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Abstract: This paper introduces the election optimization algorithm (EOA), a meta-heuristic approach
for engineering optimization problems. Inspired by the democratic electoral system, focusing on the
presidential election, EOA emulates the complete election process to optimize solutions. By simu-
lating the presidential election, EOA introduces a novel position-tracking strategy that expands the
scope of effectively solvable problems, surpassing conventional human-based algorithms, specifically,
the political optimizer. EOA incorporates explicit behaviors observed during elections, including
the party nomination and presidential election. During the party nomination, the search space is
broadened to avoid local optima by integrating diverse strategies and suggestions from within the
party. In the presidential election, adequate population diversity is maintained in later stages through
further campaigning between elite candidates elected within the party. To establish a benchmark for
comparison, EOA is rigorously assessed against several renowned and widely recognized algorithms
in the field of optimization. EOA demonstrates superior performance in terms of average values and
standard deviations across the twenty-three standard test functions and CEC2019. Through rigorous
statistical analysis using the Wilcoxon rank-sum test at a significance level of 0.05, experimental
results indicate that EOA consistently delivers high-quality solutions compared to the other bench-
mark algorithms. Moreover, the practical applicability of EOA is assessed by solving six complex
engineering design problems, demonstrating its effectiveness in real-world scenarios.

Keywords: meta-heuristics; swarm intelligence algorithms; human-based optimization; industrial
engineering design problems

MSC: 49K35

1. Introduction

In recent years, optimization problems have gained significant attention in various
fields, including engineering, economics, and computer science [1]. For engineering op-
timization problems, it is of great potential to pursue the optimal or the best solution to
enhance diverse targets, such as production safety, efficiency, and energy consumption.
However, current engineering optimization problems exhibit distinctive characteristics of
multi-constraints, non-linearities, and multi-modalities, making it increasingly challenging
for traditional optimization methods to handle such problems [2–4]. Hence, the research of
effective optimization strategies for engineering optimization problems is always a hot spot.
Meta-heuristic algorithms possess strong adaptability, multimodal search, and global search
capabilities compared to traditional optimization methods [5]. These attributes enable them
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to effectively address the complexity and uncertainty of problems, offering high-quality
solutions. Consequently, meta-heuristic algorithms are prone to solving high-dimensional
and nonlinear problems in engineering.

As shown in Figure 1, meta-heuristic algorithms are mainly divided into four cate-
gories based on the design inspiration of the algorithms: swarm intelligence algorithms
(SIs) [6], evolutionary algorithms (EAs) [7], physics-based algorithms (PBs) [8], and human-
based algorithms (HBs) [9]. In the existing literature, SIs are proposed based on group
behavior between organisms. The following are some common algorithms: particle swarm
optimization (PSO) [10], honey badger algorithm (HBA) [11], arithmetic optimization
algorithm (AOA) [12], whale optimization algorithm (WOA) [13], grey wolf optimizer
(GWO) [14], slime mould algorithm (SMA) [15], and aquila optimizer (AO) [16]. EAs draw
inspiration from biological evolution in nature, and the classical evolutionary algorithms
mainly include genetic algorithm (GA) [17], evolution strategy (ES) [18], and differential
evolution (DE) [19]. PBs solve optimization problems by simulating physical laws of op-
eration and physical phenomena in the universe, such as simulated annealing (SA) [20],
atomic orbital search (AOS) [21], electrostatic discharge algorithm (ESDA) [22], and grav-
itational search algorithm (GSA) [23]. The fourth category is mainly inspired by human
behavior and human social laws. The representative HBs include soccer league competition
(SLC) [24], social network search (SNS) [25], political optimizer (PO) [26], parliamentary
optimization algorithm (POA) [27], and school based optimization (SBO) [28].

Figure 1. The classification of meta-heuristic algorithms.
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As emphasized by the No Free Lunch Theorem, despite the existence and applica-
tion of numerous meta-heuristic algorithms, no optimization algorithm can address all
optimization problems; hence, there are still unresolved challenges. Therefore, it is nec-
essary to further propose new algorithms to expand the range of solvable problems. To
this end, this paper draws inspiration from the presidential election and presents a more
efficient meta-heuristic algorithm, referred to as the election optimization algorithm (EOA).
Existing political optimizers (POs) assign two identities to each candidate, in the party,
and the constituency. Then POs update the relative position of the candidate concerning
the party leader and the constituency winner. This position updating rule is beneficial
for the algorithm to maintain a good convergence speed and exploration capability in the
early iteration process. Compared to traditional POs, EOA divides the election process into
party nomination and presidential campaign to simulate the alternating iterations of the
exploration and exploitation phases. Furthermore, the two phases are subdivided. It is
worth noting that a stochastic strategy reference factor is introduced in the party nomina-
tion phase to dynamically regulate the candidate’s campaign strategy, preventing iteration
from getting trapped in local optima. Additionally, a control factor is introduced in the
presidential election phase to maintain population diversity while accelerating convergence
speed. As a result, EOA can simulate the election process more comprehensively and
thus achieve better convergence accuracy while maintaining good convergence speed and
exploratory ability. In summary, the characteristics of EOA are summarized as follows:

• EOA imitates the complete process of the presidential election during the optimization
process.

• EOA focuses on the explicit behaviors of candidates during the election process, such
as strategy reference, innovative suggestions from the staff team, televised debates,
and campaign speeches.

• EOA shows the superior effectiveness on each test and outperforms the existing HBs.

To evaluate the convergence speed, convergence precision, and diversity of EOA,
we conducted rigorous experiments using twenty-three classical and ten IEEE CEC2019
benchmark functions. The results indicate that EOA outperforms other competing algo-
rithms. Furthermore, we evaluate the effectiveness of EOA in solving real-world problems
by using six engineering design problems, which are regarded as challenging test suites
in the relevant literature. The findings demonstrate that EOA exhibits superior practical
applicability for engineering problems.

The rest of the paper is structured as follows: Section 2 summarizes relevant works.
Section 3 describes the proposed algorithm in detail. In Section 4, the proposed algorithm
is simulated on benchmark functions to evaluate the performance. Section 5 applies the
proposed algorithm to solve real engineering problems. Finally, Section 6 gives a conclusion
to this paper.

2. Related Work

Currently, a large number of meta-heuristic algorithms have been proposed for solving
engineering optimization problems. Wang et al. [29] proposed an artificial rabbit optimiza-
tion method for solving the rolling bearing fault diagnosis problem. Li et al. [30] introduced
an improved balanced optimizer based on multi-strategy optimization, which dynami-
cally balances the exploration and development phases, demonstrating enhanced solving
efficiency in engineering optimization problems. Xian et al. [31] presented a meerkat opti-
mization algorithm that exhibits effectiveness and superiority in solving real engineering
optimization problems with constraints. Abualigah et al. [12] introduced an arithmetic
optimization algorithm utilizing mathematical modeling with the main arithmetic opera-
tors. The algorithm’s performance has been tested in real engineering design problems,
demonstrating its applicability in solving complex problems. Inspired by the foraging
behavior of honeypots, Hashim et al. [11] developed a controllable and efficient search
strategy that maintains population diversity throughout the search process. Optimization
results on four engineering problems showed that the algorithm is particularly effective
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in solving optimization problems in complex search spaces. Nadimi-Shahraki et al. [32]
proposed a monkey king evolutionary algorithm based on multiple trial vectors, effectively
avoiding the algorithm from falling into local optima by introducing a trial vector gen-
erator to balance the exploration and utilization ratio of the algorithm. Furthermore, the
author provides a detailed summary of existing metaheuristic optimization algorithms and
validates the effectiveness of the proposed algorithm by applying it to solve engineering
optimization problems.

3. Election Optimizer Algorithm
3.1. Inspiration

Humans have created a splendid civilization with a rich history, in which political
institutions play a vital role. Throughout history, various forms of political systems have
emerged, including the slave system, monarchy, democratic election, etc. Democratic
election, as a successful political system in the evolution of human politics, made great
contributions to the development of modern human civilization. Democratic election refers
to the system of electing political leaders and representatives through open, equal, and
free voting procedures. In this system, all eligible citizens possess an equal opportunity
to participate in the election, with the majority determining the voting outcomes. The
elected candidates consequently represent the voters’ will and assume public office. In
essence, the goal of a democratic election is similar to that of an optimization algorithm,
which seeks to identify the best solution within a given search space. A prominent example
of a democratic election system is the presidential election. The optimization procedure
employed by EOA mimics the presidential election process. Figure 2 illustrates the EOA
optimization process, which can be illustrated by the following fundamental assumptions:

• The process of EOA is divided into two phases: party nomination and presidential
election. The party nomination reflects the exploration phase, while the later one
reflects the exploitation phase.

• In the party nomination phase, candidates win the nomination through two behaviors:
strategy reference and innovative suggestions of the staff team.

• In the presidential election phase, candidates increase their poll approval rate via
two approaches: televised debate and campaign speech.

Figure 2. The overview of the EOA optimization process.
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Although meta-heuristic algorithms adhere to various optimization rules, they all
encompass exploration and exploitation phases. For EOA, the algorithm explores solution
spaces to obtain diverse solutions during the party nomination phase, while simultaneously
seeking the local optimum during the presidential election phase. The optimization process
commences with a randomly generated set of candidate solutions. These solutions follow
inherent optimization rules for updates and are assessed using a specific fitness function
through iterative steps.

3.2. Initialization Model

In EOA, the initialization of candidates is expressed as follows: candidates are gener-
ated from a stochastic set within the strategy space’s lower bound (LB) and upper bound
(UB), which corresponds to the solution space of the given problem.

X = [X1, · · · , Xi, · · · , XN ]
T =



x1,1 x1,2 . . . x1,j . . . x1,Dim
...

...
...

...
...

...
xi,1 xi,2 . . . xi,j . . . xi,Dim

...
...

...
...

...
...

xN,1 xN,2 . . . xN,j . . . xN,Dim

, (1)

where Xi refers to the i-th candidate in the set. N is the total number of candidates. Dim is
the number of dimensions of candidate solutions, and xi,j denotes the j-th strategy of the
candidate and is calculated as:

xi,j = LBj +
(
UBj − LBj

)
× rand, (2)

where rand denotes a random number ranging from 0 to 1. LBj and UBj denote the lower
and upper bounds for the j-th strategy within the strategy space, respectively.

3.3. Party Nomination

This section focuses on the party nomination behavior of EOA, which corresponds to
the exploration phase of the optimization process. Candidates must first secure the party
nominee status to participate in the presidential election. This can be achieved through two
key behaviors: strategy reference (SR) and innovative suggestions from the staff team (ISST).
These behaviors are specifically designed to enhance the competitiveness of candidates
during the party nomination process.

3.3.1. Strategy Reference

This behavior entails candidates adjusting their campaign strategies by referencing
other campaigners within the same party. To facilitate the SR behavior, the following
position updating equation is proposed:

X1(t + 1) = XR(t) + (X(t)− Xbest(t))× AF, (3)

where X1(t + 1) represents the solution for the next iteration at the time t + 1 and indicates
the adjusted campaign strategies. XR(t) is a randomly selected candidate from the same
party that serves as a reference for modifying the campaign strategy, and Xbest represents
the candidate with the highest support rating at the i-th iteration. AF is a stochastic strategy
reference factor determined by the following equation:

AF = α × r3 · exp
(

1 − t
T

)
, (4)

where α is a sensitive factor between 0 and 20. r3 is a random number between 0 and 1. T
represents the maximum iteration number, while t denotes the current iteration.
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3.3.2. Innovative Suggestions of the Staff Team

This behavior entails each candidate having their own staff team, who propose inno-
vative policy recommendations. Candidates enhance their poll support by dynamically
adjusting their candidacy policies based on the innovative suggestions put forward by their
staff team. The mathematical expression for this behavior is as follows:

X2(t + 1) = X(t)× r4 + r5 × XS(t), (5)

where r4 and r5 represent random numbers between 0 and 1. XS(t) denotes the inno-
vative suggestions put forward by the staff team, which are calculated by using the
following equation:

XS(t) = (UB − LB)× r6 + LB, (6)

where r6 represents a random number between 0 and 1. Eligibility for the presidential
election is attained upon securing the party nominee status. The subsequent phase of the
iteration is described in detail below.

3.4. Presidential Election

Once the exploration phase is complete, elite candidates in party races compete
further and maintain population diversity by controlling for the control factor SF. This
section introduces the exploitation phase of EOA, which corresponds to the behavior
observed during the presidential election. In this phase, candidates aim to boost their
poll support through various campaigning activities, including televised debates (TD) and
campaign speeches (CS). The process of the presidential election phase in EOA is modeled
by incorporating these two behavioral traits, which will be described in detail below.

3.4.1. Televised Debate

In this behavior, candidates participate in televised debates with other party rivals to
raise their approval ratings. During the debate, candidates modify their campaign strategies
by consulting their opponents’ policies. Its mathematical expression is presented below:

X3(t + 1) = Xbest(t) + r7 × (Xbest(t)− TF × XR(t)), (7)

where r7 is a random value between 0 and 1. Xbest represents the optimal election strategies,
while XR denotes the strategies of the opponent from the rival party. TF is a random value
between 0 to 2, which indicates the extent of reference to the opponent’s campaign policies.

3.4.2. Campaign Speech

Candidates convey their campaign promises to voters through campaign speeches
and adapt their campaign strategies based on the political aspirations of the electorate. The
behavior of a candidate delivering a campaign speech can be expressed as follows:

X4(t + 1) = Xbest(t) + (XM(t)− Xbest(t)) · SF × r8, (8)

where XM(t) denotes the mean value of the current solutions associated with the t-th
iteration and is calculated using Equation (9). r8 is a random value between 0 and 1.

The control factor SF is determined by the equation SF = (t + 1)
− 2·r9+1

(T+1)2 , where T is the
maximum iteration number and r9 is a random value between 0 and 1.

XM(t) =
1
N

N

∑
i=1

Xi(t) (9)

3.5. Pseudo-Code of the EOA

In summary, the optimization process of EOA begins by generating a randomized set
of solutions that represent the candidates for election. Each candidate’s solution is updated
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by simulating the process of electing a president in the election. The iterative process is
divided into two phases: party nomination and presidential election, which correspond to
the exploration and exploitation phases, respectively. During the party nomination phase,
candidates strive to secure party nominations through the SR and ISST behaviors. In the
presidential election phase, the nominees from each party increase their polling support
through the TB and CS behaviors. Finally, the EOA process terminates when the specified
end criteria are met. The flowchart of EOA is illustrated in Figure 3, while the pseudocode
of EOA is presented in Algorithm 1.

Algorithm 1: Election Optimizer Algorithm
Input: N, T, UB, Lb, Dim
Output: Xbest
Initialize the population X and the parameters of EOA
while not done do

Calculate the fitness function values and Xbest(t)
for each iteration do

Update the mean value of the current solution XM(t)
if t < 1

2 T then
Party nomination:
if r1 < 0.5 then

Step 1: Strategy reference
Update the current solution using Equation (3)
Xnew(t + 1) = X1(t + 1)

else
Step 2: Innovative suggestions of the staff team
Update the current solution using Equation (5)
Xnew(t + 1) = X2(t + 1)

end
if Fitness(Xnew(t + 1)) < Fitness(X(t)) then

X(t) = Xnew(t + 1)
end

else
Presidential election:
if rand ≤ 0.5 then

Step 3: Televised debate
Update the current solution using Equation (7)
Xnew(t + 1) = X3(t + 1)

else
Step 4: Campaign speech
Update the current solution using Equation (8)
Xnew(t + 1) = X4(t + 1)

end
if Fitness(Xnew(t + 1)) < Fitness(X(t)) then

X(t) = Xnew(t + 1)
end

end
end

end
return the best solution Xbest(t)
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Figure 3. Flowchart of EOA.

3.6. Computational Complexity of EOA

This section focuses on calculating the computational complexity of EOA, which
is typically determined by three factors: initialization, fitness calculation, and solution
updating. Assuming that there are N solutions, the computational complexity of the
initialization process is O(N). The complexity of fitness calculation is problem-dependent
and is not discussed here. Finally, the complexity of updating solutions is O(T · N) +
O(T · N · Dim), where Dim indicates the dimension of the problem, and T is the number of
iterations. Therefore, the overall computational complexity of EOA is O(N · (TDim + 1)).

4. Experimental Results and Discussions

In this section, twenty-three classical functions and ten IEEE CEC2019 test functions are
used to evaluate the performance of EOA. To ensure the fairness of comparison, all algorithms
have been implemented for the same number of iterations and population size of 500 and 30,
respectively. All experiments are carried out using the MATLAB 2019b platform on a computer
equipped with an Intel(R) Core(TM) i7-9750H CPU @ 2.60 GHz (from Intel Corporation,
Santa Clara, CA, USA) and 16 GB of RAM.

4.1. Experiment 1: Twenty-Three Benchmark Test Functions

The twenty-three benchmark functions are categorized into three main types: uni-
modal functions (F1–F7, Table 1), multimodal functions (F8–F13, Table 2), and fixed-
dimension multimodal functions (F14–F23, Table 3). Initially, we investigate the impact
of different parameter values of EOA on its performance using the F14–F23 functions.
Subsequently, the F1–F7 functions are employed to evaluate the exploitation capability
of EOA, while the F8–F23 functions are utilized to assess its exploration capability. Fur-
thermore, experiments are conducted on the F1–F13 functions under dimensions of 10,
50, 100, and 500 to evaluate the performance of EOA. Finally, the computational time
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consumption of EOA is evaluated. All experiments are compared against the following
nine well-known algorithms:

• Aquila Optimizer (AO) [16];
• Particle Swarm Optimization (PSO) [10];
• Sine Cosine Algorithm (SCA) [33];
• Whale Optimization Algorithm (WOA) [13];
• Grey Wolf Optimizer (GWO) [14];
• Honey Badger Algorithm (HBA) [11];
• Sparrow Search Algorithm (SSA) [34];
• Social Network Search (SNS) [25];
• Bald Eagle Search (BES) [35].

Table 1. Unimodal benchmark functions.

Fun Dimensions Range Fmin

f1(x) = ∑n
i=1 x2

i 10, 50 , 100, 500 [−100, 100] 0
f2(x) = ∑n

i=0 |xi|+ ∏n
i=0 |xi| 10, 50, 100, 500 [−10, 10] 0

f3(x) = ∑d
i=1

(
∑i

j=1 xj

)2
10, 50, 100, 500 [−100, 100] 0

f4(x) = maxi{|xi|, 1 ⩽ i ≪ n} 10, 50, 100, 500 [−100, 100] 0
f5(x) = ∑n−1

i=1

[
100
(

x2
i − xi+1

)2
+ (1 − xi)

2
]

10, 50, 100, 500 [−30, 30] 0

f6(x) = ∑n
i=1 ([xi + 0.5])2 10, 50, 100, 500 [−100, 100] 0

f7(x) = ∑n
i=0 ix4

i +random[0, 1) 10, 50, 100, 500 [−128, 128] 0

Table 2. Multimodal benchmark functions.

Fun Dimensions Range Fmin

f8(x) = ∑n
i=1

(
−xi sin

(√
|xi|
))

10, 50, 100,
500

[−500, 500] −418.9829n

f9(x) = ∑n
i=1
[
x2

i − 10 cos(2πxi) + 10
]

10, 50, 100,
500

[−5.12, 5.12] 0

f10(x) = −20 exp
(
−0.2

√
1
n ∑n

i=1 x2
i

)
− exp

(
1
n ∑n

i=1 cos(2πxi)
)
+ 20 + e 10, 50, 100,

500
[−32, 32] 0

f11(x) = 1 + 1
4000 ∑n

i=1 x2
i − ∏n

i=1 cos
(

xi√
i

)
10, 50, 100,
500

[−600, 600] 0

f12(x) = π
n {10 sin(πy1)}+ ∑n−1

i=1 (yi − 1)2[1 + 10 sin2(πyi+1) + ∑n
i=1 u(xi, 10, 100, 4)],

10, 50, 100, 500 [−50, 50] 0where yi = 1 + xi+1
4 , u(xi, a, k, m) =

{ K(xi − a)m, i f xi > a
0,−a ⩽ xi ⩾ a
K(−xi − a)m ,−a ⩽ xi

f13(x) = 0.1
(
sin2(3πx1) + ∑n

i=1 (xi − 1)2[1+ sin2 (3πx1 + 1)] + (xn − 1)21+
10, 50, 100, 500 [−50, 50] 0sin2 (2πxn)) + ∑n

i=1 u(xi, 5, 100, 4)

Table 4 presents the main control parameters of the comparison algorithms. The
performance of these algorithms is compared based on the mean and standard deviation
(STD) of 30 independent runs. Further details can be found at the bottom of each table.
The first row displays three symbols (W|L|T) indicating whether EOA’s performance is
superior (win), inferior (lose), or undifferentiated (tie) compared to other algorithms across
all functions. The second row presents the Friedman mean, while the third row displays
the final ranking value of the algorithm.
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Table 3. Fixed-dimension multimodal benchmark functions.

Fun Dimensions Range Fmin

f14(x) =
(

1
500 + ∑25

j=1
1

j+∑2
i=1

(
xi − aij

))−1
2 [−65, 65] 1

f15(x) = ∑11
i=1

[
ai −

x1(b2
i +bix2)

b2
i +bix3+x4

]2
4 [−5, 5] 0.0003

f16(x) = 4x2
1 − 2.1x4

1 +
1
3 x6

1 + x1x2 − 4x2
2 + 4x4

2 2 [−5, 5] −1.0316

f17(x) =
(

x2 − 5.1
4π2 x2

1 +
5
π x1 − 6

)2
+ 10

(
1 − 1

8π

)
cos x1 + 10 2 [−5, 5] 0.398

f18(x) =
[

1 + (x1 + x2 + 1)2( 19 − 14x1 + 3x2
1 − 14x2 + 6x1x2 + 3x2

2
)]

2 [−2, 2] 3
×
[

30 + (2x1 − 3x2)
2 ×

(
18− 32xi + 12x2

1 + 48x2 − 36x1x2 + 27x2
2
)]

f19(x) = −∑4
i=1 ci exp

(
−∑3

i=1 aij
(
xj − pij

)2
)

3 [−1, 2] −3.86

f20(x) = −∑4
i=1 ci exp

(
−∑6

i=1 aij
(
xj − pij

)2
)

6 [0, 1] −0.32

f21(x) = −∑5
i=1

[
(X − ai)(X − ai)

T + ci

]−1
4 [0, 1] −10.1532

f22(x) = −∑7
i=1

[
(X − ai)(X − ai)

T + ci

]−1
4 [0, 1] −10.4028

f23(x) = −∑10
i=1

[
(X − ai)(X − ai)

T + ci

]−1
4 [0, 1] −10.5363

Table 4. Parameters for the comparative algorithms.

Algorithm Parameters

AO U = 0.00565; r1 = 10; ω = 0.005; α = 0.1; δ = 0.1
PSO c1 = 2; c2 = 2; vmax = 6
SCA -

WOA a = [2, 0]; b = 2
GWO a = [2, 0]
HBA C = 2; β = 6
SSA -
SNS -
BES -

4.1.1. The Parameter Sensitivity Analysis of EOA

Firstly, we conducted a preliminary analysis to examine the impact of varying sensitive
factor α values on the performance of EOA. Table 5 presents the statistical results obtained
by applying different parameter values to the classical test functions (F14–F23).

These test functions encompass various dimensions and provide a comprehensive
evaluation of EOA’s performance across multiple aspects. The experimental findings indi-
cate that the optimal results are achieved when α is set to 2. Moreover, for the ten classical
test functions, EOA exhibits similar performance when α is set to 5 or 15. Conversely, the
poorest results are observed when α is set to 0.1. As a result, the sensitivity factor of α = 2
is chosen in the subsequent experiments.
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Table 5. The influence of the EOA parameter (i.e., α) on classical test functions (F14–F23).

Fun Measure α = 0.1 α = 2 α = 5 α = 10 α = 15 α = 20

F14
Average 9.98 × 10−1 9.98 × 10−1 9.98 × 10−1 9.98 × 10−1 9.98 × 10−1 9.98 × 10−1

STD 4.16 × 10−10 1.70 × 10−16 1.80 × 10−16 1.87 × 10−13 1.54 × 10−16 1.84 × 10−16

Rank 6 2 3 5 1 4

F15
Average 1 × 10−3 3.41 × 10−4 4.41 × 10−4 4.36 × 10−4 4.78 × 10−4 4.74 × 10−4

STD 4.37 × 10−4 7.15 × 10−5 2.77 × 10−4 1.65 × 10−4 2.52 × 10−4 2.58 × 10−4

Rank 6 1 5 2 3 4

F16
Average −1.02 × 100 −1.03 × 100 −1.03 × 100 −1.03 × 100 −1.03 × 100 −1.03 × 100

STD 3.04 × 10−2 2.82 × 10−5 6.02 × 10−5 2.95 × 10−4 5.74 × 10−4 6.45 × 10−4

Rank 6 1 2 3 4 5

F17
Average 4.33 × 10−1 3.98 × 10−1 3.99 × 10−1 4.00 × 10−1 4.01 × 10−1 4.01 × 10−1

STD 9.26 × 10−2 4.37 × 10−4 4.54 × 10−3 4.48 × 10−3 5.30 × 10−3 6.83 × 10−3

Rank 6 1 3 2 4 5

F18
Average 6.76 × 100 3.00 × 100 3.00 × 100 3.00 × 100 3.00 × 100 3.02 × 100

STD 8.38 × 100 5.87 × 10−10 4.15 × 10−5 2.78 × 10−3 7.21 × 10−3 2.67 × 10−2

Rank 6 1 2 5 3 4

F19
Average −3.75 × 100 −3.86 × 100 −3.86 × 100 −3.86 × 100 −3.86 × 100 −3.86 × 100

STD 1.08 × 10−1 8.62 × 10−8 3.58 × 10−5 7.25 × 10−4 1.70 × 10−3 3.15 × 10−3

Rank 6 1 2 3 4 5

F20
Average −2.46 × 100 −3.27 × 100 −3.24 × 100 −3.18 × 100 −3.16 × 100 −3.13 × 100

STD 3.92 × 10−1 6.91 × 10−2 7.91 × 10−2 1.08 × 10−1 1.10 × 10−1 1.90 × 10−1

Rank 6 1 2 3 4 5

F21
Average −1.02 × 101 −1.02 × 101 −1.02 × 101 −1.02 × 101 −1.02 × 101 −1.02 × 101

STD 8.40 × 10−4 2.88 × 10−7 1.85 × 10−7 2.03 × 10−7 1.45 × 10−7 1.95 × 10−7

Rank 6 5 2 4 1 3

F22
Average −1.04 × 101 −1.04 × 101 −1.04 × 101 −1.04 × 101 −1.04 × 101 −1.04 × 101

STD 1.94 × 10−3 1.84 × 10−5 1.04 × 10−5 3.25 × 10−5 2.49 × 10−5 1.58 × 10−5

Rank 6 2 5 4 3 1

F23
Average −1.05 × 101 −1.05 × 101 −1.05 × 101 −1.05 × 101 −1.05 × 101 −1.05 × 101

STD 9.68 × 10−4 2.24 × 10−5 3.65 × 10−5 3.32 × 10−5 3.52 × 10−5 2.78 × 10−5

Rank 6 1 5 3 4 2

Mean Rank 6 1.6 3.1 3.4 3.1 3.8
Final Rank 5 1 2 3 2 4

4.1.2. Qualitative Analysis for Convergence of EOA

Several experiments were conducted to qualitatively analyze the convergence be-
havior of EOA. The results of these experiments are presented in Figure 4, where the
first to fifth columns correspond to the parameter space of the function, search history,
average fitness, trajectory, and convergence curve, respectively. The parameter space of
the function describes the topology of the search space. The search history depicts the
candidates and the behaviors in which candidates run for president. In unimodal functions,
the mode represents the movement of the candidate in the vicinity of the optimal point,
while in multimodal functions, it represents the scattering characteristics of the candi-
date. The search history results demonstrate that EOA is capable of rapidly identifying the
optimal solution in both unimodal and multimodal functions. Furthermore, the average
fitness and convergence curve exhibit large initial values that gradually decrease with
each iteration. Notably, the solutions display high amplitude and frequency in the early
iterations, which diminishes in the final iterations. This pattern suggests that EOA has a
high exploration ability during the early stages and good exploitation ability in the later
stages, thereby increasing its likelihood of reaching the optimal solution. Qualitative results
indicate that EOA possesses strong development and exploration capabilities throughout
the iteration process.



Mathematics 2024, 12, 1513 12 of 32

(a) F2

(b) F4

(c) F10

(d) F12

(e) F17

(f) F21

Figure 4. Qualitative results for the studied problems.

Additionally, Figure 5 shows the convergence curve for the EOA and the other com-
pared algorithms on the 23 benchmark functions. For unimodal functions, the convergence
rate of EOA is faster than the other algorithms, and its final convergence accuracy is bet-
ter as well. This confirms that EOA has a strong exploitation capacity and reliability. For
multimodal functions, the EOA achieves a high balance between the exploration and ex-
ploitation stages. For F1–F7, EOA approaches the positions around the optimal solutions
and exploits them efficiently to obtain high-precision final solutions. For F8–F23, the EOA
gradually approaches the optimal solutions and updates the positions to confirm the final
solution as the iteration progresses. Therefore, the EOA has strong local optimum escape
capability and can escape the local optimum after multiple stagnations.
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Figure 5. Cont.
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Figure 5. Convergence behavior of the comparative algorithms on classical test functions (F1–F23).

4.1.3. Exploration and Exploitation Evaluation of EOA

Exploration and exploitation are the two core aspects of meta-heuristic optimization
algorithms, which help to assess the overall performance of the algorithm. Unimodal
functions have only one globally optimal solution and are used to assess the exploitation
capability. Multimodal functions have multiple locally optimal solutions and are therefore
used to assess the exploration capability. In this section, the exploration and exploitation
performance of EOA will be evaluated using these two types of functions and compared
against the comparison algorithms, the relevant details of which are given below:

As shown in Table 6, EOA significantly outperforms the other comparison algorithms
(PSO, SCA, WOA, GWO) in all test metrics on the unimodal function of dimension 10.
On F9 and F11, the performance of EOA is similar to AO, HBA, and SSA. The results of
the multimodal functions in Table 7 show that EOA outperforms the other algorithms
in most cases when solving multimodal global optimization problems. These are mainly
attributed to the stochastic reference coefficient AF in the party nomination stage, which
provides more flexibility and reliability and enables it to effectively avoid local optimization.
Tables 8–10 further test the unimodal function on dimensions 50, 100, and 500, and, finally,
obtain similar experimental results as when the dimension is 10. This proves that the
EOA can effectively solve the multi-dimensional unimodal function optimization problem,
benefiting from the presidential election stage of EOA, which further filters the party’s elite
candidates, who have obtained the nomination, and effectively regulates the control factors.
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Table 6. Results of the comparative algorithms on classical test functions (F1–F13); the dimension is fixed to 10.

Fun No. Measure
Comparative Algorithms

EOA AO PSO SCA WOA GWO HBA SSA SNS BES

F1
Average 0.0000 × 100 1.1533 × 10−104 1.1392 × 101 1.9470 × 10−12 4.0398 × 10−78 3.9699 × 10−56 3.5547 × 10−312 5.6831 × 10−29 1.4416 × 10−83 1.3155 × 10−83

STD 0.0000 × 100 6.1682 × 10−104 9.4332 × 101 7.7160 × 10−12 1.6210 × 10−77 1.9941 × 10−55 0.0000 × 100 2.3456 × 10−28 3.5612 × 10−83 4.0797 × 10−83

F2
Average 5.7485 × 10−167 9.6411 × 10−57 2.0966 × 100 1.5043 × 10−9 3.9642 × 10−53 5.9832 × 10−33 3.2575 × 10−160 2.1668 × 10−17 3.8990 × 10−43 1.9158 × 10−43

STD 2.4509 × 10−159 5.2412 × 10−56 1.5699 × 100 2.9623 × 10−9 9.4221 × 10−53 9.5273 × 10−33 1.7796 × 10−159 1.0738 × 10−16 9.9081 × 10−43 2.4764 × 10−43

F3
Average 4.6951 × 10−320 6.0686 × 10−103 3.8131 × 102 2.8358 × 10−2 2.1617 × 102 1.8913 × 10−24 1.4818 × 10−287 8.7829 × 10−25 3.1956 × 10−43 4.8278 × 10−44

STD 0.0000 × 100 3.3239 × 10−102 3.7641 × 102 1.2450 × 10−1 2.5478 × 102 8.4211 × 10−24 0.0000 × 100 4.7366 × 10−24 1.4400 × 10−43 1.1647 × 10−43

F4
Average 9.7840 × 10−169 1.2838 × 10−54 1.0636 × 101 6.3871 × 10−4 3.9778 × 100 4.7137 × 10−18 5.2818 × 10−151 4.7386 × 10−14 5.2853 × 10−39 7.0078 × 10−39

STD 0.0000 × 100 6.7668 × 10−54 4.1526 × 100 1.1645 × 10−3 1.1226 × 101 7.2618 × 10−18 1.8091 × 10−150 1.6950 × 10−13 7.0512 × 10−39 1.0665 × 10−38

F5
Average 2.1875 × 10−11 2.0125 × 10−3 6.5201 × 103 7.4097 × 100 6.8185 × 100 6.4806 × 100 5.2809 × 100 1.0456 × 10−6 7.3818 × 100 9.2718 × 10−1

STD 7.4311 × 10−11 4.7637 × 10−3 9.9818 × 103 4.0683 × 10−1 1.2453 × 100 5.8892 × 10−1 6.5485 × 10−1 2.6620 × 10−6 4.0359 × 10−1 1.1280 × 100

F6
Average 1.3423 × 10−11 8.5519 × 10−5 1.3352 × 102 4.6986 × 10−1 1.1743 × 10−3 8.3961 × 10−3 5.9259 × 10−8 7.5730 × 10−11 8.3101 × 10−7 4.1087 × 10−34

STD 7.2641 × 10−11 2.0687 × 10−4 1.3565 × 102 1.3641 × 10−1 1.1235 × 10−3 4.5968 × 10−2 2.4121 × 10−7 1.9638 × 10−11 3.8576 × 10−6 1.7606 × 10−33

F7
Average 1.0781 × 10−4 1.3029 × 10−4 5.9725 × 10−2 2.7296 × 10−3 2.7883 × 10−3 5.7299 × 10−4 4.4690 × 10−4 4.9487 × 10−4 4.1342 × 10−4 5.5327 × 10−4

STD 9.5072 × 10−5 1.3546 × 10−4 4.1444 × 10−2 2.1231 × 10−3 5.3831 × 10−3 3.5644 × 10−4 3.7913 × 10−4 5.0986 × 10−4 3.1656 × 10−4 5.2212 × 10−4

F8
Average −4.1898 × 103 −3.3454 × 103 −2.5558 × 103 −2.1411 × 103 −3.2459 × 103 −2.6275 × 103 −4.0256 × 103 −2.6666 × 103 −4.1416 × 103 −2.8871 × 103

STD 2.7751 × 10−12 8.5102 × 102 3.5420 × 102 1.2876 × 102 6.2299 × 102 3.7201 × 102 5.1765 × 102 5.2729 × 102 7.9068 × 101 3.2829 × 102

F9
Average 0.0000 × 100 0.0000 × 100 2.8584 × 101 1.1033 × 100 8.3123 × 10−1 4.9397 × 10−1 0.0000 × 100 0.0000 × 100 8.2802 × 10−13 4.1047 × 100

STD 0.0000 × 100 0.0000 × 100 1.0608 × 101 5.9009 × 100 4.5528 × 100 1.3669 × 100 0.0000 × 100 0.0000 × 100 4.5352 × 10−12 6.1534 × 100

F10
Average 8.8818 × 10−16 8.8818 × 10−16 7.1716 × 100 2.7198 × 10−7 4.5593 × 10−15 7.4015 × 10−15 8.8818 × 10−16 9.4147 × 10−15 8.8818 × 10−16 4.0856 × 10−15

STD 0.0000 × 100 0.0000 × 100 1.8229 × 100 3.5323 × 10−7 3.0208 × 10−15 2.1035 × 10−15 0.0000 × 100 2.4589 × 10−14 0.0000 × 100 1.0840 × 10−15

F11
Average 0.0000 × 100 0.0000 × 100 2.2826 × 100 1.2227 × 10−1 8.8558 × 10−2 4.3030 × 10−2 0.0000 × 100 0.0000 × 100 4.1070 × 10−4 9.4813 × 10−2

STD 0.0000 × 100 0.0000 × 100 1.4692 × 100 2.0183 × 10−1 1.6438 × 10−1 1.3956 × 10−1 0.0000 × 100 0.0000 × 100 2.2495 × 10−3 1.2187 × 10−1

F12
Average 2.0345 × 10−9 4.1045 × 10−6 5.9767 × 100 1.0529 × 10−1 9.1024 × 10−3 2.6685 × 10−3 2.2066 × 10−2 2.2423 × 10−8 6.7544 × 10−9 5.1830 × 10−2

STD 5.8925 × 10−9 7.4447 × 10−6 4.8914 × 100 3.6317 × 10−2 1.6703 × 10−2 6.9166 × 10−3 8.1391 × 10−2 3.5304 × 10−8 1.8283 × 10−8 1.6503 × 10−1

F13
Average 4.2187 × 10−9 2.7660 × 10−5 6.2226 × 101 3.0794 × 10−1 4.5687 × 10−2 2.8888 × 10−2 1.1409 × 10−1 9.6459 × 10−8 3.6644 × 10−4 5.1221 × 10−3

STD 1.2566 × 10−8 3.5506 × 10−5 2.6656 × 102 7.2912 × 10−2 6.0818 × 10−2 5.2371 × 10−2 8.9435 × 10−2 1.8620 × 10−7 2.0060 × 10−3 1.2796 × 10−2

W|L|T 10|0|3 13|0|0 13|0|0 13|0|0 13|0|0 10|0|3 10|1|2 12|0|1 12|0|1
Mean Rank 1.1538 × 100 2.8461 × 100 9.9231 × 100 8.7692 × 100 6.9231 × 100 6.6923 × 100 3.2307 × 100 4.4615 × 100 4.2307 × 100 5.3846 × 100

Final Rank 1 2 10 9 8 7 3 5 4 6
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Table 7. Results of the comparative algorithms on classical test functions (F14–F23).

Fun No. Measure
Comparative Algorithms

EOA AO PSO SCA WOA GWO HBA SSA SNS BES

F14
Average 9.9800 × 10−1 3.1502 × 100 3.1309 × 100 1.5948 × 100 2.6394 × 100 5.9632 × 100 5.6931 × 100 9.7894 × 100 9.9800 × 10−1 9.9800 × 10−1

STD 1.7494 × 10−16 3.8581 × 100 2.8343 × 100 9.2377 × 10−1 2.5862 × 100 4.3870 × 100 4.5277 × 100 4.8834 × 100 5.8312 × 10−14 1.2150 × 10−11

F15
Average 3.5032 × 10−4 4.8363 × 10−4 7.1338 × 10−3 8.9559 × 10−4 7.4251 × 10−4 5.8200 × 10−3 5.9400 × 10−3 3.5665 × 10−4 3.6128 × 10−4 3.2629 × 10−3

STD 1.6656 × 10−4 9.0528 × 10−5 8.7476 × 10−3 3.5297 × 10−4 5.8247 × 10−4 8.9263 × 10−3 8.8796 × 10−3 1.6523 × 10−4 1.7249 × 10−4 6.8342 × 10−3

F16
Average −1.0316 × 100 −1.0316 × 100 −1.0316 × 100 −1.0316 × 100 −1.0316 × 100 −1.0316 × 100 −1.0316 × 100 −1.0316 × 100 −1.0316 × 100 −1.0316 × 100

STD 5.7788 × 10−6 4.5126 × 10−4 6.5843 × 10−16 3.3581 × 10−5 2.0495 × 10−9 1.9173 × 10−8 4.6436 × 10−8 1.6976 × 10−15 6.7122 × 10−13 1.2856 × 10−7

F17
Average 3.9791 × 10−1 3.9812 × 10−1 3.9789 × 10−1 3.9993 × 10−1 3.9790 × 10−1 3.9789 × 10−1 3.9789 × 10−1 3.9789 × 10−1 3.9789 × 10−1 3.9789 × 10−1

STD 2.4840 × 10−5 3.0975 × 10−4 0.0000 × 100 1.9941 × 10−3 1.8505 × 10−5 2.3984 × 10−4 4.1755 × 10−12 2.8303 × 10−10 0.0000 × 100 1.3252 × 10−6

F18
Average 3.0000 × 100 3.0457 × 100 3.0000 × 100 3.0001 × 100 3.0001 × 100 3.0000 × 100 1.0200 × 101 3.0000 × 100 3.0000 × 100 3.0000 × 100

STD 1.1683 × 10−10 5.8557 × 10−2 1.1247 × 10−15 7.0373 × 10−5 1.3265 × 10−4 3.4588 × 10−5 1.7271 × 101 3.6350 × 10−15 1.1367 × 10−15 2.2020 × 10−15

F19
Average −3.8628 × 100 −3.8552 × 100 −3.8632 × 100 −3.8544 × 100 −3.8512 × 100 −3.8628 × 100 −3.8628 × 100 −3.8370 × 100 −3.8628 × 100 −3.8628 × 100

STD 1.6534 × 10−12 7.4057 × 10−3 1.9996 × 10−3 2.5992 × 10−3 2.3682 × 10−2 3.0209 × 10−3 8.5426 × 10−8 1.4113 × 10−1 2.6684 × 10−15 2.7101 × 10−15

F20
Average −3.2854 × 100 −3.1626 × 100 −3.2342 × 100 −2.8637 × 100 −3.2405 × 100 −3.2574 × 100 −3.2705 × 100 −3.2236 × 100 −3.2861 × 100 3.2586 × 100

STD 6.4936 × 10−2 8.9475 × 10−2 7.1977 × 10−2 3.9953 × 10−1 9.1794 × 10−2 8.0283 × 10−2 5.9923 × 10−2 9.6034 × 10−2 5.5415 × 10−2 6.0328 × 10−2

F21
Average −1.0153 × 101 −1.0143 × 101 −6.6515 × 100 −2.6894 × 100 −8.7614 × 100 −9.4778 × 100 −9.1501 × 100 −9.4208 × 100 −9.9833 × 100 −9.1372 × 100

STD 1.7358 × 10−7 1.3443 × 10−2 3.6279 × 100 1.8340 × 100 2.2756 × 100 1.7470 × 100 2.6009 × 100 1.7652 × 100 9.3076 × 10−1 2.3462 × 100

F22
Average −1.0403 × 101 −1.0393 × 101 −5.7534 × 100 −3.1574 × 100 −6.9636 × 100 −1.0146 × 101 −9.6402 × 100 −9.6662 × 100 −9.8260 × 100 −8.4611 × 100

STD 2.7246 × 10−7 1.1445 × 10−2 3.6563 × 100 1.8034 × 100 3.1176 × 100 1.3940 × 100 2.3404 × 100 1.8330 × 100 1.7726 × 100 3.2817 × 100

F23
Average −1.0536 × 101 −1.0522 × 101 −7.1053 × 100 −4.1089 × 100 −7.4850 × 100 −1.0293 × 101 −8.9545 × 100 −9.8878 × 100 −1.0132 × 101 −9.0547 × 100

STD 8.5162 × 10−7 2.4584 × 10−2 3.7756 × 100 1.5194 × 100 3.3958 × 100 1.3199 × 100 3.2288 × 100 1.7070 × 100 1.5454 × 100 3.0303 × 100

W|L|T 9|0|1 8|0|2 9|0|1 9|0|1 7|0|3 8|0|2 8|0|2 5|1|4 6|0|4
Mean Rank 1.1000 × 100 5.1000 × 100 6.0000 × 100 7.5000 × 100 5.8000 × 100 3.7000 × 100 5.7000 × 100 4.9000 × 100 2.2000 × 100 4.4000 × 100

Final Rank 1 6 9 10 8 3 7 5 2 4
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Table 8. Results of the comparative algorithms on classical test functions (F1–F13); the dimension is fixed to 50.

Fun No. Measure
Comparative Algorithms

EOA AO PSO SCA WOA GWO HBA SSA SNS BES

F1
Average 1.4822 × 10−323 9.0906 × 10−106 6.1034 × 103 9.2672 × 102 1.5100 × 10−74 1.2943 × 10−19 5.8825 × 10−261 3.0820 × 10−30 9.8001 × 10−70 1.1520 × 10−31

STD 0.0000 × 100 4.9791 × 10−105 1.5981 × 103 1.2821 × 103 3.5563 × 10−74 1.8411 × 10−19 0.0000 × 100 1.6865 × 10−29 1.7934 × 10−69 6.0095 × 10−31

F2
Average 4.3112 × 10−161 4.6638 × 10−50 4.9594 × 101 7.2155 × 10−1 1.7873 × 10−50 2.3815 × 10−12 3.2588 × 10−139 4.9445 × 10−19 2.9212 × 10−36 4.0220 × 10−23

STD 1.5473 × 10−160 2.5545 × 10−49 1.0662 × 101 9.8103 × 10−1 6.4021 × 10−50 1.3421 × 10−12 1.7479 × 10−138 2.2251 × 10−18 3.7035 × 10−36 7.9305 × 10−23

F3
Average 7.1382 × 10−288 2.2220 × 10−102 1.9219 × 104 4.8881 × 104 1.9279 × 105 2.5573 × 10−1 4.6693 × 10−238 1.8691 × 10−24 2.7912 × 10−19 3.1045 × 10−2

STD 0.0000 × 100 1.2170 × 10−101 9.4500 × 103 1.9570 × 104 5.2258 × 104 3.5917 × 10−1 0.0000 × 100 1.0232 × 10−23 8.2795 × 10−19 1.3629 × 10−1

F4
Average 4.3611 × 10−166 5.0262 × 10−58 2.6473 × 101 7.0185 × 101 6.3534 × 101 3.8917 × 10−4 1.2279 × 10−125 2.5437 × 10−16 1.2060 × 10−31 5.7561 × 10−1

STD 0.0000 × 100 2.7530 × 10−57 4.5059 × 100 6.2980 × 100 2.9083 × 101 3.9622 × 10−4 6.7246 × 10−125 1.3438 × 10−15 1.0834 × 10−31 2.8488 × 10−1

F5
Average 5.7287 × 10−8 1.2994 × 10−2 1.8450 × 106 6.3368 × 106 4.8187 × 101 4.7443 × 101 4.7545 × 101 2.9119 × 10−5 4.7962 × 101 4.4470 × 101

STD 3.0658 × 10−7 2.5341 × 10−2 9.1430 × 105 6.3167 × 105 4.4626 × 10−1 8.8040 × 10−1 9.1984 × 10−1 5.0827 × 10−5 2.9966 × 10−1 6.9957 × 10−1

F6
Average 3.2879 × 10−12 9.5046 × 10−5 5.9567 × 103 9.2932 × 102 1.3683 × 100 2.7157 × 100 3.7948 × 100 3.0357 × 10−7 1.1565 × 100 1.7984 × 10−7

STD 1.8008 × 10−11 1.6032 × 10−4 1.7419 × 103 1.0251 × 103 4.8648 × 10−1 5.5837 × 10−1 8.8555 × 10−1 4.7941 × 10−7 4.6361 × 10−1 3.6741 × 10−7

F7
Average 1.5484 × 10−4 1.1181 × 10−4 4.2520 × 100 3.0551 × 100 2.6522 × 10−3 2.8556 × 10−3 3.8706 × 10−4 4.0252 × 10−4 5.5709 × 10−4 2.6192 × 10−3

STD 1.2637 × 10−4 1.0889 × 10−4 2.0897 × 100 3.9337 × 100 3.9819 × 10−3 1.3493 × 10−3 5.1336 × 10−4 3.3771 × 10−4 3.4100 × 10−4 2.2192 × 10−3

F8
Average −2.0949 × 104 −8.1241 × 103 −7.3046 × 103 −4.7242 × 103 −1.8037 × 104 −8.8450 × 103 −2.0770 × 104 −1.8555 × 104 −1.1462 × 104 −7.0156 × 103

STD 3.7002 × 10−12 5.1387 × 103 9.0850 × 102 3.2939 × 102 2.7581 × 103 1.9535 × 103 2.7562 × 102 1.8144 × 103 9.0469 × 102 1.7343 × 103

F9
Average 0.0000 × 100 0.0000 × 100 3.4992 × 102 1.0762 × 102 0.0000 × 100 3.6886 × 100 0.0000 × 100 0.0000 × 100 0.0000 × 100 3.4620 × 101

STD 0.0000 × 100 0.0000 × 100 3.6073 × 101 5.4411 × 101 0.0000 × 100 3.1416 × 100 0.0000 × 100 0.0000 × 100 0.0000 × 100 9.1441 × 101

F10
Average 8.8818 × 10−16 8.8818 × 10−16 1.2857 × 101 1.5827 × 101 3.8488 × 10−15 3.5618 × 10−11 6.6556 × 10−1 8.5857 × 10−15 4.3225 × 10−15 1.3410 × 10−1

STD 0.0000 × 100 0.0000 × 100 1.1853 × 100 6.9001 × 100 2.6526 × 10−15 1.4568 × 10−11 3.6454 × 100 3.7599 × 10−14 6.4863 × 10−16 4.2408 × 10−1

F11
Average 0.0000 × 100 0.0000 × 100 6.2256 × 101 1.1223 × 101 1.5907 × 10−2 4.4474 × 10−3 0.0000 × 100 0.0000 × 100 0.0000 × 100 6.9897 × 10−5

STD 0.0000 × 100 0.0000 × 100 1.2718 × 101 1.7808 × 101 6.0792 × 10−2 7.7996 × 10−3 0.0000 × 100 0.0000 × 100 0.0000 × 100 3.4986 × 10−4

F12
Average 2.3693 × 10−11 2.1369 × 10−6 1.2920 × 104 1.1884 × 107 3.7176 × 10−2 1.1158 × 10−1 1.2212 × 10−1 3.5536 × 10−8 4.1769 × 10−3 6.2213 × 10−3

STD 1.2161 × 10−10 3.2573 × 10−6 3.2688 × 104 1.3991 × 107 2.3827 × 10−2 8.6899 × 10−2 6.7479 × 10−2 1.2075 × 10−7 1.9560 × 10−3 1.8979 × 10−2

F13
Average 4.5120 × 10−10 2.2072 × 10−5 1.0466 × 106 1.3319 × 107 1.2155 × 100 2.1698 × 100 4.1832 × 100 2.2710 × 10−7 2.8202 × 10−1 1.4115 × 10−1

STD 1.7750 × 10−9 3.2179 × 10−5 9.5909 × 105 1.3555 × 107 4.9467 × 10−1 4.1950 × 10−1 4.0524 × 10−1 3.3006 × 10−7 1.2227 × 10−1 1.8676 × 10−1

W|L|T 9|1|3 13|0|0 13|0|0 12|0|1 13|0|0 11|0|2 11|0|2 11|0|2 13|0|0
Mean Rank 1.0769 × 100 2.8461 × 100 9.2307 × 100 9.4615 × 100 5.7692 × 100 7.0000 × 100 4.0000 × 100 3.5384 × 100 4.2307 × 100 5.9230 × 100

Final Rank 1 2 9 10 6 8 4 3 5 7
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Table 9. Results of the comparative algorithms on classical test functions (F1–F13); the dimension is fixed to 100.

Fun No. Measure
Comparative Algorithms

EOA AO PSO SCA WOA GWO HBA SSA SNS BES

F1
Average 0.0000 × 100 4.0029 × 10−103 1.6345 × 104 1.4079 × 104 4.5370 × 10−69 1.6596 × 10−12 1.1187 × 10−205 1.2068 × 10−30 5.8683 × 10−67 8.2747 × 10−27

STD 0.0000 × 100 2.1833 × 10−102 3.7598 × 103 9.2173 × 103 2.4806 × 10−68 1.3188 × 10−12 0.0000 × 100 6.5834 × 10−30 2.2150 × 10−66 2.9283 × 10−26

F2
Average 4.4575 × 10−179 3.9562 × 10−62 1.1433 × 102 8.9434 × 100 1.3137 × 10−50 4.3921 × 10−8 1.5550 × 10−101 2.8551 × 10−17 2.4448 × 10−35 1.5440 × 10−20

STD 0.0000 × 100 2.1669 × 10−61 2.2027 × 101 7.6503 × 100 3.7053 × 10−50 1.5525 × 10−8 8.5168 × 10−101 1.5386 × 10−16 2.3098 × 10−35 6.8796 × 10−20

F3
Average 0.0000 × 100 7.1007 × 10−98 7.7511 × 104 2.4156 × 105 1.0452 × 106 5.5610 × 102 6.5896 × 10−180 6.8440 × 10−29 1.1490 × 10−13 5.6474 × 10−1

STD 0.0000 × 100 3.6289 × 10−97 2.4621 × 104 5.9337 × 104 3.1330 × 105 5.6977 × 102 0.0000 × 100 2.0530 × 10−28 4.5494 × 10−13 7.9921 × 10−1

F4
Average 6.5445 × 10−188 7.1813 × 10−52 3.0709 × 101 8.9072 × 101 8.1691 × 101 7.3059 × 10−1 2.2174 × 10−101 1.8440 × 10−16 2.1152 × 10−30 6.6873 × 10−1

STD 0.0000 × 100 3.9333 × 10−51 3.6557 × 100 3.2725 × 100 1.5473 × 101 6.5283 × 10−1 1.2142 × 10−100 6.4903 × 10−16 3.0160 × 10−30 3.9586 × 10−1

F5
Average 1.3070 × 10−8 1.8336 × 10−2 5.7684 × 106 1.0114 × 108 9.8220 × 101 9.7810 × 101 9.8234 × 101 5.1900 × 10−4 9.8069 × 101 9.6142 × 101

STD 4.0499 × 10−8 2.8904 × 10−2 2.4303 × 106 5.3817 × 107 2.0138 × 10−1 7.1535 × 10−1 5.1158 × 10−1 1.4436 × 10−3 3.2945 × 10−1 6.2463 × 10−1

F6
Average 2.7170 × 10−9 4.1435 × 10−4 1.6947 × 105 1.5260 × 105 4.4421 × 100 1.0075 × 101 1.3259 × 101 1.0928 × 10−6 7.5049 × 100 2.7399 × 10−1

STD 1.2497 × 10−8 7.5504 × 10−4 3.2440 × 103 9.4995 × 103 1.2959 × 100 1.1010 × 100 1.6297 × 100 2.6478 × 10−6 8.4381 × 10−1 2.1308 × 10−1

F7
Average 2.0726 × 10−4 3.0684 × 10−4 2.4187 × 101 1.7268 × 102 4.0517 × 10−3 7.0693 × 10−3 3.8552 × 10−4 3.1925 × 10−4 6.1021 × 10−4 3.1469 × 10−3

STD 2.8478 × 10−4 1.1522 × 10−4 1.0245 × 101 7.5362 × 101 6.7313 × 10−3 2.6871 × 10−3 4.4644 × 10−4 2.2516 × 10−4 3.5386 × 10−4 2.5790 × 10−3

F8
Average −4.1898 × 104 −1.0651 × 104 −1.0656 × 104 −6.8232 × 103 −3.4382 × 104 −1.6772 × 104 −4.0638 × 104 −3.5984 × 104 −1.8761 × 104 −1.0391 × 104

STD 7.4003 × 10−12 2.7049 × 103 1.4484 × 103 4.7495 × 102 5.7776 × 103 2.1652 × 103 2.5206 × 103 6.2480 × 103 3.2023 × 103 3.2092 × 103

F9
Average 0.0000 × 100 0.0000 × 100 8.3431 × 102 2.5606 × 102 0.0000 × 100 8.8446 × 100 0.0000 × 100 0.0000 × 100 0.0000 × 100 4.6131 × 101

STD 0.0000 × 100 0.0000 × 100 5.6033 × 101 1.0143 × 102 0.0000 × 100 6.5023 × 100 0.0000 × 100 0.0000 × 100 0.0000 × 100 1.7540 × 102

F10
Average 8.8818 × 10−16 8.8818 × 10−16 1.3735 × 101 2.0089 × 101 4.2040 × 10−15 1.2828 × 10−7 8.8818 × 10−16 5.2699 × 10−15 4.4409 × 10−15 1.0112 × 10−1

STD 0.0000 × 100 0.0000 × 100 1.4630 × 100 2.5688 × 100 2.0723 × 10−15 5.6815 × 10−8 0.0000 × 100 2.3337 × 10−14 0.0000 × 100 3.5835 × 10−1

F11
Average 0.0000 × 100 0.0000 × 100 1.5147 × 102 9.6103 × 101 1.9673 × 10−2 3.7803 × 10−3 0.0000 × 100 0.0000 × 100 0.0000 × 100 0.0000 × 100

STD 0.0000 × 100 0.0000 × 100 3.2492 × 101 5.5808 × 101 7.5018 × 10−2 9.9841 × 10−3 0.0000 × 100 0.0000 × 100 0.0000 × 100 0.0000 × 100

F12
Average 2.1641 × 10−13 1.1293 × 10−6 3.0333 × 105 3.1645 × 108 4.7689 × 10−2 3.1307 × 10−1 3.1627 × 10−1 3.3212 × 10−8 4.5410 × 10−2 3.2880 × 10−2

STD 1.0227 × 10−12 1.2994 × 10−6 4.4216 × 105 1.5897 × 108 1.8146 × 10−2 7.8459 × 10−2 1.0157 × 10−1 6.8878 × 10−8 1.0533 × 10−2 1.6346 × 10−1

F13
Average 8.8580 × 10−10 1.6830 × 10−5 5.3445 × 106 5.4656 × 108 2.9100 × 100 6.6822 × 100 9.4644 × 100 1.2370 × 10−6 4.8412 × 100 3.6917 × 100

STD 3.3831 × 10−9 2.5911 × 10−5 3.1394 × 106 3.1606 × 108 9.9665 × 10−1 6.2134 × 10−1 3.0280 × 10−1 2.7566 × 10−6 1.0811 × 100 9.7761 × 10−1

W|L|T 10|0|3 13|0|0 13|0|0 12|0|1 13|0|0 10|0|3 11|0|2 11|0|2 12|0|1
Mean Rank 1.0000 × 100 2.8461 × 100 9.0000 × 100 9.6153 × 100 5.6153 × 100 7.0000 × 100 3.7692 × 100 3.3846 × 100 4.5384 × 100 5.6923 × 100

Final Rank 1 2 9 10 6 8 4 3 5 7
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Table 10. Results of the comparative algorithms on classical test functions (F1–F13; the dimension is fixed to 500.

Fun No. Measure
Comparative Algorithms

EOA AO PSO SCA WOA GWO HBA SSA SNS BES

F1
Average 0.0000 × 100 9.9737 × 10−103 8.9842 × 105 2.0913 × 106 2.3139 × 10−67 1.6451 × 10−3 5.4499 × 10−120 7.0179 × 10−34 3.7880 × 10−65 4.5159 × 10−18

STD 0.0000 × 100 5.4628 × 10−102 1.1450 × 104 7.3718 × 104 1.2431 × 10−66 6.1988 × 10−4 2.9851 × 10−119 3.8220 × 10−33 5.7597 × 10−65 2.3128 × 10−17

F2
Average 2.0683 × 10−178 6.6208 × 10−58 6.0664 × 102 9.5981 × 101 1.1698 × 10−48 1.1211 × 10−2 1.9076 × 10−79 3.3064 × 10−19 1.4023 × 10−33 3.4771 × 10−17

STD 0.0000 × 100 3.6264 × 10−57 7.4849 × 101 4.5975 × 101 3.2010 × 10−48 1.7375 × 10−3 7.2597 × 10−79 1.7911 × 10−18 1.0193 × 10−33 4.5700 × 10−17

F3
Average 1.0079 × 10−320 2.5500 × 10−97 2.0125 × 106 6.8571 × 106 3.1479 × 107 3.3106 × 105 6.7872 × 10−114 1.1341 × 10−30 1.5434 × 10−8 3.7061 × 101

STD 0.0000 × 100 1.2342 × 10−96 8.2112 × 105 1.4497 × 106 1.0174 × 107 8.9074 × 104 3.7175 × 10−113 6.2116 × 10−30 4.9467 × 10−8 3.6087 × 101

F4
Average 1.9379 × 10−189 1.0819 × 10−53 4.1305 × 101 9.9091 × 101 8.0649 × 101 6.3834 × 101 1.4333 × 10−58 9.4338 × 10−17 1.4785 × 10−28 8.1384 × 10−1

STD 0.0000 × 100 5.8415 × 10−53 3.2120 × 100 3.2245 × 10−1 2.1819 × 101 5.2083 × 100 5.4696 × 10−58 5.1615 × 10−16 1.3175 × 10−28 4.8306 × 10−1

F5
Average 6.3303 × 10−7 1.0933 × 10−1 3.6932 × 107 1.9230 × 109 4.9615 × 102 4.9810 × 102 4.9832 × 102 4.6623 × 10−3 4.9801 × 102 5.0008 × 102

STD 3.4672 × 10−6 2.0082 × 10−1 1.0165 × 107 5.2059 × 108 3.4532 × 10−1 5.2390 × 10−1 2.5199 × 10−1 1.4692 × 10−2 1.0777 × 10−1 1.6650 × 101

F6
Average 7.4937 × 10−12 8.6370 × 10−4 9.4331 × 104 2.0149 × 105 3.2597 × 101 9.1699 × 101 1.0805 × 102 2.9849 × 10−5 9.8335 × 101 5.7510 × 101

STD 3.1014 × 10−11 1.4888 × 10−3 1.3924 × 104 7.0713 × 104 8.7655 × 100 2.2078 × 100 4.5238 × 100 1.3696 × 10−4 1.9667 × 100 3.4930 × 100

F7
Average 1.7138 × 10−4 9.2675 × 10−5 8.4313 × 102 1.5005 × 104 3.8356 × 10−3 5.0364 × 10−2 6.9244 × 10−4 3.7404 × 10−4 6.1745 × 10−4 3.2118 × 10−3

STD 1.2709 × 10−4 8.4577 × 10−5 3.1069 × 102 2.6098 × 103 4.4600 × 10−3 1.1971 × 10−2 1.0003 × 10−3 3.4538 × 10−4 4.0468 × 10−4 3.0253 × 10−3

F8
Average −2.0949 × 105 −3.8466 × 104 −2.5106 × 104 −1.5125 × 104 −1.6746 × 105 −5.6390 × 104 −1.9600 × 105 −1.7714 × 105 −6.8100 × 104 −2.4742 × 104

STD 8.8804 × 10−11 9.9789 × 103 2.5637 × 103 1.1739 × 103 3.1949 × 104 9.2617 × 103 2.1626 × 104 3.7390 × 104 1.1335 × 104 1.0765 × 104

F9
Average 0.0000 × 100 0.0000 × 100 5.0287 × 103 1.2286 × 103 0.0000 × 100 6.5433 × 101 0.0000 × 100 0.0000 × 100 0.0000 × 100 0.0000 × 100

STD 0.0000 × 100 0.0000 × 100 1.7426 × 102 5.7668 × 102 0.0000 × 100 1.7021 × 101 0.0000 × 100 0.0000 × 100 0.0000 × 100 0.0000 × 100

F10
Average 8.8818 × 10−16 8.8818 × 10−16 1.4442 × 101 2.0182 × 101 4.3225 × 10−15 1.8316 × 10−3 8.8818 × 10−16 8.8818 × 10−16 4.4409 × 10−15 2.3365 × 10−2

STD 0.0000 × 100 0.0000 × 100 2.6537 × 100 2.2691 × 100 2.5523 × 10−15 2.8332 × 10−4 0.0000 × 100 0.0000 × 100 0.0000 × 100 9.2834 × 10−2

F11
Average 0.0000 × 100 0.0000 × 100 8.5233 × 102 1.7330 × 103 0.0000 × 100 2.0784 × 10−2 0.0000 × 100 0.0000 × 100 0.0000 × 100 0.0000 × 100

STD 0.0000 × 100 0.0000 × 100 1.2425 × 102 7.0905 × 102 0.0000 × 100 3.5608 × 10−2 0.0000 × 100 0.0000 × 100 0.0000 × 100 0.0000 × 100

F12
Average 4.0536 × 10−28 6.6002 × 10−7 4.4407 × 106 5.8968 × 109 8.7271 × 10−2 7.5684 × 10−1 8.8390 × 10−1 7.4980 × 10−9 6.0864 × 10−1 7.9732 × 10−1

STD 2.2202 × 10−27 1.1542 × 10−6 2.6724 × 106 1.0678 × 109 3.6072 × 10−2 5.5654 × 10−2 7.8785 × 10−2 1.7203 × 10−8 3.2435 × 10−2 4.2288 × 10−1

F13
Average 7.6645 × 10−9 4.1604 × 10−4 4.6253 × 107 9.8283 × 109 1.8706 × 101 5.1046 × 101 4.9520 × 101 2.4322 × 10−6 4.7515 × 101 5.1708 × 101

STD 4.1156 × 10−8 9.0268 × 10−4 2.0882 × 107 1.5833 × 109 6.0539 × 100 1.6554 × 100 6.0628 × 10−1 6.8656 × 10−6 5.9600 × 10−1 5.1483 × 100

W|L|T 9|1|3 13|0|0 13|0|0 11|0|2 13|0|0 10|0|3 10|0|3 11|0|2 11|0|2
Mean Rank 1.0769 × 100 2.6923 × 100 8.8461 × 100 9.7692 × 100 4.6923 × 100 7.1538 × 100 3.6153 × 100 3.0000 × 100 4.4615 × 100 6.0769 × 100

Final Rank 1 2 9 10 6 8 4 3 5 7
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Simple analyses of the convergence curves and the final results fail to provide a
comprehensive understanding of the algorithm’s search process. As a result, we measure
the exploration and exploitation percentages of EOA when solving optimization problems
on three distinct functions: F2, F11, and F18. The experimental results are shown in
Figure 6, which shows that in solving the unimodal problem, the EOA first performs
the exploration behavior at a higher percentage and then converges towards the global
optimum by increasing the exploitation percentage. In solving F11, the EOA maintains a
high exploitation rate initially and gradually increases its exploratory behavior as iterations
progress, facilitating the escape from local optima. When solving F18, EOA commences with
high exploration and low exploitation rates, subsequently transitioning to high exploitation
rates. This adaptive adjustment of exploration and exploitation ratios during the search
process enhances convergence accuracy. Furthermore, EOA demonstrates the ability to
achieve a relative balance between exploration and exploitation after 100 iterations across all
three test functions. This observation directly confirms the algorithm’s superior adaptability
and faster convergence speed.

Figure 6. Exploration and exploitation phases in EOA.

By quantitatively evaluating the exploration and exploitation percentages, EOA’s
dynamic adjustment capabilities and its ability to achieve a balance between the two search
strategies become evident. These findings contribute to a deeper understanding of EOA’s
search behavior and highlight its potential for efficient optimization.

4.1.4. Wilcoxon Rank-Sum Test Analysis of EOA

To demonstrate the robustness and fairness of EOA, statistical tests are employed to
evaluate its superiority over other algorithms. Table 11 gives the Wilcoxon rank-sum test
results with a significance level at 0.05 among nine comparative algorithms for twenty-three
classical test functions (F1–F23). The rejection of the null hypothesis is considered strong
when p < 0.05. In addition, the NaN mark indicates comparable algorithm performance.

Based on the results presented in Table 11, it is evident that EOA exhibits superior
performance to the classical AO algorithm across all test functions except for F7 and F10.
Furthermore, EOA and AO show the same results on F9 and F11, indicating that there
is no significant difference between the two algorithms on these test functions. Similar
experimental results are also revealed on the remaining comparison algorithms, prov-
ing that EOA has significantly superior convergence performance over the remaining
comparison algorithms.
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Table 11. Wilcoxon rank-sum test between EOA and other algorithms using the classical test functions
(F1–F23).

Fun Dimensions

Comparative Algorithms

AO PSO SCA WOA GWO HBA SSA SNS BES

p-Value p-Value p-Value p-Value p-Value p-Value p-Value p-Value p-Value

F1 10 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 8.8658 × 10−7 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12

F2 10 3.0199 × 10−11 3.0199 × 10−11 3.0199 × 10−11 3.0199 × 10−11 3.0199 × 10−11 3.0199 × 10−11 5.5727 × 10−10 3.0199 × 10−11 3.0199 × 10−11

F3 10 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12

F4 10 3.0199 × 10−11 3.0199 × 10−11 3.0199 × 10−11 3.0199 × 10−11 3.0199 × 10−11 3.0199 × 10−11 3.0199 × 10−11 3.0199 × 10−11 3.0199 × 10−11

F5 10 6.4789 × 10−12 6.4789 × 10−12 6.4789 × 10−12 6.4789 × 10−12 6.4789 × 10−12 6.4789 × 10−12 1.8692 × 10−11 6.4789 × 10−12 6.4789 × 10−12

F6 10 1.9256 × 10−12 1.7203 × 10−12 1.7203 × 10−12 1.7203 × 10−12 1.7203 × 10−12 1.9256 × 10−12 4.1040 × 10−11 3.0159 × 10−12 3.3371 × 10−1

F7 10 3.0418 × 10−1 3.0199 × 10−11 2.8716 × 10−10 4.8011 × 10−7 1.0907 × 10−5 2.3399 × 10−1 1.3832 × 10−2 4.0330 × 10−3 5.5611 × 10−4

F8 10 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12 1.2118 × 10−12

F9 10 NaN 1.2118 × 10−12 1.6560 × 10−11 1.6080 × 10−1 4.1926 × 10−2 NaN NaN 8.1523 × 10−2 6.2470 × 10−10

F10 10 3.3371 × 10−1 1.2118 × 10−12 1.2118 × 10−12 2.8987 × 10−8 1.1772 × 10−13 NaN 4.1911 × 10−2 NaN 5.4183 × 10−12

F11 10 NaN 1.2118 × 10−12 1.2118 × 10−12 6.6096 × 10−5 3.4526 × 10−7 NaN NaN NaN 5.8522 × 10−9

F12 10 2.3982 × 10−11 2.3982 × 10−11 2.3982 × 10−11 2.3982 × 10−11 2.3982 × 10−11 1.4363 × 10−10 5.5063 × 10−10 7.7953 × 10−8 7.3512 × 10−4

F13 10 7.1391 × 10−11 2.6286 × 10−11 2.6286 × 10−11 2.6286 × 10−11 2.6286 × 10−11 3.9302 × 10−11 3.7900 × 10−7 2.4219 × 10−4 3.5146 × 10−1

F14 2 1.3369 × 10−11 2.8637 × 10−2 1.3369 × 10−11 1.3369 × 10−11 1.3369 × 10−11 1.0114 × 10−10 1.1480 × 10−11 4.7792 × 10−2 1.3125 × 10−1

F15 4 3.4742 × 10−10 1.0934 × 10−6 4.0772 × 10−11 1.0937 × 10−10 6.5261 × 10−7 4.4205 × 10−6 1.4067 × 10−4 5.2650 × 10−5 2.3388 × 10−1

F16 2 5.4941 × 10−11 3.1507 × 10−12 5.5727 × 10−10 1.3367 × 10−5 4.1191 × 10−1 2.3043 × 10−10 4.0988 × 10−12 1.7203 × 10−12 6.9047 × 10−8

F17 2 1.2870 × 10−9 1.2118 × 10−12 3.0199 × 10−11 9.5873 × 10−1 9.8231 × 10−1 3.2975 × 10−9 1.6332 × 10−10 1.2118 × 10−12 4.1748 × 10−6

F18 2 3.0199 × 10−11 2.0575 × 10−11 3.0199 × 10−11 8.1014 × 10−10 3.0199 × 10−11 1.1706 × 10−4 5.5270 × 10−10 1.9558 × 10−11 1.7203 × 10−12

F19 3 3.0199 × 10−11 6.0253 × 10−11 3.0199 × 10−11 3.0199 × 10−11 3.0199 × 10−11 9.9765 × 10−7 3.1118 × 10−1 3.1507 × 10−12 1.2118 × 10−12

F20 6 1.7290 × 10−6 5.5923 × 10−1 3.6897 × 10−11 1.7649 × 10−2 9.2344 × 10−1 2.1566 × 10−3 5.7460 × 10−2 9.1863 × 10−9 1.8101 × 10−3

F21 4 2.9747 × 10−11 2.6882 × 10−2 2.9747 × 10−11 2.9747 × 10−11 2.9747 × 10−11 1.0845 × 10−8 5.5907 × 10−1 2.1653 × 10−10 1.5919 × 10−3

F22 4 3.0199 × 10−11 6.6060 × 10−1 3.0199 × 10−11 3.0199 × 10−11 3.0199 × 10−11 1.7613 × 10−1 2.1959 × 10−7 9.7566 × 10−11 2.5317 × 10−2

F23 4 4.9752 × 10−11 1.8506 × 10−1 3.0199 × 10−11 3.3384 × 10−11 3.0199 × 10−11 3.7742 × 10−2 3.8307 × 10−5 1.3974 × 10−11 4.2813 × 10−6

W|L|T 19|2|2 18|5|0 23|0|0 21|2|0 20|3|0 18|2|3 18|3|2 20|1|2 19|4|0

4.1.5. Time Consuming Test of EOA

Running time is calculated to analyze the efficiency of EOA. Each algorithm is executed
in 10 dimensions, and the time is recorded. Table 12 presents the results, indicating that the
EOA’s running time is longer than that of PSO, SCA, WOA, and GWO but shorter than
that of other algorithms. Given its superior performance, the time consumption of EOA
can be considered acceptable.

Table 12. Computation time results of algorithms on 23 benchmark functions.

Fun
Comparative Methods

EOA AO PSO SCA WOA GWO HBA SSA SNS BES

F1 6.8115 × 10−2 9.8085 × 10−2 3.4956 × 10−2 5.4717 × 10−2 4.3282 × 10−2 5.9570 × 10−2 8.9540 × 10−2 9.0899 × 10−2 1.3116 × 10−1 2.1016 × 10−1

F2 6.4422 × 10−2 9.9208 × 10−2 3.4124 × 10−2 5.3613 × 10−2 4.3075 × 10−2 6.9087 × 10−2 1.2605 × 10−1 9.3343 × 10−2 1.5505 × 10−1 2.1274 × 10−1

F3 1.2644 × 10−1 1.8611 × 10−1 6.1275 × 10−2 7.2501 × 10−2 6.6503 × 10−2 9.1233 × 10−2 1.5829 × 10−1 1.7288 × 10−1 1.6094 × 10−1 3.3838 × 10−1

F4 6.7713 × 10−2 9.7462 × 10−2 2.2772 × 10−2 5.9037 × 10−2 4.4468 × 10−2 6.4078 × 10−2 1.2530 × 10−1 9.6689 × 10−2 1.4745 × 10−1 2.1220 × 10−1

F5 1.0952 × 10−1 1.5159 × 10−1 3.9064 × 10−2 7.3286 × 10−2 5.2367 × 10−2 6.1165 × 10−2 1.2314 × 10−1 1.4017 × 10−1 1.3594 × 10−1 2.6024 × 10−1

F6 6.1147 × 10−2 1.0082 × 10−1 2.1587 × 10−2 3.8285 × 10−2 4.2003 × 10−2 7.7522 × 10−2 1.5042 × 10−1 1.0823 × 10−1 1.1205 × 10−1 2.4893 × 10−1

F7 1.0970 × 10−1 1.4743 × 10−1 4.5540 × 10−2 6.2368 × 10−2 6.4391 × 10−2 6.8581 × 10−2 1.3976 × 10−1 1.3761 × 10−1 1.4567 × 10−1 2.8342 × 10−1

F8 8.1905 × 10−2 1.1927 × 10−1 3.2974 × 10−2 6.7624 × 10−2 5.7245 × 10−2 6.1309 × 10−2 1.4809 × 10−1 1.2963 × 10−1 1.4778 × 10−1 2.6745 × 10−1

F9 6.5281 × 10−2 1.0431 × 10−1 3.2066 × 10−2 6.3449 × 10−2 3.8757 × 10−2 5.6972 × 10−2 9.6648 × 10−2 8.5491 × 10−2 1.2795 × 10−1 2.1911 × 10−1

F10 5.8755 × 10−2 1.0672 × 10−1 2.9341 × 10−2 5.9860 × 10−2 4.8606 × 10−2 5.3515 × 10−2 1.3242 × 10−1 9.2782 × 10−2 1.4505 × 10−1 2.1673 × 10−1

F11 8.3763 × 10−2 1.4699 × 10−1 5.0108 × 10−2 5.6213 × 10−2 5.4075 × 10−2 7.9552 × 10−2 1.5825 × 10−1 1.3460 × 10−1 1.3522 × 10−1 2.6654 × 10−1

F12 2.4026 × 10−1 3.1589 × 10−1 1.5856 × 10−1 1.2824 × 10−1 1.3854 × 10−1 1.3809 × 10−1 2.9596 × 10−1 1.8116 × 10−1 2.7592 × 10−1 5.0326 × 10−1

F13 2.3316 × 10−1 3.0596 × 10−1 1.2143 × 10−1 1.2665 × 10−1 1.2966 × 10−1 1.3382 × 10−1 2.4408 × 10−1 2.1936 × 10−1 2.5295 × 10−1 5.0905 × 10−1

F14 6.7698 × 10−1 7.5053 × 10−1 3.4351 × 10−1 3.3985 × 10−1 3.3099 × 10−1 3.5265 × 10−1 4.3041 × 10−1 4.3446 × 10−1 5.1826 × 10−1 1.2380 × 100

F15 6.1532 × 10−2 9.3392 × 10−2 3.6226 × 10−2 4.2978 × 10−2 3.8608 × 10−2 3.8113 × 10−2 1.1031 × 10−1 9.0620 × 10−2 1.2725 × 10−1 2.6246 × 10−1

F16 5.9045 × 10−2 1.0336 × 10−1 3.3799 × 10−2 3.9366 × 10−2 3.6385 × 10−2 4.0252 × 10−2 1.0379 × 10−1 7.7384 × 10−2 1.2831 × 10−1 2.1716 × 10−1

F17 6.6089 × 10−2 1.0461 × 10−1 1.9708 × 10−2 3.9950 × 10−2 3.2535 × 10−2 3.7021 × 10−2 9.5610 × 10−2 6.3065 × 10−2 1.3259 × 10−1 2.0606 × 10−1

F18 8.3514 × 10−2 1.1229 × 10−1 3.1262 × 10−2 4.5131 × 10−2 3.1597 × 10−2 2.9165 × 10−2 1.1249 × 10−1 8.4600 × 10−2 1.0763 × 10−1 2.1768 × 10−1

F19 7.3697 × 10−2 1.2476 × 10−1 2.8396 × 10−2 4.4830 × 10−2 4.2574 × 10−2 3.9099 × 10−2 1.1571 × 10−1 9.0114 × 10−2 1.4465 × 10−1 2.6988 × 10−1

F20 7.3176 × 10−2 1.0807 × 10−1 2.8218 × 10−2 5.8219 × 10−2 3.6605 × 10−2 4.6614 × 10−2 1.3891 × 10−1 1.1751 × 10−1 1.3354 × 10−1 2.3362 × 10−1

F21 8.7999 × 10−2 1.5877 × 10−1 3.9831 × 10−2 5.5214 × 10−2 4.8524 × 10−2 6.4906 × 10−2 1.4992 × 10−1 9.4011 × 10−2 1.4039 × 10−1 2.6573 × 10−1

F22 1.0196 × 10−1 1.8355 × 10−1 5.1664 × 10−2 6.7354 × 10−2 5.9536 × 10−2 6.7559 × 10−2 1.5836 × 10−1 1.1122 × 10−1 1.6278 × 10−1 3.8579 × 10−1

F23 1.1882 × 10−1 1.8635 × 10−1 6.3300 × 10−2 7.5518 × 10−2 6.1244 × 10−2 7.9163 × 10−2 2.1806 × 10−1 1.2640 × 10−1 2.1946 × 10−1 4.3389 × 10−1

4.2. Experiment 2: IEEE CEC2019 Test Suite

To further validate the effectiveness of EOA, we employ the CEC2019 standard test
functions to confirm its superiority. The explicit introduction of the IEEE CEC2019 test
suite is provided in Table 13. All experiments are compared against seven other algorithms,



Mathematics 2024, 12, 1513 22 of 32

namely, sine cosine algorithm (SCA [33]), lion swarm optimization (LSO [36]), AOA, PSO,
reptile search algorithm (RSA [37]), WOA, and sparrow search algorithm (SSA [34]). The
results are shown in Table 14. Since the average and STD of EOA are the least among
all algorithms for more than half of the functions, we can confidently conclude that the
performance of EOA is excellent.

Table 13. IEEE CEC2019 test suite.

No. Functions Fmin D Search Range

1 Storn’s Chebyshev Polynomial Fitting Problem 1 9 [−8192, 8192]
2 Inverse Hilbert Matrix Problem 1 16 [−16,384, 16,384]
3 Lennard-Jones Minimum Energy Cluster 1 18 [−4, 4]
4 Rastrigin’s Function 1 10 [−100, 100]
5 Griewangk’s Function 1 10 [−100, 100]
6 Weierstrass Function 1 10 [−100, 100]
7 Modified Schwefel’s Function 1 10 [−100, 100]
8 Expanded Schaffer’s F6 Function 1 10 [−100, 100]
9 Happy Cat Function 1 10 [−100, 100]
10 Ackley Function 1 10 [−100, 100]

Table 14. Results of the comparative methods on IEEE CEC2019 test suite.

Fun No. Measure
Comparative Methods

EOA SCA AOA LSO PSO RSA WOA SSA

F1
Average 1.0000 × 100 4.6261 × 102 1.0000 × 100 1.0000 × 100 1.5491 × 103 1.0000 × 100 2.4689 × 103 1.0000 × 100

STD 0.0000 × 100 6.5011 × 102 1.4760 × 10−4 0.0000 × 100 3.0365 × 103 0.0000 × 100 3.5679 × 103 0.0000 × 100

F2
Average 4.7423 × 100 2.6214 × 101 4.8790 × 100 5.0000 × 100 2.0953 × 101 5.0000 × 100 4.5502 × 101 5.0000 × 100

STD 2.2596 × 10−1 1.1409 × 101 1.6112 × 10−1 0.0000 × 100 1.0093 × 101 0.0000 × 100 1.9774 × 101 8.4630 × 10−6

F3
Average 5.5860 × 100 1.2715 × 101 5.6322 × 100 5.9753 × 100 1.2068 × 101 8.9564 × 100 7.2275 × 101 1.0498 × 101

STD 1.1182 × 100 1.8979 × 10−1 1.7676 × 100 9.2398 × 10−1 1.1722 × 100 1.0917 × 100 2.5775 × 100 2.8290 × 100

F4
Average 4.8776 × 101 5.2948 × 101 6.0218 × 101 7.5242 × 101 5.8290 × 101 8.5709 × 101 5.8762 × 101 8.4331 × 101

STD 1.1907 × 101 8.1644 × 100 1.6815 × 101 2.2697 × 101 1.9287 × 101 1.5773 × 101 2.4084 × 101 1.9615 × 101

F5
Average 1.8158 × 101 1.0765 × 101 8.1016 × 101 8.0803 × 101 1.0118 × 101 9.5532 × 101 2.5452 × 100 6.7188 × 101

STD 1.8227 × 101 4.0485 × 100 2.4097 × 101 3.0927 × 101 7.9447 × 100 2.3995 × 101 5.9997 × 10−1 2.8603 × 101

F6
Average 6.7141 × 100 8.1202 × 100 1.0973 × 101 9.4200 × 100 8.9996 × 100 1.1144 × 101 9.2302 × 100 1.1809 × 101

STD 1.7583 × 100 1.3545 × 100 1.2479 × 100 8.9244 × 10−1 1.8231 × 100 1.1472 × 100 2.1539 × 100 1.6148 × 100

F7
Average 1.5222 × 103 1.6382 × 103 1.2810 × 103 1.7133 × 103 1.4719 × 103 1.9188 × 103 1.4682 × 103 1.6061 × 103

STD 2.8147 × 102 1.8822 × 102 2.6387 × 102 3.0674 × 102 3.2844 × 102 1.9653 × 102 3.1903 × 102 3.7153 × 102

F8
Average 4.5748 × 100 4.5615 × 100 4.7911 × 100 4.7051 × 100 4.7021 × 100 5.0206 × 100 4.6447 × 100 4.9544 × 100

STD 2.6585 × 10−1 2.3974 × 10−1 3.1398 × 10−1 3.1656 × 10−1 3.1930 × 10−1 1.6797 × 10−1 2.8375 × 10−1 3.5998 × 10−1

F9
Average 1.4741 × 100 1.6507 × 100 3.0125 × 100 3.5019 × 100 1.5483 × 100 3.0824 × 100 1.4248 × 100 2.6399 × 100

STD 2.3896 × 10−1 1.2800 × 10−1 7.3992 × 10−1 5.8104 × 10−1 4.3488 × 10−1 4.3308 × 10−1 2.3794 × 10−1 9.1971 × 10−1

F10
Average 2.1197 × 101 2.1291 × 101 2.1103 × 101 2.1466 × 101 2.1187 × 101 2.1456 × 101 2.1288 × 101 2.1024 × 101

STD 1.1478 × 100 1.1327 × 100 1.4680 × 10−1 1.0705 × 10−1 1.9119 × 10−1 1.0788 × 10−1 1.4676 × 10−1 1.0726 × 10−1

W|L|T 8|2|0 7|2|1 9|0|1 7|3|0 9|1|0 7|3|0 7|2|1
Mean Rank 2.1000 × 100 4.4000 × 100 3.8000 × 100 5.2000 × 100 3.7000 × 100 6.1000 × 100 4.3000 × 100 4.7000 × 100

Final Rank 1.0000 × 100 5.0000 × 100 3.0000 × 100 7.0000 × 100 2.0000 × 100 8.0000 × 100 4.0000 × 100 6.0000 × 100

5. EOA for Solving Industrial Engineering Design Problems

This section presents the evaluation of the proposed algorithm on six real-world
engineering problems with inequality constraints. These problems include the design of
a speed reducer, pressure vessel, Three-bar trusses, welded beams, tension/compression
springs, and cantilever beams. To handle the constraints, a penalty function approach is
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used, whereby a significant penalty value is assigned if any constraint is violated during
the optimization process. The same parameter settings used in the previous experiments
are employed to ensure consistency and comparability of results across different problems.
By testing the proposed algorithm on these diverse engineering problems, we can assess its
robustness and effectiveness in handling complex constrained optimization tasks.

5.1. Speed Reducer Design Problem

The objective of this problem is to minimize the total weight of a gearbox through the
optimization of seven variables, which include the gear teeth curvature stress, transverse
deflections of the shafts, stresses in the shafts, and surface stress. Figure 7 depicts the design
of the problem, and its mathematical formulation is presented as Equations (10) and (11).

Figure 7. Speed reducer problem.

The performance of EOA is compared against several other optimization algorithms,
including AOA, AO, GWO, PSO, SCA, GA, MDA, MFO, FA, HS, and AAO. The results
of this comparison are presented in Table 15. From the results, EOA outperformed all
other methods and obtained the highest rank in solving the problem. AAO ranked second,
followed by GWO. These results demonstrate the effectiveness of EOA in tackling complex
optimization problems.

Minimize : f (x⃗) = 0.7854x1x2
2

(
3.3333x2

3 + 14.9334x3 − 43.0943
)
− 1.508x1
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)
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6 + x3
7

)
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1.1x7 + 1.9
x5

− 1 ≤ 0

(10)
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where : 2.6 ≤ x1 ≤ 3.6, 0.7 ≤ x2 ≤ 0.8, 17 ≤ x3 ≤ 28, 7.3 ≤ x4 ≤ 8.3,

7.8 ≤ x5 ≤ 8.3, 2.9 ≤ x6 ≤ 3.9, 5 ≤ x7 ≤ 5.5
(11)

Table 15. Results of the comparative algorithms for solving the speed reducer design problem.

Algorithm Optimal Values for Variables Optimum Rankingx1 x2 x3 x4 x5 x6 x7

EOA 3.5 0.7 17 7.317 7.80572 3.350572 5.286685 2996.691188 1
AOA [12] 3.50384 0.7 17 7.3 7.72933 3.35649 5.2867 2997.9157 4
AO [16] 3.5021 0.7 17 7.3099 7.7476 3.3641 5.2994 3007.7328 6

GWO [14] 3.501 0.7 17 7.3 7.811013 3.350704 5.287411 2997.81965 3
PSO [10] 3.5001 0.7 17.0002 7.5177 7.7832 3.3508 5.2867 3145.922 12
SCA [33] 3.508755 0.7 17 7.3 7.8 3.46102 5.289213 3030.563 9
GA [17] 3.510253 0.7 17 8.35 7.8 3.362201 5.287723 3067.561 11

MDA [38] 3.5 0.7 17 7.3 7.670396 3.542421 5.245814 3019.583365 8
MFO [39] 3.49745 0.7 17 7.82775 7.71245 3.35178 5.28635 2998.9408 5

FA [40] 3.507495 0.7001 17 7.71967 8.08085 3.35151 5.28705 3010.137492 7
HS [41] 3.520124 0.7 17 8.37 7.8 3.36697 5.288719 3029.002 10

AAO [42] 3.499 0.6999 17 7.3 7.8 3.3502 5.2872 2996.783 2

5.2. Pressure Vessel Design Problem

The objective of this design problem is to minimize the manufacturing cost of pressure
vessels. The problem involves optimizing four design variables, namely, the thickness of
the shell (Ts) and head (Th), the length of the cylindrical section (L), and the inner radius
(R), while satisfying four constraints, as shown in Figure 8. The mathematical formulation
is in Equation (12). The experimental results, presented in Table 16, demonstrate that
the proposed EOA outperformed other state-of-the-art algorithms, achieving the optimal
solution for this problem. These findings highlight the effectiveness of EOA in tackling
complex optimization problems in the field of engineering design.

Figure 8. Pressure vessel design problem.

Consider : x⃗ = [x1, x2, x3, x4] = [Ts, Th, R, L]

Minimize : f (x⃗) = 0.6224x1x3x4 + 1.7781x2x2
3 + 3.1661x2

1x4 + 19.84x2
1x3

Subject to : g1(x⃗) = −x1 + 0.0193x3 ≤ 0

g2(x⃗) = −x2 + 0.00954x3 ≤ 0

g3(x⃗) = −πx2
3x4 −

4
3

πx3
3 + 1296000 ≤ 0

g4(x⃗) = x4 − 240 ≤ 0

Variable range : 0 ≤ x1 ≤ 99,

0 ≤ x2 ≤ 99,

10 ≤ x3 ≤ 200,

10 ≤ x4 ≤ 200

(12)
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Table 16. Results of the comparative algorithms for solving the pressure vessel design problem.

Algorithm
Optimal Values for Variables

Optimum Ranking
Ts Th R L

EOA 0.7787543 0.3858478 40.32629 199.9165 5892.3459 1
AOA [12] 0.8303737 0.4162057 42.75127 169.3454 6048.7844 4
AO [16] 1.054 0.182806 59.6219 38.805 5949.2258 2

WOA [13] 0.8125 0.4375 42.0982699 176.638998 6059.741 6
SMA [15] 0.7931 0.3932 40.6711 196.2178 5994.1857 3
GWO [14] 0.8125 0.4345 42.0892 176.7587 6051.5639 5

PSO-SCA [33] 0.8125 0.4375 42.098446 176.6366 6059.71433 8
MVO [43] 0.8125 0.4375 42.090738 176.73869 6060.8066 11
GA [17] 0.8125 0.4375 42.097398 176.65405 6059.94634 10

HPSO [44] 0.8125 0.4375 42.0984 176.6366 6059.7143 7
ES [18] 0.8125 0.4375 42.098087 176.640518 6059.7456 9

5.3. Three-Bar Truss Design Problem

This engineering design problem requires creating a truss composed of three bars to
minimize its weight. The problem has a highly constrained search space, with the struc-
tural parameters illustrated in Figure 9 and mathematically formulated in Equation (13).
Table 17 presents the results of solving the three-bar truss design problem using EOA and
compares its performance against several other state-of-the-art optimization algorithms
reported in the literature. The experimental results show that EOA outperformed other
well-known optimization techniques, achieving the minimum weight of the three-bar truss.
These findings highlight the effectiveness of EOA in tackling complex engineering design
problems with highly constrained search spaces.

Figure 9. Three-bar truss design problem.

Table 17. Results of the comparative algorithms for solving the Three-bar truss design problem.

Algorithm
Optimal Values for Variables

Optimum Ranking
x1 x3

EOA 0.788576562 0.408197 263.8628605 1
AOA [12] 0.79369 0.39426 263.9154 8

Ray and Sain [45] 0.795 0.395 264.3 10
AO [16] 0.7926 0.3966 263.8684 2
SSA [34] 0.78866541 0.408275784 263.89584 3

MBA [46] 0.788565 0.4085597 263.89585 5
PSO-DE [47] 0.7886751 0.4082482 263.89584 3

CS [48] 0.78867 0.40902 263.9716 9
GOA [49] 0.788897556 0.40761957 263.8958815 6
MFO [39] 0.788244771 0.409466906 263.8959797 7
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Consider : x⃗ = [x1, x2] = [A1, A2]

Minimize : f (x⃗) =
(

2
√

2x1 + x2

)
× l

Subject to : g1(x⃗) =
√

2x1 + x2√
2x2

1 + 2x1x2

P − σ ≤ 0

g2(x⃗) =
x2√

2x2
1 + 2x1x2

P − σ ≤ 0

g3(x⃗) =
1√

2x2 + x1
P − σ ≤ 0

0 ≤ x1, x2 ≤ 1

where : l = 100 cm

P = 2 KN/cm2

σ = 2 KN/cm2

(13)

5.4. Welded Beam Design Problem

The objective of this problem is to minimize the fabrication cost by optimizing four
variables: the thickness of the bar (b), thickness of weld (h), height of the bar (t), and length
of the attached part of the bar (l), subject to seven constraints, as shown in Figure 10. The
formulation of this problem is presented in Equation (14). EOA is applied for solving
the welded beam design and compared with the results of several algorithms published
in the literature, and the experimental results are presented in Table 18. The results
demonstrate that EOA achieved superior performance in solving this problem, highlighting
its effectiveness in tackling complex engineering optimization tasks.

Figure 10. Welded beam design problem.

Table 18. Results of the comparative algorithms for solving the welded beam design problem.

Algorithm
Optimal Values for Variables

Optimum Ranking
h l t b

EOA 0.20572584 3.4706 9.036535 0.2057338 1.724879 1
GA [17] 0.2489 6.173 8.1789 0.2533 2.43 8

CPSO [50] 0.202369 3.544214 9.04821 0.205723 1.72802 3
WOA [13] 0.205396 3.484293 9.037426 0.206276 1.730499 4
MVO [43] 0.205463 3.473193 9.044502 0.205695 1.72645 2

DAVID [51] 0.2434 6.2552 8.2915 0.2444 2.3841 7
APPROX [51] 0.2444 6.2189 8.2915 0.2444 2.3815 6

HS [52] 0.2442 6.2231 8.2915 0.24 2.3807 5
SIMPLEX [51] 0.2792 5.6256 7.7512 0.2796 2.5307 9
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Consider : x⃗ = [x1, x2, x3, x4] = [h, l, tt, bb]

Minimize : f (x⃗) = 1.10471x2
1x2 + 0.04811x3x4(14.0 + x2)

Subject to : g1(x⃗) = τ(x⃗)− τmax ≤ 0

g2(x⃗) = σ(x⃗)− σmax ≤ 0

g3(x⃗) = δ(x⃗)− δmax ≤ 0

g4(x⃗) = x1 − x4 ≤ 0

g5(x⃗) = P − Pc(x⃗) ≤ 0

g6(x⃗) = 0.125 − x1 ≤ 0

g7(x⃗) = 1.10471x2
1 + 0.04811x3x4(14.0 + x2)− 5.0 ≤ 0

Variable range : 0.1 ≤ x1 ≤ 2, 0.1 ≤ x2 ≤ 10, 0.1 ≤ x3 ≤ 10, 0.1 ≤ x4 ≤ 2

where : τ(x⃗) =
√
(τ′)2 + 2τ′τ′′ x2
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2x1x2
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+
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x4x2

3
, δ(x⃗) =

6PL3

Ex2
3x4

Pc(x⃗) =
4.013E
√

x2
3x6

4
36

L2

(
1 − x3

2L

√
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)
, P = 6000lb, l = 14in., δmax = 0.25in.,

E = 30 × 16 psi, G = 12 × 106 psi, τmax = 13600psi, σmax = 30000psi

(14)

5.5. Tension/Compression Spring Design Problem

The objective of this problem is to minimize the weight of a tension/compression
spring. As depicted in Figure 11, the problem involves optimizing three variables, namely,
the mean coil diameter D, the wire diameter d, and the number of coils N, subject to four
constraints; the mathematical formulation is in Equation (15). To evaluate the performance
of the proposed EOA, we compare it with several state-of-the-art optimization algorithms,
including AOA, PSO, OBSCA, ES, WOA, RO, MVO, GSA, CPSO, and CC. The results of
the experiments, shown in Table 19, indicate that EOA outperformed all other methods,
demonstrating its effectiveness in tackling this challenging optimization problem.

Figure 11. Tension/compression spring design problem.

Table 19. Results of the comparative algorithms for solving the tension/compression spring design
problem.

Algorithm
Optimal Values for Variables

Optimum Ranking
d D N

EOA 0.051073 0.3420839 11.4717 0.012021 1
AOA [12] 0.05 0.349809 11.8637 0.012124 2
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Table 19. Cont.

Algorithm
Optimal Values for Variables

Optimum Ranking
d D N

PSO [10] 0.051728 0.357644 11.244543 0.0126747 5
PO [26] 0.052482 0.375940 10.245091 0.0126720 3

OBSCA [53] 0.0523 0.31728 12.54854 0.012625 4
ES [18] 0.051643 0.35536 11.397926 0.012698 8

WOA [13] 0.051207 0.345215 12.004032 0.0126763 6
RO [54] 0.05137 0.349096 11.76279 0.0126788 7

MVO [43] 0.05251 0.37602 10.33513 0.01279 10
GSA [23] 0.050276 0.32368 13.52541 0.0127022 9

CPSO [50] 0.051728 0.357644 11.244543 0.0126747 5
CC [55] 70.05 0.3159 14.25 0.0128334 11

Consider : x⃗ = [x1, x2, x3] = [d, D, N]

Minimize : f (x⃗) = (x3 + 2)x2x2
1

Subject to : g1(x⃗) = 1 −
x3

2x3

71785x4
1
≤ 0

g2(x⃗) =
4x2

2 − x1x2

12566
(
x2x3

1 − x4
1
) + 1

5108x2
1
≤ 0

g3(x⃗) = 1 − 140.45x1

x2
2x3

≤ 0

g4(x⃗) =
x1 + x2

1.5
− 1 ≤ 0

Variable range : 0.05 ≤ x1 ≤ 2

0.25 ≤ x2 ≤ 1.30

2.00 ≤ x3 ≤ 15

(15)

5.6. Cantilever Beam Design Problem

This problem is a concrete engineering optimization problem aimed at minimizing
the total weight of a cantilever beam by optimizing the parameters of a hollow square
cross-section. Figure 12 depicts the design of the problem, and its mathematical formulation
is presented in Equation (16).

Figure 12. Cantilever beam design problem.

Consider : x⃗ = [x1, x2, x3, x4, x5]

Minimize : f (x⃗) = 0.6224(x1 + x2 + x3 + x4 + x5)

Subject to : g(x⃗) =
60
x3

1
+

27
x3

2
+

19
x3

3
+

7
x3

4
+

1
x3

5
− 1 ≤ 0

Variable range : 70.01 ≤ x1, x2, x3, x4, x5 ≤ 100

(16)

To evaluate the performance of EOA in solving the cantilever beam design problem,
we compare it with several algorithms: SMA, MFO, ALO, MMA, and SOS. From the
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experimental results listed in Table 20, it can be concluded that EOA came in the first rank
compared with all other algorithms, which proves that EOA has the ability to solve the
engineering problem with significant advantages.

Table 20. Results of the comparative algorithms for solving the cantilever beam design problem.

Algorithm
Optimal Values for Variables

Optimum Weight Ranking
x1 x2 x3 x4 x5

EOA 6.023716 5.303997 4.4954247 3.49728 2.15328 1.33994 1
SMA [15] 6.017757 5.310892 4.493758 3.501106 2.150159 1.33996 3
MFO [39] 5.983 5.3167 4.4973 3.5136 2.1616 1.33998 6
ALO [56] 6.01812 5.31142 4.48836 3.49751 2.158329 1.33995 2
MMA [57] 6.01 5.3 4.49 3.49 2.15 1.34 5
SOS [58] 6.01878 5.30344 4.49587 3.49896 2.15564 1.33996 3

6. Conclusions

Compared to traditional optimization algorithms, meta-heuristic algorithms offer dis-
tinct advantages in tackling challenging optimization problems, such as high-dimensional
and multimodal optimization problems. However, these algorithms are not general and
require further improvement in optimization accuracy and speed for certain problems.
In this paper, a novel meta-heuristic algorithm, referred to as EOA, is proposed. EOA
consists of two phases: party nomination and presidential campaign, corresponding to
exploratory and exploitative phases, respectively. In contrast to the classical algorithms,
EOA incorporates the random factors in both the exploration and exploitation phases and
thus achieves a balance between exploration and exploitation.

To evaluate the performance of the proposed algorithm, we conduct experiments using
twenty-three classical test functions and the CEC2019 test set, comparing its performance
to that of other classical algorithms. Qualitative analyses demonstrate that EOA exhibits
higher amplitudes and frequencies in early iterations, gradually decreasing in subsequent
iterations, indicating its strong exploration and exploitation capabilities throughout the
optimization process. For unimodal functions, the EOA notably outperforms other com-
parison algorithms in terms of convergence speed and accuracy, highlighting its high
exploitability and reliability. This superiority can be attributed to the mediation capability
of the control factors in the presidential election phase, which accelerates convergence
speed and narrows down the search region. In the case of multimodal functions, the
EOA generally outperforms other comparison algorithms, primarily due to the stochastic
strategy reference factor employed in the party nomination phase. This factor provides
greater flexibility to EOA and helps EOA to effectively escape local optima. Furthermore,
the adaptability of EOA is demonstrated through multidimensional tests, showcasing its
efficacy in handling high-dimensional and complex problems. Statistical results from the
Wilcoxon rank-sum test analysis indicate that EOA not only outperforms other algorithms,
but also maintains a balance between exploration and exploitation. Finally, we compare
EOA and related engineering application algorithms on six classical engineering problems,
which confirms the applicability of EOA in real engineering scenarios.

In future work, we will consider introducing relevant balancing strategies to further
harmonize the exploration and exploitation phases of EOA and ensure solution accuracy
while achieving overall computational time improvements.
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