An Enhanced Dung Beetle Optimization Algorithm for
Global Optimization

Abstract

This paper proposes an enhanced dung beetle optimization (EDBO) algorithm in order to address the issues of the dung bedle
optimization (DBO) algorithm which include easy convergence to the local optimel, slow convergence speed, and poor global
search capability. The improverments inthe EDBO are implemented via the following four aspects. Firstly; the SPM chaatic mapping
designed through combing Sine mepping and Piece-Wise Linear Chaatic IMapping is introduced to initialize the population for
incresing diversity of population. Secondly; the position update formula in the Golden Sine Algarithm (Golden-SA) is used to
replace the formula for the mathematical madel of dung beetle balHolling behavior without dbstacle with the purpase of improving
the convergence accuracy and accelerating the convergence speed. Thirdly; the spiral foraging strategy in the tuna swarm optimization
(TSO) is hyhridized with the methemetical model of dung beetle breeding and foraging behavior. The hybridization not only
belances the global exploration and local exploitation but also keeps the diversity of the population. Finally; the EDBO.can enhance
the capability of escaping the local optimea and extending the search space by means of bringing in the two different sets of adaptive
weight coefficients. The performance of the EDBO s evaluated and compared with other swarm. intelligence- optimization
algorithms via the benchmark fundtions of different characteristics. The results demonstrate that the EDBO autperforms the dassical
DBO and ather compared algorithms in termns of convergence speed and accuracy!

Keywords: Dung beetle optimization; SPM chaotic mapping; Golden sine algorithm; Spiral foraging strategy; Adaptive weight
coefficients

1 Introduction

The swarm intelligence (SI) optimization algorithm is a heuristic algorithm inspired by the biological behaviors which is used to find out
the global optimal solution in the design space for optimization problems [1,2]. The charadteristics of the Sl algorithms contain simple
theoretical framework, excellent convergence accuracy and speed, and powerful global search ability: The common Sl algorithms
include Particle Swarm Optimization (PSO) [3], Grey Wolf Optimizer (GWO) [4], Cuckoo search (CS) [5], Wild Horse Optimizer
(WHO) [6], Harmis Hawks Optimization (HHO) [7], Northem Goshawk Optimization (NGO) [8], Coat Optimization Algorithm
(COOT) [9], and so on. The DBO wes first put forth by Jiankal Xue and Bo Shen in 2022 as a novel approach for handling the
optimization issues [10]. The optimization performance of the DBO s superior to most of traditional optimization algorithms and has
been used for handling the engineering optimization. Nevertheless, there are some drawbeacks in the DBO indluding poor globel search
capability, premature convergence to the local optirma.and slow convergence speed.

In recent years, scholars have proposed improved meteheuristic algorithns by introducing several modification tadtics to enhance the
optimization performance due to the existing dranbacks of the meteheuristic algorithis. Zeng et al. [11] proposed the improved Wild
Horse Optimizer (MVHO)in which the diversity of the population was improved by using the SPM chaatic mepping for population
initialization, the Golden Sine-Algorithm wias introduced to improve the convergence accuracy and speed, and the opposition+besed
leaming and the Cauchy variation strategy were utilized to extend the search space and enhance the ability of avoiding getting trapped
into the local optima:Han et al. [12] fused the weight coefficients, optimal boatstrap position, and spiral search strategy in the Crow
Search Allgorithm to keep a balance between global exploration and local explaitation and improve the convergence rate. Liu et al. [13]
combined the Arithmetic Optimization Algorithm (ACA) with Gold-SA and additionally the Levy flight and Brownian mutation
strategy proposed in this peper were introduced to improve the capahility of the hybrid algorithm.

Thus,it is necessary to introduce several modification tactics to address the drawbacks of the DBO. This peper proposes an enhanced

dung beetle optimization (EDBO) algorithm, which is reflected in four aspects:

(1) EDBO utilizes the SPM chaatic mapping to initialize the population aiming at increasing the diversity of population

(@ The individual update strategy in Golden Sine Algorithm is introduced in the EDBO to replace the formula for the methermetical
model of dung beetle ball-rolling behavior without atstedle for the purpose of extending the search range and acoelerating the
oonvergence speed.

(3) The control coefficients of the spiral foraging strategy in the TSO are used to renew the formula for the matheretical madel of
dung beetle breeding and foraging behavior in order to reduice the probehility of falling into the lacal optima and belance the globel
exploration and local exploitation.

@ The two different sets of adaptive weight coefficients are intraduced in the formula for the matherretical model of dung beetle
stealing behavior to enhance the global searchability and avoid getting trapped in the local optima. The first one comes from the
spiral foraging strategy of the TSO and the ather one is newdy proposed in the peper.



The rest of the paper is amanged as follows: The besic theary of the DBO is provided in Section 2; Section 3 introduces the proposed
EDBO algorithm model at length; The efficacy of the proposed EDBO algorithm is evaluated in Section 4 by comparing with other
optimization algorithms, including the classical DBO, on different unimodal benchmark functions and multimodal benchmark fundtions.
Section 5 gives the conclusion of the paper.

2. The classical DBO algorithm

The Dung Beetle Optimization algorithm is a novel swarm intelligence optimization algorithm designed for handling bath
unconstrained and constrained optimization problems. The inspiration of the DBO comes from some dung beetle habits including
bell+olling, dancing, foraging, breeding, and stealing. The hesic principle of this algorithm is that the DBO divides the dung beetle
population into four subpopulation and then conducts the following four gptimization processes which consist of rolling balls, foraging,
breeding, and stealing [10].

2.1 The mathematical model of dung beetle ball-rolling behavior

The dung beetle ball-rolling behavior is made up of the following two different situations. The first one is dbstacle-free mode which
means that the dung beetle will move forwards for search based on the navigation of sun without obstacle during the balbrolling process.
Inthis model, the position of dung beetles is updated by the following formula:

g+1
L
where g represents the number of the current iterations, x;" represents the position informtion of 2% dung beetle inthe population at
the g iteration, a represents a natural coefficient taking value of 1 or -1 in different situations where the value of 1 means no
deviation and the value of -1 means deviation from the original direction, k represents an invariant quantity indicating the flexure
coefficient in the range of (0,0.2], b represents a fixed parameter within the range (0,1), x3,,,.., represents the global worst
pasition in the cument iteration, |x? — x| represents the difference between it dung beetle and the global worst dung beetle
which is used tosimullate the changes in light intensity:

The second situation is bstructed made which means that the dung beetles need to seek.a newv direction to move forwards by dancing
when it encounters an obstadle and has difficulty in continuing to conduct the behavior of balkrolling. A tangent function which only
considers the values inthe range of [0,1] is used to mimic the behavior of dance as a method to determine a new balHalling direction.
Thus, the position of dung beetle can be updated by the formulawhich is defined as follows:
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xf“ = xf + tan(6) Ix;q — xf_1|#(2)

where |x] — x¢ ™" | represents the difference between 4" ‘dung beetle and (i — )" dung beetle. It should be noted tht the
position of dung beetle is not be updated when 6= O,g, or .

2.2 The mathematical model af dung beetle breeding behavior

In nature, female dung beetles roll their.dung balls to a safe place and then hide them. It is importart for femeale dung beetles to
choose a suitable place for laying their.eqgs so as to provide a safe habitat for their offspring. Inspired by this behavior, a frontier
optionstrategy is proposad to determine the area where the eggs are produced. The strategy can be witten as follows:

{X“’* = max{X* x (1 — R), X'b} #(3)

XU = min{X* x (1 + R), X%}

where X* represents the current local optimal position, X 22" and X U2" represent the bottom and top boundaries of the area
where female dung beetles lay their eggs, X2 and XY represent the lower and upper bounds of optimization problem,
R =1—g/G,and G representsthe upper limits of iterations.

Once the female dung beetles determine the spawning area, they produce their eggs in the area. It should be noted that each
fermale dung beetle gererates only one egg per iteration in the DBO. The boundary range is dynamically adjusted with the
number of iterations increasing, thus the position where fermale dung beetles produce their eggs is also dynamic. The position
Updhte equation for the dung beetle breeding behavior canbe defined as follows:

xf* = X7 by < (xf = XM) + by x (xf — XU )(4)

where x7 represents the location information of the it brood ball in the population at the g iteration, b, and b,
represent two random and independent vectors which have the size of 1 < D each, D represents the number of variables in
the optimization problem. Itis essential to ensure the position of the brood ball to be strictly restricted to a defined range.

2.3 The mathematical model of dung beetle foraging behavior



The foraging behavior is meinly designed for small dung beetles which emerge from the ground for searching food. Thus, itis necessary
to determine the optimal foraging area for guiding the foraging dung beetles. The optimal foraging area is dynamically adjusted with the
number of iterations increasing which can be expressed as follows:
{X“’ = max{X® x (1L -R). X"}, 4(5)
XUP = min{X? x (1 + R), X0}
where X? representsthe globel best position, X2” and X V" represent the lower and upper bounds of the optimel foraging region,

ather parameters have the same definition as in section 2.2. So, the location of small dung beetles can be updated by using the equation
which is defined as follows:
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where x; represents the location informetion of the " sell dung beetles in the population at the g iteration, €, is a random
number with nomnal distribution, and C,, representsa random vector withinthe range (0,1) whichhasthesizeof 1 x.D.

24 The mathematical model of dung beetle stealing behavior

There are some dung beetles called thieves which steal dung bells from ather dung beetles in the population. Ths, the position update
equation for the thieves can be defined as follows:

+1
xJTh = xb

+xf = X))

where x; represents the location information of the it thief in the population at the g *"* iteration, ¢ represents a random vector
obeying normal distribution withthesizeof 1 < D,and S represent afixed parameter,
The flowchart of the DBO algorithmis given in Figure 1.

3. Enhanced dung beetle optimization algorithm

Although the DBO algorithm is simple and has been gpplied to handle sorme unconstrained and constrained optimization problers,
there are some shortcomings in it which include weak ahility of global search and premeture convergence to the local optinel. An
enhanced dung beetle optimization algorithm has been proposed to overcome the existing deficiency:

3.1 SPM ChacticMapping

The DBO generates initial population randomly in' the design space which can cause the loss of the population diversity and
overconvergence in the subsequeent iteration process. The chaos models have been confirmed to be effective for increasing diversity of
population in swarm intelligence optimization algorithm Common chaos models include Tent [14], Logistic [15], Henon [16], and Kent
[17] chaos mapping whaose besic method is to involves mapping chadtic sequencesinto individual search speces. Two significant factors
induding simplicity and ergodicity should be considered when it comes to seleting a suiitable chactic mepping to generate a random
sequence. Thus, the paper chooses an efficient chaotic mapping called SPM designed through combing Sine mepping and PieceWise
Linear Chaotic MappingWwhich has superior chaatic and ergodic properties [11]. The formulais defined as follows:

mod( + psin(mx;) + 7, l) 0<x; <7
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With the control parameter . € (0,1) and u € (0,1), the systemis in a chaotic state. SPM Chaatic Mapping the value of contral
perameter and the initial velue of x,, at first. Then a random sequence within the range of (0,1) are genexated after a certain number
of cydlic iterations. The initial population dung beetles based on the random sequence obtained by SPM Chaatic Mapping improve
diversity of population. This paper chooses the Logistic mapping and Cubic mapping for comparison under the condition where it set the
same iteration number 5000 and the sameinitial velue .. The frequency distribution histograms of the three different chactic meppings
are presented in Fig 2 It can be seen from Fig. 2 that SMP chaatic mapping displays better chaatic performance and ergadicity: Fig. 3
presents the population distribution scatter map of the three different chaatic mappings. The SPM mgpping distributes more uniformly
while the individuals of the Logistic and Cubic meppings distributed more around boundaries which causes the loss of the population
diversity:
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Fig. 3. Chastic Miapping Scatter map: (8) Logistic mapping; (b) Cubic mapping; (€) SPM mapping.
3.2 Golden Sine Algorithm

Golden sine algorithm has strong ahility of global search and meanwhile the golden partition coeffident is introduced to enhance the
capebility of local search [18]. Thus, Golden Sine Strategy can keep a good balance between global exploration and local exploitation.
The formula of golden sine algorithm can be expressed as follows:

g+1

x/T = xig x |sin(R,)| = R, x sin(R,) x |m1 x Pig —m, X xf|#(9)

where R, represents a random number in the interval [0,27r] which determines the movement distance of i** individual in the
nextiteration, R, representsa randomnumber intheinterval [0, 7] which determines the movement directionof " individual in
the next iteration, m, and m, represent golden partition coefficients which is used to reduce the search space and guide the current
individual tothe global optimal. The coefficients m; and m, canbecalculated by the equations as follows:

my=h, Xt+h,x(1-1)



my, = h; x (1 — 1)+ h, x t#(10)
T= (\/g—l)/Z

where a and b represent initial golden values, and T represents the golden ratio.

Inthe DBO algorithm, the pasition update approach in the condition where dung beetles conduct ballrolling behavior without dbstacle is
poor in the capabiility of local search. Therefore, this paper replaces the equiation (1) with equatian (9) to improve the DBO performance.

3.3 TunaSwarm Optimization

The tuna swarm optimization (TSO) is anovel swarmHbased metaheuristic algorithm inspired by the two different foraging behaviors of
tuna swarm which consist of spiral foraging and parabalic foraging. [19]. The paper only focuses on spiral foraging behavior of tuna
swarm which can keep a balance between global exploration and local exploitation on the premise of ensuring speed of convergence.
The mathematical model of spiral foraging behavior can be expressed as follows:

g+1 _
; =

{ a(XP+Bx|XP —x?|)+a, xx), i=1 #(10)
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l=e
where a; represents aweight coefficient which is applied to control the tendency of current individuials to get close to optimal individual,
a, represents a weight coefficient which is used to control the tendency of current individuals to approach to previous individual, p
represents a fix parameter used to determine the extent that tuna go after: the optimal individual ard previous individual inthe early stage,
and g representsauniformly distributed within the range [0,1].

In the DBO algorithm, the position update approach in the condition where dung beetles conduct dung beetle breeding behavior are
besed on current optimal position which could decresse:the population. diversity and premature convergence to the local optimal.
Meanwhile, the position update approach in the condition where dung beetles conduct dung beetle foraging behavior are strictly
controlled by the current global aptirmel pasition which the capability of global exploration could decrease during the iteration process and
itisalso essy to get trapped into the local optimal position.

It can be seen from equiation (11) thet 8 is significant for tuna to conduct spiral foraging strategy: Thus, the peper introduces the specific
coefficient into the DBO algorithm for the purpose of extending the searching capebility of dung beetle populations, and belancing the
global exploration and local explaitationon-the premise of keep the population diversity. The updated equation for the mathemtical
model of dung beetle breeding behavior and foraging behavior can be expressed as follows:

xigﬂ =X"+p; % (qu _XLb*) + B, % (qu _XUb*)#(l4)
xf“ = x‘ig + By % (xf — X“’b) + B, % (xltq —XUbb)#(IS)

The paper introduces two different sets of adaptive weight coefficients into the mathematical model of dung beetle stealing behavior to
generate new pasition update formula. One of the sets of adaptive weight coefficients originates from spiral foraging strategy of the TSO.
The ypdated formula can be expressed as follows:

g+1
i

x :aflxXb+o:2><S><t><(|xf—X* +|xf—Xb|)#(16)

In addition, the peper newly proposed a set of adaptive weight coefficients which s introduced for ypdating the equation (7). The new
position update formulacan be expressed as follows:
xtq“:% x XP + ¢, xSxtx(le—X*

i

+|x? — XxP|)#Q7)

Adaptive weight coefficients are added into equation (7) in order to improve the ability to jurmp out of local aptima, extend the search
spaceand keep a balance between glabal exploration and local exploitation.



34The Pseudo Code of EDBO

The Pseudo Cade of EDBO isillustrated in the Algorithm 1. The EDBO can be autlined as follows; 1) utilize SPM chactic mapping to
initialize the dung beetle population and set the related parameters of the EDBO; 2) calculate the fitness values of the dung beetle
individuals in the population according to the dojective function; 3) update the position informetion of each dung beetle individual
according to corresponding formula; 4) check whether each individual in the population is out of the boundary of the design space for the
optimization; 5) update the current optimal solution and its comesponding fitness values; 6) repeat the above steps until the EDBO
satisfies convergence criteria (g meetsthe upper limits of iterations); 7) output the globel optimal solution and its cormesponding velue.

4. Numerical experiment and analysis
The efficacy of the proposed EDBO algarithm is evaluated through a range of experiments on some benchmeark functions in this section.
4.1 Benchmark Functions

In order to \alidate capecity for optimization of the EDBO, 10 benchmark functions were selected to conduct simulation experiment.
The benchmark function can be divided into two different categories which include unimodal function, and multimedal function.
Unimodal benchmerk functions such as f; ~ £, listed in Table 1 which contain only one single global optimum Solution are utilized to
test the speed and exactness of convergence of the algorithm  Multimodal benchmerk fundions such s £, ~f; , listed iniTable 2 which
contain a global optimum solution and several local optimum solutions are used to gavige the performance of the algorithm to overstep
the local optimum.

4.2 Comparison algorithm and experimental parameters settings

In this paper, several swarm intelligence optimization algorithms were selected for comparison to verify the robustness of the proposed
the EDBO algarithmwhich include GWO (Mirjalili et al. , 2014) [4], HHO (Heidari , 2019) [7], TSO (e etal. , 2021) [19], DBO (Xue
etal. , 2022) [10]. Table 3 presents the parameter settings whaose values were recommended in their respective paper. To ersure the
faimess of the comparison between EDBO and ather comparative algorithms, the experiments need to be implemented in the same
environment where the size of population was N = 30 and the number of meximum iterations were G = 500. The experiment
was conducted on Windows 10 operating system, 64-bit OS, Intel(R) Xeon(R):Silver 4210 CPU @ 2.20GHz, 96GB. The simulation
software was Matlab 2021a.

Algorithimi The Pseudo Code of the EGDBO alganithim

Input: The size of population N, the nurmber of maximum iterations G, the dbjective
function f, the problem bounds b “and U b, the problemdimension D.

* Initialization */

1: Initialize population .= 1,2, -+, N:.and define relevant parameter of algorithm
2: Calculate the fitness of every individual and obitain the optimal solution X 2.
*Mainloop*/

3:while (g < 6).do

4 for.i=1%N

*The balk-rdlling behavior */

5. if i == ballollingdung bectle

6: if 5, < 0.9

7. Update the pasition according to Eq. (9)
8 else

9 Update the pasition according to Eq. (2)
10: end if

U endif

*Thebreeding behavior*/

12:  if i == brood ball
13; if 5, < 0.2

14 Update the position according to . (4)
15: else

16: Update the position according to Eq (14)
17: end if

18: endif




*Theforaging behavior */

19:  if i == smalldung beetle

20: if 65 < 0.2

2L Update the position according to Eq. (6)
2 else

23 Update the position according to Eq; (15)
24: end if

2 edif

f*Thestealing behavior*/

26.  ifi == thief

2r: if 6, <0.5

28 Update the position according to Eq; (16)
2: else

30 Update the position according to Eq, (17)
3L end if

32 endif

33 endfor

34 ifthe nemy generated pasition is better than previous position
35 Acoept the new position.

36 de

37: Acceptthe previous position.

38 endif

Ng=g+1,;

40: end while

Output: Optimal position X? and its comesponding fitness value.

Table 1. Unimodal benchmark functions
Function Dim Range fmin
n
i) = Z X7 0 [-100,100] 0
i=1
n n
6 =) bl + [ [l 0 [-1010 0
i=1 i=1
n i z
22
£:(x) =max{|x;|,1<i < n} 30 [—100,100] 0
n
(%) = x2 + 106 Z X2 % [-100100] O
i=2
n n 2 n 4
fi()= ) x?+ ( ixl-) +( lxl) 0 [-5,10] 0

Table 2. Mulimodal benchmark functions



Function Dim Range fmin

n
£(x) = Z[xg — 10 cos(2mx;) + 10] N [-512512] O
i=1
f:(x) = —20exp (—0.2 %Z xf> —exp <%Z 10 cos(27rxi)) +20+e 30 [—32,32] 0
n n
() = LZ X2 = 1_[ cos (ﬁ) +1 2 [-600600] 0
1) = 2500 2% ~ | Vi ’
=1 i=1
n
fro(x) = Zm sin(x,) + 0.1x,] 0 [-10,10] 0
i=1

Table 3. The parameters setting of the compared algorithis.

Algorithm Parameter Setting
GWO a Uniformly/lowered from2t00
HHO Intenval of E,, [-11]
TSO zada 0.05and0.7
DBO k,A b,and S 0.1,01,03and05
EDBO hy, h,,and p —1, ,and0.85
4.3 Experimental resultsand discussion

It should be noted that the proposed EDBO and several compared algorithms need to be repeated for 30 times independently for the
purpase of reducing the influence of randomness. This section selects three different statistical tools as the performence indicators which
indude best-seeking optimum (Best), the mean value (Mean), and the standard deviation (Std). The methematical expressions are
defined as follows:

Best = min{f;, 5, -+, fa} #(17)

l R
Mean = Ezfi #(18)
i=1

R
1
= _— T — 2
Std R _lizgl(fl Mean)2 #(19)

where R representsthe number of independent runs for optimization experiment, and f; represenis the gptimumofthe % run.
Table 4. The experimental results of unimodal and multimodal benchmark functions

Function Indicator EDBO DBO HHO GWO TSO
Best 0.00E+00 1.03E-159 3.86E-114 2.29E-29 7.77TE-274
fi Mean 0.00E+00 6.24E-103 1.31E-92 9.76E-28 2.99E-228
Std 0.00E+00 3.36E-102 7.17E-92 1.64E-27 0.00E+00
Best 0.00E+00 2.42E-82 3.99E-59 4.90E-18 2.46E-134
f> Mean 0.00E+00 8.88E-59 3.51E-48 9.64E-17 4.62E-116
Std 0.00E+00 4.38E-58 1.88E-47 6.42E-17 2.35E-115
Best 0.00E+00 8.43E-136 6.77E-96 3.11E-08 7.89E-257
fz Mean 0.00E+00 3.05E-48 9.88E-70 9.67E-06 5.72E-215

Std 0.00E+00 1.67E47 5.28E-69 1.70E-05 0.00E+00




Best 0.00E+00 2.46E-80 5.36E-57 9.58E-08 2.95E-139

£ Mean 0.00E+00 7.62E-51 1.84E-49 616E07  127E-115
Su 0.00E+00  3.20E-50 5.79E-49 396E-07  357E-115
Best 0.00E+00  228E-156  149E-113 177E-23  6.63E-261
fs Mean 0.00E+00  7.01E-108  1.73E-85 638E22  8.70E-219
Su 0.00E+00  384E-107  9.48E-85 7.93E-22 0.00E+00
Best 0.00E+00  404E-120  7.34E-86 950E-11  2.80E-229
fs Mean 0.00E+00 1.67E-19 6.80E-41 200E07  8.67E-192
Su 0.00E+00 9.14E-19 3.72E-40 5.20E-07 0.00E+00
Best 000E+00  O0O00E+00  O0O00E+00  O000E+00  0.00E+00
£ Mean 000E+00  159E+00  O0O00E+00  242E+00  0.00E+00
Su 000E+00  695E+00  O0O00E+00  309E+00  0.00E+00
Best 8.88E-16 8.88E-16 8.88E-16 6.48E-14 8.88E-16
£ Mean 8.88E-16 8.88E-16 8.88E-16 1.01E-13 8.83E-16
Su 000E+00  O0O00E+00  0.00E+00 1.92E-14 0.00E-+00
Best 0.00E+00  000E+00  O0O0OE+00  O000E+00 0.00E+00
f Mean 000E+00  O0O00E+00  0.00E+00 6.53E-03 0.00E+00
Su 000E+00  O0O00E+00  0.00E+00 1.10E-02 0.00E+00
Best 0.00E+00 9.08E-82 3.16E-61 257E-16  5.97E-131
fio Mean 0.00E+00 1.09E-04 4.59E-51 6.66E-04 1.01E-34
Su 0.00E+00 2.62E-04 1.75E-50 7.34E-04 5.49E-34

The experimental results of the three performance indicators for six unimodal benchimerk functions and four multimodal benchmark
functions after 30 independent runs are showed in Table 4. The EDBO autperforms ather compared algorithrms. It can be seen that for
the unimodal benchmeark fundtions f; ~f, the EDBO can obtain the theoretical optimal velue with the mean velue and standard
deviation of 0, which demonstrates that the EDBO possesses strong robustness and stability: For mulimodal benchmark functions
f>~fs, the performance of the EDBO, DBO, HHO, and TSO.are comparable and the three different performance indicators are
significantly better than GWO. For f; ., the EDBO converges totheoretical optimal value with mean value and standard deviation of 0.
The EDBO proposed in the paper is an improverment besed on the DBO. Thus, it is necessary to compere the performance between the
EDBO and the DBO. It can be seen from the Table 4 that the EDBO is significantly better than the DBO in tems of the three
performance indicators which suggests thet the amelioration strategy used in the peper can effectively enhance the performance of the
dassical DBO.

The convergence curves of the proposed EDBO and ather four compared algorithms for six unimadal benchmark functions and four
multimodal benchmark functions are displayed inFigure 4 with the purpose of comparing the convergence acouracy and rate of different
algorithms more intuitively:

In Fig. 4, the horizontal axis denotes the number of iterations and the vertical axis represents the average fitness values which have been
expressed in logarithmic form with the bese of 10 to better display the trend of convergence. It can be seen from Figure 4 that the
propased EDBO exhibits faster convergence rate and higher convergence accuracy then the compered algorithns. By observing several
convergence eunves biased on unimodal benchmark functions £ ~f; , it can be seen that the convergence performance of the EDBO is
far superior to thet of the compared algorithms and the convergence curves present a nearlinear descent to the theoretical optimal values
orapproximate theoretical optimal values which indicate that the EDBO can determine the region immediately where the global optimal
solution may exist and move towards it. Next, it can be summarized from the convergence curves of the multimodal benchmark
functions thet the EDBO outperforms the compered algorithms on the part of the convergence accuracy and rate. The convergence
ounwes of function f;, is similar to that of unimodal benchmark functions. In the convergence curves of function £, ~f,, the EDBO
oonverges with a sharp decline in a straight line to abtain theoretical optimal values which suggest that the proposed EDBO can jurmp out
ofthe local optima effectively: Finally; by comparing the convergence cunves of EDBO and the convergence cunves of the DBO, it can
be seen that the convergence accuracy and rate of EDBO are significantly better than that of the DBO, which indicates that the
modification tactic proposed in the paper are useful for enhancing the convergence performance of the DBO.

Inaddition, the VWilooxon signrank test with asignificant level o« = 0.05 isincluded in the paper for finding out whether the proposed
EDBO heas a significant performence difference compared with the dassical DBO, HHO, GWO, and TSO on the besis of 30
independent runs in the 10 benchmark functions. The results of Vilcoxon signrank test are displayed in Table 5.
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Table5. a-values of Wilcoxon signank test

. EDBOW

Fundtion DBO HHO GWO TS0
£, 1.21E-12 1.21E-12 1.20E-12 1.21E-12
2 1.21E-12 1.21E-12 121E-12 1.21E-12
J2 1.21E-12 1.21E-12 1.21E-12 1.21E-12
£ 1.21E-12 1.21E-12 1.21E412 1.21E-12
fi 1.21E-12 1.21E-12 1.21E-12 1.21E-12
£, 1.21E-12 1.21E-12 1.21E-12 1.21E-12
£, 161E-01 NA 44TE12 NA
fo NA NA 11712 NA
fo NA NA 662604 NA
fo 1.21E-12 1.21E-12 1.21E-12 1.21E-12

+/—/= 7/0/3 7/0/3 10/0/0 7/0/3

The symbol “+ indiicates the EDBO s supefior to the compared algorithms; the symbol " indicates the EDBO is inferior to the
compared algorithis; the symbol “=" indiicates the EDBO iis similar to the compared algorithms, and “N/A presents the EDBO andthe
compared algorithm have a comparable. performance. According to Table 5, the EDBO differs significantly from DBO, HHO, GWO,
and TSO for fundtion f; ~fsand f£; . There is no significant performance difference between the EDBO and DBO, HHO, and TSO
forfunction £, ~f; . Ingeneral, the convergence performance of EDBO is superior to that of the compered algorithms.

5. Conclusion

This paper proposes the EDBO algarithm to address the existing shortages of the dlassical DBO algorithm which include the poor
capahility to conduct globel search and escape the local optimum . The SPM chaatic meapping model is utilized to initialize the population
and keep diversity, The individual update strategy in Golden Sine Algorithm is introduced inthe EDBO to enhance the ability of search.
Additionally; the spiral foraging strategy in tuna swarm optimization is implemented to madify the position update equation for the
mathematical medel of dung beetle breeding and foraging behavior with the purpose of extending the search range and keeping a
belance the glabal exploration and local exploitation. Finally; the two different sets of adaptive weight perameters are added into the
position update equition for the methermatical model of dung beetle stealing behavior in order to increese the likelihood of jumping out of
the local optima and enhance the later search ability: The performance of the EDBO is compared with four different swarm intelligence
optimization algarithrms, including DBO, HHO, GWO, and TSO, on six unimodal benchmark functions and four multimodal
benchmark functions. The three performance indicators, including ‘Best’, ‘Mean’, and “St’, and Wilcoxon signHank test are used to
verify the effectiveness of modification tactics. According to the outoomes of the simulation experiment, the EDBO is superior to ather
compared algorithims in tems of convergence accuracy and speed and meanwhile enhances the capability of jumping out of the local
optima,

Nevertheless, the current research is still insufficient. In the future, we consider further improving the convergence performance of the
EDBO sothat it can be utilized to handle complex multi-objective optimization problem and engineering optimization problems.
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