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ABSTRACT

Coyote Optimization Algorithm (COA) has demonstrated efficient performance by utilizing the multiple
pack (subpopulation) mechanism. However, the fixed number of packs and a relatively singular
evolutionary strategy limit its comprehensive optimization performance. Thus, this paper proposes
a COA variant, referred to as the Optimization State-based Coyote Optimization Algorithm (OSCOA).
In the OSCOA algorithm, a Population Optimization State Estimation Mechanism is employed for
estimating the current population optimization state. Then, the estimation result is used to guide the
algorithm in setting the number of packs appropriately as well as selecting appropriate evolutionary
strategies to refine search directions, thereby avoiding blind exploration. Additionally, the estimation
result assists each pack in selecting suitable parents to generate pups, further improving the global
search efficiency of the algorithm. To validate the effectiveness of the proposed algorithm, the OSCOA
algorithm is subjected to comprehensive testing and analysis along with seven efficient optimizers
on 71 benchmark functions derived from the CEC2014, CEC2017, and CEC2022 benchmark suites. The
results of these extensive experiments indicate the competitive performance of OSCOA. Furthermore,
to further assess the capability of the OSCOA algorithm in addressing real-world problems, two
practical applications is considered: wireless sensor network deployment and image segmentation.
The outcomes of these applications further confirm the efficacy and stability of the OSCOA algorithm
in tackling real-world scenarios.

© 2023 Elsevier B.V. All rights reserved.
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1. Introduction

In recent decades, with the advancement of science and so-
cietal progress, numerous optimization problems across various
fields have been evolving towards high-dimensionality, nonlin-
earity, and an abundance of local optima. As a result, the compu-
tational complexity of these problems has surpassed the capaci-
ties of mathematics-based optimization algorithms.

To tackle these complex optimization problems, researchers
proposed Meta-Heuristic Algorithms (MHAs) inspired by biologi-
cal behaviors or physical phenomena in nature [1]. Within MHAs,
Swarm Intelligence Optimization Algorithms (SIOAs) have gained
significant prominence, with researchers introducing a plethora
of SIOAs [2], including the classical Artificial Bee Colony (ABC) [3],
the Social Spider Optimization (SSO) [4], the Whale Optimization
Algorithm (WOA) [5], and the recently developed Salp Swarm
Algorithm (SSA) [6], among others. Due to their simplicity, effi-
ciency, and versatility, SIOAs have found wide-ranging applica-
tions in various fields. These applications include emotion recog-
nition [7], image segmentation [8], control systems [9], wind
power optimization [10], cloud computing [11], and more.

Coyote Optimization Algorithm (COA) [12], proposed by
Pierezan et al. in 2018, is a novel SIOA. The algorithm models
the unique search behavior of coyotes by simulating their living
habits and social interactions. While the COA has demonstrated
remarkable performance on certain global optimization problems,
it still exhibits shortcomings, such as lower search efficiency and
relatively slow convergence speed. To overcome these challenges,
numerous enhancements and extensions have been proposed
to enhance the optimization ability of COA algorithm for spe-
cific problems. An overview of several COA variants, detailing
the modifications that researchers have implemented to address
diverse problems, is presented in Table 1.

The DCOA [14] and LCOA [17] algorithms introduce the Levy
flight mechanism into COA, which improves the population’s abil-
ity to escape local optima. In addition, chaotic maps are repeat-
edly introduced into COA. For example, the DCOA algorithm [14]
uses the sinusoidal chaotic map to solve the problem of prema-
ture convergence, the CCOA [16] uses ten different chaotic maps
to improve the quality of population initialization and individual

evolution processes, and the MCOA algorithm [15] introduces the
tinkerbell chaotic map to help the population escape local optima.

To improve the convergence capability of the COA algorithm,
some algorithms redesign evolution operators or introduce ex-
cellent strategies from other algorithms. For instance, the ECOA
algorithm [19] replaces the cultural trend with the current opti-
mal solution to improve the convergence speed. The HWOA [20]
and HCOAG [21] algorithms incorporate excellent mechanisms
from the Grey Wolf Optimizer [23] to enhance COA’s search
efficiency. The ICOA algorithm [22] redefines the cultural trend
to improve the population’s exploitation ability, and the CCOA al-
gorithm [13] borrows the idea of a cultural algorithm to enhance
the population’s exploitation of dominant areas.

Moreover, some algorithms modify COA at the parameter
level. For example, the FICOA algorithm [18] gradually shifts pa-
rameters of evolution operations from exploration to exploitation.
The HCOAG algorithm [21] adjusts the number of coyotes to
adjust the algorithm’s performance, and the MCOA algorithm [15]
introduces a parameter adaptive mechanism to assist in setting
appropriate parameters for the algorithm.

From the perspective of exploration and exploitation, modifi-
cations to COA can be broadly classified into three categories.

Firstly, when dealing with complex or high-dimensional prob-
lems, it is necessary to enhance the algorithm’s exploratory ca-
pabilities to prevent the population from getting trapped in lo-
cal optima and experiencing premature stagnation. For instance,
this can be achieved by introducing chaotic map [15] and Levy
flight [17] mechanisms into the COA algorithm.

Secondly, when addressing relatively straightforward prob-
lems, variants incorporate strategies aimed at enhancing exploita-
tion. For instance, one approach involves utilizing the current
optimal solution to guide the population’s search process [19].

Finally, the third modification involves introducing adaptive
mechanisms into the algorithm, which can be further classified as
either active or passive. The active adaptive mechanism facilitates
a gradual transition from exploration to exploitation as the pop-
ulation undergoes iterations, while the passive adaptive mech-
anism adjusts the optimization strategy based on information
feedback from the population.

The first two of the three categories can effectively enhance
the exploration and exploitation of the COA algorithm when ap-
plied to problems with known objective function characteristics.
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Table 1
COA variants overview.
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Modification Year Problems

Description

CCOA [13] 2019

DCOA [14] 2020

MCOA [15] 2021 Truss optimization problems

CCOA [16] 2021 CEC2005

LCOA [17] 2021

FICOA [18] 2021

ECOA [19] 2021 Radial distribution networks

HWOA [20] 2021

HCOAG [21] 2022 CEC2017;Clustering optimization

ICOA [22] 2022

CEC2017;Heavy duty gas turbine operation problems

Proton exchange membrane fuel cell problems

CEC2005;0ptimal power flow problems

Fuzzy multilevel image thresholding problems

Sliding mode direct torque control problems

CEC2017;0ptimal load forecasting models

Combining normative space techniques in cultural
algorithms with COA.

Introduction of Lévy Flight helps populations move
out of local optimum; Use of sinusoidal chaotic map
to avoid premature population maturation.

Introducing the Tinkerbell chaotic map to assist the
population in escaping from local optima; Designing
a parameter adaptive mechanism to improve
algorithm performance.

10 chaotic maps are used for population
initialization and population upgrading.

Adding Lévy Flight to the process of producing pups.

Designing the parameters in the update operator to
decrease gradually helps the population transition
gradually from exploration to exploitation; Fuzzy
median aggregation with local neighborhood
information is introduced to COA.

The global optimal coyote replaces cultural trends
and novel pup generation mechanisms are
constructed, both of which are modifications to
enhance population exploitation.

Individuals choose upgrade methods for GWO or
COA based on probability.

A Gaussian global-best growing operator is designed
to improve convergence speed; A dynamic
adjustment scheme of coyote number in each group
is proposed to enhance the search ability and
operability; The combination of simplified GWO and
COA proposes a new upgrade operator to improve
algorithm performance.

Using Sobol sequence to initialize the population
provides the initial population with coverage ability;
Reconstructing culture trends to improve the
population convergence rate

However, these strategies may not be directly applicable to black-
box optimization problems, where the objective function remains
poorly understood.

The active adaptive mechanism is commonly used in algo-
rithm design to guide the selection of evolutionary strategies dur-
ing different stages of evolution. Notable examples of such algo-
rithms are the Equilibrium Optimizer (EO) [24], Harris Hawks Op-
timizer (HHO) [25], and Artificial Electric Field Algorithm (AEFA)
[26]. However, this mechanism has limitations. For instance, in
relatively straightforward problems, excessive computational re-
sources might be allocated to the early exploration phase, re-
sulting in slow convergence of the population. Conversely, for
complex problems, the early exploration capacity might not be
sufficient, potentially causing the population to become trapped
in local optima.

The passive adaptation mechanism, unlike the active adaptive
mechanism that solely relies on the number of population itera-
tions, incorporates auxiliary information to guide the selection of
appropriate evolutionary strategies. Common auxiliary informa-
tion includes historical parameters, fitness values, and population
diversity, among others. However, these typical sources of aux-
iliary information are derived solely from either the solution
space or the objective space, potentially leading to an incom-
plete representation of the population’s true states. To address
these shortcomings, the population optimization state estima-
tion methods have emerged. These methods aim to provide a
more accurate estimation of the population optimization states

by integrating information from both the objective space and the
solution space.

Zhan et al. proposed a method of estimating the popula-
tion optimization states in the APSO [27], which calculates the
“evolutionary factor” f to guide the evolution process of PSO.
However, the method necessitates calculating distances among
all individuals, resulting in significant computational demand.
To address this computational intensity, Zhan et al. developed
the ADDE algorithm [28], which only calculates the distance
between the optimal individual and the median individual to
estimate the population states. Yu et al. achieved a population
optimization state estimation method by calculating the distance
ranking of individuals from the optimal individual in the objective
and solution spaces in ADE algorithm [29]. Li et al. designed the
DEET algorithm [30] using Fitness-Distance Correlation (FDC) to
estimate the population state.

However, the aforementioned algorithms share two prevailing
limitations. Firstly, they hinge on fixed thresholds for partitioning
population optimization states, thereby presenting difficulties in
ascertaining suitable threshold values. Inaccurate threshold con-
figuration can profoundly misdirect the algorithm and prompt
the adoption of unsuitable strategies. Secondly, these algorithms
exclusively depend on the current population optimization state
to deduce all evolutionary strategies, consequently curbing their
ability of fault tolerance.
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Addressing these aforementioned limitations, this paper intro-
duces an advanced optimization algorithm called the Optimiza-
tion State-based Coyote Optimization Algorithm (OSCOA), which
integrates the Indicator of Optimization State (IOS) [29] into the
COA framework. The OSCOA algorithm employs a probabilistic-
guided approach for the selection of various optimization strate-
gies, thus alleviating the complexity associated with threshold
setting. Additionally, the independent selection of diverse strate-
gies enhances the fault tolerance of the 10S technique and signif-
icantly diversifies the algorithm’s search patterns. And the main
contributions of this paper focus on four aspects:

e A10S-guided dynamic pack management mechanism is pro-
posed.

e A 10S-guided multiple growth strategy mechanism is de-
signed.

e A I0S-guided parent selection mechanism for pups is pro-
posed.

e The strategy selection of the above three mechanisms is
designed to be independent of each other, which enriches
the search model of the algorithm.

To evaluate the performance of the OSCOA algorithm, this
paper compares it with seven outstanding SIOAs. The compre-
hensive performance of OSCOA is assessed using well-established
benchmark suites : CEC2014 and CEC2017. Furthermore, the lat-
est benchmark suite, CEC2022, is employed to evaluate OSCOA’s
performance on the most recent optimization problems. Exper-
imental results confirm the robust comprehensive optimization
capability of OSCOA.

Moreover, this paper presents two real-world applications to
assess the proposed algorithm’s performance: wireless sensor
network deployment and multi-thresholding image segmenta-
tion. Simulation experiments demonstrate that OSCOA exhibits
remarkable proficiency in solving real-world problems. It should
be noted that the descriptions of coyote behavior in the following
paper all occur on cth coyote within the pack p and at moment ¢,
and the variable rand represents a random real number uniformly
distributed in the range [0, 1].

2. COA algorithm

The COA is a SIOA proposed by simulating the social behavior
of coyotes. In COA algorithm, coyotes are randomly divided into
N, packs, each containing N, coyotes, resulting in a total of N =
N, x N¢ coyotes.

The evolutionary process of coyotes can be broadly divided
into four phases: Coyote initialization, Coyote growth, Pup birth
and death, and Coyote migration between packs. The pseudocode
for COA is presented in Algorithm 1.

2.1. Coyote initialization

The behavior of coyotes is affected by both intrinsic and ex-
trinsic factors. Intrinsic factors include sex, social status, and pack
membership, while extrinsic factors include snow depth, snow-
pack hardness, and temperature and so on. Collectively, these
factors can be referred to as social conditions, denoted as soc.
Therefore, the COA model represents coyotes using their social
conditions, and the cth coyote in pack p is expressed as shown in
Eq. (1).

socPt = [soc?], socPy, ..., socly] (1)

Then, the social conditions of the coyotes are randomly initialized
inside the search region according to Eq. (2).

socli = lbj+rand - (ub; —Ib;) ~ j=11,2,...,D] (2)
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where ub; and Ib; denote the lower and upper bounds of the jth
dimension of the search space, respectively.

fitht = f (socP'*) (3)

After the population is initialized, the fitness of the coyotes is
evaluated using Eq. (3).

2.2. Coyote growth

During the coyote growth phase, each coyote is influenced by
two factors. First, each coyote is guided by the best coyote alpha
within the same pack, and this process is illustrated by Eq. (4).

81 = alpha®™' — socl;’ (4)

where soc‘c’;ﬁ denotes a randomly selected coyote from pack p.
Second, the cultural tendency cult within the same pack also
affects the coyote growth. The cult is the median social conditions
of coyotes, which can be calculated by Eq. (5).

O‘,’V’C;lj N, is odd
cult? = i o (5)
Nej o Ne g .
-t N¢ is even
where th’,tcﬂ)/z,j denotes the (N + 1)/2th variable of an ordered

sequence of jth social condition in pack p. Therefore, the second
factor affecting coyote growth is shown in Eq. (6).

82 = cult™" — soch;’ (6)

where soc‘c’;; is a coyote randomly selected from pack p.

By combining the Eqgs. (4) and (6), the complete growth oper-
ator is shown in Eq. (7).

new_soc?' = soc?" + rand - §; + rand - §, (7)

Subsequently, the fitness of the new coyotes is calculated using
Eq. (8).

new_fith" = f(new_soc?") (8)

Then the greedy selection is performed using Eq. (9) to allow
the better coyotes to enter the next generation.
9)

D,t

t t ,t
socl 1 — new_soc?' new_fit!" < fit?
¢ soc, otherwise

Additionally, each coyote possesses an age attribute, and fol-
lowing its growth, it updates its age using Eq. (10).

age”t! = ageP' + 1 (10)
2.3. Pup birth and death

In each pack, the COA algorithm randomly selects two coyotes,
and their social conditions are employed to generate a pup. The
pup generation process is determined by Eq. (11).

socty, ;1 < Py or j = ji
PUPf't = {socPt ;=P +Pyorj=j, (11)

Cry.j
R; otherwise

where r; denotes a random real number uniformly distributed in
the range of [0, 1], sock; and sock; are two randomly selected
coyotes within the pack p, and j; and j, are two randomly chosen
dimensions to ensure that the pup inherit social conditions from
the parent coyotes, R; denotes the randomly generated variables
in jth dimension, P; and P, denote the scatter and association
probability, respectively, and are defined by Eqgs. (12) and (13).
1

Ps:B (12)
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Algorithm 1: COA

Input: pack size N.; the number of packs N,; maximum
number of iterations MaxIter; lower bound Ib;
upper bound ub; dimensions of search space D
Output: the best solution
1 Randomly initialize the population of size N using Eq. (2);
2 Initialize the age = 0 and Iter = 1 ;
3 Calculate the fitness of initial population using Eq. (3) ;
4 while Iter < MaxIter do

5 | fori=1:N,do

6 Locate the best coyote alpha in the current packs ;

7 forj=1:N,do

8 Update the coyotes using Eq. (7) ;

9 Perform out-of-bounds detection ;

10 Calculate the fitness of new coyote using Eq. (8)

1 Perform greedy selection using Eq. (9) ;

12 end

13 Generate a pup using two randomly selected
coyotes using Eq. (11) ;

14 Determine whether to let pup join the new
population ;

15 end

16 age =age+ 1 ;

17 A coyote conducts pack migration between packs ;

18 end
9 return the best solution ;

—

_1-=P
2

After a pup is born, the COA algorithm compares it with the
coyotes within the same pack. If the pup cannot outperform any
of the compared coyotes, it is discarded. However, if there are
coyotes worse than the pup, it replaces the oldest among them.

P, (13)

2.4. Coyote migration between packs

Initially, coyotes are randomly assigned to packs, but some-
times they may occasionally migrate from their current pack to
another. This migration behavior facilitates information sharing
among packs, enhancing their collective learning process. The
occurrence of migration depends on the pack size N, and its
probability is denoted as P,.

P, = 0.005 - N? (14)
3. OSCOA algorithm

In this paper, a new version of the coyote optimization algo-
rithm, OSCOA, is introduced, which incorporates a population op-
timization state estimation method. The estimation result aids in
dynamically adjusting the number of packs and guides the selec-
tion of suitable search strategies. Moreover, the estimation result
also influences the selection of suitable parents for generating
pups.

Consequently, the key components of the OSCOA algorithm
can be summarized into four aspects: population optimization
state estimation, dynamic pack management mechanism, multi-
ple growth strategy mechanism, and parent selection mechanism.
The ensuing subsections furnish an exhaustive delineation of the
OSCOA algorithm encompassing these four aspects.

Applied Soft Computing 147 (2023) 110827

(a) A chaotic population state

(b) An orderly population state

Fig. 1. States of population distributions.

3.1. Population optimization state estimation

For SIOAs, the population optimization states can assist the
algorithm in adjusting search strategies promptly, reducing blind
search, and consequently improving the search efficiency. There-
fore, an effective population optimization state estimation
method, Indicator of the Optimization State (IOS) [29], is intro-
duced into the OSCOA algorithm for estimating the population
optimization state. The value of I0S (denoted by c) is calculated
in Algorithm 2.

Algorithm 2: 10S

Input: Coyote population and fitness values
Output: ¢

1 Rank coyotes in the entire population according to their
fitness (from strongest to weakest) and the ranking of
the i" coyote is recorded as f;;

2 Calculate the Euclidean distance between each coyote and
the optimal coyote, and then rank the distances (from
near to far), and the distance ranking of the i coyote is
recorded as d;;

3 Calculate the 10S according to the following equation

N
IOS:Z[f,-—d,-| (15)
i=1

4 10S,,;, is the minimum value 0 when f; and d; are equal
for each coyote, and then the maximum IOS value is
calculated by the following equation.

108 _{ N; N iseven (16)
max— (N+1)(N=1) .
——— Nisodd

5 Normalize the IOS to ensure that it is between 0 and 1,
using c to denote the value.
10S — I0Spin

(= -omn_ (17)
10Smax — 10Smin
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I3
)

Log(mean best fitness error)

05 1 15 2 25 3 05 1 15 2 25 3
FEs 10° FEs 10°

(a) unimodal funnction (b) hybrid function

Fig. 2. Convergence curves for COA with different N,,.

To facilitate the understanding of I0S, Fig. 1 provides two
optimization states of the population. In these figures, the yellow
star represents the current best individual, the gray circle denotes
the other individuals in the population. The size of the gray
circle indicates its distance from the best individual. In Fig. 1(a)
the population distribution is chaotic, whereas in Fig. 1(b) the
populations are clustered around the optimal solution, showing
an ordered state. The values of ¢ for Figs. 1(a) and 1(b) are 0.6667
and 0, respectively. Thus, a higher ¢ value signifies a relatively
chaotic state of the population in the search space, indicating
a tendency towards exploration. Conversely, a lower ¢ value
indicates a more ordered state, suggesting an inclination towards
exploitation. Based on this analysis, it can be concluded that I0S
possesses the capability to estimate the population optimization
state.

3.2. Dynamic pack management mechanism

Conventional COA primarily steers the population evolution
through alphas. However, each pack contains only one alpha,
resulting in the total number of alphas being equal to N,,.

In general, when more individuals participate in guiding the
population evolution, the exploration area of the population ex-
pands. However, this also leads to a decrease in convergence
speed. Conversely, fewer guiding individuals accelerate popula-
tion convergence speed but elevate the risk of the algorithm
becoming trapped in local optima [31]. To validate this assertion,
Fig. 2 displays the convergence curves of the COA algorithm
with varying N,. Figs. 2(a) and 2(b) showcase the results for the
unimodal function F1 and the hybrid function F20 from CEC2017,
respectively. Evidently, algorithms with smaller N, exhibit supe-
rior performance on simpler problems. On the other hand, for
complex multimodal problems, algorithms with larger N, excel.
Thus, the appropriate choice of N, varies depending on different
problems [32].

In a bid to select a more suitable N,, OSCOA dynamically
adjusts N, based on feedback from the IOS. The calculation pro-
cedure for N, is presented in Eq. (18).

Ni—1 ri<c and N!>IN,
NF'=IN+1 rp>c and N <UN. (18)
N! otherwise

where r; denotes a random real number uniformly distributed in
the range of [0,1], while UN, and LU, are the upper and lower
bounds of N, respectively.

Since N. changes with population iteration, thus, the OSCOA
algorithm replaces coyote migration with random grouping in
each iteration, the exchange of population information can be
effectively accomplished across packs. Algorithm 3 outlines the
precise process for grouping populations.
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Algorithm 3: Population grouping
Input: Population size N; The packs size N¢;
Output: Packs
N, = floor(N/N¢) ;
rem = N%N¢ ;
if rem == 0 then
\ Divide the population into N, packs of equal size ;
else
Divide (N — rem) individuals into N, packs ;
Randomly select rem packs;
Each selected packs receives one remaining individual;
end

© 0NV AW N -

3.3. Multiple growth strategy mechanism

The OSCOA algorithm provides different growth strategies
for different population optimization states. For the exploration
states, OSCOA adds weights for §; and 8, which are presented in
Eq. (19).

new_soc?' = soc?' + w, - rand - §; + w, - rand - &, (19)
wy=rand -4 — 2 (20)
wy =rand -4 — 2 (21)

Since larger step sizes are an effective means to enhance algo-
rithm exploration, therefore, w; and w, are set as random real
numbers on the interval [—2, 2]. For the exploitation state, the
coyotes growth strategy is shown in Eq. (22).

new_soc?" = soc?" + ws - rand - §; + w4 - rand - 8, (22)
FEs
w3 =09-0.6- (23)
MaxFEs
T
ws=09—06 —=_ (24)
MaxFEs

where FEs denotes the number of function estimations, MaxFEs
denotes the maximum number of function estimations, rrs de-
notes a random integer between FEs and MaxFEs. The w3 grad-
ually decreases with population iterations, thus enhancing the
population’s exploitation ability over time. On the other hand,
wy is a smaller and random value compared to ws, aiming to
reduce the impact of cult and facilitating precise exploitation of
the population.

The growth strategy of coyotes is selected at this stage by
Eq. (25).

rand < ¢
otherwise

Eq. (19)

Eq. (22) (25)

coyote operator = {

To prevent the population from exploring invalid spaces, each
growing coyote must adhere to the following boundary con-
straint.

bt

b'; = min(ubj, max(new_socy;, b)) (26)

new_soc i’

After updating the coyotes, coyotes with better fitness among
the new and old coyotes are selected to enter the next generation
population using Eq. (9).
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Fig. 3. Position of coyotes in iteration.

3.4. Parent selection mechanism

In the conventional COA algorithm, the scatter probability Ps
is inversely proportional to the dimensionality. As a result, in
high-dimensional scenarios, the pup generation is primarily influ-
enced by R;, emphasizing exploratory potential but significantly
compromising population convergence. To mitigate this concern,
OSCOA introduces a revamped pup generation approach tailored
to this stage.

Firstly, the OSCOA algorithm randomly selects a coyote from
the current pack, excluding the alphaP*, as the first parent de-
noted as parent?*. Secondly, the determination of the second
parent follows Eq. (27).

ot
socgr, rand < c

arent®' = 27
P 2 {alpha"” otherwise (27)

where soc‘c';g represents a random coyote different from the first
parent in pack p. The pup are generated using Eq. (28).

p.t
parentw 1 < Pg

pupl” = parenty; 1> 1—P, (28)

R; otherwise

where R; is a randomly generated variable within the j dimension
of the search space, rj represents a randomly generated number
with a uniform distribution in the range of [0,1]. In this stage, the
conventional COA algorithm’s approach is also used to determine
whether the pup can be retained in the population.

3.5. An example of optimization by OSCOA

This section provides optimization of a highly multimodal
function called the Rastrigin function to demonstrate the opera-
tion process of the OSCOA population and the topology of packs.
In this experiment, the population size N is set to 12 to clearly
illustrate the positions of each coyote, and LU, and UN;, are set to
3 and 6, respectively.

Fig. 3 displays the population distribution of the algorithm at
different iteration numbers. In these figures, shapes of the same
type represent members of the same pack, the black shape rep-
resents the alpha, and the blue shape represents the newly born
pup. To illustrate the pack topology, each coyote is connected to
the alpha of its pack with a dotted line.

Firstly, it can be observed that in the initial stages of the
algorithm, the coyotes are scattered randomly across the search
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Fig. 4. Strategies combination model in OSCOA.

space and are evenly distributed into four packs. This facilitates
extensive exploration of the search space by the population.
During the Oth iteration, the square pack occupies a dominant
region at [0, -1]. Moving to the 1st iteration, the diamond pack
establishes another dominant region at [0, 1] through the birth
of pups. As the iterations progress, around the 5th iteration,
the population begins to explore both dominant regions. This
tendency continues, and by the 10th and 15th iterations, the
population notably converges towards the region [0, 1]. Subse-
quently, around the 20th iteration, a substantial portion of the
coyotes clusters around [0, 1]. However, by the 25th iteration,
OSCOA effectively breaks free from the local optimum, leveraging
its robust exploration strategy, and successfully converges closer
to the global optimum with the assistance of pups. Finally, in the
30th iteration, the entire population effectively converges near
the global optimum.

3.6. Analysis of OSCOA

Overall, the OSCOA algorithm dynamically adjusts the pack
size N, selects growth strategies, and determines pup parents
based on the c¢ value obtained from IOS. The essence of IOS is
to estimate the complexity of the population coverage space.
However, relying solely on the estimation from a limited num-
ber of individuals might lead to inaccuracies, especially in high-
dimensional spaces [30].

To prevent the population from swiftly converging to local
optima due to potentially erroneous 10S estimations, the OSCOA
algorithm approaches the setting of Eq. (22) weights, namely ws
and wy, cautiously. Thus, while the Eq. (22) is more exploitation-
oriented compared to the Eq. (19), the Eq. (22) still has a strong
exploratory capacity in the early stages of the algorithm. And
the OSCOA algorithm does not grant I0S exclusive control, the
selection of strategies is governed by probabilities. The 10S only
guides the strategy choice. This methodology also eliminates the
need for cumbersome threshold settings.

In addition, the OSCOA algorithm introduces an innovative
mechanism for strategy selection. In OSCOA algorithm, the se-
lection of strategies in the three mechanisms is independent
of each other. This approach significantly diversifies the search
pattern of the population by combining different strategies. And
the composition model of various strategies within OSCOA is
illustrated in Fig. 4.

The Algorithm 4 gives the complete running steps of the
OSCOA algorithm.

4. Complexity analysis

The complexity of an algorithm includes both time complexity
and space complexity. Time complexity is a metric for measuring
the execution time of an algorithm and directly affects its opti-
mization efficiency. The space complexity refers to the amount of
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Algorithm 4: OSCOA algorithm

Input: the number of coyotes N; maximum number of
function estimations MaxFEs;lower bound Ib;
upper bound ub;dimensions of search space D
Output: the best solution
1 Randomly initialize the initial population using Eq. (2);
2 Initialize the age, FEs and Np ;
3 Calculate the fitness of initial population using Eq. (3) ;
4 while FEs < MaxFEs do

5 Calculate ¢ by Algorithm 2 ;
6 Calculate N, by Eq. (18) ;
7 Population grouping and calculate N, using Algorithm
3;
8 | fori=1:N,do
9 Calculate the capacity of the current pack N, ;
10 Locate the best coyote alpha in the current packs ;
1 Calculate the cultural tendency cult ;
12 forj=1:Ng, do
13 Upgrade coyotes by Eq. (25);
14 Perform out-of-bounds detection ;
15 Calculate the fitness of new coyote using Eq. (8)
16 Perform greedy selection using Eq. (9) ;
17 end
18 Select parents of coyote using Eq. (27) ;
19 Generate a pup using Eq. (28) ;
20 Determine whether to let pup join the population ;
21 end
22 age =age+ 1 ;
23 end

24 return the best solution ;

memory space required by an algorithm during its execution and
affects the allocation of system resources.

Before analyzing the complexity, it is assumed that the popu-
lation size is N, the dimensionality of the search space is D, and
the population undergoes a maximum of G iterations.

4.1. Time complexity of COA

The main steps of the COA are listed below.

e The time complexity of initializing the population and es-
timating the fitness of initial population are O(N - D) and
O(N - f(D)), respectively.

e The time complexity of locating the best individual in the
current pack is O(N).

e The time complexity of the population evolution is O(N - D).

e The time complexity of estimating the fitness of new popu-
lation is O(N - f(D)).

o The time complexity of generating pups and estimating pups
is O(N, - D) and O(N, - f(D)).

e The time complexity of adding pups to the population is
O(N).

e The time complexity of updating the age of individuals is
O(N).

e The time complexity of individual migration is O(1).

The time complexity of running the G generations through the
above analysis is presented in Eq. (29)

O(N-(D+f(D))+G-(N+N-D+N-f(D)+N,-D
+Np - f(D)+ 2N 4+ 1)) = O(N - (D + f(D)) + G - (N(1
+D+f(D)+2)+ N, - (D +f(D)))) ~ O(N - (D + f(D))
+G-(N+Ny)-(D+f(D)))~0(G-N-(D+f(D))

(29)
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Table 2

The time complexity of algorithms in different dimensions.
Time COA 0SCOA

10D 30D 50D 100D 10D 30D 50D 100D

TO 0.0169 0.0196 0.0183 0.0195 0.0169 0.0196 0.0183 0.0195
T1 0.3968 0.6863 0.9608 2.6701 0.3968 0.6863 0.9608 2.6701
T2 2.2192 2.6270 3.0510 6.1520 1.4555 1.8822 2.4245 4.5220
T 107.8343 99.0153 114.2186 178.5590 62.6450 61.0153 79.9836 94.9692

4.2. Time complexity of OSCOA

The main steps of the OSCOA are listed below.

e The time complexity of initializing the population and es-
timating the fitness of initial population are O(N - D) and
O(N - f(D)), respectively.

e The time complexity of calculating the ¢ is O(N - (D +
logoN)) =~ O(N - logyN).

e The time complexity of locating the best individual in the
current pack is O(N).

e The time complexity of the population upgrade is O(N - D).

e The time complexity of estimating the fitness of new popu-
lation is O(N - f(D)).

e The time complexity of generating pups and estimating pups
is O(N, - D) and O(N, - f(D)).

e The time complexity of adding pups to the population is
O(N).

e The time complexity of updating the age of individuals is
O(N).

From the analysis presented above, it is evident that the alter-
ation in time complexity between OSCOA and COA solely takes
place in the calculation of I0S. Hence, the time complexity of
OSCOA can be succinctly expressed using Eq. (30).

O(G- N - (D +f(D) + D + logzN)) (30)
~ 0(G - N - (D + f(D) + logsN))

4.3. Time complexity testing

To visually validate the time complexity of the OSCOA al-
gorithm, the time complexity testing method proposed in the
CEC2017 competition is employed. Firstly, the Program A writ-
ten in the programming language used for the algorithm is exe-
cuted to obtain the execution time TO.

Program A:
x=0.55

for i=1:1000000
X=X4+X;X=X/2;Xx = X *xX; X = Sqrt(x);
x = log(x); x = exp(x); x = x/(x + 2);
end
The execution time T1 for running F18 from CEC2017 200,000
times is calculated; The complete execution time T2 of algorithms
is obtained by evaluating fitness on F18 for 200,000 times, and
the process is independently repeated five times to calculate the
mean value of T2, denoted as T2 = Mean(T2). For detailed
procedures, please refer to [33]. Finally, the time complexity of
the algorithm is evaluated using Eq. (31).

T2 —T1

T=—¢H—
TO

Table 2 presents the calculation results of the time complexity

for COA and OSCOA. From the table, it can be observed that

OSCOA outperforms the conventional COA algorithm in terms of

T value. This is attributed to the utilization of matrix computa-

tions in the code of the OSCOA algorithm, which enhances the
efficiency of the algorithm'’s execution.

(31)

4.4. Space complexity

The space complexity is correlated with the number of pop-
ulation N and the problem dimension D, thus, it primarily is
influenced by two factors Firstly, the storage space required for
the population is N - D. Secondly, the storage space required for
the fitness values is N. Therefore, the space complexity of OSCOA
isO(N-D+ N) = O(N - D).

5. Experiment and analysis

The experimental environment is as follows: 64-bit Windows
operating system; programming software MATLAB 2020b; In-
ter(R) Core(TM) i7-10700 CPU, 2.90 GHz main frequency, 16G
memory.

In the subsequent experiments, the metrics employed to eval-
uate the global search performance include the mean (mean) and
standard deviation (std). The mean assesses convergence accu-
racy, while the std evaluates algorithm stability. A smaller value
of mean signifies superior algorithmic solution performance. Sim-
ilarly, a reduced value of std implies enhanced algorithm stability.
In the tables presenting the experimental results, the mean and
std are displayed in the form of mean =+ std. In addition, two
non-parametric tests are introduced into the experiments.

The first test is the Wilcoxon rank-sum test [34], used to
determine significant differences between two sets of results.
Specifically the Wilcoxon test assign a p-rank to each compared
algorithm at a confidence level of 0.05, signifying its relative
difference concerning the OSCOA algorithm. The p-rank has three
states: win (w), loss (1) and tie (t). ‘w’ indicates that the algo-
rithm’s optimization result is significantly better than OSCOA,
marked by ‘+’; ‘I’ indicates a significantly worse result, marked by
‘—"; ‘t’ indicates similarity or no statistical difference compared to
0SCOA, marked by ‘=".

The second test is the Friedman test [35], a non-parametric
method for two-way analysis of variance. The Friedman test
ranks optimization results for the same function, expressed using
f-rank.

The notation ‘w/l/t’ represents the counts of ‘+’, ‘—’, and ‘=’
obtained by algorithms. The 'overall f-rank’ is the sum of f-ranks
across all test functions.

To be fair, each algorithm is run 30 times independently on
each test function, and the MaxFEs is generated by Eq. (32).

MaxFEs = D - 10* (32)

The paper employs three sets of real-parameter single-
objective optimization problems presented by the IEEE Congress
on Evolutionary Computation (IEEE CEC) in 2014, 2017, and 2022,
respectively, as its test functions. The CEC2014 and CEC2017,
being classical benchmark suites, have been extensively used for
algorithm evaluation and analysis. Concurrently, CEC2022 is the
most recent benchmark suite used to test the performance of
OSCOA algorithm on the latest optimization problems.

In the following experiments, the two parameters of OSCOA,
LN. and UN¢, take the values of 5 and 20, respectively, and the
population size N is 100, which will be analyzed in detail in
Section 7.
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Table 3
The comparison results of OSCOA with COA and incomplete algorithms on
CEC2017.

Item COA OSCOA-1  OSCOA-2  OSCOA-3  OSCOA
Overall f-rank  139.2 1102 84.6 62.6 37.8
wlljt 0272 1)27/1 0/27/)2 0/18/11

Table 4
Parameter settings for different algorithms.

Algorithms Parameter settings
COA N, =10; N, = 10
N 2
BTLBO @ = gt MaxnF = Y2 exp <(ﬁ)('°") )
ADE ccg = 0.05; cg = 0.1; population is divided into 10 groups
DEET = 0.85; ppin = 0.1; p = 0.05;¢c; =0.1;Q = 5D
CCOA y =0.3;¢% =0.3;P, =0.8;N, = 10; N. = 10
FDB-SOS w = 0.5; BFy, BF, = round(1 + rand)
SHADE Pmin = 2/N,H = 100
OSCOA UN; = 20; LN, =5

5.1. Comparison of three mechanisms

In order to test the influence and contribution of three mech-
anisms to OSCOA algorithm, each mechanism is tested sepa-
rately and independently. For labeling convenience, the algo-
rithms corresponding to the “dynamic pack management mecha-
nism”, “multiple growth strategy mechanism”, and “parent selec-
tion mechanism” are named as OSCOA-1, 0SCOA-2, and OSCOA-3,
respectively.

To ensure the fairness and validity of the experimental com-
parisons, each of the algorithms is executed independently 30
times on the 30D CEC2017 benchmark suite. The statistical out-
comes are presented in Table 3.

It can be observed in Table 3 that the overall f-rank scores for
COA, OSCOA-1, OSCOA-2, and OSCOA-3 are 139.2, 110.2, 84.6, and
62.6, respectively. This suggests that the “parent selection mech-
anism” employed in OSCOA-3 has the most significant impact on
the overall performance enhancement of the OSCOA algorithm.
It is followed by the “multiple growth strategy mechanism” and
the “dynamic pack management mechanism” in terms of their
contributions.

The w/l/t indicates that OSCOA surpasses COA, OSCOA-1,
OSCOA-2, and OSCOA-3 on 27, 27, 27, and 18 functions, respec-
tively. Impressively, OSCOA achieves the highest overall f-rank
score of 37.8. These results firmly validate the efficacy of the in-
corporated strategies within the OSCOA algorithm, as highlighted
through the aforementioned analysis.

5.2. Algorithm comparison experiments

To evaluate the optimization performance of OSCOA, a com-
parison is conducted with several outstanding algorithms, in-
cluding Cultural Coyote Optimization Algorithm (CCOA) [13], Bal-
anced Teaching-Learning-Based Optimization (BTLBO) [36], Adap-
tive Differential Evolution (ADE) [29], Differential Evolution with
an Evolutionary State Estimation and a Two-level Selection Mech-
anism (DEET) [30], Fitness-Distance Balance Symbiotic Organism
Search (FDB-SOS), and Success-History based Adaptive Differ-
ential Evolution (SHADE) [37], in addition to the conventional
COA.

These algorithms are chosen for comparison experiments for
the following reasons: the CCOA is a variant of the same COA,
BTLBO is a recently proposed efficient variant of Teaching-
Learning-Based Optimization (TLBO) [38] which is committed
to a balance of exploration and exploitation, both the ADE and

10
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the DEET introduce the population optimization state estima-
tion mechanism, and the FDB-SOS incorporates a recently pro-
posed efficient individual selection technique Fitness-Distance
Balance(FDB), and SHADE algorithm is well known as an efficient
DE variant.

The parameter settings of algorithms involved in the experi-
ments follow original papers and are presented in Table 4.

5.2.1. CEC2014 benchmark suite

The CEC2014 benchmark suite includes 30 optimization func-
tions. The functions are divided into four categories including
three unimodal functions (F1-F3), thirteen simple multimodal
functions (F4-F16), six hybrid functions (F17-F22) and eight com-
position functions (F23-F30).

Table 5 shows the test results for the 30D CEC2014 benchmark
suite. Regarding the unimodal functions, OSCOA’s f-rank ranks
second only to DEET and SHADE on F1. Then, on F2 and F3,
OSCOA’s performance is not as strong as that of BTLBO, DEET,
and SHADE. Nevertheless, its mean and std values indicate that
its optimization results are very close to the optimal solutions.
Moving on to the simple multimodal functions, although OSCOA
performed overall worse than SHADE and DEET, it still achieved
first place on F12. Next, for the hybrid functions, OSCOA takes the
lead in the Friedman test on four out of the six hybrid functions
and secures the second place on F21. Finally, for composition
functions, OSCOA performs well on F25, F26 and F30.

Analyzing the statistical results, OSCOA’s overall f-rank scored
86.1 points. From w/l/t, it can be seen that OSCOA significantly
outperforms COA on 28 test functions, BTLBO on 18 test functions,
ADE on 20 test functions, DEET on 7 test functions, CCOA on 23
test functions, FDB-SOS on 19 test functions and SHADE on 6 test
functions.

To analyze the performance of OSCOA in a high-dimensional
search space, Table 6 shows the experimental results on 100D
CEC2014. From the statistical results it can be observed that
OSCOA wins the second place in the Friedman test with 89.5.
Additionally, the Wilcoxon rank-sum test indicates that OSCOA
significantly outperforms COA, BTLBO, ADE, DEET, CCOA, FDB-
SOS and SHADE on 29, 12, 19, 11, 25, 19 and 9 test functions,
respectively. In summary OSCOA can still be highly competitive
on the higher dimensional CEC2014 benchmark suite.

5.2.2. CEC2017 benchmark suite

The CEC2017 benchmark suite also encompasses four cat-
egories of test functions: unimodal functions (F1, F3), simple
multimodal functions (F4-F10), hybrid functions (F11-F20), and
composition functions (F21-F30).

Compared to CEC2014, the count of simple multimodal func-
tions decreases from 16 to 7, while the number of hybrid func-
tions increases from 6 to 10, and the quantity of composition
functions also rises from 8 to 10. Consequently, overall, CEC2017
poses a more challenging optimization environment than
CEC2014. Table 7 shows the test results of the algorithms on the
30D CEC2017 benchmark suite.

In the assessment of the unimodal functions, it can be ob-
served that OSCOA performs better in optimizing F3 compared to
F1. Moving on to the analysis of the simple multimodal functions,
OSCOA secures the second position on F6, F9, and F10. Then the
OSCOA achieves the first place in the Friedman test for seven
out of ten hybrid functions, specifically F11-F15 and F18-F19.
Regarding the ten composition functions, OSCOA emerges as the
leader in the Friedman test for F25, F27, and F30, it also secures
the third place on F21, F23, F24, F26, and F29.

The statistical outcomes highlight that OSCOA secures the
second position in the Friedman test with a score of 79.3. Fur-
thermore, as indicated by the Wilcoxon rank-sum test, the OSCOA
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Table 5 (continued).

F22

F23

F24

F25

F26

F27

F28

F29

F30

3.80E+02 £ 1.04E4-02
6.2 =

3.73E+02 +£ 8.62E+4-00
8.0 -

3.12E4-02 £ 1.01E+4-01
8.0 -

2.19E4-02 £ 2.28E+-00
8.0 -

1.03E+-02 + 2.68E—01
7.8 —

7.76E4-02 £+ 2.16E4-02
8.0 -

1.06E4-03 + 2.69E4-01
7.2 -

7.87E4-04 £ 1.54E4-04
7.4 +

1.57E4-04 £ 3.37E4-03
7.9 -

2.90E402 £ 1.14E4-02
4.5 =

2.00E4-02 £ 1.92E—13
1.0 +

2.00E402 £ 2.35E—-02
2.0 +

2.00E402 £ 2.35E—13
1.7 +
1.00E+02 + 5.21E-02
6.0 -

2.51E+02 &+ 6.06E+01
14 +
2.00E402 =+ 2.04E—-01
1.1 +
2.52E406 + 4.06E+4-06
5.7 -

3.38E403 + 1.24E+03
48 -

4.16E4-02 + 1.02E+02
6.5 =

3.16E+02 £ 1.29E4-00
43 =

2.34E+02 £ 9.02E4-00
5.9 -

2.04E+02 £ 3.43E+4-00
4.6 -

1.01E+02 + 6.58E—01
5.9 -

4.65E4+02 + 5.69E+01
6.5 -

1.02E4-03 + 1.03E+02
6.6 -

1.28E+05 = 2.70E-+05
45 =

6.85E+03 £ 8.21E4-03
5.1 =

1.33E4-02 £ 5.93E401
22 =

3.15E+02 £ 0.00E+4-00
34 =

2.26E+4-02 £ 3.90E+00
39 =

2.04E4-02 £ 1.57E+00
52 =

1.00E4-02 £ 5.13E—02
13 =

3.17E+02 + 3.62E401
21 +
8.01E402 + 1.39E+401
2.6 +

1.13E4-03 & 6.74E402
2.8 +

3.06E+03 + 1.10E+03
47 -

3.11E4-02 £ 1.27E4-02
5.1 =

3.17E+02 £ 1.35E4-00
6.9 —

2.27E402 £ 1.34E4-00
5.1 —

2.05E+02 £ 2.67E+-00
57 =

1.00E+02 + 5.84E—02
4.2 =

4.18E402 £ 1.03E+01
57 =

1.05E4-03 + 4.22E+01
6.9 -

2.83E403 & 1.24E4-03
32 +

5.65E+403 & 3.25E4-03
59 —

2.54E+402 £ 1.08E+4-02
4.5 =

3.15E402 £ 3.71E-13
5.1 =

2.00E4+02 £ 1.41E-03
1.0 +

2.03E4+02 £ 3.61E4-00
3.9 =

1.00E+02 + 4.03E—02
5.1 -

4.14E4-02 + 5.06E+01
49 =

8.67E+02 + 4.89E+01
3.8 =

8.68E+05 £ 2.74E4-06
5.8 =

2.34E403 £ 8.42E+4-02
2.9 =

1.24E4-02 & 9.33E4+01
2.0 =

3.15E+02 + 0.00E-+00
34 =

2.35E402 £ 6.46E+00
6.1

2.04E4-02 £ 8.09E—-01
5.2

1.20E+02 4 4.21E+01
4.1 =

4.16E4-02 + 5.23E4+01
4.0 =

9.55E4-02 4 2.79E402
49 =

7.33E4-02 & 7.82E4+01
23 +

2.52E403 £ 1.36E+03
3.1 =

3.32E+02 £ 1.89E4-02
5.0

3.15E+02 + 3.18E—-13
4.1

2.25E402 £ 1.78E+4-00
37

2.03E402 £ 3.81E-01
1.8

1.00E+02 + 6.48E—02
1.9
4.07E402 + 4.74E4-01
32
8.49E+02 + 3.34E+01
3.0

8.33E4-05 & 2.22E4-04
4.3

1.97E4-03 £ 8.54E+4-02
15

Overall f-rank
wil/t

233.0
1/28/1

1232
7/18/5

145.0
0/20/10

81.1
10/7/13

182.3
2/23/5

148.7
1/19/10

80.7
9/6/15

86.1

v 12 unyz ‘H-Z ‘ng X ‘Sunyz 0
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Table 6

The comparison results of OSCOA with other algorithms on CEC2014 with 100 Dimensions.

Function

COA

BTLBO

ADE

DEET

CCOA

FDB-SOS

SHADE

0SCOA

F1

F2

F3

F4

F5

F6

F7

F8

F9

F10

F11

F12

F13

F14

F15

F16

F17

F18

F19

F20

F21

F22

F23

2.17E409 + 1.80E+408
8.0 -

2.54E4+11 £ 2.12E4+10
8.0 -

4.23E4-05 & 2.48E+04
7.9 -

5.32E4+04 £ 3.46E+03
8.0 -

2.13E4-01 £ 3.88E—02
7.3 -

1.47E4-02 £ 1.93E+00
8.0 -

2.24E4+03 £ 1.52E+02
8.0 -

1.28E+403 + 4.16E4-01
8.0 -

1.58E4-03 £ 5.21E4-01
8.0 -

2.52E4-04 & 4.06E402
8.0 -

2.92E4+04 £ 1.86E+02
8.0 -

3.72E+00 £ 1.10E-01
7.1 -

8.13E400 £ 2.69E—-01
8.0 -

6.60E4-02 + 4.68E+401
8.0 -

2.18E4-07 + 4.17E406
8.0 -

4.67E401 &+ 1.49E—01
8.0 -

1.13E4-08 & 2.27E+07
8.0 -

8.40E+4-09 £ 1.36E+09
8.0 -

1.39E4-03 £ 1.07E+02
8.0 -

4.50E+05 £ 8.72E+04
8.0 -

4.18E4-07 £ 3.37E4+06
8.0 -

5.28E403 £ 2.32E402
8.0 -

1.62E4-03 & 1.11E402
8.0 -

2.05E4+06 + 1.03E4-06
3.1 +

4.21E4-02 + 8.33E+02
35 +

1.14E4-01 &+ 1.45E+01
2.3 +

2.82E+02 £ 5.14E4-01
5.5 =

2.12E4+01 £ 2.24E—-02
6.2 -

9.02E+01 £ 8.00E+4-00
49 -
1.36E—02 + 2.23E-02
5.1 =

2.10E4+02 =+ 3.11E4-01
49 -

5.27E4+02 £ 4.92E401
4.7 -

5.00E4+03 £ 1.70E4-03
4.5 —

1.41E4-04 + 1.19E+03
2.7 =

2.88E+00 £ 2.13E-01
6.0 -

6.35E—01 £ 5.49E—-02
5.9 -

451E—01 + 223E-01
50 -
4.92E+01 + 7.30E400
26 =
432E+01 + 1.13E400
48 -
1.45E4-05 + 7.19E+04
36 =
3.88E+03 + 2.73E403
53 =
1.15E4-02 =+ 2.03E+01
41 -
6.87E+02 + 1.35E402
28 -
6.13E+04 + 3.51E-+04
33 =
1.88E+03 + 4.70E+02
32 =

2.00E4+02 £+ 1.92E—13
1.0 +

4.34E4-08 + 5.07E+4-08
6.5 -

3.86E+04 + 9.99E+04
4.2 =

3.60E+05 £ 4.97E+404
7.1 —

1.97E402 £ 5.25E4-01
3.6 =

2.10E4-01 & 1.68E—02
45 -

1.08E+-02 + 7.68E+00
6.3 -

8.95E—02 £ 2.00E-01
3.8 =
1.39E4-02 + 2.27E+02
35 -

4.17E+02 + 8.44E+01
4.2 —

2.74E4-03 £ 9.74E4-02
32 —

2.19E4-04 £ 9.03E+4-02
5.6 -

1.53E400 £ 1.49E-01
4.9 -
4.98E—01 £ 5.23E-02
32 =
3.24E—01 + 2.85E—02
3.0 =
1.12E4-02 + 4.27E+01
5.1 —

4.37E401 £ 3.71E-01
5.4 —

8.49E4-06 + 1.27E4-07
59 —

1.50E+04 + 4.32E-+04
41 =

1.14E4-02 £ 2.63E+401
42 -

8.47E4+04 £ 9.41E+04
6.6 -
4.69E4-06 + 6.97E406
6.0 -

2.77E403 £ 5.43E4-02
59 =

3.48E+02 £ 1.19E-10
37 +

2.67E+05 £ 1.66E4-05
1.6 +
2.07E—-10 £ 3.34E—-10
15 +

2.51E+04 £ 2.41E4+04
4.2 =

1.30E4-02 & 2.51E+01
13 +

2.08E+01 £ 1.19E-01
3.1 -

4.47E4+01 £ 8.98E+00
1.0 +
1.73E—03 =+ 3.68E—03
15 +
1.25E4-02 + 2.07E+01
338 -
2.03E+02 £ 2.58E+4-01
1.1 +
4.30E4-03 & 7.09E+02
4.4 -

1.63E4+-04 & 2.17E+03
3.8 -

6.19E-01 £ 1.97E-01
3.1 -
3.77E—-01 £ 4.48E—-02
13 +
4.08E—01 + 1.66E—01
4.6 =
2.67E+01 £ 5.17E4-00
1.1 +
4.18E401 & 8.35E—01
2.9 -

5.07E+04 £ 4.10E4-04
2.3 =

1.95E4-03 & 2.37E+03
3.8 =

9.73E+01 £ 1.45E+401
2.8 =
2.75E+04 £ 4.22E+04
4.7 -
5.64E+04 £+ 1.18E+4-05
2.3 +
1.73E4-03 & 7.44E+02
2.7 =

3.48E+02 £ 0.00E4-00
2.0 +

9.52E+07 + 1.00E+4-07
6.3 -

7.54E4-09 + 2.64E4-09
6.9 —

3.72E4+04 £+ 1.07E4-04
5.6 —

1.05E4-03 £ 4.95E+4-02
7.1 —

2.13E4-01 £ 2.99E—-02
7.5 —

1.11E4-02 £+ 1.15E+01
6.6 —

6.11E4+01 & 3.31E+01
7.0 -

5.02E402 + 2.23E401
6.9 —

9.27E402 =+ 5.39E4-01
7.0 —

8.60E403 £ 1.03E4-03
59 —

2.58E+404 £ 2.21E4-03
6.9 —

4.02E4+-00 + 1.61E-01
7.9 —
6.16E—01 £ 6.63E—02
5.5 -

3.38E—-01 & 3.55E—-02
4.2 =

1.46E4-03 + 6.08E+02
7.0 —

4.56E401 + 2.97E-01
7.0 —

4.28E406 + 1.01E+06
6.5 —

1.20E+03 & 3.89E+02
42 =

2.09E402 £ 2.88E+01
7.1 -

1.43E+04 + 6.00E+03
57 -
3.04E+06 + 1.27E+06
6.6 —

2.52E403 =+ 3.63E4-02
5.0 =

3.89E402 + 4.14E4-01
7.6 —

1.84E4-07 £+ 1.66E+07
438 -

1.01E+04 + 6.21E403
5.0 =

3.79E+03 £ 2.08E4-03
4.3 -

2.11E402 + 3.24E+01
40 +

2.10E+01 + 4.51E—02
44 -

7.32E4+01 £ 4.37E+00
3.1 -
5.39E—-03 £ 1.46E—02
3.6 -

3.97E+02 £ 4.49E4-01
59 -

7.48E4-02 £ 5.95E401
6.0 -

1.11E4-04 & 6.69E+02
7.0 -

2.16E4-04 £ 1.00E+03
5.4 -

1.37E400 £ 2.49E-01
4.0 -
6.24E—01 £ 9.46E—02
54 -
3.83E—01 £+ 1.64E—01
47 =

1.09E4-02 + 1.53E401
57 -

4.32E401 & 7.34E-01
4.6 -

2.57E406 + 1.77E4+06
55 -

2.81E403 + 3.11E+03
43 =

1.24E+02 + 2.41E4+01
44 -

1.80E+03 + 9.92E+02
44 -

9.86E+405 + 3.81E+405
5.4 -

2.27E4-03 £ 6.06E402
4.7 =

3.48E+02 £ 4.64E—08
3.8 +

4.53E+05 + 4.40E+05
2.0 +
2.26E—10 £ 3.86E—10
1.7 +
6.70E—02 £ 1.47E-01
13 +

1.57E4-02 + 3.24E+01
24  +

2.01E4+01 £ 1.59E—-02
13 =
7.68E+01 £ 4.67E4-00
37 -
4.43E—03 &+ 7.77E-03
2.7 =
1.36E—12 + 1.20E—13
1.0 +
2.49E+02 £ 3.59E4-01
2.0 +
7.50E—03 £ 3.95E—-03
1.0 +
1.02E4-04 + 5.29E+02
1.0 +
2.16E-01 £ 2.13E-02
1.6 =
5.24E—-01 £ 7.80E—-02
37 =
3.88E—01 + 1.80E—01
4.0 =

7.31E4+01 £+ 1.41E4-01
4.1 -

4.01E+01 £ 5.00E—01
1.3 =
2.05E+04 + 1.32E4+-04
1.1 +
4.93E+02 + 1.45E+02
2.1 =

1.03E4-02 =+ 3.96E+01
41 -

8.38E+02 £ 5.89E+02
2.5 =
5.15E4+03 =+ 3.03E4-03
15 +
1.50E4-03 =+ 3.09E+02
2.3 +

3.48E+02 £ 6.82E—03
5.9 -

3.29E406 + 8.03E+4-05
38

1.36E4-04 £+ 1.09E4-04
49

6.67E4-02 £ 5.82E4-02
3.1

2.50E402 £ 6.27E+4-01
4.3

2.04E4-01 £ 6.13E-02
1.6

6.33E+01 + 8.44E+00
24
3.24E—03 + 5.46E—03
44
3.79E—01 % 5.12E—01
2.0
3.02E+02 % 6.47E401
3.0

6.36E4-00 & 9.33E—01
2.0

1.35E4-04 £+ 1.17E4-03
2.6

2.07E—-01 £ 6.07E—02
14
4.71E—-01 £ 8.21E-02
29
3.18E—01 £ 2.49E—02
23
4.42E401 £+ 1.10E4-01
2.4

4.07E4-01 & 7.66E—01
1.8

8.81E4+04 + 5.63E4-04
3.1

2.36E4-03 £ 2.24E+4-03
4.2

8.88E4+01 & 1.91E+4-01
1.6

4.65E+02 £ 1.36E+-02
13

6.64E4-04 + 4.87E404
32
2.37E4-03 £ 8.28E+4-02
39

3.48E+02 £ 1.43E—06
4.1

(continued on next page)
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Table 6 (continued).

F24

F25

F26

F27

F28

F29

F30

1.05E4-03 £ 3.53E+4-01
8.0 -

4.84E4-02 £ 1.69E+4-01
8.0 -

1.57E402 £ 1.54E+02
28 =
4.03E4-03 £ 2.27E+01
8.0 —

3.35E4-03 =+ 3.78E+4-02
43 -

8.63E4-07 + 3.03E406
6.8 -

4.76E4-06 + 6.81E4-05
8.0 -

2.00E402 £ 6.28E—02
1.2 +

2.00E4-02 £ 0.00E+4-00
14 +
2.00E4-02 £ 0.00E+-00
37 =
2.00E+02 £ 2.58E—13
11 +
2.00E+02 + 3.07E—13
1.0 +
1.73E4-06 + 5.48E+06
15 +

1.51E4-04 + 2.76E+03
53 -

4.04E4-02 & 2.49E+01
5.4 -

3.39E+02 £ 6.99E+4-01
6.0 -

1.29E4+02 + 4.47E+01
2.9 =
2.92E+03 £ 2.52E+02
6.9 -

3.60E+03 =+ 7.38E+4-02
4.6 -

1.38E4+-07 + 2.18E+07
4.4 +

1.32E4-04 + 5.19E+03
4.0 =

4.09E4-02 £ 8.50E+00
5.6 -

2.87E402 £ 1.35E4-01
55 -

2.00E4-02 £ 8.89E—03
5.7 =

1.44E+03 + 1.12E4-02
22+
3.03E403 =+ 5.42E-+02
41 -

3.70E+07 £ 4.80E+407
45 =

1.09E4-04 & 1.75E4+03
37 -

3.73E+02 + 1.26E+01
40 -

2.32E402 £ 5.18E+4-00
3.1 +

2.01E402 £ 1.97E-01
7.3 =
2.53E+03 £ 2.19E+-02
6.1 -

5.48E+03 £ 9.78E+02
7.9 -

1.57E4-08 + 9.85E+07
7.4 -

4.39E4-04 + 1.26E+04
7.0 —

2.00E+02 £ 6.67E—04
18 +

2.00E4+02 £ 2.20E—-13
17 +

2.00E4+02 £ 1.92E—-13
3.9 =

2.31E4+03 £ 1.14E+02
49 -

4.33E4+-03 + 6.20E+02
6.6 -

8.32E4+06 + 2.63E4-07
4.1 +

9.19E+03 + 1.39E+03
24 =

4.30E4-02 £ 5.45E+00
6.7 -

3.01E+02 £ 1.31E401
6.1 -

2.00E4-02 £ 2.33E-02
5.9 =

2.18E+03 + 1.86E+02
45 -

3.60E+03 + 5.26E+4-02
5.3 -

1.42E+03 £ 1.77E+02
22 +

1.09E4-04 & 2.35E4+03
37 -

3.57E+02 £ 1.07E401
33

2.70E4-02 £ 8.24E+4-00
4.3

2.39E402 £ 1.80E+4-02
3.8

1.65E+03 + 1.79E+02
2.6
2.44E4-03 £+ 2.67E402
22
8.32E4-07 + 2.05E—07
5.4

8.93E403 £ 6.38E4-02
1.6

Overall f-rank
wil/t

228.2
0/29/1

110.1
9/12/9

1447
2/19/9

92.2
11/11/8

190.8
1/25/4

135.8
5/19/6

88.7
12/9/9

89.5

v 12 unyz ‘H-Z ‘ng X ‘Sunyz 0
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Table 7
The comparison results of OSCOA with other algorithms on CEC2017 with 30 Dimensions.
Function COA BTLBO ADE DEET CCOA FDB-SOS SHADE 0SCOA
F1 1.76E+10 + 1.73E+09 4.27E—09 £ 1.35E—08 7.33E+04 + 1.28E+05 1.42E—15 £ 4.49E—15 3.72E+06 + 1.60E+06 4.50E4+03 £ 6.12E4+03 199E—14 + 7.34E—15 1.64E—01 £ 1.40E—01
8.0 — 35 + 41 = 12 + 6.8 — 5.6 — 25 + 45
F3 1.14E+05 £+ 1.68E4+04 191E—11 + 3.36E—11 5.86E4+04 + 1.67E+04 6.51E+03 £+ 1.06E4+04 3.43E4+04 + 4.12E403 1.96E+402 + 1.23E+02 7.15E+03 £ 2.26E4+04 7.10E—06 + 5.03E—06
8.0 — 2.5 + 6.9 — 26 = 5.9 — 4.5 — 23 — 3.5
F4 1.89E4+03 £ 4.39E4+02 2.22E+01 + 3.39E4+01 8.58E+401 £ 2.02E+01 5.49E+01 + 1.95E+01 1.36E+02 £+ 1.53E4+01 5.59E4+01 & 3.27E+01 3.72E+01 + 3.13E401 4.59E401 £ 2.42E401
8.0 - 2.1 = 5.7 — 3.2 = 7.1 — 43 = 26 = 3.1
F5 2.88E4+02 + 1.85E4+01 8.10E+01 £+ 1.90E+01 1.05E+4+02 + 3.32E4+01 3.14E4+01 + 8.90E+00 1.84E+02 + 2.55E4+01 1.34E402 + 2.03E+01 2.13E+01 + 4.02E4+00 5.71E4+01 £+ 1.26E+401
80 — 4.1 — 49 - 1.8 + 6.9 — 5.8 — 15 + 33
6 438E+01 + 2.43E+00 1.44E—01 + 3.09E—01 1.48E+00 + 3.83E+00 4.15E—06 + 4.95E—06 1.30E+01 + 3.06E+00 1.86E—02 + 2.71E—02 2.47E—02 + 3.54E—02 1.02E—03 + 1.02E—03
80 — 43 — 5.5 - 13 + 6.9 - 3.8 - 44 - 2.1
7 7.09E4+02 + 8.62E4+01 1.20E+02 + 2.45E+01 1.54E+402 + 3.84E4+01 5.91E4+01 + 6.95E+00 2.87E+02 + 2.55E4+01 2.06E4+02 + 1.49E+01 5.34E+01 + 4.31E4+00 7.81E401 £ 1.34E4-01
80 — 4.1 — 5.1 - 19 + 7.2 — 5.7 - 12 + 2.7
2.70E4+02 £ 2.34E4+01 7.91E4+01 % 2.15E+01 1.18E4+02 £ 2.76E+01 2.90E4+01 + 8.58E4+00 1.58E+02 + 2.62E+01 1.36E4+02 + 1.36E4+01 2.15E+01 + 6.60E+00 4.31E+01 £ 1.70E4-01
F8
80 — 4.1 — 54 — 2.1 = 6.6 — 58 - 15 + 2.8
6.23E403 + 1.02E403 1.18E+02 + 1.25E4+02 4.41E+402 £+ 1.20E+03 3.35E—01 + 7.24E—01 1.82E+03 + 3.29E4+02 7.96E—01 + 5.96E—01 9.48E+00 + 4.60E4+00 1.91E—01 £ 2.29E—01
F9
8.0 — 54 - 52 — 14 = 6.8 — 2.7 — 4.6 — 1.6
F10 6.49E4+03 + 1.78E4+02 2.97E+03 + 590E+02 4.57E+403 £ 5.11E+02 2.61E4+03 + 4.67E+02 5.98E+03 + 4.20E4+02 4.35E4+03 + 4.91E+02 1.77E+03 £ 2.32E4+02 2.57E403 + 4.21E402
7.9 — 35 = 5.6 — 30 = 7.1 — 5.2 - 1.0 + 2.5
7.87E402 £+ 9.56E4+01 1.13E+02 + 5.65E4+01 8.03E4+01 £ 2.94E+01 4.69E+01 + 3.70E+01 1.59E+02 + 1.50E4+01 1.17E402 + 2.25E+01 7.93E+01 + 3.42E4+01 1.88E401 £ 7.91E400
F11
80 — 5.1 — 3.6 - 25 = 6.7 — 5.4 - 34 - 1.3
F12 5.98E+08 + 1.37E4+08 1.71E+04 + 1.54E4+04 1.33E4+04 + 6.71E+03 2.29E4+03 + 9.24E+02 1.77E+06 + 6.88E4+05 6.25E4+04 + 2.41E+04 2.10E+03 + 1.05E4+03 2.43E+403 + 3.15E403
80 — 4.1 — 45 - 25 = 7.0 — 6.0 — 2.1 = 19
1.48E+406 + 3.95E4+05 7.31E+02 + 5.16E4+02 8.03E4+02 + 1.31E4+03 2.70E4+04 + 2.20E+04 3.51E+03 + 6.69E4+03 1.84E4+04 + 2.08E+04 2.65E+02 + 3.37E4+02 4.71E401 £ 2.39E401
F13
80 — 39 — 3.2 - 5.5 — 49 — 6.2 - 3.0 — 13
1.80E402 £ 3.72E4+01 2.30E+02 + 9.98E+01 4.14E4+01 £ 8.02E4+00 2.99E+03 + 3.95E+03 1.82E+02 + 3.78E4+01 4.44E403 + 4.30E+03 1.06E+02 £ 6.19E4+01 3.50E401 £ 1.31E+401
F14
5.1 - 5.5 — 2.0 = 4.8 — 5.5 — 7.7 - 3.7 — 1.7
F15 1.63E4+-03 £ 2.11E4+02 2.33E403 + 5.36E+03 3.33E4+01 £ 2.86E+01 5.31E4+03 + 9.71E4+03 8.15E+02 + 2.89E+02 6.98E4+03 + 1.13E4+04 1.85E+02 + 9.45E+01 2.34E4+01 + 1.48E+401
6.6 - 5.1 — 1.7 = 5.0 - 55 — 6.6 - 39 — 13
1.66E+03 £+ 1.30E4+-02 6.96E4+02 + 2.67E4+02 8.04E+402 4+ 3.26E+02 5.41E+02 £+ 2.77E402 1.39E4+03 + 3.01E402 5.40E402 + 2.91E+02 2.90E+02 £+ 1.49E4+02 7.17E402 + 3.25E+402
F16
7.9 — 40 = 46 = 3.1 = 6.9 — 35 = 16 4+ 43
5.35E402 + 8.53E4+01 2.59E+02 + 1.81E4+02 3.66E+4+02 + 6.78E+01 1.54E+02 + 9.94E+01 1.93E+02 + 9.62E4+01 1.83E4+02 + 1.02E+02 8.56E+01 + 5.34E4+01 2.34E402 £ 1.12E402
F17
8.0 — 4.7 = 64 — 30 = 3.8 = 3.9 = 2.1 + 4.4
3.83E+05 £+ 1.71E405 7.70E4+03 + 1.04E+04 6.87E+01 + 8.82E4+01 9.78E+04 £ 2.70E4+05 1.13E4+05 + 5.16E+04 1.28E+05 + 7.26E4+04 1.54E4+02 + 7.12E+01 4.25E+01 £ 1.16E401
F18
7.8 - 46 — 19 = 4.1 — 6.3 — 6.4 — 35 — 12
F19 4.69E4+04 + 2.20E+04 1.03E+02 + 8.27E4+01 2.23E+4+01 + 8.65E+00 1.42E+04 + 2.05E+04 8.70E+02 + 5.08E4+02 1.25E4+04 + 1.48E+04 1.01E+02 £ 4.75E4+01 9.24E400 + 3.79E400
7.8 - 3.8 — 2.1 - 5.2 - 5.6 — 6.7 - 39 — 1.1
20 2.06E4+02 + 4.53E4+01 2.05E+02 + 9.75E+01 3.99E+02 + 1.74E4+02 2.07E+02 + 1.08E+02 2.04E+02 £ 9.72E4+01 1.61E4+02 + 8.47E+01 7.62E+01 + 5.14E4+01 3.63E4+02 £ 2.02E+402
47 = 4.4 = 6.9 = 4.7 = 4.0 = 3.1 + 1.9 + 6.1
21 4.69E4+02 + 9.16E4+-00 2.83E+02 + 2.06E+01 2.89E+4+02 + 3.58E+01 2.27E4+02 + 7.56E+00 3.53E+02 + 2.37E4+01 3.31E402 + 1.55E+01 2.23E+02 + 5.69E4+00 2.46E+402 + 1.40E401
8.0 — 4.4 - 45 — 1.8 + 6.6 — 6.0 - 1.6 + 2.8
22 3.21E+03 + 1.94E403 1.01E4+02 + 1.19E+00 1.43E+03 + 1.80E4+03 1.00E4+02 + 7.89E—01 1.16E+02 + 7.33E4+00 1.01E4+02 + 1.19E+00 1.01E4+02 + 1.37E+00 1.67E+03 + 1.70E4-03
74 = 34+ 6.7 = 15 + 56 = 30 + 24+ 58
F23 6.40E+02 + 1.61E4+01 4.40E4+02 + 1.93E4+01 4.77E4+02 + 4.29E+01 3.90E+02 + 1.89E4+01 5.17E402 + 2.68E4+01 4.78E+402 + 2.00E+01 3.72E+02 + 8.67E+00 4.03E4+02 + 1.87E+401

8.0 -

4.2 -

55 —

2.2 =

6.6 —

5.6 -

14 +

2.4

(continued on next page)

v 12 unyz ‘H-Z ‘ng X ‘Sunyz 0

228011 (£207) b1 Sunndwo) ifos payddy



9l

Table 7 (continued).

F24

F25

F26

F27

F28

F29

F30

6.89E4-02 & 1.01E4-01
8.0 -

1.34E4-03 £ 1.02E+4-02
8.0 -

4.41E4-03 £ 1.23E4-02
8.0 -

5.48E+-02 £ 4.85E+00
7.5 —

1.31E4-03 + 1.14E+02
8.0 -

1.35E4-03 £ 1.28E+402
8.0 -

5.30E4-05 £ 1.43E4-05
8.0 -

5.35E4+02 + 2.61E+01
46 -

3.89E4+02 £ 3.01E4-00
4.9 —

1.99E4-03 + 7.14E+02
4.7 -

5.33E4+02 £ 2.11E+01
5.7 -

3.82E402 + 7.20E401
43 =

7.50E4+02 + 1.28E4-02
52 -

3.48E+03 + 1.93E+03
47 -

5.26E+02 + 2.58E+01
42 -

3.89E+02 £ 6.02E4-00
3.7 -

1.92E4-03 + 5.80E+02
42 -

5.33E+02 £ 1.97E+01
5.7 -

3.88E+02 + 6.62E401
49 =

7.93E4+02 £ 1.17E4-02
5.6 -

2.13E403 £ 2.28E+4-02
2.9 -

4.57E402 £ 1.53E401
2.0 =

3.87E+02 £ 1.33E4-00
35 -

1.42E403 £ 9.82E+01
23 =
5.10E4-02 £ 7.95E+00
37 -
3.11E+02 + 3.60E4-01
15 +
5.03E4-02 + 6.81E401
17 =

2.90E+4-03 £ 2.45E+403
28 -

5.88E+402 & 2.62E4-01
6.4 —

4.63E4+-02 + 1.69E+01
7.0 —

3.06E403 £ 3.42E+4-02
7.0 —

5.26E+02 £ 7.51E+00
5.4 -

5.19E+02 + 3.03E+01
6.9 -

9.90E4-02 + 1.29E4-02
6.8 -

2.07E4-04 £ 1.50E4-04
6.6 —

5.80E+02 £ 1.39E4-01
6.1 -

3.87E+02 £ 1.40E+4-00
3.9 -

2.12E+03 £ 6.66E+-02
4.8 -

5.07E+02 £ 1.87E+01
2.7 =

3.33E4+02 =+ 5.36E+401
3.0 +

5.63E4+02 £ 6.63E4-01
34 =

1.58E+-04 + 8.08E+03
6.3 —

4.39E4-02 & 8.61E+00
13 =

3.87E+02 £ 4.32E-01
37 -

1.29E4+03 £ 1.12E+02
17 +
5.09E+02 £ 8.00E+-00
35 =

3.47E+02 £ 6.24E4-01
3.1 =

5.16E+02 £ 5.84E+01
25 =

2.20E4-03 & 1.58E+02
3.4 -

4.85E402 & 1.22E4-01
3.1

3.87E402 £ 1.23E-01
15

1.58E+4-03 £ 2.17E+-02
3.1

5.02E4+02 £ 1.01E+01
1.6
3.40E4-02 + 6.31E4-01
43
5.54E4-02 + 9.96E4-01
27

1.98E+4-03 & 4.47E401
12

Overall f-rank
wil/t

2227
0/27)2

125.0
3/20/6

1333
0/21/8

82.0
7/8/14

182.5
0/26/3

1438
3/21/5

75.4
12/11/6

79.3

v 12 unyz ‘H-Z ‘ng X ‘Sunyz 0
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Friedman test result on 30D functions

157.4

128.8

103.5

88.5
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40.0 35
24.9 27.0
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unimodal functions

99.7
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simple multimodal functions

141.2
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, _ 5795,

37.4

915
70.0
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compositon functions

1171 141.2
73.3 70.0
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88.4 77.4
46.2 57.9
37.4 52.2

Fig. 5. Friedman test ranking for different types of 30D problems.

Friedman test result on 100D functions

47.149.7

ECOA 40.0 157.4
mBTLBO 16.4 88.5
mADE 249 103.5

DEET 10.3 42.3
mCCOA 335 128.8
mFDB-SOS 27.0 99.7
mSHADE 9.8 42.2
mOSCOA 18.2 57.5

158.4
135.6
943 495 98.5
398 e e 471
163 1 0 239 206
. 7.9
M
unimodal functions simple multimodal functions

mCOA 39.8 158.4
mBTLBO 16.3 94.3
mADE 28.0 89.2

DEET 12.0 471
mCCOA 31.8 135.6
mFDB-SOS 239 98.5
mSHADE 7.9 471
mOSCOA 20.6 49.7

131.7
127.0 120.2

926
87.9 837
66.1 68.1 63.7 723 69.7
50.9 448 555 51.2
_ i - - -

hybrid functions compositon functions
127.0 131.7
66.1 63.7
87.9 83.7
50.9 55.5
92.6 120.2
68.1 72.3
38.4 69.7
44.8 51.2

Fig. 6. Friedman test ranking for different types of 100D problems.

significantly outperforms COA, BTLBO, ADE, DEET, CCOA, FDB-
SOS, and SHADE in 27, 20, 21, 8, 26, 21, and 11 test func-
tions, respectively. In summary, the OSCOA demonstrates high
competitiveness in the CEC2017 benchmark suite.

Similarly to the experiments conducted for CEC2014, the 100D
CEC2017 is employed to assess OSCOA’s performance in high-
dimensional scenarios. The outcomes of these experiments are
presented in Table 8. Although the overall f-rank indicates that
OSCOA secures the second position after DEET and SHADE with
a score of 76.8, the Wilcoxon rank-sum test reveals that OSCOA
surpasses DEET and SHADE in nine tested functions each.

5.3. Analysis of the performance on different types of problems

In order to analyze the performance of OSCOA on different
types of problems, Tables 9-10 and Figs. 5-6 show the statistical
results of the Wilcoxon and the Friedman tests for the different
types of test functions, respectively.

The Fig. 5 reveals that OSCOA achieves a second-place ranking
on the simple multimodal functions, closely trailing DEET and
SHADE. Additionally, OSCOA secures the top position in the hy-
brid function category. Although it slightly lags behind the DEET

17

algorithm in the composition functions, OSCOA still demonstrates
excellent performance in this area.

According to Table 9, it is observable that DEET and SHADE
outperform OSCOA on unimodal functions and simple multimodal
functions. However, OSCOA demonstrates superior performance
on hybrid functions, significantly outperforming comparative al-
gorithms on 14, 12, 7, 9, 13, 12, and 9 test functions. Moreover,
0OSCOA performs well on composition functions, significantly out-
performing comparative algorithms on 16, 11, 13, 4, 13, 7, and 4
functions.

Subsequently, the statistical data of 100 dimensions is ana-
lyzed. As depicted in Fig. 6, the Friedman test results exhibit some
changes compared to the 30D results, including OSCOA’s overall
f-rank in the unimodal functions and hybrid functions decreases
as the dimension increases, but still has a strong performance,
while OSCOA’s ranking in the simple multimodal functions and
composition functions has improved.

From Table 10, it can be observed that OSCOA shows improved
performance on simple multimodal functions, significantly out-
performing DEET on 8 functions and SHADE on 4 functions.
Additionally, OSCOA maintains a strong competitive advantage
on complex hybrid and composition functions. Particularly, in the



Applied Soft Computing 147 (2023) 110827

Q. Zhang, X. Bu, Z.-H. Zhan et al.

(a8pd 3x9u U0 panuiuol)

€1 - v - 9% - L9 - ¥z - sY - €5 - 08 ez

10+3887 F CO+AVL'L  10+4S0'S F C0+d19'8  Z0+ALY'L F €0+AV0L  L0+A9SL F €0+AOKT  10+ATHE F 20+IEYL TO+HIVET F €O+AEOT ZO+ABOT F €0+I60°T  10+IP8'9 F €0+IEEL
1z + €l - g5 - oL - 6€ - 95 = 8z - 6L oz

T0+486'L F YOHALEL  TO+HAYYL F pOTAOLL  T0+398'9 F p0+A0TT €0+3L0T F v0+AL9T €0+I9L F p0+I99L  Z0+AL®Y F HOHIECT €0+AVO'L F HO+ALY'L  TOFALS'S F YO+ASET
v'T = ¥z - 19 - 69 + gl - 17 - 8y - 08 .

10+3EL'S F 20+920'S  10+396 F 20+av8Y  10+ALY'S F 20+3186  10+A91'8 F €0+IELL  L10+AE6T F COHAELY  TOHALLL F C0+AT6'9  10+H8T'S F T0+AE6L  10+aSy F €0+3061L
Le + 0t = €z - 8 - 9% - 09 = €€ - 08 0z

20+A¥S'S F €0+d89°C  TOHACLT F €0+A96T  T0+AVS'S F €0+AETT  C0+ALL9 F €0+HAELE  C0+HILTS F €0HAL6T  COHATGL F €0+ISYE  TOHALLS F €0+A8GT  TOHALTL F €0+AL6
€7 - o€ - ¥ - 9% - e - SS - ¥ L 6L

€0+ASI'L F €0+A8E’L  €0+AITS F €0+AEEE  €0+A8SY F €0+a6hY  €0+AVSL F €0+420T €0+3THY F €0+ASLL  L0+IBYT F 90+3TL'6  €0+ALTT F €0+A8Y'L  80+ACSL F 60+ATLL
0€ + gl - 19 - €9 + 0t - s - 8 - 6L oL

vO+30T1 F v0+a6yL  €0+IESL F €0+ATGT  SOHI6LY F S0+I0C6  SOHALH'E F SO+ALY'6  €0+ASLT F €0+ATLG  90+HACL'6 F 90+AL6E  ¥0+I00T F p0+AC8T  90+I69T F L0+308T
v'e = sz = €z - 09 = 8t L - 8¥ - 08 /L

20+397°9 F €0+AY1'T  Z0+AYST F €0+ILT T0+A66Y F €0+ASET  CO+A60L F €0+38GE  CO+HAV6Y F €0+AIOT TO+AG0Y F E0+ASSE  Z0+AY'E F €0+368T T0+ALE'9 F E0+ALES
1Y + 81 + 8T - 99 + 9t - 8 = ¥ - 08 oL

20+3186 F €0+ATSE  Z0+AOCY F €0+dcyT  T0+I06'8 F €0+ABLT  ZOHALY'S F €0+ISL9  TO+HIBE'Q F €0+H09T EO+AERT F €0+IBL'S  Z0+A06T F €0+I0LE  TO+IOL'E F HOH+AE0T
€ + ozt = 6€ = 6€ = 9z = 65 = ¥s - 08 oL

€0+386'L F E0HAELT  Z0+AZY'T F 20+329Y  €0+I0L'E F €0+409T ZOH+ATEY F €0+IE0T  €0+3TYL F €0+AI0L  90+AIEE F 90+AB0T  €0+IEST F €0+AVE'S  80+AGY'L F 60+AT
al - v - 19 A - 8T i - 6 - 08 .y

TOHALUL F T0+A9SY  TOHAZIT F T0+ACLS  SO+HALST F SOHATEY  SO+AVST F G0+ALTS  Z0+HASYL F 20+HAL08  YOHALET F HOHIEIT  €0+AVLS F €0+A6ST  90+A6TT F 90+AV6'9
€T = ¥e = <t - 95 = 8¢ = Lt - 8 - 08 el

€0+49E'L F €0+ASLT  €0+ASS| F €0+AE6T  Y0O+AS0L F €0+A8TL €0+ALGT F €0+A6L'6  €0+ITHY F €0HI66'E  SOHATL'O F S0+38EL  €0+A9Z6 F OHALIL  80+ASSL F 60+398'L
€ + 61 - 09 - oL + L1 = ¥E A - 08 oL

vO+aLLL F GoHAELE  S0+I00L F H0+HITE6  90+I6GT F 90+I9ES  L0HALK'S F 80+AL0L  POFHALYY F pO+ASL'S  GO+ASL'L F SOHAGEE  90+AL0TL F 90+l 60+AVTE F OL+A0LL
0l - 9t - €z - 1S - €5 - 6L A - 1L 4

10+389°0 F Z0+A8TE YO+ASY'L F €0+IE6'S C0+AB0'E F TO+AVEL TO+AGST F EOHALET HOHALOE F vO+I0EE  p0+ITCT F SOTAVOL  COHALYT F €0+I0ZT  HO+ILYL F SO+A9EL
€T + 01 - 75 - 0L - ¥ - 8 = ¥z - 08 oL

€010 F YO+ASTT ZO+IESE F €0+39L6  TO+HISE'S F YOHALLT  €0+AVS'T F pO+I%Y'T  €0+3TS'L F POHAEST TOTAEG'S F HO+ABLT  €0+ABS'L F pO+A0EL  T0+ASEY F HO+A68T
0T - £ - 8% - oL + 1 - 0% - 8% - 08 61

€0+479'L F €0+A0ET  €0+ATET F €0+H00S  €0+AVTY F pO+A60T  €0+I9E F p0+AI8Y  C0+IE0Y F C0+HALEY  EOHALLL F HOHI6LL  €0HALTT F HOH+A00T  €0+AYTT F $O+A96'8
5T + €T A Y + o - 0% - 9% - 08 o4

10+317° F 20+4867  10+3LLE F 20+asy'T  10+307L F Z0+3Ty'L  10+395°9 F €0+360°L  10+368°C F 20+dz8l  70+A08'L F T0+A0K'9  L0+ALEG F C0+ASE'S  L0+ACSE F €0+aK9L
91 - € - 8% - oL + o - 1S - €y - 08 e

10+359°6 F 20+d4z6v  10+390°L F Z0+3zy9  10+380°0 F €0+390°L  Z0+A09'1 F €0+3T8L  L0+A9TE F CO+AIL'E  TO+AISY F €0+A60'T  10+dA88'6 F 0+AESL 20+ACTT F €0+3S0°9
€l = ¥e - ¥ Y - o - v - 65 - 08 o

20-308'8 F 10-9067 00+388% F 00+358€ 10-3,9°T F 00+3671 00+d8LY F 10+dLE'Q  10—918T F 10—48L9 10+ASEL F 00+3266 00+39L't F 10+321'T  00+3IETY F 10+3SL'6
st + 81 - LS - oL A - 8¥ - 5P - 08 -

10+306°€ F 20+495C  10+391°E F 20+arLc  10+3SLL F 20+3092 10+H3S6'S F €0+aV0L  L0+IPP'T F 20+301'T  20+308'L F 20+AL8'S  L0+ALT6 F Z0+ALYS  LO+ACL'S F £0+38SL
v + €1 = ¥e - 0L + 8l = 6€ = 15 - 08 -

10+3£9°€ F TOHALPT  10+86L'S F C0+IEST  10+396°€ F 20+3A81'T  TO+ALLY F E0+APTT  10+3SSL F 20+3ITL  T0+38LL F CO+A9YT 10+ F 20+ASLT  €0+I0LY F pO+AVO'S
9€ + 01 - 9% - 6 = ¥e - oL + 9t - 6L .

€0+3S6'1 F €0+366'L 0L—368% F 0L—48C'S ¥0+A9TT F pO+AI66  O+3LLT F S0+I0LT  SO+ITTL F v0+3106  SO+ATEL F SO+IpLe  10+380°T F 10+3€8L  YO+A6L'S F SO+A8T9
IS + 8l = I - oL + ozl + re = ¥ - 08 4

v0+390'L F €0+326'9  60—38SE F 60—A1Z €0+ALZ’9 F €0+388'0  60+308°L F 60+ALy'E 01—l F II-ALk'L Z0+A8I'8 F 20+3657  €0+dCLL F €0+ALLY  OL+AZZL F 1I+HIIKT
VO0DSO 3avHs 50s-4ad LZeRn) 133a aav og11d V0D uonoung

‘SuoISUAWIJ 001 YIM £10ZDTD UO SWYILIOS[E 13430 YIIM YOISO JO SInsal uosuredwod ayL

8 dIqelL

18



61

Table 8 (continued).

F24

F25

F26

F27

F28

F29

F30

2.36E4-03 & 4.55E4-01
8.0 -

3.18E404 £ 3.35E4-03
8.0 -

1.96E4-04 £ 4.40E+02
75 -

1.01E+-03 + 3.82E+01
6.5 —

1.46E4-04 + 5.67E+02
7.9 -

1.25E+04 + 8.19E+02
8.0 -

2.77E409 £ 2.79E4-08
8.0 -

1.62E4-03 £ 1.35E4-02
5.0 —

8.45E+02 + 6.95E+01
47 =

1.01E4-04 + 3.51E+03
4.8 -

9.81E4+02 £ 6.63E+01
59 -

6.25E+02 + 4.31E+01
4.6 -

3.98E+03 + 4.95E+02
5.4 -

4.94E4-03 + 1.56E+03
4.3 =

1.58E+03 £ 1.25E+02
49 -

8.24E+02 + 8.40E+01
45 =

1.02E4+-04 + 2.28E+03
42 -

9.38E+02 £ 3.05E+02
45 -

3.53E+03 =+ 5.10E4-03
4.7 =

4.26E+03 £ 6.92E+02
5.6 -

3.75E+03 £ 7.76E+4-02
32 =

1.07E4-03 £ 3.26E+401
1.0 +

7.18E+02 + 4.43E+01
24 =

5.42E403 £ 3.89E+02
17 =

7.43E4+02 £ 5.93E+01
26 -

5.17E4-02 + 1.78E+401
22 =

2.53E403 £ 4.84E402
2.7 =

2.91E4-03 £ 3.23E402
19 =

2.01E403 £ 1.24E4-02
6.9 —

1.75E4-03 £ 2.57E+402
6.9 —

1.94E4+-04 + 1.46E+03
7.4 -

1.21E4+-03 + 1.47E+02
7.8 -

1.85E403 £ 2.24E+02
6.3 -

6.55E+03 + 3.74E+02
7.0 -

1.10E4-05 + 6.72E4-04
6.9 —

1.66E4-03 + 7.24E+01
5.2 -

7.25E+402 £ 6.99E+4-01
2.7 =

1.13E4+-04 + 5.59E+02
5.2 -

8.44E+02 £ 9.18E+01
4.1 -

5.42E+02 + 2.28E+401
2.7 =

2.31E+03 & 4.29E+02
2.2 =

6.40E+03 + 3.77E+03
49 -

1.26E4-03 & 6.19E+01
29 -

8.04E4-02 £ 6.10E+01
35 =

7.38E4+03 £ 8.62E+02
29 -

8.21E+02 4 6.48E+01
37 -

5.50E+02 + 2.68E+401
34 =

2.35E+03 + 4.61E+02
23 =

6.59E4-03 & 6.12E4+03
3.6 =

1.17E4-03 & 4.71E4-01
2.1

8.04E4-02 £ 6.09E+4-01
3.0

6.41E4-03 £ 8.23E4-02
22

6.74E4+02 £ 2.53E+01
1.1

5.81E402 + 1.80E4-01
39
2.66E+03 + 4.44E+02
2.8

3.80E+03 £ 9.49E4-02
3.0

Overall f-rank
wil/t

228.7
0/29/0

130.3
1/19/9

144.1
1/21/7

734
11/9/9

189.4
0/28/1

127.1
1/19/9

74.4
12/9/8

76.8

v 12 unyz ‘H-Z ‘ng X ‘Sunyz 0

228011 (£202) 2¥1 Sunndwo) ifos payddy
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Table 9
Wilcoxon rank-sum results in different types of 30D problems.
COA BTLBO ADE DEET CCOA FDB-SOS SHADE
Unimodal functions 0/5/0 4/1/0 0/3/2 2/1/2 0/5/0 0/5/0 4/1/0
Simple multimodal functions 0/20/0 0/14/6 0/18/2 9/1/10 1/18/1 0/16/4 9/3/8
Hybrid functions 0/14/2 0/12/4 0/7/9 0/9/7 0/13/3 1/12/3 3/9/4
Composition functions 1/16/1 6/11/1 0/13/5 6/4/8 1/13/4 3/7/8 5/4/9
Table 10
Wilcoxon rank-sum results in different types of 100D problems.
COA BTLBO ADE DEET CCOA FDB-SOS SHADE
Unimodal functions 0/5/0 4/0/1 1/3/1 3/0/2 0/5/0 0/3/2 5/0/0
Simple multimodal functions 0/20/0 0/14/6 0/15/5 11/8/1 0/19/1 1/17/2 9/4/7
Hybrid functions 0/16/0 0/9/7 0/11/5 4/517 0/13/3 1/9/6 8/4/4
Composition functions 0/17/1 6/8/4 2/11/5 4/7[7 1/16/1 4/9/5 2/10/6
Table 11
ADR in different types of 30D problems.
COA BTLBO ADE DEET CCOA FDB-SOS SHADE 0SCOA
Unimodal functions 0.9976 0.1998 0.9752 0.3845 0.9819 0.5226 0.3814 0.1975
Simple multimodal functions 0.4011 0.1221 0.1544 0.0861 0.2265 0.1651 0.0758 0.0940
Hybrid functions 0.6140 0.3173 0.2236 0.4764 0.4496 0.5560 0.1398 0.1275
Composition functions 0.3705 0.2450 0.2640 0.1813 0.2551 0.2506 0.2132 0.2269
Table 12
ADR in different types of 100D problems.
COA BTLBO ADE DEET CCOA FDB-SOS SHADE OSCOA
Unimodal functions 0.9998 0.5503 0.9430 0.5969 0.9982 0.9780 0.2000 0.9250
Simple multimodal functions 0.5968 0.3378 0.3323 0.2378 0.4521 0.3583 0.2339 0.2403
Hybrid functions 0.9077 0.6675 0.8468 0.6513 0.7177 0.6842 0.5928 0.5722
Composition functions 0.6205 0.3895 0.4563 0.3850 0.5164 0.4269 0.3841 0.3760

case of composition functions, OSCOA significantly outperforms
DEET and SHADE on 7 and 10 functions, respectively.

In order to further analyze the performance of the algorithm
on different types of problems, the average deviation rate (ADR)
between the best solution found by the algorithm and the global
optimum is used as a metric of algorithm effectiveness. The ADR
is defined in Eq. (33)

NF

ADR = M

i=1

T_ummﬁ — Poptimal

/NF (33)

~u_umm~

where Ppes; represents the best solution found by the algorithm
and Popimal Tepresents the global optimum solution, NF repre-
sents the number of test functions. Eq. (33) maps the optimization
results of the algorithm to the range [0,1], indicating that if Py is
closer to Pyptimal, the ADR approaches 0. Tables 11 and 12 present
the ADR of the algorithms on different dimensions and types of
problems.

From Table 11, it can be observed that OSCOA achieves the
first position with an ADR of 0.1975 in the unimodal functions,
and achieves a decent 0.0940 in the simple multimodal functions.
In the hybrid functions, OSCOA again takes the first position
with an ADR value of 0.1275. Lastly, in the composition func-
tions, OSCOA achieves an ADR of 0.2269. Analyzing Table 12,
it can be noted that OSCOA’s performance slightly diminishes
in unimodal functions with 100 dimensions. However, it still
demonstrates commendable performance in multimodal func-
tions. Notably, OSCOA takes the lead in hybrid functions and
composition functions.

5.4. Performance of OSCOA on the latest problems
To evaluate the performance of the OSCOA algorithm on the

latest optimization problems, the CEC2022 benchmark suite is
used as the test functions in this section’s experiment. The

20

CEC2022 also includes four types of functions, namely unimodal
function (F1), basic functions (F2-F5), hybrid functions (F6-F8),
and composition functions (F9-F12).

Table 13 presents the test results on CEC2022. From the table,
it can be observed that OSCOA achieves the global optimum on F1,
F3, F5, and F11, and obtains the first rank in the Friedman test on
F6 and F12. From the statistical data, OSCOA has an overall f-rank
value of 39.18, ranking closely behind the DEET algorithm with a
slight margin. And the w/l/t results show that OSCOA significantly
outperforms the competitors on 5, 7, 8, 4, 8, 5, and 2 functions,
respectively.

5.5. Convergence and stability analysis of OSCOA

From the description of the OSCOA algorithm, it can be in-
ferred that OSCOA is a stochastic search algorithm. Solis et al.
provided the necessary and sufficient conditions for global con-
vergence of stochastic algorithms [39].

e Condition 1. f(D(x,&)) < f(x) and if¢ € S, f(D(x,€&)) <
f(&), where f represents the objective function, D represents
the stochastic optimization algorithm, & represents the optimal
solution searched during the iterations of D, S represents a
subset of the solution space, and x represents the best solution
in the S.

e Condition 2. For any (Borel) subsets A of S with v(A) > O,
the following holds: EWOC — uk(A)) = 0O, where u(A) is
the probability measure that satisfies the global convergence
criterion, and v(A) represents the n-dimensional volume of the
set A.

e Theorem 1. Let f be a measurable function, S be a measurable
subset of R", and x; be a sequence of solutions generated by
a stochastic search. When Condition 1 and Condition 2 are
satisfied, it holds that limy_, . P[xx € R.] 1, where
P[xx € R;] represents the probability that the solution xj € R,
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generated by the algorithm at step k, and R, represents the set
of global optimal points.

The proofs that OSCOA satisfies Conditions 1 and 2 are pre-
sented in the following.

Proof (OSCOA Satisfies Condition 1). In the OSCOA algorithm, the
solution sequence can be represented as ?omm }, where monm rep-

resents the fittest coyote in the tth generation. Therefore, the
OSCOA algorithm defines the function D:
soc, f (soct) < f (x})

X.f (s0c}) > f (x)

From the above equation, it can be inferred that f @onmJ preserves

convergence in the solution space and continuously approaches
the minimum value of the solution space.

D (x,socy) = (34)

Proof (OSCOA Satisfies Condition 2). For an algorithm with a pop-
ulation size of N, it can be shown that Condition 2 can be trans-
formed into a proof for S C Cwnd E_ﬁ where E_W represents the
support set of individual i’s sample space in generation t.

In Eq. (28), it is shown that pups consists of three parts,
where R; represents an arbitrary position in the search space
of dimension j. Therefore, pups has the potential to appear at
any position within the search space, i.e., EM S for pups.
Consequently, the OSCOA algorithm satisfies S C CW LML

The analysis above has shown that the OSCOA algorithm satis-
fies Conditions 1 and 2. Therefore, according to Theorem 1, it can
be concluded that the OSCOA algorithm converges to the global
optimum with probability 1 as t — oo [40].

To provide a clearer representation of the convergence per-
formance of the OSCOA algorithm, Fig. 7 illustrates the four
qualitative metrics for the convergence performance, including
search history, one-dimensional trajectory, optimization history,
and diversity history. The search history displays the positions of
the top two dimensions of 10 random individuals in each genera-
tion of the population. The one-dimensional trajectory shows the
position changes of the first dimension of the first individual. The
optimization history represents the fitness value of the best indi-
vidual. The diversity history displays the diversity changes of the
population in the search space, where the diversity is represented
by the average Euclidean distance of all individuals. These quali-
tative metrics are evaluated on several commonly used test func-
tions, including Sphere, Schwefel-102-noise, Quaritic, Griewank,
and Ackley.

From the search history, it can be observed that a large num-
ber of individuals are distributed around the optimal solution,
demonstrating the exploitation capability of OSCOA. At the same
time, the appropriate dispersion of individuals also indicates OS-
COA’s potential exploration capability. The one-dimensional tra-
jectory shows that they have a large fluctuation in the early stage,
but as the iteration progresses, the trajectory gradually becomes
stable. At the same time, the optimization history curve and the
diversity history curve of the population both exhibit a gradual
decreasing trend.

The four metrics shown above all demonstrate OSCOA’s excel-
lent convergence ability.

Moreover, some average convergence curves of algorithms are
shown in Fig. 8 to further demonstrate the convergence ability
of the OSCOA algorithm. It can be seen from these figures that
OSCOA shows excellent optimization ability in the early stage
on CEC2014 F12, F29 and CEC2017 F11, F14. Although OSCOA’s
optimization ability is insufficient in the early stage in other
functions, it has stronger continuous optimization ability.

22
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Next, the algorithm stability is analyzed, some boxplots of
algorithms are shown in Fig. 9. The outcomes illustrated in these
boxplots confirm that the OSCOA algorithm consistently demon-
strates stable optimization performance across various dimen-
sions and test functions. This further reinforces the superiority
and reliability of the OSCOA algorithm.

6. Operating characteristics of 0SCOA

To provide a clearer demonstration of how IOS guides the
strategy adjustments of the OSCOA algorithm, Fig. 10 illustrates
four operating characteristics of the OSCOA algorithm across four
distinct test functions.

The leftmost figure in Fig. 10 depicts the 3D plot of test
functions, followed by four figures illustrating the synchronized
trends between four key operating characteristics and the I10S
curve during the operation of OSCOA. These four characteristics
include the number of packs, the selection rate of the exploita-
tion operator, the selection rate of elite parents, and population
diversity.

From Fig. 10, it can be seen that the I0OS curve shows syn-
chronous changes with the operating characteristics, indicating
the effectiveness of 10S in guiding the algorithm search.

Concurrently, these figures also showcase how OSCOA tailors
distinct optimization strategies for different types of optimization
problems. For relatively simple problems like CEC2017 F4 and F9,
the algorithm quickly transitions from exploration to exploitation
in the early stages, helping the population to exploit more advan-
tageous regions. However, for relatively complex problems like
CEC2017 F22, OSCOA algorithm selects more exploration strate-
gies. This results in diversity fluctuations within the population,
ultimately bolstering its capacity for early-stage exploration. In
the case of CEC2014 F10, which encompasses numerous local
optima, Figs. 10(q)-10(t) show a stronger early-stage exploration
capability. Furthermore, the diversity curve indicates that popu-
lation diversity remains more sustained. This persistence aids the
population in exploring a broader spectrum of areas and evades
swift convergence towards local optima.

To clearly compare the differences in population diversity
changes of OSCOA on the above four test functions, four popu-
lation diversity curves are shown in Fig. 10(u). From the figure, it
is evident that OSCOA algorithm successfully and adaptively regu-
lates population diversity across different optimization problems.
This further proves the rationality and effectiveness of the design
of OSCOA algorithm.

To better demonstrate the characteristics of population diver-
sity in the OSCOA algorithm, Fig. 11 shows the diversity history
of OSCOA and SHADE on the some test functions. Observing these
figures, it can be observed that OSCOA exhibits a more diverse
trend in population diversity compared to SHADE in most of the
test functions. This indicates that OSCOA is more effective in
regulating population diversity and maintaining a diverse set of
solutions throughout the optimization process.

7. Analysis of parameters

This section conducts an analysis on the OSCOA’s population
size N, upper bound UN, and lower bound LN, of pack size.

7.1. Upper and lower bounds of pack size

Firstly, two parameters, UN, and LN, in Eq. (18) are analyzed
with the N set to 100 in this experiment. To ensure that each
pack contains at least three coyotes, LN, is set as a minimum of
3, while UN; is set as a maximum of 100.
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Fig. 9. The boxplots of the comparison of OSCOA with other algorithms.

In order to comprehensively analyze the impact of LN, and
UN. on the algorithm, and find the optimal parameter combina-
tion, grid search is conducted. To quickly locate the advantageous
parameter region, a coarse-grained grid search is carried out with
values of LN, set as 3, 5, 20, 33, and 50, and values of LN, set as 5,
20, 25, 33, 50, and 100. These parameter combinations are tested
on CEC2017, and the results are presented in the form of overall
f-rank in Fig. 12(a).

From Fig. 12(a), it can be seen that as UN, increases, the overall
performance of the algorithm gradually deteriorates. Therefore, a
smaller UN, is more suitable for OSCOA. For the LN, the figure
shows that when LN, is greater than 5, smaller values of LN, result
in better algorithm performance. However, when LN, is reduced
to 3, the performance decreases. This above analysis indicates
that OSCOA is sensitive to both UN, and LN..

Fig. 12(a) also reveals that OSCOA achieves optimal perfor-
mance when LN, and UN, are taken to be 5 and 20 respectively.
To pinpoint the optimal combination of LN, and UN,, Fig. 12(b)
presents more fine-grained experimental results, confirming that
5 and 20 are the optimal values for LN, and UN,, respectively.

7.2. Population size

To analyze the effect of population size N on the performance
of the OSCOA, Fig. 13 shows the experimental results of the
OSCOA algorithm on CEC2014 for different population sizes. The
experiment is performed with UN, and LN, of 20, 5 respectively.

The experimental results on unimodal functions show that
smaller N favors the algorithm’s optimization, this indicates that a
smaller population size is more conducive to population exploita-
tion. On the contrary, increasing the population size improves
algorithms’ exploration capability to some extent [41], which is
beneficial for optimizing multimodal problems. This trend is also
demonstrated in the three types of multimodal functions shown
in Fig. 13. For example, when the population size N is increased
from 60 to 100 or 150, the algorithm’s performance is improved.
However, as N continues to increase, the performance of OSCOA
gradually deteriorates. This indicates that the balance between
population exploration and exploitation has been disrupted, and
excessive population size weakens the algorithm’s exploitation
capabilities. Therefore, under the current parameter environment,
setting N to 100 adequately balances the algorithm’s exploration
and exploitation capabilities (as shown in Fig. 13).
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8. Application I: Multi-thresholding image segmentation

problems

Image segmentation is a technique to simplify images. The key
of image segmentation is to find the optimal thresholds to divide
pixels into several sub-classes and extract useful targets. The
segmentation technique can help reduce the complexity of image
content [42] and it is essential for image analysis. Image segmen-
tation has been widely used in various fields, such as medical
image [43], pattern recognition, document recognition [44] and
so on.

As of now, many thresholding segmentation methods have
been proposed, encompassing techniques like clustering, mutual
information, and maximum entropy. The maximum entropy ap-
proach views an image’s histogram as a probability distribution
and then calculates the maximum entropy to identify optimal
thresholds [45]. Kapur et al. introduced a simple yet effective
maximum entropy method that yields ideal segmentation out-
comes [46]. This method is employed to formulate the image
segmentation model. In this section, we utilize the OSCOA algo-
rithm to ascertain the optimal segmentation threshold for some
images. Moreover, this real-world application problem serves
to evaluate the OSCOA algorithm’s competence in addressing
practical optimization challenges.

8.1. Kapur’s entropy method

Assume that the gray interval of an image is [0, 1,...,L — 1],
and the entropy of the modified image is represented by H, and
its calculation formula is shown in Eq. (35).

—

-1

H=-— In (35)

g

b
P

o=

It

Il
<)

where p; is the number of pixels with the value i, P is the
total number of pixels. Suppose that an image requires m + 1
level image segmentation, and m thresholds are required. These
thresholds are expressed as [t1, t3, ..., t,,] which divide the pixel
interval of the image into m + 1 subclasses, and Eqs. (36)-(38)
gives the entropy of the nth subclass.

X nX e, m+1)
T, T, s 2,

(36)

(37)
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(38)

where ty and t,,; ;1 denote the upper and lower bounds of the pixel
interval, respectively. Therefore, for image segmentation of M +
1 level, the objective function to be optimized can be expressed
as Eq. (39).

max F (ty, b, ..., tm) = Hy +Hy + -+ + Hppq (39)

8.2. Experiment and analysis

This section uses the proposed OSCOA algorithm to optimize
the image segmentation problems.

25

In this experiment, image segmentation of 11 levels are per-
formed on nine grayscale images, the images include Aeroplane,
Cameraman, Pepper, Fighter, Woman, Sailboat, Monkey, Tank and
House, which are from the Berkeley University Dataset. Each
algorithm is run independently 30 times and the MaxFEs is set
to 10°.

This experimental results are shown in Table 14, while the
four original images, the segmented images, and the threshold
distribution are shown in Fig. 14, respectively.

From the Table 14, it can be seen that the OSCOA algorithm
gets the second place of Friedman test on image Monkey, but
it wins the first place on all the other eight images. The overall
f-rank of OSCOA is the first place with 13.6. The results of the
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Wilcoxon rank-sum test show that OSCOA significantly outper-
forms COA, ADE, CCOA and FDB-SOS on all images tested, and OS-
COA outperforms BTLBO, DEET and SHADE on 7, 2 and 3 images,
respectively. In summary, the OSCOA algorithm demonstrates
advantages in image segmentation problems.

9. Application II: Deployment problems of wireless sensor net-
works

Wireless sensor networks (WSNs) are composed of homoge-
neous sensors, can monitor and collect information in the net-
work coverage area in real time. WSNs as an important infor-
mation gathering tool have been widely used in smart home,

27

disaster prediction, agricultural production and environmental
monitoring [47].

9.1. Mathematical model of WSNs coverage rate

For WSNs problem, the deployment of sensor nodes is the core
important issue [48,49]. Its goal is to maximize the coverage of
the target area with a limited number of sensors. Hence, it is a
typical optimization problem.

Suppose that a number of v isomorphic sensors are deployed
in the 2-dimensional plane P. These sensors are represented using
the set C = {cq, c2, ..., ¢,}. Each sensor in the set has the same
sensing radius Ry and communication radius R, = 2Rs, and the
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coordinate of the ith sensor is denoted as c; (%i, yi). The
detection probability of ¢; for any point z can be expressed as
follows.

1 d(ci,z) <R; —R.
P(ci,z) = | €xp (%) Ry — Re < d(ci,z) < Ry +Re (40)
0 otherwise
o1 =R, — Ry + d(ci, z) (41)
oy = Re + Ry — d(ci, 2) (42)

where d(c;, z) denotes the Euclidean distance between c; and z,
R.(0 < R, < Rs) denotes the reliability parameter, 81, 82, A1 and
A, are the measurement parameter of sensors. The joint detection
probability of any point z is represented by Eq. (43)
v
P(C.2)=1-[](1=P(c.2) (43)
i=1

A plane contains an infinite number of points, thus, it is impos-
sible to calculate the detection probability of all points. Therefore,
in this experiment the target areas are gridded into m x n pixel
points, and only the pixel points are detected. Therefore the
coverage rate of the target area is expressed as Eq. (44).

ZT:1 23:1 P (C, (x,y))

mxn

(44)

Pcov =

28

9.2. Experiment and analysis

This subsection conducts optimization experiments on the de-
ployment of WSNs, and four deployment scenarios are designed
for this experiment. The scenarios 1 and 2 are for deploying 15
and 20 sensors in a 30 x 30 area, respectively. And scenarios 3
and 4 are for deploying 30 and 40 sensors in a 100 x 100 area,
respectively. Each algorithm is run 30 times independently and
MaxFEs is set to 10°. The experimental results are presented in
Table 15.

In the Table 15, the OSCOA algorithm significantly outperforms
COA, ADE, CCOA and FDB-SOS in all four scenarios. Although the
OSCOA algorithm does not exhibit a significant advantage over
BTLBO, DEET, and SHADE, it achieves first place in scenario 1 and
4 in the Friedman test. In addition, Fig. 15 illustrates optimal
sensor node deployment schemes obtained by OSCOA in four
simulation experiments. In summary, OSCOA has a competitive
performance for the deployment of WSNs.

10. Conclusion

This paper introduces a novel variant of the COA algorithm,
named OSCOA. The OSCOA algorithm incorporates the Indica-
tor of the Optimization State (IOS) to estimate the population
optimization state. The IOS is integrated into three key opti-
mization components of COA, resulting in the proposal of three
optimization mechanisms: the dynamic pack management mech-
anism, the multiple growth strategy mechanism, and the parent
selection mechanism.
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(a) scenario 1(converage rate %92.7) (b) scenario 2(converage rate %97.8) (c) scenario 3(converage rate %87.8) (d) scenario 4(converage rate %95.8)

Fig. 15. Sensor distributions optimized by OSCOA.

The dynamic pack management mechanism utilizes 10S to
dynamically adjust the number of packs, thereby preventing the
algorithm from getting trapped in local optima. With the mul-
tiple growth strategy mechanism, the 10S promptly selects the
suitable search strategy (exploration or exploitation) during the
evolutionary process, avoiding aimless searching. The parent se-
lection mechanism, guided by IOS, ensures the selection of appro-
priate parent coyotes for generating pups, thereby significantly
enhancing the algorithm’s overall global search efficiency.

Strategies within each of the three mechanisms are chosen us-
ing probabilities, eliminating the need for threshold settings and
increasing fault tolerance. Moreover, the usage of three indepen-
dent selection modes enriches the algorithm’s search patterns.

To validate the effectiveness of the OSCOA algorithm, ex-
tensive experiments are conducted on CEC2014, CEC2017, and
CEC2022 benchmark suites, comparing OSCOA with seven effi-
cient optimizers. The experimental results demonstrate that the
OSCOA algorithm exhibits competitive and even superior perfor-
mance, particularly in tackling complex problems such as hybrid
problems. Furthermore, the results indicate that OSCOA main-
tains good scalability when addressing high-dimensional prob-
lems.

Moreover, two real-world applications including the image
segmentation and the deployment of wireless sensor networks
are employed to verify the capability of the OSCOA algorithm
in addressing real-world problems. Experimental and statistical
results reflect that the proposed OSCOA algorithm has a strong
convergence performance and robust global search capability in
practical scenarios.

The proposed OSCOA algorithm performs high efficiency and
has been successfully used to solve two real-world optimization
problems. However, the OSCOA algorithm still has some short-
comings and limitations. Although the I0S technique provides fast
feedback on the population, its implementation demands addi-
tional computational resources. Therefore, further exploration is
necessary to precisely ascertain the population optimization state
while conserving computational resources.

This study drive the exploration and application of flexible and
precise estimation methods of population optimization states.
Furthermore, it opens up possibilities for the future application
of OSCOA algorithms in multi-objective optimization and other
real-world contexts.
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