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Abstract

Parameters identification of photovoltaic models and engineering problems with constraints are recognized as complex
optimization tasks in real-world applications. In this paper, an upgraded variant of Dung Beetle Optimizer (MSDBO) is
proposed. MSDBO incorporates three key strategies. Firstly, dynamic population size variation dynamically adjusts the
population size to balance global exploration in the early stages and local exploitation in the later stages. Secondly, forced
ranking strategy prioritizes higher-quality solutions, accelerating the convergence speed by focusing on the most promising
candidates. Finally, boundary control strategy ensures that candidate solutions remain within the feasible region of the
search space, improving the robustness of the algorithm and preventing infeasible solutions. These strategies collectively
contribute to the improved performance of MSDBO in terms of convergence speed, solution accuracy, and computational
efficiency. By leveraging information from high-performing individuals, the algorithm is guided toward more effective
solutions. To verify the performance of MSDBO, it was compared with other advanced optimization algorithms on the
CEC 2014, CEC 2019, and CEC 2011 test suites. In addition, MSDBO was applied to two types of real-world optimiza-
tion problems: several specific engineering problems with constraints and parameters identification of photovoltaic models.
The experimental results indicate that MSDBO performs competitively compared to other algorithms. Statistical analysis,
including the Friedman rank test, reveals that MSDBO ranks first among all tested algorithms, suggesting its effectiveness
in both benchmark and real-world applications.

Keywords Swarm intelligence - Dung beetle optimizer (DBO) - Metaheuristic algorithms - Photovoltaic models -
Engineering applications

1 Introduction for solving optimization problems, particularly for charac-

teristics functions defined in continuous space, such as non-

Traditional optimization algorithms, such as linear program-
ming, branch binding, and dynamic programming, are lim-
ited in their ability to solve complex optimization problems
in real-world engineering fields. Those algorithms require
a precise mathematical formula of such problems and are
only applicable to small-scale problems. However, with the
continuous development of science and engineering fields,
many complex engineering optimization problems emerge
and are difficult to solve [1, 2]. To address these challenges,
metaheuristic algorithms have emerged as a new approach
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linear and non-convex functions [3, 4].

Due to their inherent randomness and the ability to treat
problems as black boxes, meta-heuristics can efficiently
identify global optimal solutions for given problems. Meta-
heuristic algorithms can be roughly divided into the follow-
ing two categories: Evolutionary Computation (EC) and
Swarm Intelligence (SI) [5]. EC algorithms are inspired by
the process of natural evolution. They use genetic opera-
tors to create new candidate solutions, and the selection of
best solutions is based on a fitness function. While the SI
algorithms are inspired by the collective behavior of social
animals. They use simple rules to govern the behavior of a
group of agents.

Metaheuristic algorithms(MAs), are gaining popularity
due to their ability to calculate solutions through heuristic
search strategies, greatly increasing their applicability in
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practical problems. Additionally, these algorithms does not
require the features and gradient information of problems to
be solved. Unlike traditional deterministic methods, meta-
heuristic algorithms are composed of simple rules and ran-
dom collaboration to perform search tasks. Based on these
advantages, they have been successful applied to a wide
range of optimization problems such as image processing
[6, 7], classification [8], and feature selection [9].

In this context, metaheuristic algorithms are employed to
optimize various parameters such as feature matching, trans-
formation estimation, and blending, aiming to create seam-
less and visually appealing stitched images. For example,
algorithms like the Genetic Algorithm or Particle Swarm
Optimization can be utilized to search for the optimal align-
ment of overlapping image regions, thereby enhancing the
overall quality of the stitched panorama [10]. In [11], an
enhanced moth flame optimization algorithm was proposed
and applied to COVID-19 CT image segmentation, achiev-
ing better results compared to other methods. In the area
of engineering design, metaheuristic algorithms have been
employed to solve complex optimization problems. In [12],
a modified moth flame optimization algorithm was utilized
to solve three-bar truss design and tension/compression
spring design problems, demonstrating its effectiveness in
real-world engineering applications. Additionally, in [13],
a hybrid moth flame optimization algorithm was applied to
global optimization problems and showed superior perfor-
mance compared to traditional optimization algorithms. In
[14], an improved whale optimization algorithm based on
the Fibonacci search principle was proposed for global opti-
mization, further expanding the application and improve-
ment of metaheuristic algorithms.

In addition, works such as [15-18] have also made valu-
able contributions to the continuous evolution and diverse
applications of metaheuristic algorithms. They have delved
into different aspects like improving algorithm robustness,
expanding its applicability to multi-objective problems, or
integrating it with emerging technologies. Overall, it is evi-
dent that metaheuristic algorithms are evolving and finding
increasing relevance in multiple domains, and a comprehen-
sive exploration of their recent applications is essential for
further advancements in related research areas.

Regardless of the type of MAs, Exploration and exploita-
tion are critical characteristics of them for solving optimiza-
tion problems effectively. Exploration refers to the ability of
a search algorithm to find diverse solutions scattered across
the search space, while exploitation emphasizes the process
of intensifying the search in promising regions of the solu-
tion space to improve existing solutions or find better ones.
Empirical evidence has shown that the exploration-exploi-
tation balance is closely related to the convergence rate of
a search method. While exploitation strategies can speed
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up convergence to the global optimum, they increase the
likelihood of becoming trapped in local optima. Conversely,
exploration strategies increase the chances of discovering
regions with a higher likelihood of containing the global
optimum within the search space, but at the cost of slower
convergence [19].

The question of how to achieve exploration and exploi-
tation of solutions in metaheuristic algorithms remains an
open subject. In recent years, MAs have gained significant
attention as they offer efficient solutions to various optimi-
zation problems. Among the available algorithms, the Dung
Beetle Optimizer (DBO) [20] has emerged as a promising
swarm intelligence optimization algorithm that is inspired
by the behavior of dung beetles. The DBO algorithm
employs five different update rules to find high-quality solu-
tions and has been successfully applied to several practical
engineering design problems.

The Dung Beetle Optimization (DBO) algorithm has
shown to achieve better optimization performance than
PSO, GWO, and other algorithms. However, due to the
uneven population distribution on exploration and exploita-
tion, the algorithm has a greater risk of becoming trapped in
local optima and has limitations in convergence and search
efficiency. Specifically, during the reproduction phase, if the
local optimum coincides with the origin, the spawning pro-
cess can cause an excessive concentration of dung beetles at
this point, leading to stagnation and preventing further algo-
rithmic progression. Additionally, the convergence factor in
DBO does not effectively balance global exploration during
the early stages with local exploitation in the later stages,
resulting in suboptimal solution accuracy and hindering the
algorithm’s ability to fully exploit the solution space.

In response to these challenges, several improvement
strategies have been proposed. First, dynamically adjusting
the balance between foraging and spawning dung beetles,
can facilitate better global search capabilities in the early
stages and more effective local exploration in the later
stages. Furthermore, modifications to the optimal spawning
region can help the algorithm more effectively escape from
local optima, thereby improving its overall robustness and
performance.

These proposed enhancements to the DBO algorithm
are in line with broader efforts to improve the efficacy
of swarm intelligence algorithms. Recent advancements
in metaheuristic algorithms have focused on improving
exploration and exploitation capabilities, balancing com-
putational efficiency, and overcoming limitations such as
slow convergence rates and premature convergence to local
optima. Recent advancements have focused on address-
ing these issues and enhancing the performance of existing
algorithms.
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For instance, the Modified EDO (MEDQO) combines the
Salp Swarm Algorithm (SSA) with Quadratic Interpolation
(QI), significantly improving local search precision and
preventing premature convergence through SSA’s global
migration mechanism [21]. Similarly, the Dynamic Hunting
Algorithm (DHL) has been improved through the mDHL
variant, which incorporates Levy Flight to enhance each
hunter’s tracking ability, along with a local escape operator
and quasi-opposition learning to improve exploration and
exploitation balance [22].

Additionally, the Worst Moth Disruption Strategy
(WMFO) has been introduced to overcome issues of popu-
lation stagnation and low diversity in the Moth Fly Opti-
mization (MFO) algorithm, ensuring a more adaptive
search process [23]. The AEFA-CSR (Artificial Electric
Field Employing Cuckoo Search Algorithm with Refrac-
tion Learning) is another hybrid approach that enhances the
Cuckoo Search (CS) method by improving global explora-
tion while also using Refraction Learning to refine local
exploitation [24].

These advancements reflect a growing trend towards
developing adaptive and hybrid algorithms capable of han-
dling a wider range of optimization tasks with improved
accuracy and efficiency.

To achieve a better balance between exploration and
exploitation, many researchers choose to improve the per-
formance of their algorithms by introducing new strate-
gies, combining existing algorithms, or proposing new
algorithms altogether. Therefore, this paper proposes an
enhanced DBO algorithm for global optimization and engi-
neering applications called MSDBO. The proposed algo-
rithm aims to further improve the convergence and search
efficiency of DBO. MSDBO integrates multiple strategies
of the DBO algorithm, including the dynamic population
size variation, the forced ranking strategy, and the boundary
control strategy. The proposed algorithm outperforms the
original DBO algorithm in terms of optimization accuracy
and search efficiency.

The main highlights and contributions of this paper are
summarized as follows.

(1) An multi-strategy boosted DBO algorithm is developed
by incorporating three strategies. Firstly, dynamic pop-
ulation size variation is introduced to balance explora-
tion and exploitation during the optimization process.
Secondly, the forced ranking strategy is introduced
to expand the exploration ability of the optimal solu-
tion. Finally, a boundary control strategy is employed
to fully utilize the information of excellent individuals
in the population to accelerate the convergence. These
modifications aim to strengthen the exploration and

exploitation capabilities of the DBO algorithm, poten-
tially leading to better optimization performance.

(2) The convergence of the proposed MSDBO algorithm
is evaluated by comparing it with other advanced algo-
rithms using the CEC 2014 and CEC 2019 test suites
[25, 26]. The CEC test suites are widely recognized as
standard benchmarks for evaluating optimization algo-
rithms, and include a set of challenging optimization
problems with various characteristics. The experimen-
tal results indicate that the proposed algorithm performs
competitively on most of the test functions compared to
other advanced algorithms.

(3) The ability of the proposed MSDBO algorithm to solve
practical engineering optimization problems is con-
firmed by applying it to four engineering optimization
examples. The optimization objectives and constraints
of each example are carefully defined to reflect the real-
world engineering scenarios. The results show that the
proposed algorithm can generate satisfactory solutions
for these problems and performs comparably or better
than other advanced algorithms in terms of solution
accuracy and convergence speed. This suggests that the
algorithm has potential for application in various engi-
neering domains.

The reminder of this paper is organized as follows. In
Sect. 2, a brief description of MAs and the DBO algorithm
are provided to given a foundation for understanding the
proposed modifications. Section 3 introduces the three strat-
egies that are used to enhance the DBO algorithm and pres-
ents the proposed MSDBO algorithm in detail. In Sect. 4,
the performance of the MSDBO algorithm is compared with
other advanced algorithms on commonly used benchmark
test suites (CEC 2014 and CEC 2019). Section 5 focuses on
the applications of the MSDBO algorithm to several con-
strained optimization problems in CEC 2011 and four prac-
tical engineering optimization problems. Section 6 applies
MSDBO and the competing algorithms to the Parameters
identification of photovoltaic models. Finally, Sect. 7 con-
cludes this paper with some remarks for future research
work.

2 Literature review

2.1 Metaheuristic algorithms

In recent decades, metaheuristic algorithms have garnered
widespread attention across various scientific disciplines,
including computer science, engineering, and mathemat-

ics [27]. These algorithms, designed to optimize complex
problems, are often inspired by a wide range of natural and
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conceptual phenomena, such as evolution, collective behav-
ior, random search processes, and more. Metaheuristics
are typically classified into four main categories based on
their underlying principles: Evolutionary-based algorithms,
Swarm-based algorithms, Physics-based algorithms, and
Human-based algorithms. Each category reflects distinct
sources of inspiration-ranging from the behavior of living
organisms and genetic processes to the laws of physics and
human activities-providing diverse approaches to solving
optimization challenges.

Evolutionary-based algorithms are inspired by concepts
from biology, particularly genetics and evolutionary pro-
cesses, including natural selection, genetic variation, and
inheritance.Key algorithms in this category include the
Genetic Algorithm (GA) [28] and Differential Evolution
(DE) [29], both of which replicate natural reproduction
processes and incorporate genetic operations like mutation,
crossover, and selection.

Swarm-based algorithms are inspired by the collective
behaviors of various organisms, including birds, insects,
fish, and other animals. Notable examples include Particle
Swarm Optimization (PSO) [30], Artificial Bee Colony
(ABC) [31], and Whale Optimization Algorithm (WOA)
[32]. PSO mimics the coordinated movements of bird flocks
and fish schools, while ABC is based on the hierarchical for-
aging behaviors of bees, and WOA is inspired by the social
behaviors of humpback whales. Additionally, swarm-based
algorithms are often influenced by natural behaviors such
as hunting, migration, flight strategies, and foraging. Other
algorithms in this category include the Fossa Optimization
Algorithm (FOA) [33], Addax Optimization Algorithm
(AOA) [34], Remora Optimization Algorithm (ROA) [35],
Harris Hawks Optimization (HHO) [36], Slap Swarm Algo-
rithm (SSA) [37], Reptile Search Algorithm (RSA) [38],
Dragonfly Algorithm (DA) [39], Coati Optimization Algo-
rithm (COA) [40], and Dung Beetle Optimizer (DBO) [20],
among others, each drawing on specific animal behaviors
for optimization purposes.

Physics-based algorithms are grounded in physical prin-
ciples, including laws, forces, and phenomena. One of the
most prominent examples is Simulated Annealing (SA)
[41], which is inspired by the annealing process in metal-
lurgy. Other algorithms, such as the Momentum Search
Algorithm (MSA) [42] and Spring Search Algorithm (SSA)
[43], draw on physical forces and Newton’s laws of motion.
Additionally, algorithms like the Gravitational Search Algo-
rithm (GSA) [44], Special Relativity Search (SRS) [45], and
Water Cycle Algorithm (WCA) [46] are based on various
physical concepts.

Human-based algorithms are inspired by cognitive pro-
cesses, behaviors, and decision-making patterns observed
in humans. These algorithms often model human activities
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such as learning, memory, and personal development. For
example, Teaching-Learning Based Optimization (TLBO)
[47] is based on educational processes, where solutions
represent learners, and optimization occurs through interac-
tions between teachers and students. The Growth Optimizer
(GO) [48] is inspired by the learning and reflective processes
individuals undergo during their growth and development
within society. Additionally, algorithms like Potter Optimi-
zation Algorithm (POA) [49], Carpet Weaving Optimization
(CWO) [50], Dollmaker Optimization Algorithm (DOA)
[51],Poor and Rich Optimization algorithm (PRO) [52], and
Sculptor Optimization Algorithm (SOA) [53] draw on vari-
ous aspects of human cognition and social interactions to
guide the search for optimal solutions.

2.2 Dung beetle optimizer

The Dung Beetle Optimizer (DBO) algorithm is a novel
metaheuristic algorithm inspired by the behavior of dung
beetles. The algorithm divides the population into four
sub-populations, each performing a specific activity: ball
rolling, reproduction, foraging, and thievery, as shown in
Fig. 1. The exploration of these subpopulations is used to
update the position and ultimately seek the optimal solution.
In the DBO algorithm, assuming a population size of N, the
position of each dung beetle in the D-dimensional search
space is represented by Eq. (1).

11 Ti2 . Tl T1,D
xr21 22 0 X2y ZT2.D

X — : : : : 1
Li1 Li2 o Tig Li,D M
IN,1 IN,2 IN,j TN,D

where z; ; denotes the position of the i dung beetle in the
4" dimension. The fitness of each dung beetle is calculated
based on its position information, as shown in Eq. (2).

f(E)
f(Z2)

Fitness = f@_) )

where &; = [z;1,%i2,...,%;,p| and f(Z;) is the fitness
value of the 7;, dung beetle. The four subpopulations in the
DBO algorithm are crucial for the optimization process, as
they enable the algorithm to balance exploration and exploi-
tation and enhance the equilibrium search capability.
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Fig. 1 Four behaviors of dung
beetles

rolling dung ball

The primary objective of ball rolling dung beetles is to
transport their fecal balls quickly and efficiently, thus avoid-
ing competition with other dung beetles [54]. During the
ball rolling process, the position of the dung beetles rolling
the ball is continuously updated. This process can be repre-
sented by Eq. (3).

Ti(t+1) =3 ) +axkxT(t—1)+bx AT,
AT = |fz (t) - fworst| ) (3)

where ¢ representsthe number of current iterations, and
@; (t) represents the position of the ith dung beetle at the
tth iteration. The symbol & € (0, 0.2] represents a constant
parameter for the deflection coefficient, and b is a constant
parameter belonging to (0,1). « is a natural coefficient with
a value of -1 or 1 is set to be 1 or -1 by the probability
method, which is used to simulate the changes in light inten-
sity, and x,rs¢ represents the global worst position.

When a dung beetle encounters an obstacle in its path,
it must adjust its direction and find a new route to continue
rolling its fecal ball. In the DBO algorithm, the dung beetle
uses the tangent function to calculate a new rolling direc-
tion, which it mimics through a dance-like behavior [55].

This dance allows the beetle to adjust its position and ori-
entation, enabling it to navigate around obstacles and con-
tinue rolling the ball towards its destination. Under these
circumstances, the position of the ball rolling dung beetle is
updated according to the Eq. (4).

Ti(t+1) =2 (t) +tan (9) x |&; (t) — & (t — 1) 4)

spawning

where 6 is belonging to [0, 7] representing the deflection
angle, and it should be noted that the position of dung beetle
is not be updated when 6 = 0, 7,

Choosing a suitable location to lay eggs is crucial for
dung beetles to ensure the safety and survival of their off-
spring. Female beetles must carefully select a location that
provides adequate protection and resources to support the
growth and development of their young. To simulate this
behavior, the DBO algorithm includes a boundary selection
strategy that defines the breeding areas for female beetles,
which is defined by Eq. (5).

or .

Lb" = max (fl,,est % (1-R), Eb) ,

o - ©)
Ub" = min (flbest % (1+ R) ,Ub) :

where Z,.s¢ represents the current local optimal position,
Lb and Ub" indicate the lower and upper bounds of the
spawning area, respectively. R = 1 — t/maxiter and max-
iter indicates the maximum number of iterations, and Lb
and Ub represent the lower and upper bounds of the optimi-
zation problem, respectively.

During the iteration process of the DBO algorithm, the
position of the brood ball undergoes dynamic changes.
These changes are determined by the Eq. (6).

Fi (4 1) = Fipest + b1 x (z (t) — Eb*) B x (f (t) — sz*) (6)

where ; (t) represents the position of the ith brood ball at
the ¢th iteration. 51 and 52 are two independent random vec-
tors of size 1 X D, where D is the dimension of the optimi-
zation problem.
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In addition to simulating the behavior of ball rolling and
reproduction dung beetles, the DBO algorithm also incor-
porates the foraging process of small dung beetles in nature.
By mimicking the behavior of small dung beetles as they
search for food, the DBO algorithm is able to more accu-
rately simulate the foraging behavior of dung beetles and
optimize solutions based on their behavior.

To define the optimal foraging area for small dung beetles,
the DBO algorithm uses the following boundary definition.

Ib = max (gpest < (1= 1), 1) .
b . )
Ub = min (fgbest % (1+R), Ub) :

where Zgp.s: represents the global optimal position, and

- b = b
Lb and Ub represent the lower and upper bounds of the
optimal foraging area, respectively. Therefore, the position

update of the small dung beetles is shown as Eq. (8).
T+ 1) = 7 (1) + Cr x (7 (1) - Eb”) +Cox (7 (0) - (fb”) (8)

where Z; (t) represents the position information of the ith
small dung beetles in the zth iteration, while C represents a
random number that follows the normal distribution, and C5
represents a random vector that belongs to (0,1).

Some dung beetles are known to engage in thieving
behavior, in which they steal faeces from others. The DBO
algorithm incorporates this behavior by assuming that the
location for thieving dung beetles to compete is the global
best position, represented by Zgpese. During the iteration
process, the position of the thieving dung beetles is updated
according to the Eq. (9).

Ty (t+1) = Tgpest + 5 x §x (|2 () — Tipese| + 175 (8) — Tgpest|) )

where Z; (t) represents the location information of the ith
thief at the rth iteration, and g is a size 1 x D random vector
following a normal distribution, and S is a constant value,
defined as 1 in the original algorithm.

3 MSDBO

Although the Dung Beetle Optimizer (DBO) has dem-
onstrated superior performance in optimizing problems,
achieving the optimal solution remains highly challenging
for this algorithm. Furthermore, its ability to solve complex
problems is not entirely satisfactory. In response to these
limitations, the MSDBO has been developed, incorporat-
ing three novel strategies to enhance the DBO algorithm’s
exploration and exploitation capabilities, promote popula-
tion diversity, and accelerate convergence. The proposed
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strategies include dynamic population size variation, forced
ranking strategy, and a novel boundary control strategy,
which are used to enhance the performance of the DBO
algorithm in solving various optimization problems. The
details of proposed MSDBO algorithm are shown in this
section.

3.1 Dynamic population size variation

In the Dung Beetle Optimizer (DBO), the size of the four
subpopulations is fixed as the number of iterations increases,
which can result in an imbalance between exploration and
exploitation during the iteration process. To overcome this
limitation and improve the overall efficiency of the DBO
algorithm, a novel approach to dynamically adjust the size
of the sub-populations was designed.

The dynamic population size variation strategy aims
to balance the exploration and exploitation capabilities of
the algorithm by dynamically adjusting the population size
based on a new population division formula, as shown in
Eq. (10). It aims to enhance the exploration and exploitation
capabilities of the population search in both the early and
late stages of the iteration process.

Pnumy = p1 x (N — (k — (exp (—t/ maxiter))) x N),
N — (k — (exp (—t/ maxiter))) x N),
exp (—t/ maxiter))) x N),

(k — (exp (—t/ maxiter))) x N),

Pnumgy = (1 —p1) X

(10)

~ o~~~

)
Pnums = pa x ((k —
Pnumyg = (1 — pa) X

where Pnumi, Pnumso, Pnums and Pnum, represents
the subpopulation size of ball rolling, reproduction, forage
and thievery dung beetles, where /N indicates the population
size of the dung beetles. k denotes a constant between 1 and
2, and ¢ represents the current iteration.

Specifically, the proposed strategy adjusts the size of four
subpopulations to enhance the algorithm’s performance. The
proposed strategy gradually increases the size of ball rolling
and reproduction dung beetles, which represent the explora-
tion subpopulations, as the size of iterations increases. This
increase in the exploration subpopulations enables the algo-
rithm to explore new regions in the search space and avoid
premature convergence. Conversely, the proposed strategy
reduces the size of the forage and thievery subpopulations,
which represent the exploitation subpopulations, as the
number of iterations increases.

This reduction in the exploitation subpopulations allows
the algorithm to focus on exploiting promising solutions
and converging towards the optimal solution. It is worth
noting that the proposed strategy dynamically adjusts the
subpopulation size to balance global exploration and local
exploitation at different stages of the search process. By
doing so, the algorithm can efficiently explore the search
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space in the early stages and exploit promising solutions in
the later stages, which can lead to improved performance in
solving a range of optimization problems.

3.2 Forced ranking strategy

Evolutionary theory, particularly the principle of natural
selection, has inspired the development of numerous opti-
mization algorithms aimed at improving solution quality.
One of the key concepts derived from natural selection is
the survival of the fittest, which can be effectively trans-
lated into a forced ranking strategy. This strategy enhances
population optimization by increasing the likelihood of
discovering superior solutions. The forced ranking strategy
proposed in this paper can be integrated into various opti-
mization algorithms, serving as a mechanism to improve
performance.

The forced ranking strategy operates by selecting indi-
viduals with poorer fitness after each iteration and replac-
ing them with new individuals generated using the formula
in Eq. (11). This mechanism ensures that the population
evolves towards better solutions with each iteration, improv-
ing search efficiency and overall solution quality.

Fi(t+1) = Zogge + 11 % R ((fbffb) (11)

where . indicates elite individuals with randomly
selected fitness values in the top p percent of the population.
Ub and Lb denote the upper and lower bounds of the search
space, respectively. 1 denotes a random number between
0 and 1, and R =1 — ¢/maxiter represents the dynamic
radius, where ¢ represents the current iteration, and maxiter
denotes the maximum number of iterations.

As depicted in Fig. 2, the proposed forced ranking strat-
egy works by ordering the population based on fitness. This
approach enhances the algorithm’s exploration ability and
mitigates premature convergence by selecting less adapted
individuals for elimination and replacing them with new
candidates generated according to a dynamic evolution

Fig. 2 Forced ranking strategy

Eliminate these individuals [ ]

@ The current global position

® Individuals with good fitness value

formula. This process is repeated iteratively, ensuring that
the population gradually converges towards high-quality
solutions. The integration of this strategy improves popula-
tion diversity and encourages the discovery of new high-
quality solutions, making it a simple yet effective addition
to optimization algorithms. Moreover, it can be easily cus-
tomized and adapted to different optimization problems,
further enhancing its versatility.

Specifically, this approach accelerates convergence to the
global optimum by producing high-quality individuals that
are passed down to the next generation. As a result, the fit-
ness level of the entire population gradually improves over
time. Additionally, by selecting higher-ranked individuals to
update and replace lower-ranked ones, the strategy increases
population diversity, making it more likely to find the global
optimum rather than local optima.

It is important to note that the selection of the top p percent
of individuals should be determined based on the specific
characteristics of the problem and algorithm. Furthermore,
Eq. (11) generates new individuals using a dynamic search
radius, which changes based on the current iteration num-
ber. This elastic search range mechanism ensures large-
scale exploration during the early stages of optimization and
smaller-scale exploitation in the later stages, thus achieving
a balanced exploration-exploitation trade-off throughout the
search process.

3.3 Boundary control strategy

In the iterative process of optimization algorithms, individ-
uals may exceed the search boundary, which can negatively
impact the search process and solution quality. Existing
approaches to address this issue typically involve assigning
fixed upper or lower limit values to individuals outside the
boundary [56], or performing delayed estimation based on
the boundary values. However, these methods do not always
effectively utilize population information.

To overcome this limitation, a novel boundary control
strategy based on the position information of the elite indi-
viduals is proposed. This approach leverages the information

Generate new individuals in this resign

@ Individuals with poor fitness value

New individuals

@ Individuals with general fitness value

@ Springer



International Journal of Machine Learning and Cybernetics

from the current iteration population to adjust the position
of individuals outside the boundary, rather than relying
on fixed limit values or delayed estimation. The proposed
method is formulated as Eq. (12), which randomly places
individuals outside the boundary nearby individuals with
better fitness. In the next iteration, they will be searched in
positions that are better than their original positions. There-
fore, it can improve the exploitation ability of DBO.

T (t+ 1) = Zetite; + 72 X (Zetitej — Tgbest,j) (12)

where Zgpest and e represent the global optimal solution
and elite individuals with randomly selected fitness values

in The top p percent of the population of the ith iteration,
respectively, and ry is a random number in the range [0, 1].

The proposed boundary control strategy represents a
significant improvement over existing approaches, as it
effectively leverages population information to adjust the
position of individuals outside the boundary. By consider-
ing the position of both the global optimal individual and
the elite individuals, the approach provides a more accurate
and comprehensive representation of the population, which
ultimately leads to improved solution quality and search
efficiency. The pseudocode of the boundary control strategy
is shown in Algorithm 1.

Input: x; (t), Lb, Ub, X*, X*©

Output: z; (t)
for j < 1to D do

[

if @; ; (t) < Lb or x;,5 (t) > Ub then

3 | Update z; ; (t) by using Bq.(12);

4 for j < 1toDdo
6 Lxm‘:Lb;

7
8 L L5 = Ub,

if Zi,j (t) < Lb then

Algorithm 1 Boundary control strategy

Fig. 3 Flowchart of MSDBO

Initialize population and
calculate all fitness

N
FEs < MaxFEs 0

l Yes
Use Dynamic population size variation divide the population into
subpopulations
Boundary control H Updating

|

Use Forced ranking strategy regenerate the individuals with poor

fitness
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By integrating the proposed strategies into DBO, a new
algorithm called MSDBO has been developed, which deliv-
ers a considerable improvement over the original algorithm.
MSDBO merges the strengths of the DBO with the benefits
of the suggested strategies, providing a more resilient and
efficient approach for solving optimization problems. The
pseudo code of MSDBO is presented in Algorithm 2, and
the flowchart of MSDBO can be seen in Fig. 3.

3.4 Complexity analysis

In this study, the complexity analysis of MSDBO primar-
ily focuses on the time required for operations performed
within each generation. Let the population size and problem
dimension be denoted by N and D, respectively. Initially,
the cost of initializing and evaluating candidate solutions
is O(N x D). Following this, the cost associated with the
execution of operators within the loop is O((N — 1) x D).
Additionally, sorting the fitness values utilizes the quicksort
algorithm, which has a time complexity of O(N x log N).
Consequently, the overall complexity of MSDBO can be
expressed as O(N x log N) + O((N — 1) x D).

Input: The maximum iterations maziter, the size of the particle’s population
N
Output: Optimal position zgp.s; and its fitness value gbest fitness
1 Initialization the particle’s population i <— 1,2,..., N and define its relevant
paramaters;
2 while t < maxiter do

for i <~ 1 to N do

4 if i <= Pnum, then

5 6 =rand (1);

6 if § < 0.9 then

7 n=rand(1);

8 if n > A then

9 ‘ a=1;

10 else

11 L a=-1;

12 Update the position by using Eq. (3);
13 else

14 if 0 =0 or 0 =m/2 or 0 = then

15 ‘ x; is not updated;

16 else

17 L Update the position by using Eq. (4);
18 if i > Pnumy and i <= Pnumy + Pnumsy then
19 for i «— 1to n do

20 L Update the position by using Eq. (6);
21 if i > Pnumy + Pnums and i <= Pnum, + Pnums + Pnums then
22 L Update the position by using Eq. (8);
23 if i > Pnum, + Pnumsy + Pnumgs then

24 L Update the position of thief by using Eq. (9);
25 if @, ; (t) < Lbor x;; (t) > Ub then

26 L Update the position using Algorithm 1;
27 if f(xi (t)) < fitness (i) then
28 L Update it;
29 if 2; (t) = Tworst then
30 L Update the position of the dung beetle by using Eq. (11);
31 | t=t+1;

32 return

4 Experimental studies

To validate the effectiveness of the proposed MSDBO, mul-
tiple experiments and comprehensive comparisons with
other advanced optimization algorithms were conducted.
Specifically, the performance of the proposed MSDBO
algorithm was assessed on two sets of benchmark func-
tions: 30 functions from the CEC 2014 and 10 competition
functions from the CEC 2019. These benchmark functions
represent a diverse range of optimization problems with dif-
ferent characteristics, enabling us to evaluate the capabilities
of MSDBO across a variety of problems.The performance
of MSDBO was compared with several other popular opti-
mization algorithms, including GA, WOA, HHO, GWO,
RSA, SSA, and DBO. All comparison algorithms were
implemented with their default setting parameters. The
information and parameter settings of these algorithms are
detailed in Table 1. The mean and standard deviation of the
fitness values were calculated for each algorithm, and a non-
parametric statistical test, the Friedman sorting test, was
used to test for significant differences between the results
of MSDBO and the other algorithms at a 5% significance
level. This comprehensive analysis enables us to evaluate
the performance of MSDBO relative to other advanced
optimization algorithms and demonstrate its effectiveness
in solving complex optimization problems.

The experiments and analysis were conducted on a com-
puter system with a Core i5 CPU running on Windows 11
(64-bit). The hardware and software used in the experiments

Table 1 The algorithm information and parameter settings

Algorithm Time Parameters srttings
GA 1975 pc=0.8,pm = 0.2
WOA 2016 b=1lg1 =2— (2x FEs/MaxzFEs),
az = —1— (FEs/MaxFEs)
HHO 2019 Eo=2xrand—1,
E1=2-2x (FEs/MazFESs)
GWO 2014 4 =2 (2x FEs/MaxFEs)
RSA 2022 a=0.1, 8 =0.005
SSA 2017 c1 =2 X exp ((4 X FES/M(I.TFES)Q)
PRO 2019 Pout = 0.06
DA 2020 = (ub— Ib)/10,
Deltamaz = (ub—1b)/10
SRS 2023 p=1m=1
COA 2023 iguana = lb+ rand * (ub — 1b)
DBO 2022 k=X=0.1,0=03,5=0.5
MSDBO 2024 p=0.2,p1 =0.5,p3 =0.6

Algorithm 2 The procedure of MSDBO

@ Springer
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were carefully selected to ensure reliable and consistent
results, allowing us to draw meaningful conclusions about
the performance of MSDBO.

4.1 Results on CEC 2014 benchmark functions

Table 1 presents the results of the experiments, which
compare the performance of MSDBO with several other
advanced optimization algorithms on CEC 2014. The exper-
iments were conducted 30 times with a population size of
10 and 100000 function evaluations. The table shows the
average and standard deviation of the fitness function values
for each algorithm after 30 runs. In most cases, MSDBO
achieved better average fitness function values than the
original DBO algorithm and other comparison algorithms.
Moreover, in 20 out of 30 cases, MSDBO achieved better
convergence results than DBO.

The results for functions F1-F30 indicate that MSDBO
performs competitively against most of the compared algo-
rithms. This is attributed to its ability to reduce the likeli-
hood of falling into local optima and to balance exploration
and exploitation effectively. For function F14, the MSDBO
algorithm obtains second rank after SSA, but outperforms
other six optimization algorithms (including GA, WOA,
HHO, GWO, RSA, and DBO algorithms). For functions
F18, the developed MSDBO algorithm achieves third rank
after HHO and SSA. Furthermore, in functions F21-F30,
MSDBO demonstrates competitive performance compared
to several well-known optimizers.

The three qualitative metrics of search history, diversity
history, and trajectory in Fig. 4 are used to analyze the per-
formance of MSDBO in optimizing different types of func-
tions, which are F1, F6, F10, F16, F24 and F28. The first
column illustrates the 3D location distribution of all solu-
tions across each benchmark function, providing insights
into the domain’s topology where MSDBO conducts its
search for the optimal solution.

The second column presents the search history of
MSDBO. It is evident that some historical optimal solu-
tions are scattered throughout the solution space, while the
majority are concentrated around the global optimum. This
suggests that MSDBO can quickly approximate the optimal
solution and transition to the exploitation phase, contribut-
ing to improved solution accuracy.

The third column showcases the diversity history of
MSDBO during its optimization process. The fluctuations
in diversity highlight the algorithm’s ability to balance
exploration and exploitation. At the early stages, a relatively
higher diversity is maintained, facilitating the exploration
of a broader solution space. As the optimization progresses,
the diversity decreases, reflecting a shift toward exploiting
promising regions.

@ Springer

In the fourth column, the trajectory of MSDBO’s search
on the CEC 2014 benchmark functions is depicted. The
visualization shows how the search agents evolve across
iterations. Initially, the agents explore the solution space
broadly, and as the search progresses, the trajectories con-
verge toward the global optimum. This behavior reflects the
algorithm’s ability to adjust the search process and reach
optimal solutions efficiently, consistent with MSDBO’s
design that balances exploration and exploitation.

Figure 5 shows the convergence curves of MSDBO and
the comparison algorithms, indicating that MSDBO con-
verges faster than DBO and other algorithms. These results
suggest that the modifications in MSDBO have improved its
performance and addressed some limitations of the original
DBO.

In addition to performing better than the standard DBO
algorithm, MSDBO also achieved competitive results com-
pared to other optimization algorithms in many cases, high-
lighting its potential for searching optimal solutions. These
results demonstrate that MSDBO can be a valuable tool
for solving optimization problems in various engineering
applications.

To further support the conclusions drawn from the exper-
imental results, statistical methods such as the Wilcoxon
rank sum test and the Friedman test were used to assess
the variability of the algorithms. Table 2 presents the sta-
tistical results, including the final ranking of the algorithms
according to the Friedman sorting test. The indicator "w/t/I’
in Table 2 is obtained based on the Wilcoxon signed-rank
test, and it indicates the number of test problems in which
the MSDBO performed better, similar, or worse compared
to competing algorithms in the condition of a = 0.05. The
results show that MSDBO ranked first, indicating that the
modifications made to the standard DBO algorithm in this
work are capable of enhancing its performance and over-
coming its limitations.

The F-Rank gives the comprehensive Friedman rank. The
smaller the value, the higher the ranking. MSDBO ranks
at the top with an F-Rank of 3.82, indicating its excellent
comprehensive performance on the overall set of test func-
tions. RSA ranks lower with an F-Rank of 9.11, reflecting its
relatively poor overall performance. The rankings of other
algorithms also correspondingly reflect their positions in the
comprehensive performance of this series of tests. Overall,
in the CEC 2014 benchmark tests, MSDBO demonstrates
strong comprehensive performance, with notable results in
terms of mean values, stability, and overall ranking.

4.2 Results on CEC 2019 benchmarks functions

In this section, the performance of the proposed MSDBO
algorithm is evaluated on the CEC 2019 benchmark suite,
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and the results are compared with several well-known opti-
mization algorithms. The test suite consists of 10 problems
and was proposed as part of the Congress on Evolution-
ary Computation (CEC) 2019 100-Digit Challenge Special
Conference and Single Objective Numerical Optimization
Competition. This competition aimed to promote the devel-
opment of new optimization algorithms and variations, and
the test suite was designed to challenge the limits of opti-
mization algorithms in terms of scalability and accuracy.
The details of the test suite and the experimental settings
required for the competition are described in [26]. The

@ Springer

function graphs of the CEC 2019 test suite are shown in the
Fig. 8.

During the testing process, the optimization ability and
stability of the MSDBO algorithm were evaluated based
on the average and standard deviation of the experimental
results. The average ranking was calculated using the results
from 30 independent experiments, as presented in Table 3.
The results indicate that MSDBO performed competitively
across all ten optimization problems, ranking among the
top-performing algorithms.

The comprehensive ranking provided by F-Rank
(Friedman rank) reflects the overall performance of each
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Table 2 (continued)

Item GA WOA HHO GWO RSA SSA PRO DA SRS COA DBO MSDBO
0/30/0
3.82

Function

4/26/0
5.16

23/5/2
9.02

23/3/4

8.88

14/16/0
7.61

11/19/0
5.99

6/22/2
4.12

24/6/0

9.11

8/16/6
4.78

13/15/2
6.33

15/15/0
7.43

8/19/3

5.71

wit/l

F-Rank

algorithm. MSDBO ranks among the top with an F-Rank of
3.85, indicating strong overall performance on the test func-
tions. In contrast, RSA has a lower ranking with an F-Rank
of 8.64, reflecting its comparatively weaker performance.
The rankings of other algorithms also align with their per-
formance in the tests. Statistical analyses, including the Wil-
coxon rank sum test, further support MSDBO’s competitive
performance compared to the other eleven algorithms on the
CEC 2019 test suite.

Figure 9 illustrates the convergence behavior of the algo-
rithms, showing that MSDBO converges rapidly on the test
functions. This suggests that the three strategies integrated
into MSDBO?dynamic population size variation, forced
ranking strategy, and boundary control strategy?contribute
to its effectiveness in addressing different aspects of the opti-
mization process. By combining their strengths, MSDBO
achieves competitive results in terms of optimization accu-
racy and convergence speed. These findings suggest that
MSDBO has potential as a tool for solving complex opti-
mization problems, and its performance is competitive with
other state-of-the-art algorithms.

4.3 Parameter analysis

The parameters have a significant role in determining the
efficiency of MAs. Consequently, experiments were con-
ducted to investigate the effect of various values of p on the
effectiveness of MSDBO. Throughout the experiments, the
value of p was varied in the range of 0.2 to 0.8.

Table 4 presents the statistical results for MSDBO with
the parameter p on all CEC 2014 functions. It is clear from
Table 4 that MSDBO has distinct performance with different
values of the parameters. Overall, when p = 0.2, MSDBO
achieves the best average ranking among all algorithms,
with a ranking of 1.87. However, no optimal average results
are obtained for p = 0.5, and p = 0.8. Based on the obser-
vations above, parameter p is set to the same 0.2.

Similarly, sensitivity analysis was conducted on the
parameters p; and pa of the proposed algorithm, and three
different combinations of p; and py parameters were tested
on all 30 functions of CEC 2014. The test results are shown
in Table 5. It can be seen that when the parameter combina-
tion is p; = 0.5 and ps = 0.6, the algorithm achieves the
best results. Therefore, this set of parameter combinations is
used for algorithm testing.

4.4 Effects of three strategies

In order to investigate the effectiveness of the proposed
dynamic population size variation, forced ranking strategy,
and boundary control strategy, MSDBO is compared to
the original DBO, a DBO algorithm with added proposed
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Table 3 (continued)

MSDBO
0/10/0
3.85

DBO
1/9/0
6.12

COA
9/1/0
9.07

SRS

DA

5/5/0
8.6

RSA SSA PRO

GWO
3/4/3
4.55

HHO
4/6/0
6.05

WOA
6/4/0
7.12

Item GA

Function

7/3/0
8.57

3/5/2 3/6/1
5.4

413

7/3/0
8.64

3/7/0

wi/t/l

5.88

F-Rank

dynamic population (called DBO_DP), and an algorithm not
utilizing boundary control strategy (called DBO DPFR).
The four algorithms were tested on six functions from CEC
2014, respectively, and the outcomes are as presented in
Table 6.

The curves of convergence for DBO, DBO_DP, DBO
DPFR and MSDBO in F2, F9, F13, F17, F22 and F25 for
all six functions of functions of CEC 2014 are illustrated in
Fig. 6.

The dynamic adjustment of population size is aimed at
improving the algorithm’s adaptability during the optimi-
zation process. By changing the population size dynami-
cally, the algorithm can balance between exploration and
exploitation more effectively. A smaller population size
might promote quicker convergence in the later stages of the
optimization process, while a larger population could help
explore the solution space more thoroughly in the earlier
stages.

From the comparison with DBO and DBO_DP, it is
evident that dynamic population size variation enhances
convergence speed and solution accuracy. This strategy is
particularly useful when the problem’s landscape is com-
plex and requires a balance between global exploration and
local exploitation. The results highlight that MSDBO, with
this strategy, achieves a faster and more accurate conver-
gence than its counterparts.

The forced ranking strategy introduces a mechanism that
influences the selection process in the algorithm. By impos-
ing a forced ranking, the algorithm gives higher priority to
solutions with better fitness, ensuring that more promising
solutions are considered first, thus accelerating the optimi-
zation process. This strategy helps in improving the con-
vergence speed by focusing on higher-quality candidates in
each iteration.

The DBO_DPFR (which incorporates forced ranking but
not the boundary control strategy) shows improved perfor-
mance over DBO and DBO_DP. This suggests that forced
ranking contributes significantly to guiding the algorithm
towards better solutions more efficiently. By focusing on the
most promising solutions, it results in faster convergence.

Boundary control ensures that the candidate solutions
remain within the feasible region of the search space, pre-
venting them from wandering outside the problem’s con-
straints. This strategy is particularly useful when dealing
with constrained optimization problems or when the search
space has defined boundaries. It helps improve the algo-
rithm’s robustness by avoiding solutions that violate the
constraints, thereby improving both the quality and reliabil-
ity of the solutions.

The comparison between MSDBO and DBO DPFR
suggests that boundary control has a significant role in
enhancing the performance of the algorithm. DBO DPFR,
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Table 4 MSDBO on functions in CEC 2014 of 10D with the p varying from 0.2 to 0.8

Function Item p=0.2 p=0.8 p=0.5 Function Item p=0.2 p=0.8 p=0.5
Fl1 Mean 2.06E+04 1.75E+04 2.21E+04 F17 Mean 5.41E+03 4.08E+03 5.07E+03
F2 Mean 1.61E+03 2.44E+03 1.38E+03 F18 Mean 3.05E+03 5.28E+03 2.39E+03
F3 Mean 3.29E+02 3.70E+02 1.64E+02 F19 Mean 3.00E+00 2.39E+00 2.38E+00
F4 Mean 2.87E+01 2.09E+01 8.76E+00 F20 Mean 9.62E+02 3.20E+02 1.56E+02
F5 Mean 2.01E+01 2.00E+01 2.01E+01 F21 Mean 2.56E+02 2.25E+02 1.32E+02
F6 Mean 4.04E+00 3.53E+00 3.79E+00 F22 Mean 3.10E+01 4.86E+01 3.03E+01
F7 Mean 5.00E-01 3.40E-01 2.90E-01 F23 Mean 2.00E+02 2.00E+02 2.00E+02
F8 Mean 1.69E+01 1.69E+01 2.49E+01 F24 Mean 1.29E+02 1.46E+02 1.44E+02
F9 Mean 2.17E+01 2.63E+01 3.24E+01 F25 Mean 1.70E+02 1.55E+02 1.53E+02
F10 Mean 2.04E+02 1.94E+02 1.81E+02 F26 Mean 1.00E+02 1.00E+02 1.00E+02
Fl11 Mean 9.68E+02 7.76E+02 7.37TE+02 F27 Mean 3.19E+02 3.68E+02 3.96E+02
F12 Mean 1.59E-01 3.07E-01 2.29E-01 F28 Mean 4.96E+02 4.54E+02 5.21E+02
F13 Mean 3.27E-01 3.27E-01 2.43E-01 F29 Mean 5.25E+02 3.45E+05 3.76E+02
Fl14 Mean 2.34E-01 2.77E-01 2.45E-01 F30 Mean 1.27E+03 1.38E+03 7.31E+02
F15 Mean 3.40E+00 1.98E+00 3.10E+00 w/t/l 1/29/0 0/29/1 0/30/0
F16 Mean 3.09E+00 2.87E+00 2.72E+00 F-rank 2.12 2 1.87
Table 5 MSDBO on functions in CEC 2014 of 10D with different p; and P>

Function Item  p,=0.4 p,=0.5 p,=0.6p,=0.8 p,=0.5p,=0.6 Function Item p,;=0.4 p,=0.5 p,=0.6 p,=0.8  p,=0.5p,=0.6
F1 Mean 1.58E+04 2.48E+04 2.21E+04 F17 Mean 2.64E+03 4.73E+03 5.07E+03

F2 Mean 2.78E+03 1.27E+03 1.38E+03 F18 Mean 9.87E+03 7.40E+03 2.39E+03

F3 Mean 3.08E+02 3.84E+02 1.64E+02 F19 Mean 2.71E+00 4.14E+00 2.38E+00

F4 Mean 3.45E+01 1.49E+01 8.76E+00 F20 Mean 2.43E+03 7.04E+02 1.56E+02

F5 Mean 2.02E+01 2.02E+01 2.01E+01 F21 Mean 1.01E+02 2.85E+02 1.32E+02

Fé6 Mean  4.02E+00 3.68E+00 3.79E+00 F22 Mean 2.70E+01 2.47E+01 3.03E+01

F7 Mean 4.65E-01 2.51E-01 2.90E-01 F23 Mean 2.00E+02 2.00E+02 2.00E+02

F8 Mean 1.63E+01 1.57E+01 2.49E+01 F24 Mean 1.34E+02 1.39E+02 1.44E+02

F9 Mean 2.28E+01 2.71E+01 3.24E+01 F25 Mean 1.58E+02 1.69E+02 1.53E+02

F10 Mean 2.39E+02 2.33E+02 1.81E+02 F26 Mean 1.00E+02 1.00E+02 1.00E+02

F11 Mean 6.35E+02 3.01E+02 7.37E+02 F27 Mean 3.18E+02 4.03E+02 3.96E+02

F12 Mean 3.87E-01 6.20E-01 2.29E-01 F28 Mean 6.22E+02 4.61E+02 5.21E+02

F13 Mean 3.14E-01 3.39E-01 2.43E-01 F29 Mean 4.47E+02 4.32E+02 3.76E+02

F14 Mean 2.19E-01 3.25E-01 2.45E-01 F30 Mean 7.54E+02 1.28E+03 7.31E+02

F15 Mean 2.21E+00 3.81E+00 3.10E+00 w/t/l 1/29/0 4/25/1 0/30/0

F16 Mean 2.69E+00 3.10E+00 2.72E+00 F-rank 2.04 2.12 1.83

which lacks boundary control, performs slightly worse than
MSDBO, where boundary control is employed. This shows
that boundary control helps avoid infeasible regions of the
search space, resulting in more accurate solutions and pre-
venting the algorithm from wasting resources on invalid
solutions.

MSDBO combines all three strategies: dynamic popula-
tion size variation, forced ranking, and boundary control,
leading to its superior performance. From the results in both
the table and the convergence curves (Fig. 6), it is clear that
MSDBO achieves faster and more accurate convergence
than the individual strategies alone.

The dynamic population size variation helps adjust the
exploration-exploitation balance; the forced ranking strat-
egy prioritizes better solutions, enhancing convergence

speed; and the boundary control ensures that only feasible
solutions are considered, making the algorithm more robust
and reliable. The synergistic effect of these strategies results
in MSDBO outperforming the other variants (DBO_DP,
and DBO DPFR) across various test functions. The com-
bined strategies not only accelerate the convergence but also
improve the quality of the final solutions, demonstrating the
effectiveness of MSDBO in solving optimization problems
efficiently.

By analyzing the contribution of each strategy, it can
be observed that each one provides a distinct benefit to the
algorithm. Their combination contributes to improvements
in both convergence speed and solution quality.
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Table 6 Experimental results of of DBO, DBO_DP, DBO_DPFR and
MSDBO on selected functions

Function Item DBO DBO DP DBO DPFR MSDBO

F2 Mean  6.50E+03 S5.11E+03 5.76E+03 1.38E+03
Std 5.57E+03 5.35E+03 5.75E+03 2.09E+03
p-Value 1.35E-01 2.22E-01 2.06E-01 1.00E+00
h ~ = =~ =

F9 Mean  3.22E+01 3.32E+01 2.65E+01 3.24E+01
Std 1.10E+01 1.23E+01 5.02E+00 7.26E+00
p-Value 1.00E+00 6.90E-01 2.22E-01 1.00E+00
h =~ =~ =~ =~

F13 Mean  4.88E-01 3.97E-01 3.09E-01 2.43E-01
Std 1.39E-01 1.12E-01 7.29E-02 1.14E-01
p-Value 3.17E-02 9.52E-02 4.21E-01 1.00E+00
h + = = =

F17 Mean 1.54E+04 1.38E+04 7.46E+03 5.07E+03
Std 1.18E+04 1.65E+04 5.50E+03 3.78E+03
p-Value 3.10E-01 1.51E-01 2.22E-01 1.00E+00
h ~ = = =

F22 Mean  3.80E+01 4.51E+01 2.53E+01 3.03E+01
Std 1.20E+01 2.72E+01 3.80E+00 9.11E+00
p-Value 2.22E-01 222E-01 6.90E-01  1.00E+00
h =~ =~ =~ =~

F25 Mean 1.79E+02 1.61E+02 1.56E+02 1.53E+02
Std 3.09E+01 2.30E+01 1.99E+01 2.95E+01
p-Value 1.98E-01 5.48E-01 1.00E+00 1.00E+00
h =~ = = =
w/t/l 1/5/0 0/6/0 0/6/0 0/6/0
F-rank 2.85 2.83 2.35 1.97

5 MSDBO for engineering design problems

In this section, firstly, the effectiveness of the proposed
algorithm in engineering applications is evaluated on sev-
eral problems from the CEC 2011 [57] test suite. A repre-
sentative set of optimization problems is selected, spanning
various domains such as parameter estimation, potential
energy optimization, chemical process control, and network
planning. For instance, the parameter estimation problem of
frequency-modulated (FM) sound waves seeks to minimize
the error between the synthesized and target sound waves,
posing a six-dimensional, complex multimodal optimization
challenge. The Lennard—Jones potential problem involves
minimizing molecular potential energy, with its dimension-
ality varying based on the number of atoms, while exhibit-
ing a significant number of local minima. The bifunctional
catalyst blend optimal control problem focuses on optimiz-
ing the catalyst blend ratio in a chemical process to maxi-
mize the benzene concentration. These problems differ in
dimensionality, constraint conditions, and variable bounds,
providing a rich and diverse set of scenarios for evaluating
the performance of optimization algorithms.

Then, the practical applications of the proposed MSDBO
algorithm in tackling several engineering design challenges

@ Springer

frequently encountered in industrial settings are investigated.
Specifically, the welded beam design problem, the pressure
vessel design problem, the speed reducer design problem,
and the tubular column design problem are addressed. In
this study, the exterior penalty function method [58] is
used to handle constraints by converting them into penalty
functions and adding them to the objective function. Viola-
tions of constraints are penalized based on a dynamically
adjusted penalty parameter, guiding the optimization pro-
cess towards feasible solutions. This approach ensures the
algorithm converges to an optimal solution while satisfying
the constraints. The effectiveness and superiority of the pro-
posed algorithm are demonstrated in comparison to other
existing algorithms commonly employed in the industry.
To assess the performance of the algorithm, a comparative
analysis with established algorithms widely used in engi-
neering design applications was conducted. This compar-
ative evaluation allows for an accurate assessment of the
strengths and weaknesses of the MSDBO algorithm in rela-
tion to its counterparts.

5.1 Results on CEC 2011 benchmarks functions

In the field of optimization algorithm research, it is cru-
cial to test the performance of algorithms through practi-
cal problems. This paper focuses on several real-world
optimization problems in the CEC 2011 test suite. By using
relevant test functions and specific algorithms, we conduct
in-depth research and analyze the convergence character-
istics and performance of the algorithms in different prob-
lem scenarios, aiming to provide valuable references for the
development and application of optimization algorithms.
These algorithms include Equilibrium Optimizer (EO)
[59], Teaching-Learning-based Optimization (TLBO) [60],
Whale Optimization Algorithm (WOA), Grey Wolf Opti-
mizer (GWO), Kepler Optimization Algorithm (KOA)
[61], and Dung Beetle Algorithm (DBO). According to the
requirements of the CEC 2011 competition, each algorithm
is run independently 25 times. In terms of function evalu-
ations (FEs), the results of the algorithms are recorded at
1000 FEs respectively, ensuring that the convergence of the
algorithms at different computational stages can be com-
prehensively observed. A uniform random initialization
method is adopted for all algorithms within the prescribed
search space during initialization to ensure the fairness and
randomness of the experiment and to avoid unreasonable
influences on the results due to initialization differences.
The convergence curve is shown in Fig. 7. From the con-
vergence curves of the F1-F4 functions, in the initial stage,
the objective function values of all algorithms are generally
high and the descent speed is fast. This indicates that the
algorithms can quickly explore the solution space and find
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Fig.6 Convergence process of DBO, DBO_DP, DBO_DPFR and MSDBO on selected functions

some good solution regions in the early search. With the
increase of FEs, the descent speed gradually slows down
and the curves gradually flatten, indicating that the search
difficulty increases when the algorithms approach the opti-
mal solution, and more refined search strategies are required
to further optimize the solution.

In the F1 function, by observing the curves, it can be
seen that at 500 FEs, the performance of each algorithm
has already shown obvious differentiation. Among them,
MSDBO performs relatively well, and its fitness value is
low, indicating that this algorithm can quickly approach the
optimal solution region during the search process. In the F2
and F3 functions, the final fitness value of all algorithms is
close to the optimal, showing its effectiveness and stability
in dealing with this function. In the F4 function, MSDBO
and other algorithms perform similarly in the early stage,
but in the 800-1000 FEs interval, the convergence speed of
MSDBO increases significantly, and finally obtains a bet-
ter result. This may be due to its unique update strategy or
parameter adjustment mechanism, which enables it to jump
out of the local optimal and find a better solution in the later
stage.

5.2 Welded beam design problem

The welding beam design problem aims to minimize the
manufacturing cost of the beam while meeting specific
constraints. This problem is of significant importance in
the industry, as welding beams are widely used in various
applications. Figure 10 illustrates the structure of a welded
beam, which consists of beam A and the welds required to
connect it to object B. The optimization constraints include
the shear stress and bending stress in the beam, the buckling
load on the bar, and the bending stiffness of the end of the
beam. These constraints ensure that the beam can withstand
the expected loads and maintain its shape during use.

The optimization variables in the welding beam design
problem are the thickness (%) of the weld, the length (/) of
the clamped bar, the height (¢) of the steel, and the thickness
(b) of the steel. Adjusting these variables can help to mini-
mize the manufacturing cost of the beam while ensuring that
the beam meets the specified constraints.

Mathematically, the welding beam design problem can
be formulated as follows.

Consider:

Z=z1 20 23 z4] = [R L T })

(13)
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Fig. 7 Convergence curves of different algorithms on engineering design problems in CEC 2011

Minimize:

F(Z) = 1.1047122 2 4 0.04811 2524 (14.0 + 25) (14)

Subject to:

g1 (2) =T (Z) — Tmax < 07

92 (5) = 0’(5) — Omax & 07

g3 (Z) =4 (E‘) - 6max < 07

94 (%) =21 — 24 <0, (15)
g5 (?) =P —P.(?) <0,

Jde (5) =0.125 — zZ1 < 0,

g7 (2) = 1.1047122 + 0.048112324 (14.0 + 25) — 5.0 < 0,

where, 0.05 < z1 < 2.00, 0.25 < z9 < 1.30,

2.00 < z3 < 15.0.
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The solutions obtained from the proposed MSDBO algo-
rithm is compared with those obtained from other advanced
algorithms in the literature. These algorithms include Equi-
librium Optimizer (EO) [59], Teaching-Learning-based
Optimization (TLBO) [60], Whale Optimization Algorithm
(WOA), Grey Wolf Optimizer (GWO), Kepler Optimization
Algorithm (KOA) [61], and Dung Beetle Algorithm (DBO).
The comparison results are shown in Table 7.

The proposed MSDBO algorithm achieves the optimal
solution at z* = (0.3173,1.9908,9.0367,0.2067), with a
corresponding fitness value of f(z*) = 1.6524. This solu-
tion outperforms all other algorithms considered in this
study. The comparison results show that the proposed
MSDBO algorithm converges faster and provides a better
solution than other algorithms.
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Fig. 8 3D function plot on the CEC 2019 benchmarks

Figure 14 (a) shows the convergence analysis of the best
solutions obtained from the proposed MSDBO algorithm
and other algorithms. The plot indicates that the MSDBO
algorithm converges faster and achieves a better solution
compared to the other algorithms. This result suggests that
the proposed MSDBO algorithm performs competitively in
solving the welding beam design problem.

5.3 Pressure vessel design problem

This problem was first proposed to minimize the total cost
of a pressure vessel, which includes material cost, shaping
cost, and welding cost. Cylindrical containers are widely
used in various industries, including chemical, oil and gas,
and power generation. The container has a half-spherical
cover at both ends, which adds to the complexity of the

Expanded Schaffer's F6 Function

~-100 x1

(h) FS

Happy Cat Function

problem. There are four variables in this problem: the thick-
ness of the shell (7}), the thickness of the head (73), the
inner radius (R), and the length of the cylindrical section
without considering the head (L). Figure 11 illustrates the
pressure vessel, which is covered by half-spherical covers
at both ends.

Among these four design variables, R and L are con-
tinuous variables, while T and T}, are integer multiples of
0.0625 inches. Adjusting these variables can help to mini-
mize the total cost of the pressure vessel while ensuring that
it meets specific constraints.

Mathematically, the pressure vessel design problem can
be formulated as follows.

Consider:

—

Z = [z1202324) = [TsTrh RL)

(16)
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Fig. 9 Convergence curves of different algorithms obtained on the CEC 2019 benchmarks

Minimize:
f(2) =0.6224z, 2324 + 177812922 + 3.166127 24 + 19.8427 23 (17)
Subject to:
g1 E) = —2z; +0.019323 < 0,
go 5) = —23 + 0.00954z3 < 0,
(18)

where, 0 <2z <99,
0 < 24 < 200.
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Table 8 compares the optimal solutions obtained from the
proposed MSDBO algorithm with those obtained from other
advanced algorithms. The purpose of this comparison is to
evaluate the effectiveness of the proposed algorithm in find-
ing the optimal design of the pressure vessel with minimal
cost. The optimal solution achieved by the proposed MSDBO
algorithm is at z* = (0.7782,0.3847,40.3200, 200.0000),
with a corresponding fitness value of f(z*) = 5885.3360.
This solution outperforms all other algorithms considered
in this study.

The comparison results demonstrate that the proposed
MSDBO algorithm is effective in finding the optimal
solution with minimal cost for the pressure vessel design
problem. The optimal solution obtained by the MSDBO
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Fig. 10 Welded beam design problem

Table 7 Comparison results for welded beam design problem

Algorithm £ / t b Optimum cost
EO 0.1471 5.4907 10.0000 0.2177 2.1729
TLBO 0.2047 3.5363 9.0043  0.2100 1.7592
WOA 0.2056 3.4721 9.0409  0.2057 1.7255
GWO 0.1974 3.3151 10.0000 0.2014 1.8204
KOA 0.2057 3.7540 9.0370  0.2014 1.7270
DBO 0.2870 2.2332  9.0365  0.2057 1.6552
MSDBO  0.3173 1.9908 9.0367  0.2067 1.6524
L
| |
_T T

=
=

Fig. 11 Pressure vessel design problem

Table 8 Comparison results for pressure vessel design problem

Ty T, R L Optimum cost
EO 1.2584 0.0001 652010 10.1060  7591.1870
TLBO 0.8458 0.4181 43.8220 156.3900 6011.1980
WOA 1.1549 0.0000 59.7820 35.7220  7830.3550
GWO 1.2587 0.0000 652250 10.0310  7593.0700
KOA 0.7782 0.3847 40.3200 200.0000 5885.3420
DBO 0.8544 0.4051 43.6260 159.6100 6163.0690
MSDBO 0.7782 0.3847 40.3200 200.0000 5885.3360

algorithm has the lowest cost compared to the solutions
obtained by other algorithms. This finding is significant for
industries that rely on cylindrical containers to store and
transport hazardous materials.
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Fig. 12 Speed reducer design problem

Figure 14 (b) shows the convergence curve of the pro-
posed MSDBO algorithm and other competitive algorithms.
The plot illustrates that the MSDBO algorithm converges
faster and achieves a better optimal solution than other algo-
rithms. This result suggests that the proposed MSDBO algo-
rithm performs competitively in solving the pressure vessel
design problem.

5.4 Speed reducer design problem

The speed reducer design problem is a challenging bench-
mark problem in mechanical engineering, as it involves the
optimization of seven design variables, as shown in Fig. 12
[62]. The problem’s main objective is to minimize the weight
of the reducer while satisfying various constraints, such as
torque, bending strength, and contact stress [63]. The design
variables to be optimized in this problem are the surface
width (b), the tooth modulus (), the number of teeth (p)
on the pinion, the length (/1) of the first shaft between bear-
ings, the length (I2) of the second shaft between bearings,
the diameter (d;) of the first shaft, and the diameter (dz) of
the second shaft.

The mathematical representation of the reducer design
problem can be formulated as follows.

Consider:

2: [21222324252627] = [bmplllgdldz] (19)
Minimize:

f(2) = 0.7854z 25 (3.333325 + 14.933423 — 43.0934)
— 1.5082; (2 + 22) (20)
+ 7ATTT (2§ + 22) + 0.7854 (2428 + 2527

Subject to:
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Table 9 Comparison results for speed reducer design problem

b m z / l, d, d, Optimum cost
EO 3.4972 0.7000 17.0000 7.3253 7.7157 3.3506 5.2867 2994.7680
TLBO 3.5000 0.7000 17.0000 7.3000 7.7153 3.3505 5.2867 2994.4240
WOA 3.2860 0.7000 17.0000 8.2628 7.4952 3.3525 5.2866 3017.2030
GWO 3.4633 0.7000 17.0000 7.5213 8.2732 3.3511 5.2880 3010.9640
KOA 3.5000 0.7000 17.0000 7.3000 7.7153 3.3505 5.2867 2994.4240
DBO 3.5000 0.7000 17.0000 7.3000 7.7153 3.3505 5.2867 2994.4240
MSDBO 3.5000 0.7000 17.0000 7.3000 7.7153 3.3505 5.2867 2994.4240
27 P
Z) = -1 < 07
g1 (Z) 212323 l
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7)= """ _1<0,
2= 2 £ B
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7) = -1 < 07 A )
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?) = = —1 < 07
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Fig. 13 Tubular column design problem
where, 2.6 <z <36, 07<z <08, 17<z <28, ° gnp

T3< 24 <8F3<C 25 <8RI<C 2 <3P0 2 <54

Table 9 provides a comparison of the best solutions
obtained with various optimization algorithms. The pro-
posed MSDBO algorithm provides the best solution at
z*=(3.5000, 0.7000, 17.0000, 7.3000, 7.7153, 3.3505,
5.2687), where the corresponding fitness value is equal to
f (2%)=2994.4240. The results indicate that the MSDBO
algorithm outperforms other competing algorithms. Fig-
ure 14 (c) shows that the MSDBO algorithm converges to
the optimal solution of the reducer problem.

5.5 Tubular column design problem

The tubular column design problem is a critical engineering
problem that aims to design a uniform tubular column with
the lowest possible cost to handle a compression load of
P = 2500kg f, as shown in Fig. 13. The optimization goal
of the problem is to minimize the cost of the column while
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satisfying various constraints related to stress, buckling, and
design variables.

The material used in the column has an elastic modu-
lus (E) of 0.85 x 10%kgf/cm?, a yield stress (oy) of
500kgf/cm?, and a density (p) of 0.0025kgf/cm?. The
length (L) of the column is fixed at 250cm. The stress in
the column should be less than the yield stress (constraint
g1) and the buckling stress (constraint g2). To ensure uni-
formity, the average diameter of the column is limited to 2
to 14cm (constraints gs and g4), while thicknesses greater
than 0.2 to 0.8cm are commercially unavailable (constraints
g5 and gg).

The cost of the column is the sum of construction costs
and material costs, and it is assumed to be the target func-
tion. The construction costs depend on the diameter and
thickness of the column, while the material costs depend on
the volume of the column. The target function needs to be
minimized subject to the constraints described above.

Here is the optimization model of the problem.
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Fig. 14 Convergence curves of different algorithms on engineering design problems

Table 10 Comparison results for tubular column design problem

d t Optimum Cost

EO 5.4522 0.2916 26.4864

TLBO 5.4522 0.2916 26.4864

WOA 5.4469 0.2925 26.5059

GWO 5.4519 0.2917 26.4879

KOA 5.4522 0.2916 26.4864

DBO 5.4522 0.2916 26.4864
MSDBO 5.4522 0.2916 26.4864

Consider:

Z= [leg] = [d t} (22)
Minimize:

f (3) = 9.82120 + 221 (23)

Subject to:
P
g1(7) = — - 1<0,
21220y
8PL?
7) = 1 <0,
92 () 3 Ez129 (22 + 22)
2.0
Z7)=——-1<0,
g3 (%) 7 (24)
. z
g4(z)—ﬁ—1\0,
0.2
g5 () = — —1<0,
Z2
(=-"_1<o0
96 0.8 x Yy

The performance comparison values and convergence
curves of the EO, TLBO, WOA, GWO, KOA, DBO, and
MSDBO algorithms for the tube column design problem
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are shown in Fig. 14 (d), respectively. In addition, Table 10
provides the decision variables obtained from the best solu-
tion of each method across 30 runs. It can be seen that the
MSDBO algorithm performs better than other algorithms at
the optimal solution and can effectively solve the tube col-
umn design problem.

6 MSDBO for parameters identification of
photovoltaic models

Due to energy crises, environmental pollution, and climate
change, there has been a significant increase in the demand
for alternative renewable energy sources [64]. Solar energy,
as a secure and clean renewable energy source, has recently
gained widespread attention. Solar energy is primarily
applied in photovoltaic power generation, as photovoltaic
systems can directly convert solar energy into electricity, and
as a result, they have been adopted globally. However, due
to the dependency on weather and environmental factors,
particularly influenced by temperature and solar radiation,
utilizing solar photovoltaic systems for power generation
has become a significant challenge. In order to enhance the
efficiency of photovoltaic power generation, it’s necessary
to extract accurate photovoltaic model parameters based
on measured voltage-current data. Consequently, meth-
ods for efficiently extracting PV model parameters have
become particularly crucial. Currently, the predominant
approaches for solving the extraction of PV model param-
eters are analytical methods and deterministic methods.
Analytical methods are straightforward to implement and
can quickly provide solutions to problems, but they require
certain assumptions that might lead to inaccuracies in the
extracted parameters. Deterministic methods, such as the
Newton—Raphson method [65], are highly sensitive to ini-
tial values. Moreover, deterministic methods impose strict
requirements on the objective function, it must be continu-
ous, differentiable, and convex.

In recent years, optimization algorithms have garnered
increasing attention. Many researchers have attempted
to use intelligent optimization algorithms for extracting
parameters of photovoltaic (PV) models, such as Genetic
Algorithms (GA), Whale Optimization Algorithm (WOA),
Harris Hawks Optimization (HHO), and Slap Swarm Algo-
rithm (SSA). While these endeavors have yielded promising
outcomes, the effectiveness of the aforementioned algo-
rithms is influenced by their algorithm-specific parameters
or those introduced during their application. The challenge of
determining optimal parameter values tailored to a specific
or novel optimization problem remains, as improper param-
eter tuning can lead to escalated computational demands
or convergence to local optima. This intricacy underscores
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the need for methodologies that offer automated parameter
adaptation to obviate these pitfalls. Additionally, these algo-
rithms typically require substantial computational resources
for parameter extraction in PV models.

Therefore, the MSDBO is proposed, which performs
parameter extraction on various PV models and is com-
pared with results obtained from existing intelligent optimi-
zation algorithms. Experimental outcomes indicate that the
proposed algorithm exhibits significant superiority in the
parameter extraction of PV models.

6.1 Problem formulation

In existing literature, various photovoltaic (PV) models
have been proposed to elucidate the current—voltage behav-
iors of solar cells and PV modules. In practical applications,
the single diode model and the double diode model stand
out as the most frequently employed options. This section
outlines these models along with their corresponding objec-
tive functions.

6.1.1 Single diode model

According to the equivalent circuit of the single diode
model, as shown in Fig. 15 (a), its output current I as Eq.
(25).

(25)

Vi, + 1, Vi + 1,
I =1, — I x [exp <M> _ 1} _ Vet I xRs

nV; Rgp

where I, is the photocurrent generated by actual illumina-
tion, in Amperes (4), and I, is the reverse saturation cur-
rent of the diode, in microamperes ( ?4). Rs and Ry}, are the
equivalent series and shunt resistances of the photovoltaic
panel, and » is the diode ideality factor. V; = kT'/q where k
is the Boltzmann constant (1.38 x 10723J/K), and q is the
elementary charge of an electron (1.6 x 10~°C). T is the
ambient temperature in Kelvin (K).

6.1.2 Double diode model

According to the equivalent circuit of the double diode
model, as shown in Fig. 15 (c), its output current I as Eq.
(26).

I
1 t

Vi + 11, X Rg V+ 1 XRs
— Isqo X |exp T—l _T

(26)
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Fig. 15 Schematics and Convergence profiles of PV models
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Table 11 Parameters range for the single and double diode models, and
PV module model

Paramter Single diode/double diobe PV module
Lower bound Upper bound Lower bound Upper bound
Iy (4) 0 ! 0 !
Isq, Isan, 9sd2 (MA) ! 0 50
Rs (22) 0 0.5 0 2
Ran () 0 100 0 2000
1 2 1 50

n-ni.-no

where 41 and I, 49 are the reverse saturation currents of the
two diodes, in microamperes (A), and nq and ng are the
ideality factors of the two diodes, respectively.

6.1.3 PV module model
In Fig. 15 (e), the single diode PV module model with inter-

connected solar cells is depicted. The output current expres-
sion is as follows.

IL/Np: ph_Isd X {exp( V.
t

_ VL/NS +IL X Rs/Np
Rsh

Vi/Ns + I, x Rs/Np> _ 1} o

where N,, denotes the number of solar cells in parallel, and
Ng indicates the number of solar cells in series.

6.1.4 Objective function

Directly solving for the parameters of the PV model is
extremely challenging. In reference [66], the parameter
extraction problem is transformed into a nonlinear optimi-
zation problem, and an optimization objective function can
be formulated as shown in Eq. (28).

N
1 -
RMSE = N g:lf (Vi I, @) (28)

where Z contains the parameters to be extracted for
each model, and N is the number of V-1 data points.

Table 12 Comparison results for the single diode model

f (Vi, I, @) = Isym — Ix, which represents the difference
between the simulated current I;,, and the experimental
current I. Root Mean Square Error (RMSE) is employed
as an evaluation metric. RMSE signifies the sum of squared
differences between all simulated and experimental cur-
rents. A smaller RMSE indicates more accurate extracted
parameters.

6.2 Experimental results and analysis

The data for this evaluation is obtained from a source ref-
erenced as [65]. Specifically, the data comes from a 57mm
diameter commercial RTC France silicon solar cell oper-
ating under a condition of 1000W/m? at 33°C, and a
solar module known as Photowatt-PWP201 composed of
36 polycrystalline silicon cells in series, operating under
1000W/m? at 45°C'. These datasets are considered bench-
mark experimental data for testing techniques designed to
extract parameters from PV models. Previous studies [67,
68] have also utilized this dataset for similar purposes.
To ensure a fair comparison and consistency with prior
research, the section establishes lower and upper bounds for
each parameter involved in the PV models. These bounds
are presented in Table 11 and are kept consistent with the
bounds used in previous literature.

To demonstrate the effectiveness of the MSDBO algo-
rithm, it is compared against several advanced algorithms,
namely GA, GWO, HHO, WOA, SSA, and DBO. To ensure
a fair and consistent evaluation, all of these algorithms are
subjected to the same conditions. Each algorithm is set to
run for a maximum of 1000 iterations in every individual
attempt to solve a given problem. Furthermore, to minimize
the impact of statistical variations, each algorithm is inde-
pendently tested 30 times for each specific problem.

6.2.1 Results on the single diode model

The outcomes of the comparison for the single diode
model (SDM) are showcased through Table 12, featuring
the estimated parameters and corresponding Root Mean
Square Error (RMSE) values. Notably, the most superior
RMSE value achieved among all the algorithms under

Ipn (A) Loa (pA) Rs (£2) Ron (£2) " RMSE
GA 0.7635 5.6924e—07 0.0345 65.4173 1.5399 2.5998e—03
GWO 0.7599 3.4139e—07 0.0360 65.4591 1.4866 1.1653e—03
HHO 0.7592 3.0364e—07 0.0357 64.3013 1.4749 2.1872e—03
WOA 0.7606 3.8740e—07 0.0356 59.9890 1.4996 1.0479¢—03
SSA 0.7593 2.7749¢—-07 0.0373 76.1971 1.4656 1.4819e—03
DBO 0.7607 3.7671e—07 0.0357 57.4455 1.4968 1.0324e—03
MSDBO 0.6811 6.9850e—07 0.4856 37.8139 1.1636 2.3112¢—06
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Table 13 Comparison results for the double diode model

Dn(A) L (pA) Rs(2)  Ran(92) n Luan (1 A) ny RMSE
GA 0.7625 3.98e—07 0.0327 51.3501 1.7300 4.2198e—07 1.5260 2.31e—03
GWO 0.7590 2.15¢e—07 0.0384 74.1039 1.5089 4.7737e—08 1.3684 1.83e—03
HHO 0.7593 2.10e—07 0.0376 76.1159 1.5012 7.9409¢—08 1.4190 1.53e—03
WOA 0.7597 2.38e—07 0.0367 61.2422 1.4553 4.9341e—08 1.6241 1.63e—03
SSA 0.7609 1.32e—07 0.0345 60.8730 1.5819 3.7477e—07 1.5146 1.31e—03
DBO 0.7595 4.73e—07 0.0350 100.0000 1.5204 1.0000e—09 2.0000 1.44e—03
MSDBO 0.7608 2.07e—07 0.0369 53.5201 1.4444 5.0779e—07 1.8855 9.90e—04
Table 14 Comparison results for the PV module model
Ipn (A) La (1A) Rs (2) Ran (2) " RMSE
GA 1.0299 4.8487e—06 1.1559 1041.0857 49.9664 2.9611e—03
GWO 1.0284 4.9178e—06 1.1647 1613.0557 50.0000 2.6107e—03
HHO 1.0214 1.7328e—07 1.5675 1134.2689 39.2633 1.4785e—02
WOA 1.0304 3.1456e—06 1.2202 983.2622 48.2512 2.5532e—03
SSA 1.0328 2.9193e—06 1.2163 728.9405 47.9830 2.5082¢—03
DBO 1.0288 4.4190e—06 1.1764 1399.1755 49.5707 2.5158e—03
MSDBO 1.0307 3.3672¢—06 1.2045 941.5590 48.5150 2.4269¢—03
Table 15 Statistical results of RMSE of different algorithms for three models
Model Algorithm RMSE
Min Mean Max Std
SDM GA 2.5998e—03 3.8461e—02 1.1806e—01 4.9012e—02
GWO 1.1653e—03 1.2437e—02 3.8156e—02 1.4434e—02
HHO 2.1872e—03 1.3513e—02 4.5514e—02 1.3915e—02
WOA 1.0479¢—03 1.3489e—02 4.4712e—02 1.6206e—02
SSA 1.4819¢—03 3.1347¢—03 6.1010e—03 1.6771e—03
DBO 1.0324e—03 5.5913e—03 3.8151e—02 1.1454e—02
MSDBO 2.3112e—06 2.1024e—03 6.7964¢—03 2.1680e—03
DDM GA 2.3119e—03 3.8470e—03 5.3167e—03 9.3030e—04
GWO 1.8358e—03 8.1431e—03 3.9392e—02 1.1535e—02
HHO 1.5347e—03 8.6396e—03 2.7025e—02 7.2732e—03
WOA 1.6377e—03 7.8489¢—03 4.0782e—02 1.2286e—02
SSA 1.3186e—03 3.9442e—03 9.3486e—03 2.4293e—03
DBO 1.4436e—03 1.2782¢—02 3.9488e—02 1.7410e—02
MSDBO 9.9021e—04 2.8008e—03 1.1560e—02 3.1517¢—-03
PVM GA 2.9611e—03 9.4646¢—03 3.2894e—02 8.6238¢—03
GWO 2.6107¢—03 4.4095¢—03 1.0193e—02 2.3930e—03
HHO 1.4785e—02 7.9353e—02 2.7970e—01 8.0732e—02
WOA 2.5532e—03 1.4847e—01 2.7570e—01 1.3564e—01
SSA 2.5082e—03 3.0600e—02 2.8130e—01 8.8086e—02
DBO 2.5158e—03 4.5269e—03 1.6719e—02 4.4266e—03
MSDBO 2.4269¢—03 3.2754e—03 7.7310e—03 1.6327¢—03

consideration is emphasized in bold text. As depicted in
Table 12, the results demonstrate that MSDBO attains the
lowest RMSE value (2.3112e—06) when juxtaposed with
the selected algorithms. Following MSDBO in descending
order are SSA, DBO, GWO, WOA, HHO, and GA, each
exhibiting progressively higher RMSE values.

To reinforce the credibility of the outcomes, the conver-
gence profiles, as illustrated in Fig. 15 (b), delineate the

mean performance of RMSE across the 30 autonomous
runs. Evidently, these graphs affirm that MSDBO boasts a
swifter rate of convergence in comparison to the other algo-
rithms under scrutiny.
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6.2.2 Results on the double diode model

In the context of the double diode model (DDM), the task
involves identifying seven distinct parameters. The esti-
mated parameter values alongside their corresponding Root
Mean Square Error (RMSE) metrics, derived from various
algorithms, are itemized in Table 13. Notably, MSDBO
once again emerges as the frontrunner, securing the most
favorable RMSE value (9.9021e—04) within the spectrum
of considered algorithms. Following suit, SSA captures the
second most advantageous RMSE value. The convergence
curve of MSDBO and its comparison algorithms is shown in
Fig. 15 (d), indicating that MSDBO performs competitively.

6.2.3 Results on the PV module model

In the context of the PV module model (PVMM), the
endeavor entails identifying five specific parameters. The
ascertained parameter values alongside their respective
Root Mean Square Error (RMSE) measures are showcased
through Table 14. Evidently, among the spectrum of algo-
rithms considered, MSDBO emerges triumphant yet again,
securing the most favorable RMSE value (0.0024269). In
the ranking that ensues, SSA follows suit with the second
best RMSE value, closely trailed by DBO in third place.
The validation of MSDBO’s superiority is further substanti-
ated by the convergence curve depicted in Fig. 15 (f).

The aggregated statistical outcomes encompassing all
compared algorithms across 30 independent iterations are
succinctly presented in Table 15. The Mean RMSE encapsu-
lates the average precision, while SD elucidates the standard
deviation of RMSE, thereby illuminating the robustness of
parameter estimation. In the case of each model, the pre-
eminent outcomes amidst the seven algorithms is distinctly
highlighted.

Upon analyzing the amalgamated data, it becomes appar-
ent that MSDBO consistently outperforms all alternative
algorithms across the single and double diode models. Fur-
thermore, in the case of the PV module model, MSDBO
maintains a competitive position, achieving the best results
in terms of both mean RMSE and standard deviation. This
highlights its strong performance in precision and reliability.

7 Conclusion and future works

In this paper, a multi-strategy boosted dung beetle optimizer
is proposed, which combines dynamic population size vari-
ation, forced ranking, and a novel boundary control strategy.
In MSDBO, the dynamic population is introduced to obtain
a balance between exploration and exploitation, improv-
ing the convergence speed of the algorithm. Then, a forced
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ranking strategy is used to improve the quality of the popu-
lation avoid search stagnation of the optimal solution during
optimization. In addition, a novel boundary control strategy
is introduced into the updating process to better apply the
information of excellent individuals and increase the conver-
gence speed of the algorithm. The performance of MSDBO
is validated on the CEC 2014 and CEC 2019 test suites.
The experimental results show that MSDBO can obtain the
minimum average rank (rank=3.82) of the CEC 2014 suite
and obtain the minimum average rank (rank=3.85) of the
CEC 2019 suite. The experiments show that MSDBO has
better convergence performance and global search capabil-
ity for most tested problems. In addition, the engineering
optimization performance of MSDBO is validated on eight
specific engineering design cases (including four functions
from CEC 2011 and four real-world engineering problems)
and the Parameters identification of photovoltaic models.
From the experiments, first, it is clear that MSDBO obtains
the best average value among the 4 engineering problems
of the engineering optimization suite. Second, the proposed
MSDBO algorithm demonstrates competitive performance
in the parameter identification of photovoltaic models. The
experiments show the applicability and potential of MSDBO
in solving different types of applications.

However, while the proposed MSDBO algorithm dem-
onstrates competitive performance in solving a variety of
optimization problems, it has several limitations that need to
be addressed to further enhance its effectiveness and appli-
cability. The key limitations include:

(1) Sensitivity to parameter tuning, as the optimal values for
parameters such as p, p1, and po may vary significantly
across different problems, requiring manual adjustment
for each scenario.

(2) Room for improvement in convergence speed and solu-
tion accuracy, particularly for highly complex or mul-
timodal problems where the algorithm may struggle to
find global optima efficiently.

(3) Limited applicability to higher-dimensional and discrete
optimization problems, as the current implementation
is primarily designed for continuous optimization and
may not handle discrete variables or high-dimensional
search spaces effectively.

(4) Challenges in scalability and computational efficiency,
as the algorithm’s performance may degrade when
applied to large-scale problems with high computa-
tional demands.

To address these limitations, future work should focus on
developing adaptive parameter tuning mechanisms, explor-
ing hybrid approaches to enhance convergence, extend-
ing MSDBO to handle higher-dimensional and discrete
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problems, improving scalability through parallelization or
surrogate modeling, and validating its performance on a
broader range of real-world applications. These efforts will
significantly enhance the capabilities of MSDBO, making
it a more versatile and powerful tool for solving complex
optimization problems and expanding its practical impact in
addressing real-world challenges.
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