10−7 3.83 × 10−6

F14 4.07 × 10−11 5.07 × 10−10 4.18 × 10−9 5.96 × 10−9 3.02 × 10−11 3.33 × 10−11 3.33 × 10−11 5.49 × 10−11

F15 9.83 × 10−8 3.02 × 10−11 1.29 × 10−9 4.94 × 10−5 2.87 × 10−10 2.83 × 10−8 6.72 × 10−10 1.68 × 10−3

F16 8.56 × 10−4 3.34 × 10−11 1.46 × 10−10 3.01 × 10−7 1.70 × 10−8 2.77 × 10−5 2.16 × 10−3 1.05 × 10−1

F17 7.73 × 10−2 3.34 × 10−11 2.39 × 10−4 2.46 × 10−1 4.31 × 10−8 1.19 × 10−6 1.76 × 10−1 6.57 × 10−2

F18 6.70 × 10−11 3.02 × 10−11 3.02 × 10−11 2.57 × 10−7 4.08 × 10−11 3.02 × 10−11 3.02 × 10−11 4.08 × 10−11

F19 6.36 × 10−5 1.43 × 10−8 8.99 × 10−11 9.51 × 10−6 8.89 × 10−10 5.75 × 10−2 3.52 × 10−7 4.43 × 10−3

F20 2.87 × 10−10 3.02 × 10−11 3.02 × 10−11 2.87 × 10−10 3.02 × 10−11 6.53 × 10−8 1.21 × 10−10 2.32 × 10−6

F21 7.39 × 10−1 3.69 × 10−11 6.12 × 10−10 5.01 × 10−1 1.47 × 10−7 3.99 × 10−4 1.36 × 10−7 8.65 × 10−1

F22 9.92 × 10−11 3.02 × 10−11 3.02 × 10−11 1.21 × 10−10 3.02 × 10−11 6.07 × 10−11 3.02 × 10−11 1.01 × 10−8

F23 8.53 × 10−1 3.02 × 10−11 3.02 × 10−11 9.88 × 10−3 6.05 × 10−7 7.06 × 10−1 4.50 × 10−11 1.22 × 10−1

F24 3.02 × 10−11 3.02 × 10−11 2.43 × 10−5 9.82 × 10−8 3.02 × 10−11 4.97 × 10−11 7.37 × 10−10 3.02 × 10−11

F25 2.13 × 10−5 3.02 × 10−11 2.57 × 10−7 8.35 × 10−8 7.39 × 10−11 1.15 × 10−1 1.10 × 10−8 2.01 × 10−4

F26 5.49 × 10−11 3.02 × 10−11 3.02 × 10−11 1.75 × 10−5 3.16 × 10−10 6.70 × 10−11 4.98 × 10−11 4.98 × 10−11

F27 3.02 × 10−11 3.02 × 10−11 6.31 × 10−1 7.39 × 10−11 3.02 × 10−11 3.02 × 10−11 1.61 × 10−10 3.02 × 10−11

F28 2.60 × 10−8 3.02 × 10−11 4.98 × 10−11 1.86 × 10−9 3.69 × 10−11 7.12 × 10−9 5.00 × 10−9 3.16 × 10−5

F29 3.02 × 10−11 3.02 × 10−11 3.69 × 10−11 1.43 × 10−5 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

Table 11. p-value of 8 algorithms on CEC 2017 (Dim = 50).

Function SCSO AOA SSA DBO WOA AO HHO GJO

F1 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F2 3.69 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F3 3.02 × 10−11 3.02 × 10−11 6.10 × 10−3 6.07 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F4 6.07 × 10−11 3.02 × 10−11 1.21 × 10−10 6.12 × 10−10 3.02 × 10−11 6.72 × 10−10 2.87 × 10−10 3.16 × 10−10

F5 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F6 2.25 × 10−4 3.34 × 10−11 4.50 × 10−11 1.99 × 10−2 2.03 × 10−9 7.70 × 10−4 2.37 × 10−10 3.92 × 10−2

F7 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F8 3.02 × 10−11 3.02 × 10−11 5.57 × 10−10 1.96 × 10−10 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F9 3.02 × 10−11 3.02 × 10−11 4.50 × 10−11 3.69 × 10−11 3.02 × 10−11 3.69 × 10−11 3.02 × 10−11 3.02 × 10−11

F10 3.02 × 10−11 3.02 × 10−11 3.65 × 10−8 1.96 × 10−10 3.02 × 10−11 3.02 × 10−11 5.57 × 10−10 3.02 × 10−11

F11 3.02 × 10−11 3.02 × 10−11 4.03 × 10−3 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F12 3.02 × 10−11 3.02 × 10−11 4.64 × 10−3 3.69 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F13 1.22 × 10−2 3.02 × 10−11 1.55 × 10−9 2.13 × 10−4 1.17 × 10−9 5.09 × 10−8 2.96 × 10−5 2.96 × 10−5

F14 1.78 × 10−10 3.02 × 10−11 2.42 × 10−2 2.37 × 10−10 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.34 × 10−11

F15 3.35 × 10−8 3.02 × 10−11 1.31 × 10−8 2.83 × 10−8 3.02 × 10−11 3.57 × 10−6 7.69 × 10−8 3.77 × 10−4

F16 8.88 × 10−6 3.02 × 10−11 7.74 × 10−6 1.60 × 10−7 1.55 × 10−9 6.28 × 10−6 1.04 × 10−4 3.50 × 10−3

F17 1.12 × 10−1 3.02 × 10−11 1.49 × 10−6 1.81 × 10−1 2.61 × 10−10 2.32 × 10−6 8.07 × 10−1 1.89 × 10−4

F18 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 1.33 × 10−10 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F19 1.99 × 10−2 2.23 × 10−9 3.96 × 10−8 1.75 × 10−5 8.48 × 10−9 1.15 × 10−1 1.15 × 10−1 6.31 × 10−1

F20 3.34 × 10−11 3.02 × 10−11 3.02 × 10−11 3.34 × 10−11 3.02 × 10−11 4.50 × 10−11 3.02 × 10−11 1.09 × 10−10

F21 6.70 × 10−11 3.02 × 10−11 1.61 × 10−10 1.96 × 10−10 3.02 × 10−11 1.86 × 10−9 4.50 × 10−11 4.98 × 10−11

F22 3.34 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 4.08 × 10−11

F23 7.48 × 10−2 3.02 × 10−11 3.02 × 10−11 3.08 × 10−8 2.61 × 10−10 1.17 × 10−3 3.02 × 10−11 6.95 × 10−1

F24 3.02 × 10−11 3.02 × 10−11 8.56 × 10−4 2.44 × 10−9 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F25 7.39 × 10−11 3.02 × 10−11 7.66 × 10−5 4.31 × 10−8 3.02 × 10−11 1.17 × 10−3 8.99 × 10−11 6.72 × 10−10

F26 3.69 × 10−11 3.02 × 10−11 3.02 × 10−11 8.89 × 10−10 4.50 × 10−11 3.02 × 10−11 3.34 × 10−11 3.02 × 10−11

F27 3.02 × 10−11 3.02 × 10−11 3.16 × 10−5 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F28 4.50 × 10−11 3.02 × 10−11 4.08 × 10−11 1.33 × 10−10 3.02 × 10−11 3.02 × 10−11 8.99 × 10−11 8.15 × 10−11

F29 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 1.33 × 10−10 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11
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Table 12. p-value of 8 algorithms on CEC 2017 (Dim = 100).

Function SCSO AOA SSA DBO WOA AO HHO GJO

F1 3.02 × 10−11 3.02 × 10−11 3.79 × 10−1 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F2 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F3 3.02 × 10−11 3.02 × 10−11 4.42 × 10−6 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F4 3.02 × 10−11 3.02 × 10−11 4.50 × 10−11 2.15 × 10−10 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F5 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F6 1.49 × 10−6 3.02 × 10−11 9.92 × 10−11 3.55 × 10−1 3.02 × 10−11 3.20 × 10−9 3.02 × 10−11 1.95 × 10−3

F7 3.34 × 10−11 3.02 × 10−11 5.49 × 10−11 8.99 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 1.46 × 10−10

F8 3.69 × 10−11 3.02 × 10−11 1.69 × 10−9 8.99 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F9 3.02 × 10−11 3.02 × 10−11 6.07 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F10 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F11 3.02 × 10−11 3.02 × 10−11 3.34 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F12 3.02 × 10−11 3.02 × 10−11 5.53 × 10−8 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F13 2.03 × 10−7 3.02 × 10−11 3.52 × 10−7 1.36 × 10−7 1.46 × 10−10 5.49 × 10−11 5.61 × 10−5 3.47 × 10−10

F14 3.02 × 10−11 3.02 × 10−11 9.82 × 10−1 9.92 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F15 3.02 × 10−11 3.02 × 10−11 2.03 × 10−9 6.70 × 10−11 3.02 × 10−11 3.02 × 10−11 3.34 × 10−11 3.34 × 10−11

F16 3.02 × 10−11 3.02 × 10−11 3.52 × 10−7 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F17 9.88 × 10−3 3.02 × 10−11 5.53 × 10−8 2.02 × 10−8 3.20 × 10−9 4.31 × 10−8 2.38 × 10−3 1.47 × 10−7

F18 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F19 4.18 × 10−9 3.02 × 10−11 8.89 × 10−10 4.62 × 10−10 4.98 × 10−11 4.35 × 10−5 3.20 × 10−9 2.68 × 10−6

F20 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F21 3.02 × 10−11 3.02 × 10−11 1.96 × 10−10 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F22 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F23 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F24 3.02 × 10−11 3.02 × 10−11 5.53 × 10−8 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F25 3.02 × 10−11 3.02 × 10−11 2.02 × 10−8 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F26 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 4.08 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F27 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F28 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 9.92 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

F29 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11 3.02 × 10−11

Table 13. Wilcoxon rank sum test statistical results.

IMSCSO VS.
CEC2017 CEC2017 CEC2017 CEC2017

(Dim = 10) (Dim = 30) (Dim = 50) (Dim = 100)

SCSO 23/6/0 26/3/0 27/2/0 29/0/0
AOA 27/2/0 29/0/0 29/0/0 29/0/0
SSA 24/3/2 22/3/4 26/0/3 24/2/3
DBO 22/6/1 26/3/0 28/1/0 28/1/0
WOA 27/2/0 29/0/0 29/0/0 29/0/0
AOA 22/7/0 25/3/1 28/1/0 29/0/0
HHO 25/3/1 28/1/0 27/2/0 29/0/0
GJO 21/7/1 25/4/0 27/2/0 29/0/0

Overall (+/=/−) 191/36/5 210/17/5 221/8/3 226/3/3

We utilized the nonparametric Friedman mean rank test to rank the numerical op-
timization performance of the IMSCSO algorithm and other optimizers on the CEC2017
test set, and the detailed results are reported in Table 14. IMSCSO consistently ranks first,
which highlights that our proposed optimizer significantly outperforms other competing
algorithms on the selected test suite.

Table 14. Friedman mean rank test.

Suites CEC 2017

Dimensions 10 30 50 100

Algorithms Ave. Overall Ave. Overall Ave. Overall Ave. Overall
Rank Rank Rank Rank Rank Rank Rank Rank

IMSCSO 1.45 1 1.31 1 1.10 1 1.10 1
SCSO 4.41 4 4.55 4 5.31 7 5.03 6
AOA 8.14 9 8.66 9 8.41 9 8.14 9
SSA 7.03 8 5.10 7 4.52 3 4.17 2
DBO 3.55 2 4.41 3 4.69 5 4.79 4
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Table 14. Cont.

Suites CEC 2017

Dimensions 10 30 50 100

Algorithms Ave. Overall Ave. Overall Ave. Overall Ave. Overall
Rank Rank Rank Rank Rank Rank Rank Rank

WOA 6.62 7 7.03 8 7.07 8 7.07 8
AOA 3.79 3 4.24 2 4.66 4 4.93 5
HHO 5.45 6 4.83 6 4.21 2 4.17 2
GJO 4.55 5 4.86 5 5.03 6 5.59 7

5. Conclusions

Aiming to address the problem that sand cat swarm optimization is susceptible to
falling into the local optimum, an improved multi-strategy sand cat swarm optimization is
proposed. The algorithm first introduces a roulette fitness–distance balancing strategy in the
exploration stage to balance the exploitation and exploration capabilities of the algorithm.
In order to solve the problem of low convergence accuracy due to the decrease in population
diversity in the later iterations of SCSO, a population perturbation strategy is introduced to
improve the optimization ability, which continuously perturbs the population to enhance
the population diversity and help the algorithm to jump out of the local optimum effectively.
Finally, a best worst mutation strategy is proposed. The mutation of the best individual
promotes the exploitation of dominant regions and jumps out of the local optimum. The
mutation of the worst individual utilizes the information of the best individual and the
dominant population to aid the worst individual in learning effective information during
the search process, which further enhances the ability to escape from the local optimum. To
test the effectiveness of the proposed method in this paper, we evaluate the performance of
IMSCSO using 29 test functions from CEC2017. The experimental results demonstrate its
superior performance on test functions of different dimensions. Through two statistical
analyses, the Wilcoxon rank sum test and Friedman test, we confirmed the significant
advantages of IMSCSO over its competitors. Of course, the method proposed in this paper
has some shortcomings, such as high time complexity and no further comparison with
other excellent, improved algorithms, such as SHADE variants [55,56], Cuckoo Search
variants [57,58], jSO variants [59,60], etc. In future research, we will look at how to reduce
the time complexity of the algorithm under the premise of guaranteeing high performance.
Moreover, we will try to cooperate with the authors of excellent algorithms to develop high-
performance algorithms. Multi-objective versions are also in development. In addition, we
plan to apply IMSCSO to practical problems such as path planning, image segmentation,
data cluster, parameter optimization, and wireless sensor network coverage.
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