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Abstract: An enhanced dung beetle optimization algorithm (EDBO) is proposed for nonlinear
optimization problems with multiple constraints in manufacturing. Firstly, the dung beetle rolling
phase is improved by removing the worst value interference and coupling the current solution
with the optimal solution to each other, while retaining the advantages of the original formulation.
Subsequently, to address the problem that the dung beetle dancing phase focuses only on the
information of the current solution, which leads to the overly stochastic and inefficient exploration
of the problem space, the globally optimal solution is introduced to steer the dung beetle, and a
stochastic factor is added to the optimal solution. Finally, the dung beetle foraging phase introduces
the Jacobi curve to further enhance the algorithm’s ability to jump out of the local optimum and avoid
the phenomenon of premature convergence. The performance of EDBO in optimization is tested using
the CEC2017 function set, and the significance of the algorithm is verified by the Wilcoxon rank-sum
test and the Friedman test. The experimental results show that EDBO has strong optimization-seeking
accuracy and optimization-seeking stability. By solving four engineering optimization problems of
varying degrees, EDBO has proven to have good adaptability and robustness.

Keywords: dung beetle optimization algorithm; Jacobi curve; CEC2017; Wilcoxon rank sum test;
Friedman test

MSC: 68T20

1. Introduction

As society and the economy evolve swiftly, numerous optimization challenges have
surfaced across various disciplines including engineering, economics, logistics, and op-
erations research, focusing on the distribution of resources, scheduling, and enhancing
engineering efficiency [1–3]. The core challenge is to find the most favorable outcome in a
complex solution space while considering the trade-offs between conflicting objectives and
constraints. The engineering optimization problem is one of the most important classes
of optimization problems in engineering and manufacturing. Optimizing it can efficiently
allocate resources, minimize costs, maximize performance, and satisfy design requirements
to achieve the desired results and objectives [1,4,5].

Population-based intelligent optimization algorithms have the potential for global
search capability, allowing them to efficiently find the optimal solution to optimization prob-
lems, and thus have become a hotspot for scholarly research today [6–8]. Li et al. proposed
an enhanced snake optimization algorithm (ESO) that has the capability of fast conver-
gence when solving four real engineering optimization problems [9]. Teng and colleagues
suggested an enhanced multi-strategy Sparrow Search Algorithm (ISSA) to address the
Sparrow Search Algorithm’s limitations, and its application in channel estimation frequency
optimization significantly lowers the Bit Error Rate (BER), showcasing the algorithm’s effi-
cacy in engineering [10]. Chao et al. formulated a new Sparrow Search Algorithm (MSSA)
by introducing an elite inverse learning strategy and verify the excellence and competi-
tiveness of the proposed algorithm by solving three classical engineering problems [11].
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Zeng and colleagues integrated a differential evolution algorithm and a whale optimization
algorithm to enhance population diversity, demonstrating that the latter’s convergence
was markedly more effective in addressing three engineering challenges [12]. Li et al. has
proposed an improved Balanced Optimizer Algorithm (MEO), and the MEO demonstrates
good optimization efficiency and application potential in solving seven engineering design
problems with varying degrees of complexity [13]. Wang and colleagues suggested an
enhanced multi-strategy Hunter Optimization Algorithm (IHPO) to tackle the challenges of
sluggish convergence and the tendency to settle into local optima. This algorithm exhibits
enhanced practicality and steadiness in resolving engineering optimization challenges [14].

Proposed in 2022, the dung beetle optimization (DBO) algorithm represents a novel
approach to population intelligence optimization. Primarily, it mimics the movements,
dances, foraging, theft, and mating rituals of dung beetles [15]. Although Xun proved the
superiority of the DBO algorithm, it still has shortcomings, such as easily falling into local
optima and poor global search ability. Therefore, many scholars have improved the DBO
accordingly [16–18]. Fang et al. suggested a DBO algorithm that merges quantum comput-
ing with multi-strategy (QHDBO), designed to prevent the algorithm from hitting local
peaks through the t-distribution mutation approach in quantum computing, enhancing
its convergence speed and optimization precision [19]. Wang et al.’s suggested approach
leverages the current population’s ideal directional shift and the best value derived from the
Opposition-Based Learning (OBL) multi-strategy DBO algorithm (GODBO). Experimental
findings from CEC2017 reveal that the enhanced algorithm achieves quicker convergence
rates and greater accuracy [20]. Li et al. proposed a multi-strategy-improved DBO algo-
rithm (MSIDBO) to shorten the path planning of mobile robots. Simulation experiments
show that the MSIDBO algorithm effectively solves problems in practical applications [17].
Zhang and colleagues propose the development of a DBO algorithm, utilizing the Extreme
Learning Machine (ELM) and Adaptive Spiral (ASDBO) to improve the predictive precision
of photovoltaic (PV) power production. When conducting predictive tests in diverse cli-
matic scenarios, the outcomes revealed ASDBO’s superior efficiency and predictive power
in PV systems [21].

In order to explore a better way to solve engineering optimization problems and
expand the application space of DBO, this paper proposes an enhanced dung beetle opti-
mization algorithm. First, it improves the rolling phase by removing interference from the
worst values and coupling the current and optimal solutions while retaining the advantages
of the original formulation. Secondly, it addresses the problem of focusing solely on the
information of the current solution in the dancing phase, which leads to overly stochastic
and inefficient exploration of the problem space. The global optimal solution is introduced
to guide it, and a stochastic factor is added to the optimal solution. Finally, the Jacobi curve
is introduced during the foraging phase to further enhance the algorithm’s ability to escape
local optima and avoid premature maturity. By comparing EDBO with the pigeon-inspired
optimization algorithm (PIO) [22], whale optimization algorithm (WOA) [23], butterfly
optimization algorithm (BOA) [24], sine cosine algorithm (SCA) [25], coati optimization
algorithm (COA) [26], simulated annealing (SA) [27], and the original DBO algorithm in
different dimensions of the CEC2017 test function for optimization comparison and con-
ducting Wilcoxon rank sum test and Friedman test, we verify the advantages of the EDBO
algorithm with strong optimization ability and fast convergence speed. EDBO is used in
the solution of four real engineering optimization problems, showing the adaptability of
EDBO to solving engineering optimization problems.

2. Preliminary Preparation
2.1. Engineering Optimization Problem Description

In this paper, four types of engineering optimization problems with different levels
of complexity are selected, including the three-bar diffraction frame problem [28], the
tension/compression spring design problem [29], the pressure vessel design problem [30],
and the cantilever beam design problem [31].
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2.1.1. Three Pole Truss Design Issues

In civil engineering, the challenge of creating a three-bar truss with the least weight,
known as the three-bar truss design problem, is a prevalent nonlinear fractional optimiza-
tion issue. This issue comprises two variables and three limitations, with its mathematical
framework outlined as follows:

Dimension:
Dim = 2

Objective function:
min f1(x) = (2

√
2x1 + x2)× L

Restrictive functions:

g1 =

√
2x1 + x2√

2x2
1 + 2x1x2

P− σ ≤ 0

g2 =
x2√

2x2
1 + 2x1x2

P− σ ≤ 0

g3 =
1

x1 +
√

2x2
P− σ ≤ 0

Domain of variables:
Lb = 0

Ub = 1

The constants are L = 100 cm, P = 2 KN/cm2, and σ = 2 KM/cm2.

2.1.2. Tension/Compression Spring Design

The issue of extension/compression springs represents a traditional design challenge
in structural engineering, involving three variables. The goal is to reduce the spring’s
weight while adhering to four key conditions: bending, shear stress, rate of fluctuation,
and external diameter. The following is the given expression:

Dimension:
Dim = 3

Objective function:
min f2(x) = (x3 + 2)x2x2

1

Restrictive functions:

g1 = 1−
x3

2x3

71785x4
1
≤ 0

g2 =
4x2

2 − x1x2

12566(x2x3
1 − x4

1)
+

1
5108x2

1
− 1 ≤ 0

g3 = 1− 140.45x1

x2
2x3

≤ 0

g4 =
x1 + x2

1.5
− 1 ≤ 0

Domain of variables:
Lb = [ 0.05 0.25 2 ]

Ub = [ 2 1.3 15 ]
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2.1.3. Pressure Vessel Design Issues

The goal in designing a pressure vessel is to reduce the overall expense (in terms
of material, formation, and welding) of the cylindrical pressure vessel, involving four
variables and four constraints. Below is the mathematical depiction of the issue:

Dimension:
Dim = 4

Objective function:

min f3(x) = 0.6224x1x3x4 + 1.7781x2x2
3 + 3.1661x2

1x4 + 19.84x2
1x3

Restrictive functions:
g1 = −x1 + 0.0193x3 ≤ 0

g2 = −x2 + 0.00954x3 ≤ 0

g3 = −πx2
3x4 −

4
3

πx2
3 + 1296000 ≤ 0

g4 = x4 − 240 ≤ 0

Domain of variables:

Lb = [ 0 0 10 10 ]

Ub = [ 99 99 200 200 ]

2.1.4. Cantilever Beam Design Issues

Designing a cantilever beam involves a structural engineering challenge focused on de-
termining the optimal weight for a cantilever beam, considering five different beam heights
(or widths) as key variables. The mathematical formula for it is provided underneath.

Dimension:
Dim = 5

Objective function:

min f4(x) = 0.0624(x1 + x2 + x3 + x4 + x5)

Restrictive functions:

g(x) =
61
x3

1
+

37
x3

2
+

19
x3

3
+

7
x3

4
+

1
x3

5
− 1 ≤ 0

Domain of variables:
Lb = 0.01

Ub = 100

2.2. Dung Beetle Optimization Algorithm
2.2.1. Population Initialization

Through randomization, the DBO algorithm creates a starting population, with each
dung beetle’s placement aligning with a resolution of the optimization issue. In the context
of the D-dimensional optimization issue, the location of the i-th dung beetle is indicated
as xi = [xi,1, xi,2, . . ., xi,D], while the group of dung beetles with a size N is represented as
X = [x1, x2, . . ., xN]T, as depicted in Equation (1).

X =

 x1,1 · · · x1,D
...

. . .
...

xN,1 · · · xN,D

 (1)
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2.2.2. Rolling Dung Beetles

Dung beetles in the wild utilize heavenly signals while rolling to maintain the straight-
ness of their dung balls. As it rolls, the dung beetle’s location is modified based on
Equation (2).

zi(t + 1) = zi(t) + α× k× zi(t− 1) + b× ∆z
∆z = |zi(t)− Zw| (2)

where t denotes the current iteration number, zi(t) denotes the position information of
the i-th dung beetle at the t-th iteration, k∈(0, 0.2] is a constant denoting the deflection
coefficient, b∈(0, 1),α is the natural coefficient taken as 1 or −1, Zw is the global worst
position, and ∆z simulates the variation of light intensity. The pseudo-code for this section
is shown in Algorithm 1.

Algorithm 1: α selection strategy

Require: The probability value λ

Ensure: The natural coefficient α
1: η = rand (1)
2: if η > λ then
3: α = 1
4: else
5: α = −1
6: end if

2.2.3. Dancing Dung Beetle

Faced with a hindrance that prevents its progression, the dung beetle engages in a
dance to alter its rolling trajectory. To mimic the dung beetle’s dance movements, the DBO
employs the tangent function to determine the updated rolling direction. As depicted in
Equation (3), the location of the dancing dung beetle has been recalibrated.

zi(t + 1) = zi(t) + tan(θ)|zi(t)− zi(t− 1)| (3)

where θ is the deflection angle belonging to [0,π], and |zi(t) − zi(t − 1)| is the difference
between the t-th and (t − 1)-th iterations of the i-th dung beetle, so the update of the dung
beetle’s position is closely related to current and historical information.

2.2.4. Breeding Dung Beetles

The dung balls are rolled to a safe place and hidden by the dung beetles, these dung
balls are partly used as food and partly used for laying eggs and reproducing the next
generation as brood balls. DBO proposes a boundary selection strategy to define the area
of brood balls, as shown in Equation (4).{

Lb∗ = max(Z∗ × (1− R), Lb)
Ub∗ = max(Z∗ × (1 + R), Ub)

(4)

where Z* denotes the current local optimum position, Lb* and Ub* denote the lower and
upper bounds of the spawning region, respectively, R = 1 − t/Tmax, Tmax denotes the
maximum number of iterations, and Ub and Lb denote the upper and lower bounds of the
optimization problem, respectively.

Once the brood ball is moved to the designated breeding zone, the female dung beetle
proceeds to deposit eggs within. Within the DBO environment, every female dung beetle is
limited to laying a single egg. Equation (4) reveals that the spawning area’s boundary range
varies dynamically with R’s value, leading to a dynamic shift in the spawning location, as
depicted in the Equation (5).

Bi(t + 1) = Z∗ + b1 × (Bi(t)− Lb∗) + b2 × (Bi(t)−Ub∗) (5)
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where Bi(t) is the position information of the i-th sphere at the t-th iteration, b1 and b2 are
two independent random vectors of size 1 × D, and D is the dimension of the optimization
problem. The pseudo-code for this section is shown in Algorithm 2.

Algorithm 2: The brood ball position updating strategy

Require: The maximum iteration number Tmax, the brood ball number n, and the present
iteration number t.
Ensure: The position of the i-th brood ball Bi
1: R = 1 − t/Tmax
2: for i← 1 to n do
3: Update the brood ball’s position by Equation (5)
4: for j← 1 to D do
5: if Bij > Ub* then
6: Bij ← Ub*
7: end if
8: if Bij < Lb* then
9: Bij ← Lb*
10: end if
11: end for
12: end for

2.2.5. Foraging Dung Beetle

As the small dung beetles in the brood ball develop and mature, they will burrow out
to forage, and the boundary of the optimal foraging area is shown in Equation (6):{

Lbb = max(Zb × (1− R), Lb)
Ubb = min(Zb × (1 + R), Ub)

(6)

where Zb denotes the global optimal position, and Ubb and Lbb denote the upper and lower
bounds of the optimal foraging area. The small dung beetle position is updated as shown
in Equation (7).

zi(t + 1) = zi(t) + C1 × (zi(t)− Lbb) + C2 × (zi(t)−Ubb) (7)

where zi(t) denotes the position information of the i-th small dung beetle at the t-th iteration,
C1 denotes a random number obeying a normal distribution, and C2 is a random vector in
the range of (0, 1).

2.2.6. Stealing Dung Beetles

Within populations of dung beetles, certain beetles pilfer dung balls from those pro-
pelling balls, known as thieves. Equation (6) reveals that Zb serves as the ideal food source,
leading to the presumption that Zb is the prime site for competing food. Consequently, the
thief’s location during the iteration is depicted in Equation (8).

zi(t + 1) = Zb + S× g× (|zi(t)− Z∗|+
∣∣∣zi(t)− Zb

∣∣∣) (8)

where zi(t) denotes the position information of the t-th iteration of the i-th thief, g is a
random vector of size 1 × D obeying a normal distribution, and S is a constant.

3. Improving the Dung Beetle Optimization Algorithm
3.1. Reasons for Improvements

While the initial DBO algorithm excels in optimization, it suffers from shortcomings,
such as insufficient global search capabilities, poor convergence precision, and a tendency to
gravitate towards local optimal solutions. For practical engineering optimization challenges,
the algorithm must possess strong capabilities in both global search and local development.
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Consequently, this document suggests three enhancement tactics to rectify the limitations of
the initial DBO algorithm and to bolster its overall search capabilities and local exploitation
prowess. These tactics consider the investigation and utilization of the algorithm, thereby
improving its capability to search for optimization.

3.2. Improved Rolling Dung Beetles

In Equation (2), α models the fact that natural factors (wind and uneven ground)
can cause dung beetles to deviate from their original direction, when α = 1 represents no
deviation, and α = −1 represents deviation from the original direction; k is the deflection
coefficient. ∆z is the absolute value of the position of the i-th dung beetle at the current
iteration compared to the position of the global worst, which interferes with the quality
of the solution. Therefore, in this paper, the perturbation of the worst value is removed,
and the perturbation of the global optimal solution is newly added to couple the current
solution with the optimal solution, while retaining α × k × zi(t − 1) to keep its deflection
unchanged and retain the advantages of the original formula. The improved formula is
shown in Equation (9).

zi(t + 1) = r1 × zi(t)− r2 × Zb + α× k× zi(t− 1) (9)

where r1 and r2 are random numbers between (0, 1) and Zb is the global optimal position.

3.3. Improved Dancing Dung Beetles

In Equation (3), from |zi(t)− zi(t− 1)|, it can be seen that the DBO only focuses on the
information of the current solution and has little guidance for updating the next solution,
which leads to the exploration of the problem space being too random and inefficient during
the global search. Therefore, in this paper, the global optimal solution is introduced to guide
Equation (3), the stochastic factor is added to the optimal solution, and the exploration
around the optimal solution is carried out to improve the quality of the solution. The
improved formula is shown in Equation (10).

zi(t + 1) = r3 × zi(t)− (zi(t)− r4 × Zb) (10)

where r3 and r4 are random numbers between (0, 1).

3.4. Improved Foraging Dung Beetles

In order to improve the searching ability of the DBO algorithm in the dung beetle
foraging phase, the Jacobi curve is added to the foraging phase of the original DBO
algorithm. Jacobi curve is named after the mathematician Carl Jacobi, who proposed it in
the early 19th century. The improved Jacobi curve is shown in Equation (11).

zi(t + 1) = r5 × zi(t) + (eθ − 2× Zb × sin θ)/(sin θ − cos θ) (11)

where r5 is a random number between (0, 1) and θ ∈ (0, π).
Different from the original algorithm, in this strategy, the position update of the small

dung beetle in the foraging phase will be determined by the random number generated
pseudo-randomly in the interval (0, 1), and when the random number is less than 0.5, the
position strategy is carried out according to Equation (11); vice versa, the position update
is carried out according to Equation (7). This strategy not only improves global search
efficiency, but also helps the algorithm to jump out of the local optimum, which lays the
foundation for exact optimality search.

3.5. EDBO Algorithm Implementation Steps

Algorithm 3 displays the pseudo-code used in the EDBO algorithm.
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Algorithm 3: The framework of the EDBO algorithm.

Require: The largest iteration, Tmax, represents the particle’s population size N.
Ensure: Ideal location Zb and its corresponding fitness measure fb.
1: Begin by setting the particle’s population i← 1, 2, . . .. . ., N and establish its pertinent parameters
2: while t ≤ Tmax do
3: for i = 1 to Number of rolling dung beetles do
4: a = rand (1)
5: if a ≤ 0.9 then
6: Select α value by Algorithm 1
7: Update rolling dung beetle location by Equation (9).
8: else
9: Update dancing dung beetle location by Equation (10).
10: end if
11: end for
12: for i = 1 to Number of breeding dung beetles do
13: Update the brood ball’s position by using Algorithm 2
14: end for
15: for i = 1 to Number of foraging dung beetles do
16: Determination of the optimal foraging area according to Equation (6)
17: if rand < 0.5 then
18: Update the improved Jacobi position update curve according to Equation (11)
19: else
20: Update foraging dung beetle location by Equation (7).
21: end if
22: end for
23: for i = 1 to Number of stealing dung beetles do
24: Update stealing dung beetle location by Equation (8).
25: end for
26: if the newly generated position is better than before then
27: Update it
28: end if
29: t = t + 1
30: end while
31: Provide Zb along with its corresponding fitness value fb;

4. Experimental Results and Discussion
4.1. Experimental Design

In order to verify the convergence speed and optimization ability of the EDBO algo-
rithm, this paper uses the CEC2017 test function set. All the functions in the test set are
rotated and shifted, which increases the optimization difficulty of the algorithm [32]. Every
function within the test set undergoes rotation and adjustment, thereby amplifying the
complexity of the algorithm’s optimization quest. The primary components of CEC2017
are 30 testing functions; however, owing to F2’s instability, not all experiments involving
F2 were conducted. Within this group, F1 and F3 represent single-peak functions character-
ized solely by global minima and lacking local minima, primarily serving to evaluate the
algorithm’s proficiency in identifying the optimal solution; F4–F10 are multi-peak functions
featuring local extreme points, assessing the algorithm’s capacity to deviate from the local
optimum; F11–F20 are hybrid functions that include at least three CEC2017 benchmark
functions post-rotation or shift, with each subfunction assigned specific weights; F21–F30
are composite functions comprising a minimum of three hybrid or CEC2017 benchmark
functions post-rotation and displacement, where each subfunction carries an extra bias
value and weight, collectively heightening the algorithm’s optimization complexity.

Comparison algorithms: In addition to the standard DBO algorithm, six other widely
used optimization algorithms are selected for comparison in this paper, namely: pigeon-
inspired optimization algorithm (PIO), whale optimization algorithm (WOA), butterfly
optimization algorithm (BOA), sine cosine algorithm (SCA), coati optimization algorithm
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(COA), and simulated annealing (SA). The parameters of the comparison algorithms are
set as shown in Table 1 and run independently for 100 times.

Table 1. Comparison algorithm parameter settings.

Algorithm Population Size Number of Iterations Parameters

DBO 30 500 k = λ = 0.1, b = 0.3, S = 0.5
PIO 30 500 R = 0.3, Vmax = 0.5, T1 = 290, T2 = 10
SCA 30 500 a = 2, b = 5, h = 0.05
BOA 30 500 α = 0.1, c = 0.01, p = 0.8
WOA 30 500 a = 2 × (1 − t/tmax), k = 1
COA 30 500 Consistent with the original
SA 30 500 T0 = 1000, α = 0.9, Tend = 0.001, k = 0

EDBO 30 500 k = λ = 0.1; b = 0.3; S = 0.5

4.2. Results and Analysis

In order to verify the performance of EDBO in different dimensions, 30, 50, and
100 dimensions are used for the test function for a more comprehensive comparison. The
experimental results of 30, 50, and 100 dimensions are shown in Tables 2–4, where the
mean, standard deviation, and optimal value are the evaluation indexes of the algorithm’s
performance. The smaller the mean, the higher the algorithm’s convergence accuracy, and
the smaller the standard deviation, the more superior the algorithm stability is [33–35].

Table 2. CEC2017 test results 30-dimension.

DBO PIO SCA BOA WOA COA SA EDBO

F1
mean 2.48E+08 2.32E+10 2.12E+10 5.44E+10 5.67E+09 5.92E+10 9.31E+08 4.31E+07

std 1.71E+08 5.74E+09 3.92E+09 7.53E+09 1.87E+09 6.93E+09 7.32E+08 8.98E+07
best 3.81E+04 1.29E+10 9.86E+09 3.99E+10 2.92E+09 3.74E+10 1.49E+08 3.36E+04

F3
mean 9.50E+04 9.23E+04 8.33E+04 8.15E+04 2.66E+05 8.56E+04 3.42E+05 7.65E+04

std 3.14E+04 1.10E+04 1.53E+04 7.72E+03 6.87E+04 5.57E+03 7.84E+04 1.06E+04
best 5.67E+04 5.60E+04 5.95E+04 6.58E+04 1.45E+05 6.52E+04 1.80E+05 5.28E+04

F4
mean 6.46E+02 2.96E+03 3.09E+03 2.11E+04 1.37E+03 1.53E+04 7.44E+02 5.49E+02

std 1.06E+02 7.47E+02 1.14E+03 3.85E+03 3.86E+02 2.98E+03 1.32E+02 5.58E+01
best 4.41E+02 2.09E+03 1.22E+03 1.39E+04 8.43E+02 9.04E+03 5.90E+02 4.07E+02

F5
mean 7.51E+02 8.69E+02 8.34E+02 9.21E+02 8.46E+02 9.23E+02 7.28E+02 6.77E+02

std 6.39E+01 4.57E+01 2.82E+01 2.43E+01 4.86E+01 2.80E+01 5.12E+01 4.97E+01
best 6.22E+02 7.76E+02 7.81E+02 8.77E+02 7.39E+02 8.41E+02 6.50E+02 6.00E+02

F6
mean 6.48E+02 6.67E+02 6.64E+02 6.91E+02 6.83E+02 6.90E+02 6.47E+02 6.35E+02

std 1.37E+01 9.97E+00 7.54E+00 5.51E+00 1.13E+01 5.48E+00 1.01E+01 9.48E+00
best 6.22E+02 6.47E+02 6.52E+02 6.81E+02 6.63E+02 6.79E+02 6.21E+02 6.20E+02

F7
mean 1.02E+03 1.46E+03 1.25E+03 1.41E+03 1.31E+03 1.41E+03 1.07E+03 9.89E+02

std 6.88E+01 7.14E+01 5.85E+01 5.10E+01 9.42E+01 4.80E+01 8.23E+01 6.37E+01
best 8.94E+02 1.30E+03 1.14E+03 1.27E+03 1.08E+03 1.31E+03 9.18E+02 8.60E+02

F8
mean 1.03E+03 1.15E+03 1.09E+03 1.15E+03 1.07E+03 1.14E+03 1.03E+03 9.47E+02

std 5.88E+01 1.80E+01 2.39E+01 1.48E+01 5.34E+01 2.48E+01 4.77E+01 3.82E+01
best 9.09E+02 1.12E+03 1.02E+03 1.12E+03 9.82E+02 1.08E+03 9.40E+02 8.91E+02

F9
mean 6.66E+03 1.22E+04 8.35E+03 1.14E+04 1.23E+04 1.11E+04 1.27E+04 6.39E+03

std 2.32E+03 2.53E+03 2.03E+03 1.35E+03 4.52E+03 1.19E+03 4.17E+03 2.24E+03
best 2.89E+03 8.07E+03 5.79E+03 8.64E+03 4.60E+03 8.74E+03 5.93E+03 1.53E+03

F10
mean 6.57E+03 9.02E+03 8.85E+03 9.21E+03 7.70E+03 9.03E+03 5.50E+03 7.00E+03

std 1.17E+03 3.09E+02 2.59E+02 3.75E+02 8.14E+02 4.47E+02 6.09E+02 1.30E+03
best 4.52E+03 8.32E+03 8.18E+03 8.26E+03 5.88E+03 8.20E+03 4.44E+03 4.31E+03



Mathematics 2024, 12, 1084 10 of 29

Table 2. Cont.

DBO PIO SCA BOA WOA COA SA EDBO

F11
mean 1.97E+03 4.75E+03 4.03E+03 8.85E+03 8.55E+03 8.97E+03 1.63E+04 1.40E+03

std 1.15E+03 1.18E+03 1.20E+03 2.57E+03 3.96E+03 2.28E+03 8.84E+03 1.17E+02
best 1.36E+03 2.86E+03 2.49E+03 4.69E+03 3.09E+03 4.12E+03 5.35E+03 1.22E+03

F12
mean 6.75E+07 2.01E+09 2.40E+09 1.34E+10 5.95E+08 1.33E+10 6.69E+07 1.16E+07

std 1.16E+08 4.36E+08 5.96E+08 3.70E+09 2.97E+08 3.77E+09 7.65E+07 2.23E+07
best 2.43E+06 1.07E+09 1.37E+09 4.81E+09 1.34E+08 5.23E+09 1.20E+07 2.45E+05

F13
mean 1.53E+07 7.39E+08 1.35E+09 1.19E+10 1.47E+07 1.02E+10 1.99E+08 1.03E+07

std 2.60E+07 2.17E+08 7.53E+08 5.87E+09 2.13E+07 4.44E+09 7.24E+08 4.09E+07
best 7.32E+04 3.09E+08 3.63E+08 3.55E+09 1.25E+06 1.51E+09 3.27E+05 1.19E+04

F14
mean 2.80E+05 7.78E+05 7.62E+05 5.98E+06 1.89E+06 4.24E+06 6.74E+06 2.61E+05

std 4.02E+05 6.38E+05 4.79E+05 8.38E+06 1.95E+06 3.87E+06 5.35E+06 3.44E+05
best 5.17E+04 1.68E+05 1.72E+05 2.43E+05 5.04E+04 3.71E+05 2.95E+05 9.15E+03

F15
mean 8.70E+04 1.55E+08 5.94E+07 6.49E+08 9.09E+06 7.39E+08 2.17E+07 5.22E+04

std 1.02E+05 7.55E+07 5.99E+07 4.63E+08 1.22E+07 5.15E+08 4.27E+07 5.04E+04
best 7.10E+03 3.42E+07 4.77E+06 3.53E+07 1.09E+05 4.49E+07 2.33E+04 4.37E+03

F16
mean 3.42E+03 4.08E+03 4.19E+03 7.79E+03 4.39E+03 6.51E+03 3.30E+03 3.25E+03

std 4.65E+02 1.76E+02 2.78E+02 2.26E+03 7.54E+02 1.19E+03 3.61E+02 4.41E+02
best 2.37E+03 3.70E+03 3.44E+03 5.41E+03 3.38E+03 4.13E+03 2.30E+03 2.23E+03

F17
mean 2.71E+03 2.84E+03 2.82E+03 9.41E+03 2.88E+03 6.42E+03 2.70E+03 2.53E+03

std 2.79E+02 1.55E+02 2.01E+02 7.20E+03 3.25E+02 4.78E+03 3.52E+02 2.58E+02
best 2.12E+03 2.56E+03 2.41E+03 3.77E+03 2.13E+03 2.93E+03 2.06E+03 1.96E+03

F18
mean 3.55E+06 1.23E+07 1.40E+07 6.11E+07 1.21E+07 5.75E+07 1.38E+07 2.80E+06

std 4.91E+06 6.57E+06 6.68E+06 6.14E+07 1.12E+07 4.62E+07 1.56E+07 5.15E+06
best 1.42E+05 2.57E+06 2.49E+06 7.44E+06 1.07E+06 3.97E+06 8.22E+05 6.04E+04

F19
mean 2.41E+06 2.05E+08 9.07E+07 8.11E+08 2.53E+07 9.08E+08 1.34E+06 6.88E+05

std 4.86E+06 1.25E+08 5.68E+07 5.42E+08 2.05E+07 4.37E+08 2.43E+06 1.34E+06
best 6.10E+03 4.24E+07 1.44E+07 4.12E+07 1.67E+06 1.43E+08 1.78E+04 2.80E+03

F20
mean 2.72E+03 2.98E+03 2.88E+03 3.13E+03 2.87E+03 3.10E+03 2.93E+03 2.68E+03

std 2.61E+02 1.42E+02 1.51E+02 1.25E+02 1.83E+02 1.71E+02 3.26E+02 2.01E+02
best 2.30E+03 2.58E+03 2.51E+03 2.81E+03 2.54E+03 2.69E+03 2.26E+03 2.25E+03

F21
mean 2.54E+03 2.62E+03 2.60E+03 2.75E+03 2.65E+03 2.74E+03 2.51E+03 2.47E+03

std 5.11E+01 2.49E+01 2.48E+01 6.22E+01 6.90E+01 5.27E+01 3.92E+01 5.66E+01
best 2.43E+03 2.58E+03 2.55E+03 2.59E+03 2.50E+03 2.65E+03 2.43E+03 2.38E+03

F22
mean 5.21E+03 5.31E+03 9.96E+03 7.22E+03 8.55E+03 9.74E+03 7.13E+03 3.51E+03

std 2.31E+03 1.89E+03 1.50E+03 1.27E+03 1.37E+03 6.47E+02 1.14E+03 2.14E+03
best 2.41E+03 3.77E+03 4.08E+03 4.32E+03 3.77E+03 8.02E+03 2.42E+03 2.31E+03

F23
mean 3.02E+03 2.99E+03 3.09E+03 3.53E+03 3.15E+03 3.59E+03 2.97E+03 2.94E+03

std 8.21E+01 2.55E+01 3.88E+01 1.47E+02 1.21E+02 1.56E+02 6.06E+01 9.82E+01
best 2.88E+03 2.94E+03 3.01E+03 3.12E+03 2.92E+03 3.31E+03 2.79E+03 2.79E+03

F24
mean 3.21E+03 3.13E+03 3.25E+03 4.07E+03 3.29E+03 3.85E+03 3.15E+03 3.15E+03

std 1.29E+02 2.78E+01 4.18E+01 1.92E+02 1.04E+02 1.50E+02 9.31E+01 1.02E+02
best 2.96E+03 3.08E+03 3.19E+03 3.72E+03 3.03E+03 3.55E+03 3.03E+03 2.92E+03

F25
mean 2.99E+03 4.60E+03 3.57E+03 6.08E+03 3.20E+03 5.13E+03 3.17E+03 2.92E+03

std 5.05E+01 4.58E+02 2.07E+02 6.62E+02 1.04E+02 5.05E+02 3.06E+02 2.31E+01
best 2.89E+03 3.78E+03 3.27E+03 4.75E+03 3.06E+03 3.95E+03 2.98E+03 2.88E+03

F26
mean 6.89E+03 7.22E+03 7.83E+03 1.21E+04 8.44E+03 1.18E+04 6.17E+03 6.09E+03

std 6.28E+02 9.48E+02 4.19E+02 7.39E+02 1.18E+03 8.82E+02 6.65E+02 8.39E+02
best 5.57E+03 5.39E+03 7.13E+03 1.09E+04 6.03E+03 1.00E+04 5.11E+03 4.93E+03

F27
mean 3.33E+03 3.40E+03 3.55E+03 4.52E+03 3.50E+03 4.59E+03 3.27E+03 3.34E+03

std 6.40E+01 4.99E+01 9.15E+01 2.96E+02 1.29E+02 4.50E+02 3.06E+01 7.42E+01
best 3.23E+03 3.31E+03 3.40E+03 4.02E+03 3.32E+03 3.68E+03 3.21E+03 3.21E+03
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Table 2. Cont.

DBO PIO SCA BOA WOA COA SA EDBO

F28
mean 3.47E+03 4.59E+03 4.51E+03 8.08E+03 3.89E+03 7.67E+03 3.78E+03 3.32E+03

std 2.09E+02 2.91E+02 3.35E+02 5.66E+02 2.63E+02 5.78E+02 4.88E+02 7.33E+01
best 3.24E+03 4.05E+03 3.96E+03 7.07E+03 3.57E+03 6.12E+03 3.31E+03 3.21E+03

F29
mean 4.62E+03 5.12E+03 5.30E+03 1.54E+04 5.36E+03 8.66E+03 4.39E+03 4.38E+03

std 4.33E+02 2.60E+02 3.43E+02 1.55E+04 5.23E+02 2.32E+03 3.04E+02 4.15E+02
best 3.79E+03 4.69E+03 4.79E+03 6.69E+03 4.24E+03 5.82E+03 3.87E+03 3.78E+03

F30
mean 3.65E+06 1.41E+08 1.94E+08 1.75E+09 8.07E+07 1.76E+09 3.88E+06 1.30E+06

std 7.32E+06 5.13E+07 6.05E+07 1.04E+09 7.42E+07 1.18E+09 1.25E+07 2.67E+06
best 1.87E+04 2.75E+07 5.34E+07 1.88E+08 1.15E+07 4.05E+08 1.97E+04 6.40E+03

Table 3. CEC2017 test results 50-dimension.

DBO PIO SCA BOA WOA COA SA EDBO

F1
mean 5.64E+09 9.56E+10 6.77E+10 1.07E+11 2.19E+10 1.15E+11 5.72E+09 9.44E+08

std 1.12E+10 1.29E+10 9.01E+09 8.32E+09 5.18E+09 8.52E+09 2.86E+09 1.20E+09
best 1.21E+09 7.04E+10 5.12E+10 8.90E+10 1.37E+10 9.58E+10 2.04E+09 7.28E+07

F3
mean 2.96E+05 2.59E+05 2.22E+05 4.03E+05 3.32E+05 2.88E+05 6.30E+05 2.88E+05

std 7.25E+04 3.77E+04 3.72E+04 1.84E+05 1.08E+05 2.05E+04 1.31E+05 1.09E+05
best 1.74E+05 1.90E+05 1.55E+05 1.78E+05 1.76E+05 1.65E+05 3.98E+05 1.50E+05

F4
mean 1.97E+03 1.42E+04 1.41E+04 4.03E+04 5.00E+03 4.24E+04 1.40E+03 7.89E+02

std 2.55E+03 4.60E+03 2.09E+03 3.77E+03 1.33E+03 5.25E+03 6.47E+02 1.33E+02
best 7.66E+02 8.33E+03 9.82E+03 3.29E+04 2.59E+03 3.22E+04 8.60E+02 5.87E+02

F5
mean 9.95E+02 1.23E+03 1.14E+03 1.19E+03 1.12E+03 1.19E+03 9.58E+02 8.64E+02

std 1.10E+02 4.24E+01 4.06E+01 2.83E+01 6.88E+01 3.23E+01 7.44E+01 6.73E+01
best 7.71E+02 1.14E+03 1.07E+03 1.10E+03 1.01E+03 1.14E+03 8.21E+02 7.35E+02

F6
mean 6.70E+02 6.92E+02 6.85E+02 7.04E+02 7.00E+02 7.01E+02 6.56E+02 6.49E+02

std 1.16E+01 9.67E+00 6.01E+00 5.07E+00 1.31E+01 5.11E+00 8.10E+00 8.65E+00
best 6.42E+02 6.71E+02 6.74E+02 6.90E+02 6.80E+02 6.91E+02 6.31E+02 6.30E+02

F7
mean 1.51E+03 2.15E+03 1.89E+03 2.01E+03 1.89E+03 2.04E+03 1.48E+03 1.39E+03

std 1.43E+02 3.82E+01 1.14E+02 3.93E+01 9.11E+01 6.11E+01 1.14E+02 9.88E+01
best 1.28E+03 2.08E+03 1.59E+03 1.93E+03 1.72E+03 1.86E+03 1.24E+03 1.18E+03

F8
mean 1.30E+03 1.56E+03 1.46E+03 1.52E+03 1.40E+03 1.49E+03 1.27E+03 1.13E+03

std 9.49E+01 4.82E+01 3.51E+01 2.51E+01 5.98E+01 3.14E+01 6.69E+01 5.66E+01
best 1.13E+03 1.46E+03 1.38E+03 1.44E+03 1.30E+03 1.44E+03 1.11E+03 1.04E+03

F9
mean 2.72E+04 4.16E+04 3.35E+04 3.96E+04 3.97E+04 3.83E+04 3.32E+04 2.92E+04

std 8.02E+03 7.38E+03 5.52E+03 2.50E+03 9.77E+03 3.47E+03 1.03E+04 8.06E+03
best 1.10E+04 2.38E+04 2.44E+04 3.48E+04 2.46E+04 2.93E+04 1.67E+04 1.08E+04

F10
mean 1.08E+04 1.57E+04 1.55E+04 1.57E+04 1.36E+04 1.51E+04 8.97E+03 1.23E+04

std 2.16E+03 4.34E+02 5.38E+02 3.96E+02 7.83E+02 4.51E+02 9.25E+02 2.34E+03
best 6.95E+03 1.46E+04 1.35E+04 1.50E+04 1.18E+04 1.43E+04 7.21E+03 6.43E+03

F11
mean 5.21E+03 1.59E+04 1.25E+04 2.42E+04 9.04E+03 2.58E+04 4.08E+04 2.86E+03

std 4.20E+03 4.92E+03 2.23E+03 2.24E+03 2.18E+03 3.26E+03 1.53E+04 8.35E+02
best 1.89E+03 8.27E+03 7.90E+03 1.96E+04 5.55E+03 1.83E+04 1.17E+04 1.74E+03

F12
mean 1.38E+09 1.44E+10 2.40E+10 8.22E+10 4.22E+09 8.76E+10 8.15E+08 2.32E+08

std 1.05E+09 3.11E+09 6.37E+09 1.43E+10 1.68E+09 1.54E+10 5.17E+08 4.80E+08
best 3.47E+08 7.65E+09 1.34E+10 5.64E+10 1.83E+09 5.84E+10 2.46E+08 8.82E+06

F13
mean 1.10E+08 4.67E+09 6.19E+09 4.64E+10 5.00E+08 5.00E+10 2.88E+08 2.13E+07

std 1.09E+08 8.71E+08 2.51E+09 1.60E+10 2.92E+08 1.42E+10 2.31E+08 5.70E+07
best 2.18E+05 2.96E+09 3.02E+09 1.39E+10 1.10E+08 2.22E+10 2.52E+07 8.00E+04



Mathematics 2024, 12, 1084 12 of 29

Table 3. Cont.

DBO PIO SCA BOA WOA COA SA EDBO

F14
mean 5.52E+06 4.91E+06 8.02E+06 1.52E+08 1.05E+07 8.70E+07 2.63E+07 7.36E+06

std 6.95E+06 2.28E+06 3.35E+06 1.09E+08 1.03E+07 5.76E+07 2.12E+07 1.83E+07
best 8.55E+04 8.50E+05 1.50E+06 3.61E+07 5.62E+05 1.58E+07 2.59E+06 7.79E+04

F15
mean 1.58E+07 1.81E+09 1.16E+09 8.25E+09 6.26E+07 9.11E+09 1.62E+08 6.05E+05

std 5.80E+07 5.81E+08 5.34E+08 3.09E+09 7.68E+07 3.66E+09 3.42E+08 2.83E+06
best 3.69E+04 8.48E+08 2.42E+08 1.01E+09 7.27E+06 4.18E+09 1.17E+06 6.33E+03

F16
mean 4.88E+03 6.38E+03 6.23E+03 1.10E+04 6.38E+03 1.02E+04 4.54E+03 4.45E+03

std 5.74E+02 5.02E+02 4.50E+02 1.48E+03 1.08E+03 1.66E+03 5.10E+02 7.52E+02
best 3.62E+03 5.51E+03 5.06E+03 8.08E+03 3.87E+03 7.17E+03 3.71E+03 2.66E+03

F17
mean 4.11E+03 5.77E+03 5.18E+03 1.65E+04 4.65E+03 1.32E+04 4.06E+03 3.66E+03

std 4.75E+02 4.53E+02 6.25E+02 8.95E+03 5.11E+02 8.89E+03 6.09E+02 3.74E+02
best 3.11E+03 4.87E+03 4.48E+03 5.32E+03 3.66E+03 5.11E+03 2.90E+03 2.87E+03

F18
mean 1.12E+07 5.75E+07 5.87E+07 2.38E+08 6.89E+07 2.23E+08 5.68E+07 6.74E+06

std 1.32E+07 2.13E+07 2.81E+07 1.37E+08 4.00E+07 8.10E+07 4.20E+07 6.76E+06
best 6.03E+05 1.85E+07 1.59E+07 2.92E+07 1.74E+06 9.39E+07 6.23E+06 3.28E+05

F19
mean 1.29E+07 7.32E+08 7.12E+08 4.54E+09 2.29E+07 4.57E+09 1.40E+07 2.54E+06

std 1.87E+07 2.40E+08 4.52E+08 1.93E+09 2.22E+07 1.81E+09 2.88E+07 4.46E+06
best 5.63E+04 3.52E+08 2.60E+08 1.70E+09 1.48E+06 1.28E+09 5.26E+04 2.65E+03

F20
mean 3.84E+03 4.35E+03 4.32E+03 4.38E+03 3.93E+03 4.25E+03 3.79E+03 3.54E+03

std 3.65E+02 2.03E+02 1.84E+02 1.70E+02 3.61E+02 2.71E+02 4.15E+02 3.85E+02
best 3.12E+03 3.89E+03 3.93E+03 3.91E+03 3.07E+03 3.62E+03 3.00E+03 2.78E+03

F21
mean 2.88E+03 3.00E+03 2.96E+03 3.25E+03 3.08E+03 3.27E+03 2.79E+03 2.67E+03

std 8.31E+01 4.65E+01 5.69E+01 6.85E+01 1.29E+02 1.17E+02 8.80E+01 7.77E+01
best 2.70E+03 2.90E+03 2.81E+03 3.11E+03 2.86E+03 3.08E+03 2.67E+03 2.53E+03

F22
mean 1.29E+04 1.72E+04 1.72E+04 1.70E+04 1.48E+04 1.71E+04 1.07E+04 1.27E+04

std 3.05E+03 3.00E+02 3.63E+02 1.38E+03 1.14E+03 4.78E+02 8.44E+02 3.37E+03
best 2.96E+03 1.66E+04 1.65E+04 1.16E+04 1.29E+04 1.60E+04 8.89E+03 2.53E+03

F23
mean 3.56E+03 3.50E+03 3.71E+03 4.76E+03 3.83E+03 4.55E+03 3.46E+03 3.34E+03

std 1.36E+02 6.36E+01 7.24E+01 2.06E+02 1.88E+02 2.26E+02 7.33E+01 1.77E+02
best 3.29E+03 3.37E+03 3.55E+03 4.35E+03 3.56E+03 4.07E+03 3.07E+03 3.07E+03

F24
mean 3.70E+03 3.60E+03 3.91E+03 5.37E+03 3.91E+03 4.85E+03 3.72E+03 3.62E+03

std 1.37E+02 5.05E+01 7.43E+01 3.64E+02 1.57E+02 2.85E+02 1.90E+02 1.99E+02
best 3.49E+03 3.51E+03 3.74E+03 4.65E+03 3.57E+03 4.43E+03 3.41E+03 3.31E+03

F25
mean 4.27E+03 1.37E+04 8.91E+03 1.61E+04 5.27E+03 1.56E+04 4.04E+03 3.25E+03

std 1.78E+03 2.04E+03 1.19E+03 1.17E+03 4.89E+02 1.38E+03 8.56E+02 8.63E+01
best 3.14E+03 8.82E+03 6.41E+03 1.39E+04 4.50E+03 1.09E+04 3.32E+03 3.12E+03

F26
mean 1.08E+04 1.66E+04 1.40E+04 1.77E+04 1.56E+04 1.72E+04 8.85E+03 8.28E+03

std 1.07E+03 1.95E+03 7.91E+02 6.78E+02 1.46E+03 6.89E+02 1.05E+03 2.42E+03
best 8.61E+03 1.25E+04 1.25E+04 1.62E+04 1.25E+04 1.57E+04 6.78E+03 3.99E+03

F27
mean 3.92E+03 4.26E+03 4.85E+03 7.14E+03 4.87E+03 7.11E+03 4.67E+03 3.97E+03

std 2.00E+02 1.12E+02 2.63E+02 6.34E+02 7.43E+02 6.63E+02 1.08E+02 3.43E+02
best 3.60E+03 4.00E+03 4.36E+03 6.15E+03 3.71E+03 5.81E+03 3.44E+03 3.38E+03

F28
mean 6.51E+03 9.54E+03 8.60E+03 1.43E+04 6.06E+03 1.41E+04 5.95E+03 3.62E+03

std 2.05E+03 1.10E+03 8.82E+02 1.02E+03 6.78E+02 1.29E+03 1.39E+03 1.29E+02
best 3.87E+03 7.69E+03 7.35E+03 1.13E+04 5.03E+03 1.16E+04 3.83E+03 3.42E+03

F29
mean 6.16E+03 7.95E+03 8.90E+03 3.51E+05 9.18E+03 1.90E+05 5.11E+03 5.71E+03

std 6.67E+02 6.06E+02 1.04E+03 3.30E+05 1.54E+03 1.98E+05 3.78E+02 6.73E+02
best 4.84E+03 6.94E+03 6.66E+03 3.44E+04 6.33E+03 2.45E+04 4.40E+03 4.11E+03

F30
mean 5.35E+07 1.38E+09 1.26E+09 7.61E+09 2.94E+08 8.13E+09 5.30E+07 3.40E+07

std 6.44E+07 2.93E+08 2.83E+08 3.28E+09 1.25E+08 2.96E+09 1.31E+08 3.66E+07
best 5.01E+06 7.66E+08 8.26E+08 3.03E+09 7.10E+07 2.69E+09 7.21E+08 2.78E+06
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Table 4. CEC2017 test results 100-dimension.

DBO PIO SCA BOA WOA COA SA EDBO

F1
mean 1.09E+11 2.72E+11 2.12E+11 2.61E+11 1.10E+11 2.72E+11 3.90E+10 2.59E+10

std 7.37E+10 1.48E+10 1.23E+10 1.38E+10 1.18E+10 9.96E+09 1.20E+10 9.91E+09
best 2.48E+10 2.31E+11 1.91E+11 2.30E+11 7.84E+10 2.50E+11 2.14E+10 1.14E+10

F3
mean 7.56E+05 4.77E+05 6.11E+05 5.69E+05 8.94E+05 3.56E+05 1.20E+06 4.39E+05

std 3.14E+05 1.68E+05 1.02E+05 3.41E+05 2.02E+05 1.39E+04 1.42E+05 1.04E+05
best 3.62E+05 3.67E+05 4.65E+05 3.45E+05 3.56E+05 3.21E+05 8.20E+05 3.21E+05

F4
mean 1.39E+04 7.01E+04 5.34E+04 1.16E+05 2.23E+04 1.10E+05 4.88E+03 3.21E+03

std 1.27E+04 1.50E+04 1.04E+04 1.09E+04 4.76E+03 1.47E+04 1.50E+03 8.59E+02
best 3.40E+03 4.92E+04 3.42E+04 9.67E+04 1.36E+04 7.77E+04 2.90E+03 1.85E+03

F5
mean 1.70E+03 2.21E+03 2.07E+03 2.10E+03 1.98E+03 2.13E+03 1.81E+03 1.56E+03

std 2.08E+02 5.48E+01 5.66E+01 3.49E+01 1.01E+02 4.45E+01 1.39E+02 1.69E+02
best 1.42E+03 2.10E+03 1.95E+03 2.00E+03 1.79E+03 2.03E+03 1.50E+03 1.35E+03

F6
mean 6.81E+02 7.17E+02 7.06E+02 7.13E+02 7.08E+02 7.13E+02 6.53E+02 6.68E+02

std 1.25E+01 4.96E+00 5.43E+00 2.37E+00 9.95E+00 3.42E+00 5.66E+00 6.06E+00
best 6.63E+02 7.04E+02 6.97E+02 7.07E+02 6.91E+02 7.06E+02 6.63E+02 6.57E+02

F7
mean 3.02E+03 4.13E+03 4.06E+03 3.97E+03 3.82E+03 4.02E+03 3.23E+03 2.85E+03

std 2.49E+02 7.04E+01 2.62E+02 6.42E+01 1.41E+02 7.13E+01 3.01E+02 1.87E+02
best 2.55E+03 3.94E+03 3.54E+03 3.79E+03 3.52E+03 3.85E+03 2.67E+03 2.47E+03

F8
mean 2.15E+03 2.66E+03 2.41E+03 2.58E+03 2.41E+03 2.59E+03 2.11E+03 1.94E+03

std 2.39E+02 4.98E+01 7.51E+01 2.98E+01 1.09E+02 5.04E+01 1.31E+02 2.30E+02
best 1.75E+03 2.53E+03 2.30E+03 2.50E+03 2.18E+03 2.49E+03 1.85E+03 1.56E+03

F9
mean 7.91E+04 1.02E+05 9.08E+04 8.32E+04 8.19E+04 8.00E+04 9.72E+04 7.53E+04

std 9.84E+03 4.67E+03 9.65E+03 3.86E+03 1.80E+04 4.77E+03 1.61E+04 1.08E+04
best 4.17E+04 9.22E+04 7.42E+04 7.54E+04 6.04E+04 6.89E+04 7.07E+04 3.94E+04

F10
mean 2.96E+04 3.32E+04 3.31E+04 3.32E+04 2.96E+04 3.28E+04 2.07E+04 2.98E+04

std 3.65E+03 6.96E+02 6.05E+02 7.63E+02 1.49E+03 6.37E+02 1.36E+03 3.40E+03
best 2.07E+04 3.08E+04 3.18E+04 3.12E+04 2.67E+04 3.13E+04 2.80E+04 2.03E+04

F11
mean 2.21E+05 2.39E+05 1.77E+05 4.28E+05 2.83E+05 2.69E+05 2.39E+05 2.93E+05

std 5.01E+04 5.02E+04 3.67E+04 2.01E+05 1.18E+05 6.36E+04 4.66E+04 8.77E+04
best 1.40E+05 1.04E+05 1.03E+05 2.09E+05 1.42E+05 1.48E+05 1.73E+05 9.14E+04

F12
mean 6.96E+09 9.56E+10 1.03E+11 1.98E+11 3.01E+10 2.02E+11 7.86E+09 2.29E+09

std 2.35E+09 1.20E+10 1.38E+10 2.13E+10 6.02E+09 2.62E+10 4.24E+09 1.55E+09

best 3.17E+09 7.59E+10 7.95E+10 1.42E+11 1.82E+10 1.19E+11 1.74E+09 6.68E+08

F13
mean 2.32E+08 1.54E+10 1.86E+10 4.69E+10 2.73E+09 4.94E+10 5.06E+08 1.96E+07

std 1.71E+08 3.89E+09 3.31E+09 5.54E+09 9.33E+08 5.97E+09 2.96E+08 3.83E+07
best 1.69E+07 6.77E+09 1.28E+10 2.77E+10 1.30E+09 3.75E+10 1.24E+08 1.67E+05

F14
mean 1.63E+07 7.60E+07 6.49E+07 1.26E+08 1.74E+07 1.01E+08 7.72E+07 4.15E+06

std 1.41E+07 2.14E+07 2.64E+07 6.85E+07 8.92E+06 3.97E+07 4.32E+07 2.39E+06
best 9.95E+05 2.67E+07 1.86E+07 3.35E+07 7.47E+06 5.15E+07 1.88E+07 9.05E+05

F15
mean 7.69E+07 5.02E+09 6.86E+09 2.27E+10 4.09E+08 2.58E+10 1.25E+08 1.16E+06

std 8.72E+07 1.26E+09 1.85E+09 4.88E+09 2.32E+08 4.70E+09 1.33E+08 3.11E+06
best 1.57E+05 2.64E+09 3.77E+09 1.12E+10 1.16E+08 1.60E+10 1.37E+07 4.12E+04

F16
mean 9.34E+03 1.43E+04 1.51E+04 2.66E+04 1.69E+04 2.53E+04 8.06E+03 7.48E+03

std 1.47E+03 6.09E+02 9.51E+02 2.29E+03 2.49E+03 3.10E+03 9.71E+02 1.41E+03
best 7.15E+03 1.32E+04 1.35E+04 1.97E+04 1.32E+04 1.89E+04 6.20E+03 6.20E+03

F17
mean 9.06E+03 2.58E+04 7.76E+04 1.60E+07 3.12E+04 1.00E+07 1.46E+04 6.94E+03

std 1.39E+03 1.31E+04 6.90E+04 1.05E+07 3.67E+04 8.20E+06 1.69E+04 8.61E+02
best 6.35E+03 1.20E+04 1.25E+04 2.44E+06 8.41E+03 4.67E+05 6.09E+03 5.09E+03

F18
mean 2.56E+07 1.21E+08 1.33E+08 2.87E+08 2.12E+07 3.30E+08 7.60E+07 1.02E+07

std 1.48E+07 3.45E+07 5.72E+07 1.31E+08 9.63E+06 1.13E+08 5.10E+07 6.26E+06
best 7.57E+06 6.05E+07 6.59E+07 8.25E+07 3.66E+06 1.35E+08 1.02E+07 6.93E+05
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Table 4. Cont.

DBO PIO SCA BOA WOA COA SA EDBO

F19
mean 8.94E+07 5.42E+09 5.40E+09 2.56E+10 4.93E+08 2.71E+10 1.79E+08 8.19E+06

std 8.17E+07 1.34E+09 1.46E+09 4.97E+09 2.21E+08 4.90E+09 2.04E+08 1.35E+07
best 1.92E+07 2.94E+09 2.29E+09 1.07E+10 2.02E+08 1.49E+10 7.79E+06 1.03E+05

F20
mean 7.49E+03 8.11E+03 8.03E+03 8.17E+03 7.19E+03 7.79E+03 7.33E+03 7.05E+03

std 6.77E+02 3.73E+02 3.67E+02 2.97E+02 6.37E+02 3.09E+02 5.69E+02 7.25E+02
best 5.99E+03 6.98E+03 7.27E+03 7.29E+03 5.82E+03 6.99E+03 5.93E+03 5.39E+03

F21
mean 4.03E+03 4.11E+03 4.21E+03 4.92E+03 4.44E+03 5.07E+03 3.68E+03 3.50E+03

std 1.65E+02 1.03E+02 1.05E+02 1.80E+02 1.95E+02 2.01E+02 1.89E+02 2.11E+02
best 3.71E+03 3.95E+03 4.01E+03 4.60E+03 4.04E+03 4.57E+03 3.40E+03 3.12E+03

F22
mean 3.10E+04 3.56E+04 3.55E+04 3.57E+04 3.21E+04 3.50E+04 2.28E+04 3.05E+04

std 3.68E+03 7.51E+02 5.56E+02 5.87E+02 1.48E+03 8.55E+02 1.37E+03 4.56E+03
best 2.29E+04 3.34E+04 3.43E+04 3.43E+04 2.84E+04 3.34E+04 2.26E+04 2.20E+04

F23
mean 4.75E+03 4.69E+03 5.23E+03 6.62E+03 5.30E+03 6.71E+03 4.70E+03 4.59E+03

std 2.51E+02 1.13E+02 1.05E+02 2.09E+02 2.98E+02 3.57E+02 7.67E+01 3.81E+02
best 4.30E+03 4.46E+03 5.04E+03 6.29E+03 4.76E+03 5.83E+03 4.57E+03 3.85E+03

F24
mean 6.13E+03 5.90E+03 7.42E+03 1.24E+04 6.74E+03 1.03E+04 4.52E+03 6.25E+03

std 4.60E+02 2.23E+02 3.05E+02 1.51E+03 4.07E+02 9.95E+02 1.51E+02 7.80E+02
best 5.24E+03 5.45E+03 6.90E+03 9.44E+03 5.88E+03 8.59E+03 5.24E+03 4.96E+03

F25
mean 9.79E+03 3.02E+04 2.27E+04 2.95E+04 1.10E+04 2.98E+04 8.57E+03 5.67E+03

std 6.85E+03 2.30E+03 3.86E+03 1.60E+03 1.27E+03 1.90E+03 1.84E+03 7.02E+02
best 4.88E+03 2.56E+04 1.66E+04 2.68E+04 9.10E+03 2.51E+04 5.95E+03 4.63E+03

F26
mean 2.66E+04 4.59E+04 4.07E+04 5.76E+04 3.78E+04 5.30E+04 2.92E+04 2.12E+04

std 3.36E+03 1.04E+04 2.38E+03 2.39E+03 3.06E+03 2.17E+03 1.19E+03 3.46E+03
best 2.13E+04 2.94E+04 3.73E+04 5.29E+04 3.21E+04 4.83E+04 1.70E+04 1.66E+04

F27
mean 4.84E+03 6.42E+03 8.76E+03 1.51E+04 6.38E+03 1.55E+04 3.92E+03 3.63E+03

std 4.85E+02 5.35E+02 6.27E+02 1.35E+03 1.21E+03 1.34E+03 1.15E+02 6.49E+02
best 4.13E+03 5.54E+03 7.58E+03 1.25E+04 4.87E+03 1.29E+04 3.68E+03 3.59E+03

F28
mean 1.84E+04 3.29E+04 2.76E+04 3.67E+04 1.48E+04 3.06E+04 1.58E+04 6.41E+03

std 5.75E+03 1.45E+03 2.26E+03 1.63E+03 1.08E+03 1.28E+03 2.48E+03 7.82E+02
best 7.36E+03 2.76E+04 2.33E+04 3.31E+04 1.22E+04 2.73E+04 9.42E+03 5.27E+03

F29
mean 1.22E+04 3.25E+04 3.88E+04 9.64E+05 2.13E+04 8.02E+05 1.01E+04 8.78E+03

std 1.55E+03 1.43E+04 1.72E+04 5.43E+05 4.03E+03 3.66E+05 2.91E+03 8.14E+02
best 9.56E+03 2.19E+04 1.73E+04 1.78E+05 1.43E+04 1.73E+05 6.77E+03 6.67E+03

F30
mean 2.90E+08 7.39E+09 1.27E+10 4.09E+10 3.26E+09 4.51E+10 3.45E+08 7.58E+07

std 1.86E+08 1.67E+09 2.53E+09 6.81E+09 1.01E+09 5.36E+09 3.38E+08 1.17E+08
best 7.44E+07 4.52E+09 8.10E+09 2.86E+10 1.85E+09 3.26E+10 6.36E+07 2.67E+06

From the data results in Tables 2–4, it can be seen that EDBO has good local develop-
ment capability and solution accuracy. In the experiments of 30, 50, and 100 dimensions,
EDBO outperforms the other seven algorithms on F1 and F3 with high convergence accu-
racy, and its search stability is slightly inferior to SCA, but much higher than DBO. For
the multi-peaked functions F4–F10, EDBO has good global exploration ability, with the
ability to jump out of the local optimum. In three different dimensions of the experiment,
EDBO finds better optimal solutions than the other seven algorithms in seven functions
and shows excellent performance in F4, albeit slightly weaker than BOA in F5–F9 in terms
of variance, and slightly weaker than DBO in terms of performance on the F10 function.
From the data results of the hybrid functions F11–F20, it can be seen that EDBO has signifi-
cant performance in dealing with hybrid problems. In the experiments of 30 dimensions,
EDBO shows superior performance in F12, F14, F15, and F19. The evaluation index is
in the leading position, and the optimal values of other functions are higher than those
of other comparative algorithms. In the experiments of 50 and 100 dimensions, EDBO’s
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performance advantage is more obvious. For the more complex hybrid functions F21–F30,
the optimal values of EDBO are better than those of other algorithms across three different
dimensions, which is highly competitive.

The convergence trajectories of eight optimization methods for the 30-dimensional
CEC2017 test function are depicted in Figure 1, while Figure 2 shows the box-and-line
diagrams of the eight optimization algorithms for solving the 30-dimensional CEC2017
test function.
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This is evident from Figure 1, where EDBO’s optimization outcomes significantly
improve. With equivalent precision, EDBO maintains the lowest iteration count, suggesting
that eliminating the worst value’s interference and merging the present solution with the
optimal one can elevate the population’s quality and boost convergence speed, thereby
showcasing EDBO’s enhanced local optimality search prowess. The convergence speed
of EDBO surpasses that of other algorithms in F1, F8, F9, F11–F14, F16, F18, F21, F26, and
F30, simplifying the discovery and convergence to the optimal global solution, suggesting
that bettering the dancing behavior boosts overall search efficiency and robust global
search efficiency. In F5–F7, F11, F17, F23–F27, and F30, EDBO’s convergence curves at
the initial iteration phase align with DBO’s, and during the central convergence phase,
they significantly outpace the original DBO algorithm due to the inclusion of the Jacobi
curve, which augments the population diversity and elevates the search capability and
solution quality. From the results in Figure 2, it can be seen that the EDBO box is narrower
in most functions, which represents a small fluctuation of all its optimal values, i.e., the
algorithm converges faster, resulting in a smaller span between the optimal solutions in
each generation.

Figure 3 shows the convergence curves of the eight optimization algorithms for solving
the 50-dimensional CEC2017 test function. Figure 4 shows the box-and-line plot of the
eight optimization algorithms for solving the 50-dimensional CEC2017 test function.
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From Figure 3, it can be seen that EDBO outperforms the other seven algorithms
in solving the 50-dimensional CEC2017 test functions, showing good convergence speed
and optimal searching ability. From the boxplots in Figure 4, it can be seen that, except
for F6 and F27, the EDBO algorithm exhibits lower bounds of the boxes in the rest of the
test functions than the comparative algorithms, indicating higher search accuracy and the
ability to find better quality solutions.

Figure 5 shows the convergence curves of the eight optimization algorithms for solving
the 100-dimensional CEC2017 test function, and Figure 6 shows the box plots of the eight
optimization algorithms for solving the 100-dimensional CEC2017 test function.
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From Figure 5, it can be seen that the EDBO algorithm obtains the best results in
solving the 100-dimensional CEC2017 test functions, except for functions F10, F23, and
F24, which are highly competitive. From Figure 6, it can be seen that EDBO is consistently
lower than the comparison algorithm in most of the test functions in terms of upper edge,
lower edge, and median, showing significant stability and superiority. The median in F6
and F20 is ranked second among the comparison algorithms, being better than that of the
original DBO algorithm. EDBO’s performance in F10, F23, and F24 are not as good as the
comparison algorithms, but they are not at the bottom of the list.

In conclusion, EDBO achieves the best results in many evaluation metrics. The supe-
riority of the algorithm, its ability to solve complex problems, and its better robustness
are proven.

4.3. Wilcoxon Rank Sum Test

To further validate the optimization performance of EDBO, the Wilcoxon rank sum
test is used in this paper to detect whether there are statistically significant differences
between EDBO and PIO, SCA, BOA, WOA, COA, CA, and DBO [36]. The results of seven
algorithms running 100 times on each of 29 test functions are taken as samples. The results
of Wilcoxon rank sum detection in different dimensions are shown in Tables 5–7.

Table 5. CEC2017 D = 30 Wilcoxon rank sum test.

DBO PIO SCA BOA WOA SA COA

F1 6.53E-08 < 0.05 2.12E-11 < 0.05 2.12E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 1.96E-10 < 0.05 3.02E-11 < 0.05
F3 3.78E-02 < 0.05 6.53E-07 < 0.05 4.33E-01 4.55E-01 3.02E-11 < 0.05 1.70E-08 < 0.05 1.91E-01
F4 1.85E-08 < 0.05 1.82E-11 < 0.05 7.02E-10 < 0.05 3.02E-11 < 0.05 3.69E-11 < 0.05 7.69E-08 < 0.05 3.02E-11 < 0.05
F5 7.12E-09 < 0.05 2.92E-11 < 0.05 5.11E-10 < 0.05 8.02E-09 < 0.05 1.02E-11 < 0.05 6.36E-05 < 0.05 1.55E-09 < 0.05
F6 9.52E-04 < 0.05 3.01E-10 < 0.05 2.69E-09 < 0.05 1.77E-10 < 0.05 4.02E-08 < 0.05 1.25E-05 < 0.05 4.04E-08 < 0.05
F7 7.73E-03 < 0.05 3.02E-11 < 0.05 7.39E-11 < 0.05 3.02E-11 < 0.05 4.50E-11 < 0.05 1.63E-02 < 0.05 3.02E-11 < 0.05
F8 4.11E-07 < 0.05 5.02E-09 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 1.21E-10 < 0.05 5.09E-08 < 0.05 3.02E-11 < 0.05
F9 1.76E-01 1.29E-09 < 0.05 1.24E-03 < 0.05 1.41E-09 < 0.05 6.01E-08 < 0.05 2.60E-08 < 0.05 2.03E-09 < 0.05
F10 7.01E-03 < 0.05 2.23E-09 < 0.05 1.41E-09 < 0.05 9.92E-11 < 0.05 2.89E-03 < 0.05 1.73E-07 < 0.05 1.17E-09 < 0.05
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Table 5. Cont.

DBO PIO SCA BOA WOA SA COA

F11 1.87E-07 < 0.05 2.02E-11 < 0.05 2.02E-11 < 0.05 2.02E-11 < 0.05 2.02E-11 < 0.05 2.02E-11 < 0.05 3.02E-11 < 0.05
F12 1.05E-01 4.08E-11 < 0.05 3.42E-10 < 0.05 6.88E-10 < 0.05 6.70E-11 < 0.05 1.89E-04 < 0.05 3.02E-11 < 0.05
F13 1.50E-02 < 0.05 4.08E-11 < 0.05 3.69E-11 < 0.05 3.02E-11 < 0.05 1.47E-07 < 0.05 2.39E-08 < 0.05 3.02E-11 < 0.05
F14 9.82E-03 < 0.05 6.20E-04 < 0.05 2.39E-04 < 0.05 1.43E-08 < 0.05 2.32E-06 < 0.05 1.10E-08 < 0.05 1.43E-08 < 0.05
F15 4.06E-02 < 0.05 7.52E-09 < 0.05 6.24E-08 < 0.05 9.25E-10 < 0.05 2.02E-11 < 0.05 5.46E-09 < 0.05 3.02E-11 < 0.05
F16 4.84E-02 < 0.05 4.08E-11 < 0.05 1.21E-10 < 0.05 3.02E-11 < 0.05 2.23E-09 < 0.05 2.17E-01 3.02E-11 < 0.05
F17 6.10E-01 1.37E-03 < 0.05 2.40E-01 4.50E-11 < 0.05 2.07E-02 < 0.05 7.17E-01 2.87E-10 < 0.05
F18 2.06E-02 < 0.05 5.09E-06 < 0.05 1.10E-08 < 0.05 5.07E-10 < 0.05 1.11E-04 < 0.05 1.49E-06 < 0.05 1.78E-10 < 0.05
F19 1.17E-04 < 0.05 2.02E-10 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 2.92E-09 < 0.05 8.15E-05 < 0.05 3.02E-11 < 0.05
F20 1.26E-01 1.16E-07 < 0.05 2.32E-06 < 0.05 8.48E-09 < 0.05 2.25E-04 < 0.05 3.83E-05 < 0.05 1.29E-09 < 0.05
F21 1.87E-07 < 0.05 3.69E-11 < 0.05 5.49E-11 < 0.05 9.92E-11 < 0.05 1.21E-10 < 0.05 7.96E-03 < 0.05 3.02E-11 < 0.05
F22 1.68E-04 < 0.05 5.46E-06 < 0.05 1.61E-10 < 0.05 5.53E-08 < 0.05 8.10E-10 < 0.05 1.47E-07 < 0.05 1.09E-10 < 0.05
F23 2.34E-02 < 0.05 6.31E-01 1.03E-06 < 0.05 3.02E-11 < 0.05 1.10E-08 < 0.05 1.17E-04 < 0.05 3.02E-11 < 0.05
F24 7.84E-01 2.97E-01 3.83E-05 < 0.05 3.02E-11 < 0.05 1.24E-03 < 0.05 6.84E-01 3.02E-11 < 0.05
F25 2.32E-06 < 0.05 5.14E-10 < 0.05 2.62E-10 < 0.05 7.58E-10 < 0.05 2.12E-11 < 0.05 5.49E-11 < 0.05 3.02E-11 < 0.05
F26 1.64E-05 < 0.05 1.32E-04 < 0.05 1.96E-10 < 0.05 3.02E-11 < 0.05 1.10E-08 < 0.05 1.33E-02 < 0.05 3.02E-11 < 0.05
F27 5.69E-01 4.08E-05 < 0.05 2.37E-10 < 0.05 3.02E-11 < 0.05 3.81E-07 < 0.05 1.49E-04 < 0.05 3.02E-11 < 0.05

F28 3.96E-08 < 0.05 2.37E -11 < 0.05 2.37E -11 <
0.05 5.02E-09 < 0.05 3.02E-11 < 0.05 2.61E-10 < 0.05 3.02E-11 < 0.05

F29 1.26E-02 < 0.05 4.18E-09 < 0.05 2.15E-10 < 0.05 5.32E-10 < 0.05 8.10E-10 < 0.05 5.20E-03 < 0.05 3.02E-11 < 0.05
F30 1.49E-02 < 0.05 7.88E-09 < 0.05 1.25E-10 < 0.05 2.04E-11 < 0.05 5.49E-11 < 0.05 2.58E-04 < 0.05 3.02E-11 < 0.05

Table 6. CEC2017 D = 50 Wilcoxon rank sum test.

DBO PIO SCA BOA WOA SA COA

F1 1.46E-10 < 0.05 2.63E-11 < 0.05 2.98E-10 < 0.05 6.74E-10 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05
F3 2.58E-01 1.58E-01 3.79E-01 2.39E-04 < 0.05 5.83E-03 < 0.05 1.29E-09 < 0.05 3.37E-04 < 0.05
F4 5.00E-09 < 0.05 3.02E-11 < 0.05 5.33E-10 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 2.83E-08 < 0.05 3.02E-11 < 0.05
F5 1.49E-06 < 0.05 3.02E-11 < 0.05 8.15E-11 < 0.05 3.34E-11 < 0.05 8.99E-11 < 0.05 7.69E-08 < 0.05 3.02E-11 < 0.05
F6 8.20E-07 < 0.05 3.02E-11 < 0.05 2.95E-10 < 0.05 8.33E-10 < 0.05 3.02E-11 < 0.05 5.60E-07 < 0.05 3.02E-11 < 0.05
F7 1.08E-02 < 0.05 3.02E-11 < 0.05 7.66E-10 < 0.05 2.12E-10 < 0.05 3.02E-11 < 0.05 3.03E-03 < 0.05 3.02E-11 < 0.05
F8 2.39E-08 < 0.05 3.01E-11 < 0.05 3.02E-11 < 0.05 9.13E-10 < 0.05 4.88E-10 < 0.05 2.00E-06 < 0.05 3.02E-11 < 0.05
F9 6.84E-01 1.41E-09 < 0.05 1.12E-01 1.69E-09 < 0.05 1.68E-03 < 0.05 2.89E-03 < 0.05 2.02E-08 < 0.05
F10 3.40E-02 < 0.05 1.21E-10 < 0.05 2.15E-10 < 0.05 1.09E-10 < 0.05 5.09E-06 < 0.05 3.16E-05 < 0.05 3.47E-10 < 0.05
F11 1.11E-06 < 0.05 3.02E-11 < 0.05 2.99E-11 < 0.05 3.02E-11 < 0.05 2.99E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05
F12 1.07E-07 < 0.05 8.36E-10 < 0.05 2.99E-11 < 0.05 3.02E-11 < 0.05 2.63E-11 < 0.05 2.39E-08 < 0.05 3.02E-11 < 0.05
F13 1.07E-07 < 0.05 6.45E-10 < 0.05 3.02E-11 < 0.05 1.88E-10 < 0.05 1.96E-10 < 0.05 1.55E-09 < 0.05 3.02E-11 < 0.05
F14 5.49E-03 < 0.05 4.22E-04 < 0.05 1.29E-06 < 0.05 3.34E-11 < 0.05 2.75E-03 < 0.05 2.57E-07 < 0.05 3.69E-11 < 0.05
F15 2.39E-04 < 0.05 6.35E-11 < 0.05 3.02E-11 < 0.05 7.41E-11 < 0.05 3.02E-11 < 0.05 6.33E-11 < 0.05 3.02E-11 < 0.05
F16 3.04E-01 4.98E-11 < 0.05 1.09E-10 < 0.05 3.02E-11 < 0.05 4.62E-10 < 0.05 4.83E-01 3.02E-11 < 0.05
F17 1.11E-06 < 0.05 2.36E-10 < 0.05 3.02E-11 < 0.05 6.54E-10 < 0.05 1.86E-09 < 0.05 1.17E-04 < 0.05 3.02E-11 < 0.05
F18 3.67E-03 < 0.05 6.07E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 1.78E-10 < 0.05 1.78E-10 < 0.05 3.02E-11 < 0.05
F19 1.08E-02 < 0.05 3.02E-11 < 0.05 6.02E-10 < 0.05 3.02E-11 < 0.05 1.69E-09 < 0.05 1.44E-03 < 0.05 3.02E-11 < 0.05
F20 6.67E-03 < 0.05 3.50E-09 < 0.05 8.89E-10 < 0.05 1.41E-09 < 0.05 4.84E-02 < 0.05 2.40E-01 4.62E-10 < 0.05
F21 7.09E-08 < 0.05 5.49E-11 < 0.05 8.99E-11 < 0.05 3.02E-11 < 0.05 4.98E-11 < 0.05 1.34E-05 < 0.05 3.02E-11 < 0.05
F22 1.71E-01 6.28E-06 < 0.05 2.92E-09 < 0.05 6.12E-10 < 0.05 9.63E-02 2.77E-05 < 0.05 5.09E-08 < 0.05
F23 1.08E-02 < 0.05 2.27E-03 < 0.05 7.77E-09 < 0.05 3.02E-11 < 0.05 6.12E-10 < 0.05 4.06E-02 < 0.05 3.02E-11 < 0.05
F24 2.17E-01 1.44E-02 < 0.05 3.39E-02 < 0.05 3.02E-11 < 0.05 3.03E-02 < 0.05 1.99E-02 < 0.05 3.02E-11 < 0.05
F25 5.57E-03 < 0.05 3.02E-11 < 0.05 9.35E-10 < 0.05 3.02E-11 < 0.05 4.33E-10 < 0.05 7.38E-10 < 0.05 3.02E-11 < 0.05
F26 4.74E-06 < 0.05 3.34E-11 < 0.05 3.69E-11 < 0.05 3.02E-11 < 0.05 5.49E-11 < 0.05 1.05E-01 3.02E-11 < 0.05
F27 6.95E-01 1.25E-04 < 0.05 4.08E-11 < 0.05 3.02E-11 < 0.05 7.77E-09 < 0.05 1.11E-03 < 0.05 3.02E-11 < 0.05
F28 8.10E-10 < 0.05 9.35E-10 < 0.05 8.18E-10 < 0.05 3.02E-11 < 0.05 6.25E-10 < 0.05 3.02E-11 < 0.05 2.14E-10 < 0.05
F29 4.36E-02 < 0.05 3.69E-11 < 0.05 3.69E-10 < 0.05 5.25E-10 < 0.05 6.23E-10 < 0.05 4.86E-03 < 0.05 3.02E-11 < 0.05
F30 8.77E-03 < 0.05 3.02E-11 < 0.05 1.18E-11 < 0.05 2.02E-11 < 0.05 4.50E-11 < 0.05 4.73E-04 < 0.05 3.02E-11 < 0.05
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Table 7. CEC2017 D = 100 Wilcoxon rank sum test.

DBO PIO SCA BOA WOA SA COA

F1 1.10E-08 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 1.04E-04 < 0.05 3.02E-11 < 0.05
F3 1.08E-02 < 0.05 4.84E-02 < 0.05 5.57E-10 < 0.05 1.19E-01 1.78E-10 < 0.05 3.69E-11 < 0.05 2.19E-08 < 0.05
F4 4.20E-10 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 6.05E-07 < 0.05 3.02E-11 < 0.05
F5 9.07E-03 < 0.05 3.02E-11 < 0.05 2.15E-10 < 0.05 4.98E-11 < 0.05 4.62E-10 < 0.05 1.07E-09 < 0.05 3.69E-11 < 0.05
F6 4.22E-04 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 5.07E-10 < 0.05 3.02E-11 < 0.05
F7 6.79E-03 < 0.05 3.02E-11 < 0.05 3.34E-11 < 0.05 3.02E-11 < 0.05 4.50E-11 < 0.05 2.15E-06 < 0.05 3.02E-11 < 0.05
F8 3.03E-03 < 0.05 3.02E-11 < 0.05 1.96E-10 < 0.05 3.02E-11 < 0.05 2.61E-10 < 0.05 1.11E-06 < 0.05 3.02E-11 < 0.05
F9 5.89E-01 1.09E-10 < 0.05 8.89E-10 < 0.05 1.86E-06 < 0.05 1.22E-02 < 0.05 4.94E-05 < 0.05 1.08E-02 < 0.05
F10 8.77E-02 7.12E-09 < 0.05 4.18E-09 < 0.05 1.55E-09 < 0.05 4.64E-01 1.43E-08 < 0.05 1.86E-06 < 0.05
F11 2.46E-02 < 0.05 1.19E-01 5.97E-05 < 0.05 3.59E-05 < 0.05 2.58E-01 6.84E-01 3.87E-01
F12 3.69E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 6.70E-11 < 0.05 3.02E-11 < 0.05
F13 4.20E-10 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 4.08E-11 < 0.05 3.02E-11 < 0.05
F14 1.86E-06 < 0.05 3.02E-11 < 0.05 4.98E-11 < 0.05 3.02E-11 < 0.05 7.77E-09 < 0.05 3.34E-11 < 0.05 6.22E-10 < 0.05
F15 2.19E-08 < 0.05 6.87E-10 < 0.05 3.02E-11 < 0.05 3.14E-10 < 0.05 5.49E-11 < 0.05 2.37E-10 < 0.05 3.02E-11 < 0.05
F16 1.60E-07 < 0.05 3.02E-11 < 0.05 6.88E-10 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 2.27E-03 < 0.05 5.85E-10 < 0.05
F17 1.29E-09 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 2.52E-10 < 0.05 3.34E-11 < 0.05 8.15E-05 < 0.05 3.02E-11 < 0.05
F18 1.60E-07 < 0.05 7.65E-10 < 0.05 1.66E-10 < 0.05 3.02E-11 < 0.05 1.34E-05 < 0.05 4.08E-11 < 0.05 2.03E-10 < 0.05
F19 6.12E-10 < 0.05 3.02E-11 < 0.05 2.03E-10 < 0.05 9.28E-10 < 0.05 3.02E-11 < 0.05 2.03E-09 < 0.05 3.02E-11 < 0.05
F20 1.67E-01 3.08E-08 < 0.05 7.69E-08 < 0.05 3.01E-07 < 0.05 3.04E-01 3.01E-07 < 0.05 1.53E-05 < 0.05
F21 9.76E-10 < 0.05 3.34E-11 < 0.05 3.34E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 1.30E-03 < 0.05 3.02E-11 < 0.05
F22 9.35E-01 1.09E-10 < 0.05 1.21E-10 < 0.05 2.15E-10 < 0.05 3.26E-01 8.29E-06 < 0.05 2.44E-09 < 0.05
F23 4.51E-02 < 0.05 1.09E-01 2.57E-07 < 0.05 3.02E-11 < 0.05 3.96E-08 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05
F24 5.49E-01 1.22E-01 1.47E-07 < 0.05 3.02E-11 < 0.05 1.44E-02 < 0.05 4.08E-11 < 0.05 6.12E-10 < 0.05
F25 2.39E-04 < 0.05 5.07E-10 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 1.01E-08 < 0.05 3.02E-11 < 0.05
F26 1.11E-06 < 0.05 3.02E-11 < 0.05 5.21E-10 < 0.05 3.02E-11 < 0.05 3.34E-11 < 0.05 1.15E-01 9.99E-09 < 0.05
F27 6.20E-01 1.17E-09 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 1.36E-07 < 0.05 1.29E-09 < 0.05 3.02E-11 < 0.05
F28 3.02E-11 < 0.05 2.33E-10 < 0.05 3.02E-11 < 0.05 4.12E-10 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 6.54E-10 < 0.05
F29 1.55E-09 < 0.05 3.02E-11 < 0.05 6.33E-10 < 0.05 3.02E-11 < 0.05 3.02E-11 < 0.05 1.76E-01 3.02E-11 < 0.05
F30 1.03E-06 < 0.05 9.02E-10 < 0.05 3.02E-11 < 0.05 3.87E-10 < 0.05 3.69E-11 < 0.05 3.09E-06 < 0.05 3.02E-11 < 0.05

It is assumed that the probability of the compared data yielding better results than
EDBO is p. If the value of p is small, it means that the probability of the original hypothetical
situation is small. When p < 0.05, it indicates that the difference between the two algorithms
being compared is significant. Conversely, when p < 0.05, it indicates that the search results
of the two algorithms are comparable. As can be seen from Tables 5–7, 79% of the rank
sum statistics of EDBO and other algorithms are less than 0.05, indicating that, statistically
speaking, the superiority of EDBO for the search results of the test function is obvious,
further verifying the superiority of EDBO.

4.4. Friedman Test

To deepen the comparison of the algorithms’ performance disparities, their outcomes
underwent a Friedman test [37]. The outcomes of the Friedman tests for the aforementioned
eight algorithms are presented in Table 8. Table 8 reveals that the average rank of the
EDBO algorithm is less than that of the other algorithms compared, demonstrating the
enhancement’s efficacy.

Table 8. Friedman test in different dimensions.

Test Functions and Dimensions Algorithm and the Friedman Test

CEC2017-30D
Algorithm BDO PIO SCA BOA WOA COA SA EDBO
Friedman 2.122986 4.050576 3.994252 5.511493 3.788507 6.935641 3.224138 1.532186

CEC2017-50D
Algorithm BDO PIO SCA BOA WOA COA SA EDBO
Friedman 2.108041 4.316079 3.963214 5.5954 3.486203 6.801145 2.885055 1.531034

CEC2017-100D
Algorithm BDO PIO SCA BOA WOA COA SA EDBO
Friedman 2.211503 4.342528 4.277007 5.4115 3.203452 6.596548 2.627586 1.554017
Rankings 2 6 5 7 4 8 3 1
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5. Engineering Optimization Issues

The merit of the algorithm also depends on its performance in solving engineering
optimization problems. Therefore, in this paper, we use the EDBO algorithm to solve
four engineering optimization problems with different levels of complexity, based on the
objective function, restriction function, and the variable domains listed in Section 2.1. We
then compare their optimization results with those of the PIO, SCA, BOA, WOA, COA, SA,
and DBO algorithms.

Algorithms tackling engineering optimization challenges with limitations split the
problem’s decision-making realm into achievable and unachievable areas. In scenarios
where the solution vector falls within these infeasible zones, the generalized penalty
function approach is applied to infeasible solutions that fail to meet the constraints. The
technique transforms a restricted optimization issue into an unrestricted one by imposing a
penalty on the non-viable solution. Below is the displayed formula for penalties:

V(x) = fi(x) + P (12)

P = ∑m
i=1(λ · (gi(x)2) · H(i)) (13)

where P denotes the penalty value, m denotes the number of constraints in the problem, λ
is the penalty constant, and H(i) is used to identify whether the ith constraint is satisfied
or not. From Equations (12) and (13), it can be seen that once the solution violates the
constraints, resulting in a non-feasible solution, the penalty constant will significantly
increase the value of the fitness function as a way of rejecting the non-feasible solution.

The algorithm follows the following three principles in the iterative process to select
candidate solutions in preference to the original solution:

1. In the realm of viable and impractical solutions, the viable one is favored;
2. When both options are viable, choose the one with the lower fitness score;
3. Should both options prove impractical, choose the one that minimally breaches

the constraints.

5.1. Three Pole Truss Design Issues

Table 9 presents the best outcomes achieved by the eight algorithms, encompassing
the values of pertinent decision variables, with convergence curves illustrated in Figure 7.
The findings indicate that EDBO is capable of identifying superior control parameters and
objective function values.
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Table 9. Three bar truss design issues.

Algorithm Most Advantageous Position Best Value

DBO X = (0.7843;0.42081) 263.9154549
PIO X = (0.79892;0.38318) 264.2871197
SCA X = (0.76229;0.49137) 264.7455824
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Table 9. Cont.

Algorithm Most Advantageous Position Best Value

BOA X = (0.7957;0.41871) 266.9286327
WOA X = (0.76922;0.46627) 264.1942308

SA X = (0.69476;0.79537) 276.0448999
COA X = (0.78732;0.41279) 263.9679101

EDBO X = (0.78821;0.40958) 263.8979156

5.2. Tension/Compression Spring Design

From Table 10 and Figure 8, it can be seen that the EDBO algorithm obtains the spring
weight to reach the optimal value of 0.012718751 when the values of the parameters x1, x2,
and x3 are 0.0500156, 0.31777, and 13.7778, respectively. Overall, when dealing with the
extension/compression spring problem, the EDBO algorithm has a superior performance.

Table 10. Tension/compression spring design issues.

Algorithm The most Beneficial Location Best Value

DBO X = (0.05;0.310429;15) 0.013193249
PIO X = (0.067722;0.69411;4.59) 0.022283434
SCA X = (0.066288;0.79908;2.6516) 0.017556138
BOA X = (0.056344;0.47512;7.8358) 0.015083554
WOA X = (0.064287;0.74234;2.8655) 0.015339879

SA X = (0.060185;0.596;4.6405) 0.015111848
COA X = (0.0501237;0.320184;14.4667) 0.012870821

EDBO X = (0.0500156;0.31777;13.7778) 0.012718751
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5.3. Pressure Vessel Design Issues

From Table 11 and Figure 9, it can be seen that EDBO has better optimization results
and saves engineering design costs compared to other algorithms.

Table 11. Pressure vessel design issues.

Algorithm The Most Beneficial Location Best Value

DBO X = (0.7957831;0.4341257;40.43576;200) 6176.694769
PIO X = (1.009464;1.065502;50.87082;160.2901) 11,571.59679
SCA X = (1.17576;0.619755;56.9765;52.5413) 7560.760675
BOA X = (5.15699;12.7202;60.0022;53.773) 127,973.3055
WOA X = (1.42882;1.01459;65.2253;10) 10,961.59586

SA X = (7.485178;0.8613189;45.66248;137.3964) 107,552.6368
COA X = (8.130678;23.99003;42.98162;166.7742) 206,360.2719

EDBO X = (0.7827496;0.3943;40.38594;200) 5957.489796
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5.4. Cantilever Beam Design Issues

As can be seen from Table 12 and Figure 10, the optimal value of EDBO is ranked first,
compared to the other seven compared algorithms, which indicates that EDBO has a good
ability to find the optimal value in solving the cantilever beam design problem.

Table 12. Cantilever beam design issues.

Algorithm The most Beneficial Location Best Value

DBO X = (6.0419;5.2816;4.492;3.6087;2.0708) 1.341291
PIO X = (6.8658;6.435;3.4065;3.4238;4.3872) 1.529946
SCA X = (5.7684;4.9723;4.8006;4.8217;3.3963) 1.482581
BOA X = (6.6943;5.6047;4.6167;2.7226;7.2026) 1.674873
WOA X = (20.2078;5.89624;7.51354;4.54595;1.13014) 2.451924

SA X = (15.6704;20.8237;4.12633;42.0047;4.88989) 5.460936
COA X = (5.0241;5.0241;5.0241;5.0241;3.7965) 1.490924

EDBO X = (5.9955;5.3997;4.399;3.4997;2.1914) 1.340687
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In summary, after comparing eight algorithms for solving the aforementioned four
engineering problems, we found that the EDBO algorithm proposed in this paper is an
efficient algorithm that can solve engineering optimization problems with good stability
and practicability.

6. Conclusions

In this paper, an enhanced dung beetle optimization algorithm is designed for solving
complex engineering optimization problems. The following three main improvements
are carried out: (1) The dung beetle rolling phase is improved to remove the worst value
interference and couple the current solution with the optimal solution, while retaining the
advantages of the original formulation. (2) Aiming to address the problem that the dung
beetle dancing stage focuses only on the information of the current solution, which leads to
excessively random and inefficient exploration of the problem space, the global optimal
solution is introduced to guide it, and a random factor is added to the optimal solution.
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(3) The Jacobi curve is introduced in the dung beetle foraging phase to further enhance
the algorithm’s ability to jump out of the local optimum and avoid the phenomenon of
premature maturity.

EDBO is used to solve CEC2017, a complex set of functions with different charac-
teristics. From the solution results, EDBO shows strong optimality-seeking ability and
robustness. To further verify the effectiveness of the improvement, Wilcoxon rank sum test
and Friedman test are conducted in this paper. The test results demonstrate the superiority
of the EDBO algorithm from a statistical point of view. Finally, the EDBO algorithm is used
to solve four complex engineering optimization problems and is compared with algorithms
that have demonstrated excellent performance in recent years. The experimental results
show that EDBO has good optimization efficiency when dealing with complex engineering
optimization problems, proving its capability for engineering applications.

In future work, the next research focus is to improve the EDBO algorithm to function
as a multi-objective optimization algorithm and apply it to more complex multi-objective
optimization and practical engineering applications, such as the optimal design problem of
industrial refrigeration systems.
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