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• This study proposed a novel 
metaheuristic algorithm called BBO. 

• BBO was evaluated on CEC 2017 and 
CEC 2022 benchmark suites. 

• BBO outperformed 11 algorithms in 
terms of convergence and robustness. 

• BBO was applied to solve 3 solar PV 
parameter identification problems. 

• BBO was utilized to address 4 
complex real-world engineering 
challenges. 
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Introduction: Numerical optimization plays a key role in improving the efficiency of solar photovoltaic 
(PV) systems and solving complex engineering problems. Traditional optimization methods often strug-
gle with finding optimal solutions within a reasonable timeframe due to high-dimensional and non-
linear problem landscapes. 
Objectives: This study aims to introduce a novel swarm intelligence algorithm, the Beaver Behavior 
Optimizer (BBO), inspired by the cooperative behaviors of beavers during dam construction. The goal 
is to validate BBO’s performance on both benchmark test functions and real-world engineering problems, 
particularly in solar PV parameter optimization. 
Methods: The BBO was modeled based on beaver behaviors of material gathering and dam maintenance, 
integrating exploration and exploitation phases. To assess its performance, experiments were conducted 
using CEC 2017 and CEC 2022 benchmark functions with varying dimensions (10, 20, 30, 50, 100). 
Statistical significance was verified using Wilcoxon signed-rank and Friedman mean rank tests.
zu@126. 

fication

https://doi.org/10.1016/j.jare.2025.09.001
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:oykc@mail.ustc.edu.cn
mailto:wdd31212@163.com
mailto:xs2399@columbia.edu
mailto:tomsnake@mail.ustc.edu.cn
mailto:yuanli_wzu@126.com
mailto:yuanli_wzu@126.com
mailto:vpn2733@autuni.ac.nz
mailto:shengwei_fu@163.com
mailto:aliasghar68@gmaill.com
mailto:chenhuiling_jsj@wzu.edu.cn
https://doi.org/10.1016/j.jare.2025.09.001
http://www.sciencedirect.com/science/journal/20901232
http://www.elsevier.com/locate/jare


K. Ouyang, D. Wei, X. Sha et al. Journal of Advanced Research xxx (xxxx) xxx
Furthermore, BBO was applied to solve three solar PV parameter identification problems and four real-
world engineering problems, comparing its performance with 11 other algorithms. 
Results: BBO demonstrated superior performance across all benchmark functions and ranked first in tack-
ling solar PV and engineering design problems. It outperformed other state-of-the-art algorithms in most 
test scenarios, showcasing robust convergence, quick optimization, and minimal variance in results. 
Conclusion: The results validate BBO as a powerful optimization tool, particularly for solar PV parameter 
identification and engineering challenges. Its bio-inspired approach effectively balances exploration and 
exploitation, making it a competitive algorithm for solving complex optimization tasks.The source code 
of BBO is available at: https://github.com/oykc1234/BBO. 

© 2025 The Author(s). Published by Elsevier B.V. on behalf of Cairo University. This is an open access 
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Introduction 

Photovoltaic (PV) systems and engineering design problems 
share a common challenge: optimizing parameters to enhance the 
efficiency and economic benefits of their respective systems. The 
PV system’s efficiency and economic viability are contingent upon 
module-specific attributes such as type, efficiency, and temperature 
response, as well as broader system considerations including array 
setup, orientation, and potential shading influences. In the parallel 
domain of engineering design, material choices, structural configu-
rations, load distributions, and manufacturing techniques are piv-
otal, dictating the cost-effectiveness, operational performance, and 
durability of the end product [1–6]. 

Solving these problems usually means finding the maximum or 
minimum value of an objective function while meeting certain con-
straints [7–11]. However, their complex nature creates challenges 
for traditional optimization methods. These challenges include 
high-dimensional search spaces, functions that aren’t smooth or dif-
ferentiable, and many local optimal solutions that can trap algo-
rithms [12]. Metaheuristic algorithms (MAs), drawing inspiration 
from natural phenomena, offer a powerful alternative for addressing 
these challenges. Unlike deterministic methods, which may struggle 
with complex landscapes and require gradient information, MAs 
navigate the search space stochastically, allowing for a more flexible 
exploration. MAs are particularly adept at avoiding local optima, a 
common pitfall in optimization tasks, by employing mechanisms 
like population diversity and adaptive behavior to balance explo-
ration (searching new areas of the search space) and exploitation 
(refining solutions within promising areas). This enables them to 
effectively converge towards global optima even in the absence of 
explicit problem structures or derivative information [13–15]. 

MAs are typically grouped into four main categories: swarm 
intelligence algorithms(SIAs), physics-based algorithms (PBAs), 
evolutionary algorithms (EAs), and human-based algorithms 
(HBAs) [8]. SIAs are particularly notable for their emulation of col-
lective natural behaviors, such as the coordination seen in bird 
swarms. This category includes the well-known particle swarm 
optimization (PSO), which has been the subject of extensive 
research and application [16]. PBAs, meanwhile, are inspired by 
principles of physics and chemical processes, exemplified by the 
simulated annealing algorithm, which is based on the metallurgical 
technique of annealing [17]. EAs draw on the concepts of biological 
evolution, with the genetic algorithm (GA) being a primary exam-
ple that simulates natural selection and genetic inheritance [18]. 
Finally, HBAs aim to mimic human cognitive and social processes, 
with the teaching–learning-based optimization (TLBO) algorithm 
replicating the interaction dynamics of a classroom setting [19]. 
This study will mainly focus on SIAs, highlighting their unique 
approach to problem-solving by leveraging the collective behaviors 
observed in nature. 

SIAs, a prominent class of MAs, derives its principles from the 
natural collective behaviors observed in biological systems such 
2

The no free lunch (NFL) theorem underscores the idea that no 
single algorithm outperforms all others across every possible sce-
nario, highlighting the continuous need for developing novel algo-
rithms [32]. This approach not only expands the repertoire of 
available algorithms but also ensures that for any given problem, 
the most suitable and efficient algorithm can be identified and 
applied. Solar PV problems are the key part of solar energy capture. 
Many researchers are keen on enhancing the efficiency and effec-
tiveness of this task, which can contribute to the broader utiliza-
tion of renewable energy sources [33]. Optimization algorithms 
often struggle with solar PV problems due to the nonlinear, 
dynamic nature of solar systems and the high-dimensional, com-
putationally intensive nature of the optimization tasks [34–38]. 
To solve Solar PV and other engineering problems more efficiently, 
an innovative SIA called Beaver Behavior Optimizer (BBO) is intro-
duced in this work. This algorithm is designed to excel in numeri-
cal optimization tasks, including the precise identification of 
parameters in solar PV systems and the optimization of complex 
engineering problems. BBO introduces a fresh perspective to SI, 
inspired by beavers’ sophisticated dam construction abilities. Bea-
vers are natural engineers, skillfully altering their environment to 
create calm water habitats, a trait that underpins the BBO. This 
method leverages the collective, strategic efforts of beaver-like 
agents for resource gathering and utilization, targeting the efficient 
exploration and exploitation of the solution space. It effectively 
addresses challenges such as sensitivity to starting conditions, 
quick convergence to suboptimal solutions, and local optimum 
stagnation that affect many traditional algorithms. By emulating 
the beavers’ methodical approach to scouting, building, and main-
tenance, the BBO ensures a balanced search strategy, leading to the 
identification of optimal solutions across a variety of problem 
domains. This paper makes substantial contributions in several 
key areas: 

as insect swarms and bird flocks [20]. Since 1990 s, SIAs has 
evolved from tackling functional optimization tasks to a wide array 
of applications across various disciplines [21]. Algorithms like PSO 
[16] and ant colony optimization (ACO) [22] demonstrate SIAs’ 
capability in complex problem-solving by balancing exploration 
and exploitation, thus avoiding local optima and ensuring conver-
gence towards optimal solutions [23]. Beyond functional optimiza-
tion, SIAs’ adaptability is showcased in microgrid optimal 
dispatching [24], in robot path planning [25], and in feature selec-
tion [26]. Furthermore, SIAs has made significant contributions in 
solving combinatorial problems like the traveling salesman prob-
lem [27], illustrating its versatility and efficacy in addressing com-
putational challenges. The continuous development of new 
algorithms and hybrid approaches within SIAs broadens its appli-
cation spectrum, emphasizing its role as a dynamic and flexible 
tool in computational optimization [28–31]. As SIAs progresses, 
its potential for innovative solutions across a myriad of fields is 
increasingly recognized, underscoring its importance in the realm 
of MAs. 

http://creativecommons.org/licenses/by-nc-nd/4.0/
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1. An efficient optimizer, BBO for various optimization cases is 
proposed. 

2. The construction of an efficient optimization mechanism in BBO 
is characterized by its a clear distinction between the explo-
ration and exploitation phase and enhanced optimization capa-
bilities. The innovation of this paper lies in simulating the dam 
construction behavior of beavers, getting inspiration from the 
cooperative behavior in the process of material collection and 
dam maintenance, building a mathematical model, and con-
stantly upgrading and improving it. Through experiments, the 
excellent performance of BBO is verified, so that it can be used 
to solve real world problems. 

3. Validation of the algorithm’s performance through comparative 
experiments with 11 mature algorithms demonstrates strong 
competitiveness of the BBO in CEC benchmark functions. 

4. BBO is applied to one solar PV and four real-world engineering 
design problems substantiates its potential to address a wide 
range of practical optimization tasks. 

The remainder of this document is structured as follows: The 
inspiration behind BBO and its mathematical framework are out-
lined in Section 2. Numerical experiments are carried out and 
thoroughly analyzed in Section 3. Section 4 demonstrates the 
application of BBO in identifying parameters for three photovoltaic 
models. In Section 5, BBO is employed to tackle four distinct engi-
neering design issues. A summary of this research and considera-
tions for future work are discussed in Section 6. 

The beaver behavior optimizer (BBO) 

Inspiration 

The BBO draws its inspiration from the exceptional dam-
building activities of beavers, widely recognized for their environ-
mental engineering capabilities [39–41]. These animals, primarily 
found across North America and parts of Eurasia, exhibit a unique 
blend of social behavior, strategic planning, and environmental 
manipulation that serves as the foundation for this innovative opti-
mization approach. Beavers are known for their ability to construct 
elaborate dams across streams and rivers, creating still-water envi-
ronments that serve both as their habitat and as protection against 
predators. The construction process involves the collective efforts 
of beaver families, which work together to gather wood, stones, 
and mud [42]. These materials are meticulously selected and 
strategically placed to ensure the structural integrity and function-
ality of the dam. The beavers’ construction behavior is marked by 
several key phases. Initially, beavers scout for suitable locations, 
considering factors such as water flow and surrounding vegetation. 
Once a site is chosen, beavers collectively transport materials, 
using their sharp teeth to cut trees and branches, which are then 
interwoven with mud to form the dam’s foundation [43]. Through-
out this process, beavers demonstrate a remarkable ability to adapt 
their construction techniques to the changing environment, ensur-
ing the dam’s continuous maintenance and improvement. More-
over, beavers exhibit an ability to store food for the winter 
months by creating underwater food caches near their lodges, 
showcasing foresight and planning [44]. This aspect of their behav-
ior highlights their strategic resource management, an element 
mirrored in the BBO’s emphasis on efficient resource allocation 
and problem-solving. By emulating the beavers’ construction inge-
nuity, social cooperation, and adaptive strategies, the BBO intro-
duces a novel approach to optimization. It incorporates phases of 
exploration and exploitation, analogous to the beavers’ scouting 
and building activities, ensuring a thorough search of the solution 
space and the efficient identification of optimal solutions. This 
3

inspiration from nature not only enhances the understanding of 
swarm intelligence but also provides a robust framework for tack-
ling complex optimization challenges across various domains. 

Population initialization 

In BBO, every dimension j of the individual is analogous to a 
type of construction material, like branches or stones, with its cor-
responding value reflecting the material’s property. The individuals 
within the population symbolize the unique assortment of materi-
als possessed by each beaver. At the onset, through a process 
depicted in Eq. (1), each beaver is endowed with a randomly 
assorted set of materials, each varying in properties. As shown in 
Fig. 1, two beavers use different materials to build their habitats 

M 

m1 1 m1 j m1 D 1 m1 D 

m2 1 m2 j m2 D 

mi j 

mn 1 1 mn 1 j mn 1 D 

mn 1 mn j mn D 1 mn D 

1 

where epresents the state matrix of the material held by beavers 

in the population, represents the properties of the material 

held by the beaver represents the number of beaver species 
in the population, and epresents the type of materials. 

M r 

mi j jth 

ith , n 
D r 

mi j ubj lbj rand lbj 2 

where and represent the lower bound and upper bound of the 
property change of the material, and d represents a variable 
that changes from 0 to 1. 

lbj ubj 

j-th ran 

Dam-Phase factor 

During the beaver dam construction process, the early stage 
involves material collection. At this point, beavers scout different 
locations for potential dam construction sites while actively seek-
ing suitable materials. In the later stages, beavers focus on main-
taining and refining the formed dam. These behaviors of beavers 
correspond precisely to the exploration and exploitation stages in 
MAs. To mathematically model this behavioral transition, the 
dam-phase factor D is introduced, as defined in Eq. (3), where t rep-
resents the current iteration count and T denotes the maximum 
number of iterations. The factor D increases monotonically from 
0 to 1 throughout the optimization process. 

D sin 
pt 
2T 

3 

At each iteration, a random number niformly distributed in 
[0,1] is generated to determine whether the population enters 
exploitation (when D) or exploration phase. This mechanism 
ensures that while the algorithm gradually shifts focus toward 
exploitation in later iterations, it always maintains the possibility 
of exploration − accurately reflecting how beavers primarily main-
tain established dams in later phases while remaining capable of 
seeking better locations. The dam-phase factor effectively 
enhances the algorithm’s randomness, prevents premature conver-
gence, and optimally balances exploration and exploitation 
throughout the search process. 

r1 u 

r1 

Exploration phase: Material gathering behavior of beavers 

In the exploration phase, the material gathering behavior of 
beavers are modeled. In this phase, the beaver population is
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Fig. 1. Two beavers are using different materials. 
divided into two types: architects and prospectors. The archi-
tects are the top 25 % of the population with the most suitable 
fitness, representing the elite individuals in the population, 
who carry high-quality materials. The architect will randomly 
select a fellow architect and learn from him with a 50 % chance 
to optimize the properties of this material, so that better mate-
rials can be added to the architect’s dam construction. The 
mutual learning behavior of architects can be described by Eq. 
(4). If it is a prospector, for each materi ,  it  will  randomly
select an architect from the population and learn from him with 
a 50 % probability of that material type to optimize its own 
material At the same time, prospectors will actively explore 
different materials j to optimize existing materials. The 
prospector’s updated formula during the exploration phase is 
described by Eq. (5). 

al j 

j. 

marchitect 
i j t 1 marchitect 

i j t 

I  r2 0 5 r3 marchitect 
k j t marchitect 

i j t 4 

mprospedor 
i j t 1 mprospedor 

i j t I  r4 0 5 r5 marchitect 
i j t mprospector 

i j t 

r6cos pt 2T ubj lbj 

10 

5 

In Eq. (4), the updated formula for the architect in the explo-
ration phase is described, where m hitect t represents the prop-
erties of the material for the i hitect at the t ation. I x 
is a characteristic function. When the logic of x rue, the value 
of the function is 1, and vice versa, it is 0. m tect represents the 
properties of the h material of the archite k, other than 
architect andomly selected from the population 2 an r3 
are random numbers between 0 and 1 generated by uniform 

distribution. In Eq. (5), ospedor t represents the properties of 
the material in the iteration of th prospecto r4 a r5 
are two random numbers within [0,1] generated by a uniform 
distribution, and the last term of the Eq. (5) represents the bea-
ver’s random exploration of the properties of the h material 
in order to find a more suitable new material. where repre-
sents a random number generated by a Gaussian distribution 
with  a  mean  of  0  and  a  variance  of  1  . Fig. 2 and Fig. 3 show 
the behavior of beaver architects and prospectors during the 
exploration phase. 

arc 
i j 

j-th arc iter 
is t 

archi 
k j 

j-t ct 
i, r . r d 

mpr 
i j 

j e it r, nd 

j-t 
r6 
4

Exploitation phase: Dam maintenance and improvement 

When the beavers have finished collecting materials, the colony 
carries out further maintenance and improvement of the currently 
built dam, at which point each individual in the population can be 
regarded as an architect beaver. The animals do not travel to new 
areas to find materials, but improve the existing materials by 
learning from the individual with the best combination of materi-
als, as well as other colony members. This process is also consistent 
with the exploitation stage in evolutionary computation, when the 
population converges near the optimal solution, a fine search will 
be carried out near the optimal solution, and the optimal solution 
will be continuously improved and perfected. At this stage, popu-
lation renewal can be described by Eq. (6). 

marchitect 
i j t 1 marchitect 

i j t r7 marchitect 
k j t marchitect 

i j t 

r8 marchitect 
best j t marchitect 

i j t 6 

In Eq. (6), nd epresent two random numbers within [0,1] 
generated by uniform distribution, and architect 

best j t represents the 
properties of the h material corresponding to the optimal indi-
vidual in the population at the t iteration. During the exploitation 
phase, the population renewal process can be described in Fig. 4. 

r7 a r8 r 
m 

j-t 

All in all, the BBO draws inspiration from the natural dam-
building activities of beavers, leveraging their environmental engi-
neering capabilities for solving complex optimization problems. Ini-
tially, individuals within the BBO framework are assigned random 
properties, mimicking the varied materials beavers collect for dam 
construction. The algorithm progresses through exploration and 
exploitation phases, reflecting beaver behaviors of material collec-
tion and dam maintenance. During exploration, the population is 
divided into architects (elite individuals) and prospectors. Architects 
optimize their materials through peer learning, while prospectors 
improve theirs by learning from architects and exploring new 
resources. The exploitation phase focuses on refining materials by 
learning from optimal solutions, akin to beavers improving their 
dam. The BBO encapsulates social cooperation, strategic planning, 
and environmental adaptation seen in beaver behavior. It balances 
search diversity and focuses within the solution space, offering a 
nature-inspired approach to optimization that highlights the poten-
tial of leveraging biological behaviors in computational intelligence. 
In order to show the working mechanism of the beaver optimization 
algorithm more intuitively, the pseudo-code and flow chart of BBO 
are shown in Fig. 5 and Algorithm 1.
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Fig. 2. The behavior of the beaver architect in the exploration phase. 

Fig. 3. The behavior of beaver prospectors during the exploration phase.
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Fig. 4. The architect’s updating behavior during the exploitation phase. 
Algorithm 1: Pseudo-code of the BBO 

1: Initialize the material composition for each beaver 
2: While t<=T 
3: If r1 D 
4: Enter the exploitation phase 
5: Update the architects’ material composition using Eq. 

(6) 
6: Else 
7: Enter the exploration phase 
8: Divide the population into architects and prospectors 
9: Update the architects’ material composition using 

Eq. (4) 
10: Update the prospectors’ material composition 
using Eq. (5) 

11: End 
12: R eturns the optimal fitness and optimal solution of 

the t iteration 
13: t  =  t  +  1  
14: End 
Numerical experiment 

This section evaluates the convergence behavior of BBO and 
compares its performance against 11 other algorithms using the 
CEC2017 test suite at 30, 50, and 100 dimensions and the 
CEC2022 test suite at 10 and 20 dimensions. The statistical analysis 
reports mean values and standard deviations of optimization 
results from multiple independent runs. For rigorous performance 
comparison, this section conducted the Wilcoxon signed rank test 
[45] and Friedman test [46] as nonparametric statistical methods 
to evaluate algorithmic differences and overall performance. 

For the Wilcoxon signed-rank test, when the p-value is less than 
0.05, the algorithm is considered to have a significant difference 
6

from BBO. Conversely, when the p-value is more than 0.05, there 
is no significant difference between the two algorithms. The sym-
bols ’+/=/−’ are used to indicate whether BBO performs better than, 
similar to, or worse than the competitors. For the Friedman mean 
rank test, the average rank of each algorithm is computed first 
and then ranked to determine if there are statistically significant 
differences among them. 

Benchmark test functions 

In this section, the performance of the BBO was assessed using 
the CEC 2017 (Dimensions = 30,50,100) [47] and CEC 2022 
(Dimensions = 10,20) benchmarks [48]. For comprehensive evalu-
ation, the experiment employed 30 benchmark functions (F1-
F30) from the CEC 2017 test suite and 12 functions (F1-F12) from 
the CEC 2022 test suite, totaling 42 test functions as shown in 
Table 1 and Table 2. These functions are categorized based on dis-
tinct characteristics and purposes: unimodal functions with a sin-
gle optimum evaluate the optimization speed and accuracy of an 
algorithm; multimodal functions, featuring several optima, exam-
ine the algorithm’s robustness; and hybrid and composition func-
tions challenge the algorithm’s capacity to address intricate 
issues by merging aspects of the first two types. The experiments 
were conducted on a computer equipped with an Intel Core i5-
12400 CPU at 2.50 GHz and 16 GB RAM, utilizing the MATLAB 
2023a environment. The experiment parameters are set to 500 
iterations with a population size of 30 across all numerical exper-
iments conducted within this section. 

Parameters setting for BBO and its competitors 

Table 3 illustrates the parameters setting of the BBO and its 
competitors, including gaussian quantum-behaved particle swarm 
optimization (GQPSO) [49], terminal crossover and steering-based 
particle swarm optimization algorithm with disturbance (TCSPSO) 
[50], memory, evolutionary operator, and local search based
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Fig. 5. Flow chart of BBO. 
improved grey wolf optimizer (MELGWO) [51], grey wolf optimizer 
(GWO) [52], Harris hawks optimization (HHO) [12], whale opti-
mization algorithm (WOA) [53], rime optimization algorithm 
(RIME) [54], crested porcupine optimizer (CPO) [55], Newton-
Raphson-based optimizer (NRBO) [56], spider wasp optimizer 
(SWO) [57], nutcracker optimization algorithm (NOA) [6]. 

Convergence behavior evaluation 

To demonstrate the efficacy of BBO, its convergence charac-
teristics are present in Fig. 6, which contains six graphs illus-
trating results from various benchmark evaluations. In each 
graph, the initial column shows the 2D contour of the bench-
mark function, and the adjacent column illustrates the final 
positions of the search agents, with the optimal solution indi-
7

cated by a red dot. These visuals reveal that despite the search 
agents being dispersed throughout the search space, population 
predominantly converge around the optimal solution, high-
lighting BBO’s exceptional exploration and exploitation 
capabilities. 

Moreover, the figure’s third column depicts the progression of 
the mean fitness value over iterations. This value starts high but 
shows a marked decrease, stabilizing after approximately 200 iter-
ations, which evidences BBO’s quick convergence ability. The 
fourth column provides a visual representation of the search 
agents’ movements in the first dimension, showing significant fluc-
tuations in the initial phase of iterations that lessen as the iteration 
number nears 200. This behavior demonstrates BBO’s capacity to 
avoid local optima and effectively navigate towards global 
optimization.
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Table 1 
CEC 2017 benchmark functions. 

Type ID Description Dim f min 

Unimodal F1 Shifted and Rotated Bent Cigar Function 30/50/100 100 
F2 Shifted and Rotated Sum of Different Power Function 30/50/100 200 
F3 Shifted and Rotated Zakharov Function 30/50/100 300 

Multimodal F4 Shifted and Rotated Rosenbrock’s Function 30/50/100 400 
F5 Shifted and Rotated Rastrigin’s Function 30/50/100 500 
F6 Shifted and Rotated Expanded Scaffer’s F6 Function 30/50/100 600 
F7 Shifted and Rotated Lunacek Bi_Rastrigin Function 30/50/100 700 
F8 Shifted and Rotated Non-Continuous Rastrigin’s Function 30/50/100 800 
F9 Shifted and Rotated Levy Function 30/50/100 900 
F10 Shifted and Rotated Schwefel’s Function 30/50/100 1000 

Hybrid F11 Hybrid Function 1 (N = 3) 30/50/100 1100 
F12 Hybrid Function 2 (N = 3) 30/50/100 1200 
F13 Hybrid Function 3 (N = 3) 30/50/100 1300 
F14 Hybrid Function 4 (N = 4) 30/50/100 1400 
F15 Hybrid Function 5 (N = 4) 30/50/100 1500 
F16 Hybrid Function 6 (N = 4) 30/50/100 1600 
F17 Hybrid Function 6 (N = 5) 30/50/100 1700 
F18 Hybrid Function 6 (N = 5) 30/50/100 1800 
F19 Hybrid Function 6 (N = 5) 30/50/100 1900 
F20 Hybrid Function 6 (N = 6) 30/50/100 2000 

Composition F21 Composition Function 1 (N = 5) 30/50/100 2100 
F22 Composition Function 2 (N = 5) 30/50/100 2200 
F23 Composition Function 3 (N = 5) 30/50/100 2300 
F24 Composition Function 4 (N = 5) 30/50/100 2400 
F25 Composition Function 5 (N = 3) 30/50/100 2500 
F26 Composition Function 6 (N = 3) 30/50/100 2600 
F27 Composition Function 7 (N = 5) 30/50/100 2700 
F28 Composition Function 8 (N = 5) 30/50/100 2800 
F29 Composition Function 9 (N = 5) 30/50/100 2900 
F30 Composition Function 10 (N = 3) 30/50/100 3000 

Search Range: [-100,100]D 

Table 2 
CEC 2022 benchmark functions. 

Type ID Description Dim f min 

Unimodal Function F1 Shifted and full Rotated Zakharov Function 10/20 300 
Basic Functions F2 Shifted and full Rotated Zakharov Function 10/20 400 

F3 Shifted and full Rotated Expanded Schaffer’s f6 Function 10/20 600 
F4 Shifted and full Rotated Non-Continuous Rastrigin’s Function 10/20 800 
F5 Shifted and full Rotated Levy Function 10/20 900 

Hybrid Functions F6 Hybrid Function 1 (N = 3) 10/20 1800 
F7 Hybrid Function 2 (N = 6) 10/20 2000 
F8 Hybrid Function 3 (N = 5) 10/20 2200 

Composition Functions F9 Composition Function 1 (N = 5) 10/20 2300 
F10 Composition Function 2 (N = 4) 10/20 2400 
F11 Composition Function 3 (N = 5) 10/20 2600 
F12 Composition Function 4 (N = 6) 10/20 2700 

Search Range: [-100,100]D 

Table 3 
Parameters setting for different algorithms. 

Algorithms Name of the parameter Value of the parameter 

GQPSO [49] w1 w2 c1 c2 0 5 1 1 5 1 5 
TCSPSO [50] x c1 c2 0 9  0  4 2 2 
MELGWO [51] Pmin h c1 10 decreasesfrom2to0 2 
GWO [52] amin amax 0 2 
HHO [12] E0 1 1 
WOA [53] a b decreasefrom2to0 2 
RIME [54] w 5 
CPO [55] Numberofindividuals 20 
NRBO [56] p q CF e 2 5 10 n 0 1 0 5 
SWO [57] TR CR Nm N 0 3 0 2 20 100 
NOA [6] w1 w2 c1 c2 0 5 1 1 5 1 5 
BBO / / 
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Table 4 
Wilcoxon signed-rank test on CEC 2017. 

BBO vs. CEC2017 (Dim = 30) CEC2017 (Dim = 50) CEC2017 (Dim = 100) 

GQPSO 30/0/0 30/0/0 29/0/1 
TCSPSO 23/7/0 26/3/1 29/0/1 
MELGWO 29/1/0 29/1/0 29/1/0 
GWO 25/5/0 25/4/1 27/3/0 
HHO 30/0/0 30/0/0 29/0/1 
WOA 30/0/0 30/0/0 30/0/0 
RIME 20/10/0 28/2/0 29/1/0 
CPO 30/0/0 30/0/0 30/0/0 
NRBO 29/1/0 30/0/0 29/0/1 
SWO 30/0/0 30/0/0 30/0/0 
NOA 30/0/0 30/0/0 30/0/0 
Overall 306/24/0 318/10/2 321/5/4
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Table 5 
Friedman test on CEC 2017. 

Suites CEC 2017 

Dimensions 30 50 100 

Algorithms Ave. Rank Overall 
Rank 

Ave. Rank Overall 
Rank 

Ave. Rank Overall 
Rank 

GQPSO 8.76 9 8.71 9 8.48 9 
TCSPSO 3.31 3 3.50 3 3.94 4 
MELGWO 4.18 5 4.13 5 4.49 5 
GWO 4.09 4 3.91 4 3.71 3 
HHO 6.44 6 5.99 6 5.60 6 
WOA 7.83 8 7.69 8 7.56 8 
RIME 2.78 2 2.91 2 2.99 2 
CPO 10.45 11 10.58 11 10.61 11 
NRBO 6.85 7 7.32 7 7.45 7 
SWO 10.07 10 10.20 10 10.25 10 
NOA 11.32 12 11.46 12 11.52 12 
BBO 1.91 1 1.59 1 1.41 1 
The last column of the figure illustrates the convergence trajec-
tory. For unimodal functions, this trajectory is relatively smooth, 
indicating that the optimal values can be systematically 
approached through iterative refinement. Conversely, for multi-
modal functions with several local optima, the search process 
involves consistently circumventing these local maxima to achieve 
the global optimum, which is depicted by a stepped pattern in the 
convergence trajectory for these cases. 

Quantitative analysis 

Comparison with other competitive algorithms on CEC 2017 
In this section, the performance of BBO against its competitors 

are evaluated using the CEC 2017 benchmark suite across 30, 50, 
and 100 dimensional scenarios. Tables 6–8 present the average 
values and standard deviations of the optimal solutions obtained 
by BBO and its competitors over 30 independent runs in different 
dimensions. Across various functions and dimensions, BBO consis-
tently achieves the smallest mean values and standard deviations 
in most cases. Other notable performers include RIME, TCSPSO, 
and MELGWO, which also demonstrate superior performance 
across different functions, while NRBO shows moderate perfor-
mance. In contrast, GQPSO, CPO, SWO, and NOA exhibit weaker 
performance with higher mean values and standard deviations 
compared to other methods. For specific function categories, in 
unimodal functions, BBO attains the smallest mean values in 
nearly all dimensions. It achieves the lowest means for all uni-
modal functions in 30D and 50D scenarios, while in 100D, TCSPSO 
outperforms BBO on F3. In multimodal functions, BBO maintains 
its dominance by achieving the smallest means across most func-
tions in different dimensions. Interestingly, GQPSO records the 
smallest standard deviations in several cases, yet its mean values 
remain relatively high, indicating its inability to effectively balance 
convergence and stability. TCSPSO and RIME also perform excep-
tionally well in multimodal functions. When it comes to hybrid 
and composition functions, BBO’s superiority becomes even more 
pronounced as dimensionality increases. Notably, in 100D, BBO 
achieves the lowest mean values in all instances of these complex 
functions. 

Figs. 7 and 8 illustrate BBO’s convergence curves and boxplots 
for selected functions. Fig. 7 reveals that after an initial rapid 
decline, BBO enters a plateau phase before accelerating its conver-
gence again, demonstrating its ability to escape local optima dur-
ing early exploration while efficiently converging near the global 
optimum. Fig. 8 shows that across different dimensions, BBO’s box-
plots are positioned lower with narrower spreads compared to 
9

other algorithms, reflecting its smaller mean values and standard 
deviations, consistent with the data in Tables 6–8. 

Table 4 presents the results of the Wilcoxon signed-rank test 
between BBO and its competitors. Across all dimensions and nearly 
all functions, BBO significantly outperforms GQPSO, MELGWO, 
HHO, WOA, CPO, NRBO, SWO, and NOA, winning in all 30 compar-
isons or losing only once against these algorithms. TCSPSO, GWO, 
and RIME emerge as strong competitors to BBO, but as dimension-
ality increases, BBO’s advantage over them expands. Particularly in 
100D, BBO significantly outperforms TCSPSO and RIME in 29 out of 
30 cases and GWO in 26 cases. 

Table 5 displays the Friedman mean rank test results, where 
BBO secures the top overall ranking across all dimensions, with 
Friedman ranks of 1.91, 1.59, and 2.41 in 30D, 50D, and 100D, 
respectively. RIME consistently ranks second in all dimensions, 
while TCSPSO and GWO also perform well, securing third and 
fourth places across different dimensions. In contrast, HHO, 
WOA, and NRBO occupy mid-tier positions, whereas GQPSO, 
SWO, and NOA rank at the bottom. Figs. 9a, 9b, and 9c present 
radar charts of the Friedman test results for 30D, 50D, and 100D, 
respectively. Consistent with Table 5, these visualizations clearly 
show BBO occupying the innermost position in all cases, confirm-
ing its highest ranking. 

Comparison with other competitive algorithms on CEC 2022 
This section presents a comprehensive performance evaluation 

of BBO and its competitors on the CEC2022 benchmark suite under 
10-dimensional and 20-dimensional scenarios. Tables 11 and 12 
display the mean values and standard deviations obtained by 
BBO and competing algorithms over 30 independent runs across 
different functions in both dimensional settings. For basic func-
tions, BBO achieved the smallest mean values in over half of the 
10-dimensional cases and in all 20-dimensional instances while 
maintaining relatively low standard deviations, demonstrating its 
effectiveness in handling low-dimensional problems and strong 
exploitation capability. RIME and TCSPSO also showed excellent 
performance, securing the smallest means in some 10-
dimensional functions. In hybrid functions and composition func-
tions, BBO still attained the lowest means and standard deviations 
in more than half of the cases. As dimensionality increased, RIME’s 
performance improved, approaching BBO’s level in 20-dimensional 
scenarios and even achieving the smallest means in several func-
tions. GQPSO recorded the smallest standard deviations in multiple 
functions but suffered from higher mean values, placing it in the 
lower-middle performance tier. Other algorithms either performed 
moderately or fell far behind BBO.
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Fig. 6. Convergence behaviors of BBO in the search process.
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Fig. 6 (continued) 
Figs. 10 and 11 illustrate the convergence curves and boxplots 
for selected functions from the CEC2022 test set. In Fig. 10, BBO 
converges rapidly before stabilizing, highlighting its fast conver-
gence in low-dimensional problems. Fig. 11 shows that BBO’s box-
plots consistently occupy lower positions with narrower spreads, 
aligning with the data in Tables 11 and 12 and confirming its supe-
rior convergence and stability. 

Table 9 presents the Wilcoxon signed-rank test results compar-
ing BBO against its competitors. In 10-dimensional cases, nearly all 
algorithms were significantly outperformed by BBO, with most los-
ing more than 10 times. HHO was the only exception, losing to BBO 
6 times while achieving comparable or better results in 3 instances 
each. In 20-dimensional scenarios, TCSPSO, GWO, and RIME 
showed improved performance, matching BBO in 5, 6, and 4 cases 
respectively, though still falling short overall. Other algorithms 
remained largely inferior to BBO. 

Table 10 displays the Friedman test rankings of BBO and its 
competitors on the CEC2022 suite. BBO secured the highest overall 
rankings in both 10D and 20D, followed closely by RIME in second 
11
place across all dimensions. TCSPSO, MELGWO, and GWO also per-
formed well, alternating between 3rd, 4th, and 5th places depend-
ing on the dimension, while other algorithms ranked significantly 
lower. Supporting these findings, Figs. 12a and 12b present radar 
charts of the Friedman test results for 10D and 20D, visually con-
firming BBO’s consistent dominance as it occupies the innermost 
position in both charts, reflecting its top-tier ranking. 

The application of BBO to parameters identification of 
photovoltaic models 

Accurate identification of photovoltaic model parameters is 
essential for system simulation, performance evaluation, and opera-
tional control, relying on measured current–voltage characteristic 
curves. To achieve fast and accurate identification of parameters 
for different photovoltaic models, proposed BBO is applied towards 
three different models, single diode model, double diode model, 
and PV module Model [58]. For all problems, the parameter settings 
of BBO and its competitors remain consistent with the previous
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able 6 
xperimental results of 12 algorithms on the CEC 2017(Dim = 30). 

T 
E 

Algorithm Metric GQPSO TCSPSO MELGWO GWO HHO WOA RIME CPO NRBO SWO NOA BBO 

CEC2017-F1 Avg 2.92677e + 10 3.29028e + 07 1.81671e + 09 2.72677e + 09 3.77859e + 08 4.88966e + 09 4.37268e + 06 3.88972e + 10 1.93288e + 10 3.42314e + 10 7.11142e + 10 9.83038e + 04 
Std 1.99612e + 09 2.95936e + 07 1.60521e + 09 1.48514e + 09 1.81684e + 08 1.40677e + 09 1.79803e + 06 6.45600e + 09 4.96490e + 09 7.31207e + 09 6.59553e + 09 6.61790e + 04 

CEC2017-F2 Avg 1.14674e + 39 2.62111e + 27 2.03642e + 32 9.55351e + 32 1.27115e + 33 1.63067e + 36 1.00740e + 17 6.74483e + 42 2.36646e + 37 1.14645e + 43 2.14662e + 43 1.64614e + 14 
Std 3.17655e + 39 1.37570e + 28 9.03487e + 32 5.17529e + 33 4.15018e + 33 6.48215e + 36 2.65588e + 17 2.13903e + 43 1.04990e + 38 4.65292e + 43 3.70596e + 43 3.62881e + 14 

CEC2017-F3 Avg 7.56991e + 04 3.49609e + 04 4.66176e + 04 6.08159e + 04 5.77598e + 04 2.59362e + 05 4.66034e + 04 1.96048e + 05 5.67684e + 04 1.43994e + 05 1.56322e + 05 1.82952e + 04 
Std 4.60638e + 03 8.40938e + 03 1.55737e + 04 1.23987e + 04 6.52471e + 03 7.71292e + 04 1.94090e + 04 5.66177e + 04 9.10656e + 03 5.00137e + 04 1.98815e + 04 6.83617e + 03 

CEC2017-F4 Avg 5.73777e + 03 5.37949e + 02 6.34551e + 02 6.29687e + 02 7.05042e + 02 1.33202e + 03 5.35803e + 02 9.79917e + 03 1.85207e + 03 8.98749e + 03 1.63756e + 04 4.98782e + 02 
Std 6.38857e + 02 4.42453e + 01 1.87516e + 02 9.16676e + 01 1.03544e + 02 4.17132e + 02 3.46474e + 01 2.35093e + 03 9.02116e + 02 2.64484e + 03 3.79632e + 03 2.13777e + 01 

CEC2017-F5 Avg 8.48897e + 02 6.22249e + 02 6.81150e + 02 6.43950e + 02 7.71864e + 02 8.62691e + 02 6.17566e + 02 9.07883e + 02 8.47880e + 02 8.99648e + 02 9.99439e + 02 6.02811e + 02 
Std 1.88667e + 01 3.53393e + 01 3.31437e + 01 4.74467e + 01 3.44558e + 01 6.01543e + 01 3.18978e + 01 2.90502e + 01 4.02519e + 01 4.29298e + 01 2.44975e + 01 2.47492e + 01 

CEC2017-F6 Avg 6.75039e + 02 6.13695e + 02 6.40666e + 02 6.12668e + 02 6.67499e + 02 6.82050e + 02 6.13666e + 02 6.87730e + 02 6.73726e + 02 6.88680e + 02 6.99825e + 02 6.13263e + 02 
Std 3.87747e + 00 7.96372e + 00 9.02815e + 00 4.24209e + 00 7.30314e + 00 1.60768e + 01 5.13036e + 00 7.93370e + 00 9.62301e + 00 6.37154e + 00 5.60835e + 00 7.25786e + 00 

CEC2017-F7 Avg 1.23657e + 03 9.33416e + 02 1.01259e + 03 9.25751e + 02 1.32123e + 03 1.31858e + 03 8.60683e + 02 1.47889e + 03 1.22521e + 03 1.44657e + 03 2.54320e + 03 8.65634e + 02 
Std 1.84781e + 01 4.45813e + 01 5.19967e + 01 6.01164e + 01 6.04930e + 01 7.09502e + 01 3.35566e + 01 6.32483e + 01 7.50515e + 01 1.02763e + 02 9.70126e + 01 3.81489e + 01 

CEC2017-F8 Avg 1.09268e + 03 9.16062e + 02 9.42275e + 02 9.04318e + 02 9.89798e + 02 1.06016e + 03 9.07282e + 02 1.16109e + 03 1.07662e + 03 1.16555e + 03 1.24826e + 03 8.82342e + 02 
Std 1.54208e + 01 2.93342e + 01 2.37721e + 01 2.63094e + 01 2.08597e + 01 4.80333e + 01 3.10739e + 01 2.85414e + 01 2.22614e + 01 3.94035e + 01 2.92644e + 01 1.66093e + 01 

CEC2017-F9 Avg 8.67196e + 03 1.97268e + 03 3.93400e + 03 2.63516e + 03 8.95363e + 03 1.17168e + 04 2.81084e + 03 1.34215e + 04 7.48978e + 03 1.37239e + 04 2.04320e + 04 2.19061e + 03 
Std 8.82553e + 02 9.47071e + 02 1.27978e + 03 8.90222e + 02 9.58490e + 02 4.11551e + 03 1.30068e + 03 3.23480e + 03 1.48762e + 03 2.46662e + 03 2.41393e + 03 6.74331e + 02 

CEC2017-F10 Avg 8.62284e + 03 5.70826e + 03 5.17795e + 03 4.83292e + 03 6.22912e + 03 7.50932e + 03 4.78175e + 03 9.68130e + 03 7.95723e + 03 9.44194e + 03 9.20609e + 03 4.44151e + 03 
Std 3.88526e + 02 1.09703e + 03 5.96040e + 02 1.04645e + 03 8.42957e + 02 6.57830e + 02 7.01319e + 02 4.14633e + 02 4.25441e + 02 3.57361e + 02 2.21900e + 02 9.72092e + 02 

CEC2017-F11 Avg 5.13034e + 03 1.44141e + 03 1.51629e + 03 2.22554e + 03 1.58744e + 03 1.09604e + 04 1.34838e + 03 1.40501e + 04 2.83528e + 03 8.70923e + 03 1.28564e + 04 1.27661e + 03 
Std 4.52588e + 02 9.03606e + 01 2.81810e + 02 9.94676e + 02 2.32776e + 02 5.24556e + 03 6.62921e + 01 4.00668e + 03 8.39850e + 02 2.90808e + 03 2.77579e + 03 6.44207e + 01 

CEC2017-F12 Avg 7.03113e + 09 1.15780e + 07 4.10664e + 07 1.31171e + 08 7.81184e + 07 4.62243e + 08 2.11159e + 07 6.05957e + 09 1.72132e + 09 5.90283e + 09 1.03777e + 10 4.45167e + 06 
Std 7.79327e + 08 1.29116e + 07 4.70991e + 07 1.45493e + 08 7.82174e + 07 3.33271e + 08 1.68078e + 07 1.95694e + 09 8.78478e + 08 2.40150e + 09 1.72093e + 09 3.13777e + 06 

CEC2017-F13 Avg 4.31414e + 09 8.13732e + 06 1.28476e + 05 7.37187e + 06 9.51577e + 05 7.32077e + 06 1.50502e + 05 3.45075e + 09 3.76139e + 08 3.64795e + 09 5.63091e + 09 3.77234e + 04 
Std 9.07551e + 08 2.16309e + 07 2.32047e + 05 2.82056e + 07 3.86106e + 05 5.18838e + 06 2.22657e + 05 1.47205e + 09 2.02707e + 08 2.05175e + 09 1.42085e + 09 2.22938e + 04 

CEC2017-F14 Avg 1.93360e + 06 7.67758e + 04 1.33648e + 05 6.63955e + 05 1.40772e + 06 2.13231e + 06 8.53573e + 04 5.13822e + 06 9.49369e + 04 3.04517e + 06 2.84869e + 06 3.90676e + 04 
Std 6.12821e + 05 6.97708e + 04 1.57146e + 05 8.67264e + 05 1.79484e + 06 2.11502e + 06 6.70383e + 04 3.44046e + 06 1.25601e + 05 2.20326e + 06 1.42460e + 06 4.29270e + 04 

CEC2017-F15 Avg 1.33264e + 08 1.54318e + 06 2.15481e + 04 1.41187e + 06 1.36360e + 05 7.54399e + 06 1.83977e + 04 2.74471e + 08 2.48083e + 06 2.64158e + 08 7.65253e + 08 2.14530e + 04 
Std 5.70236e + 07 8.14862e + 06 1.30370e + 04 2.36284e + 06 6.32582e + 04 8.25294e + 06 1.26442e + 04 1.67586e + 08 4.92619e + 06 2.13718e + 08 2.99657e + 08 1.20777e + 04 

CEC2017-F16 Avg 4.67470e + 03 2.89940e + 03 2.81898e + 03 2.69921e + 03 3.70133e + 03 4.51612e + 03 2.74787e + 03 5.01719e + 03 3.94777e + 03 5.05166e + 03 5.27380e + 03 2.57987e + 03 
Std 2.26021e + 02 4.38316e + 02 3.07934e + 02 4.44447e + 02 4.17387e + 02 8.56111e + 02 2.32360e + 02 4.19383e + 02 3.99029e + 02 3.66055e + 02 3.51051e + 02 3.06396e + 02 

CEC2017-F17 Avg 3.10423e + 03 2.38456e + 03 2.32352e + 03 2.05774e + 03 2.73058e + 03 2.72810e + 03 2.18215e + 03 3.33161e + 03 2.65298e + 03 3.34081e + 03 3.68145e + 03 2.13599e + 03 
Std 2.01128e + 02 2.70632e + 02 2.09215e + 02 1.50901e + 02 2.58900e + 02 2.60164e + 02 1.97499e + 02 2.46103e + 02 2.33268e + 02 3.49467e + 02 2.37454e + 02 2.30470e + 02 

CEC2017-F18 Avg 1.19277e + 07 9.68835e + 05 1.54485e + 06 4.04605e + 06 3.68077e + 06 1.60804e + 07 1.24464e + 06 5.67374e + 07 1.77511e + 06 3.32262e + 07 3.92455e + 07 8.13044e + 05 
Std 3.65425e + 06 7.98416e + 05 1.33078e + 06 6.38482e + 06 2.89005e + 06 1.69333e + 07 1.42778e + 06 2.80391e + 07 2.30676e + 06 2.67417e + 07 2.31853e + 07 6.99036e + 05 

CEC2017-F19 Avg 1.28201e + 08 8.56282e + 05 5.53650e + 04 1.46821e + 06 2.04551e + 06 2.63774e + 07 1.86380e + 04 3.95695e + 08 8.90558e + 06 4.70818e + 08 1.01041e + 09 2.18757e + 04 
Std 4.10075e + 07 2.77960e + 06 7.51667e + 04 2.83727e + 06 1.64654e + 06 3.22139e + 07 1.64968e + 04 2.01765e + 08 1.17846e + 07 5.46801e + 08 4.68118e + 08 2.29818e + 04 

CEC2017-F20 Avg 2.82565e + 03 2.51606e + 03 2.65485e + 03 2.44809e + 03 2.89208e + 03 2.84879e + 03 2.49898e + 03 3.37431e + 03 2.77814e + 03 3.29520e + 03 3.12666e + 03 2.51740e + 03 
Std 1.06304e + 02 1.65286e + 02 2.06725e + 02 1.60322e + 02 1.97296e + 02 1.78492e + 02 1.63939e + 02 1.91382e + 02 1.91112e + 02 1.66602e + 02 7.86582e + 01 1.74227e + 02 

CEC2017-F21 Avg 2.62662e + 03 2.43058e + 03 2.45977e + 03 2.41862e + 03 2.58584e + 03 2.63275e + 03 2.40636e + 03 2.69707e + 03 2.59346e + 03 2.68444e + 03 2.75361e + 03 2.38897e + 03 
Std 1.61323e + 01 3.87700e + 01 3.92745e + 01 5.18677e + 01 6.16382e + 01 4.27005e + 01 2.74609e + 01 3.03243e + 01 3.02389e + 01 4.13638e + 01 2.88252e + 01 2.27227e + 01 

CEC2017-F22 Avg 6.00292e + 03 2.89635e + 03 6.23062e + 03 5.14378e + 03 7.12652e + 03 8.36760e + 03 5.24716e + 03 9.00058e + 03 6.58236e + 03 8.22503e + 03 9.70938e + 03 3.02887e + 03 
Std 3.17456e + 02 1.48572e + 03 1.52797e + 03 2.69097e + 03 1.52813e + 03 1.64426e + 03 1.86828e + 03 1.67832e + 03 2.42104e + 03 1.51516e + 03 7.13821e + 02 1.48135e + 03 

CEC2017-F23 Avg 3.29291e + 03 2.91031e + 03 2.83553e + 03 2.78191e + 03 3.33507e + 03 3.10110e + 03 2.79124e + 03 3.38073e + 03 3.06961e + 03 3.32759e + 03 3.38826e + 03 2.75356e + 03 
Std 3.48600e + 01 9.80521e + 01 5.30039e + 01 4.43226e + 01 1.40868e + 02 8.58013e + 01 4.09446e + 01 8.96890e + 01 6.33402e + 01 1.16691e + 02 7.15153e + 01 2.64660e + 01 

CEC2017-F24 Avg 3.55636e + 03 3.08160e + 03 2.98033e + 03 2.97815e + 03 3.48249e + 03 3.23432e + 03 2.93390e + 03 3.57056e + 03 3.21185e + 03 3.55748e + 03 3.62714e + 03 2.91320e + 03 
Std 4.89706e + 01 9.73798e + 01 4.86449e + 01 7.02060e + 01 1.54384e + 02 1.11194e + 02 3.31721e + 01 1.13433e + 02 7.01834e + 01 1.25511e + 02 7.04721e + 01 3.13028e + 01 

CEC2017-F25 Avg 3.57660e + 03 2.92689e + 03 3.01043e + 03 3.03945e + 03 3.00635e + 03 3.19428e + 03 2.92095e + 03 4.85006e + 03 3.42721e + 03 4.96081e + 03 8.72493e + 03 2.90586e + 03 
Std 1.13118e + 02 2.92399e + 01 5.68537e + 01 9.70867e + 01 3.96861e + 01 8.95560e + 01 2.73962e + 01 4.42180e + 02 1.87052e + 02 7.16611e + 02 9.54815e + 02 2.13615e + 01 

CEC2017-F26 Avg 8.99039e + 03 5.39983e + 03 6.30435e + 03 4.85945e + 03 8.16008e + 03 8.60467e + 03 5.08822e + 03 9.67764e + 03 7.40618e + 03 9.86339e + 03 1.11630e + 04 4.21211e + 03 
Std 3.92986e + 02 1.12184e + 03 9.38609e + 02 5.09459e + 02 1.41840e + 03 8.57195e + 02 5.52827e + 02 6.74124e + 02 1.11932e + 03 8.53699e + 02 6.14480e + 02 1.16005e + 03 

CEC2017-F27 Avg 3.96813e + 03 3.31491e + 03 3.32811e + 03 3.27300e + 03 3.60005e + 03 3.54289e + 03 3.25034e + 03 4.10165e + 03 3.46331e + 03 4.01665e + 03 4.11426e + 03 3.23820e + 03 
Std 1.25581e + 02 6.34520e + 01 6.56976e + 01 3.15809e + 01 2.01803e + 02 2.02955e + 02 2.06909e + 01 1.94289e + 02 9.45315e + 01 2.00201e + 02 1.44549e + 02 1.72133e + 01 

CEC2017-F28 Avg 5.14496e + 03 3.42293e + 03 3.46822e + 03 3.51992e + 03 3.51578e + 03 3.87195e + 03 3.28775e + 03 5.96611e + 03 4.25957e + 03 5.84597e + 03 7.71309e + 03 3.24486e + 03
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descriptions. The maximum iterations and population size were set 
to 500 and 30, respectively. Each algorithm was run independently 
30 times, with the maximum, minimum, mean, and standard devia-
tion of the optimal function values calculated. Furthermore, both 
Wilcoxon and Friedman statistical tests were employed for compre-
hensive performance evaluation.

Single diode model 

The single-diode model is widely adopted for characterizing the 
static behavior of solar cells owing to its simplicity and satisfactory 
accuracy. This equivalent circuit comprises a current source con-
nected in parallel with a diode, a shunt resistor representing leak-
age current, and a series resistor accounting for power losses. The 
circuit design of this model is illustrated in Fig. 13. 

The output current is formulated in Eq. (7), and the mathemat-
ical representation is described in Eq. (8). 

IL Iph Id Ish 

Id Isd exp q VL RS IL 
n k T 1 

Ish 
VL RS IL 

Rsh 

7 

f k VL IL x Iph Isd exp q VL RS IL 
n k T 1 VL RS IL 

Rsh 
IL 

x Iph Isd RS RSh n 
8 

where s the output current of the solar cell, s the represents the 
total photogenerated current, efers to diode current, and is the 
shunt leakage current. and correspond to the series and shunt 
resistances, respectively. designates the output voltage of the cell, 

tands for the reverse saturation current of the diode. n is the ideality 
factor of the diode, k is the Boltzmann constant, q equals the electron 
charge, and T refers to the absolute temperature of the cell in Kelvin. 

IL i Iph i 
Id r Ish 

RS Rsh 

VL 

Isd s 

In Table 13, BBO achieves the first-place Friedman ranking for 
parameter identification in the Single diode model problem. The 
Wilcoxon test confirms statistically significant differences (+) 
between BBO and all other algorithms. Notably, BBO demonstrates 
optimal performance in maximum, average, and standard devia-
tion metrics, while RIME achieves the best performance in mini-
mum values. Other strong performers include TCSPSO, RIME and 
NRBO, with the remaining algorithms showing significantly infe-
rior performance compared to BBO. 

Double diode model 

To characterize current loss resulting from carrier recombina-
tion in the depletion region, the double-diode model has been 
developed. Its circuit configuration consists of two diodes, a cur-
rent source, and a shunt resistor connected in parallel. The config-
uration of this equivalent circuit is shown in Fig. 14. 

The output current is formulated in Eq. (9), and the mathemat-
ical representation is described in Eq. (10) 

IL Iph Iph Iph Iph Iph Isd1 exp 
q VL RS IL 

n1 k T 
1 

Isd1 exp 
q VL RS IL 

n2 k T 
1 

VL RS IL 
Rsh 

9 

f k VL IL x Iph Isd1 exp q VL RS IL 
n1 k T

1 Isd1 exp q VL RS IL 
n2 k T

1 
VL RS IL 

Rsh 
IL 

x Iph Isd1 Isd2 RS RSh n1 n2 

10
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Table 7 
Experimental results of 12 algorithms on the CEC 2017(Dim = 50). 

Algorithm Metric GQPSO TCSPSO MELGWO GWO HHO WOA RIME CPO NRBO SWO NOA BBO 

CEC2017-F1 Avg 6.54499e + 10 1.31180e + 09 1.56256e + 10 1.12637e + 10 5.08554e + 09 2.25107e + 10 4.08269e + 07 9.87215e + 10 5.20220e + 10 9.59314e + 10 1.70072e + 11 2.93051e + 06 
Std 2.12584e + 09 6.71184e + 08 5.53102e + 09 3.99751e + 09 1.89027e + 09 5.35785e + 09 1.08486e + 07 1.22634e + 10 6.42676e + 09 1.51398e + 10 1.47735e + 10 2.08733e + 06 

CEC2017-F2 Avg 9.49945e + 71 7.04673e + 53 2.47986e + 62 5.47082e + 62 4.13254e + 65 5.67952e + 80 2.15571e + 43 3.22746e + 79 5.24706e + 65 5.21222e + 79 1.27297e + 80 3.69383e + 34 
Std 3.20287e + 72 3.32103e + 54 1.35671e + 63 2.08160e + 63 2.19065e + 66 2.46626e + 81 1.08884e + 44 1.37613e + 80 2.79204e + 66 2.82801e + 80 5.61395e + 80 1.67671e + 35 

CEC2017-F3 Avg 1.62751e + 05 1.53972e + 05 1.29873e + 05 1.74399e + 05 1.74614e + 05 2.96309e + 05 2.12115e + 05 7.02925e + 05 1.72643e + 05 3.07890e + 05 3.31272e + 05 1.21541e + 05 
Std 1.11472e + 04 2.72854e + 04 2.38456e + 04 2.77197e + 04 2.00956e + 04 1.00585e + 05 4.73182e + 04 8.81908e + 05 4.51976e + 04 1.21278e + 05 3.91470e + 04 3.14984e + 04 

CEC2017-F4 Avg 1.65184e + 04 8.10012e + 02 1.90896e + 03 1.62667e + 03 1.85116e + 03 4.75828e + 03 6.81535e + 02 2.66073e + 04 9.43875e + 03 2.72726e + 04 5.18864e + 04 6.03825e + 02 
Std 1.17432e + 03 1.19265e + 02 9.21621e + 02 8.20567e + 02 4.19686e + 02 1.38151e + 03 7.57838e + 01 5.38054e + 03 2.52645e + 03 5.43675e + 03 8.28751e + 03 4.18864e + 01 

CEC2017-F5 Avg 1.12087e + 03 8.40494e + 02 8.57827e + 02 7.99962e + 02 9.47017e + 02 1.11510e + 03 7.56654e + 02 1.24630e + 03 1.12504e + 03 1.23176e + 03 1.45096e + 03 7.14886e + 02 
Std 2.25542e + 01 6.46479e + 01 4.54627e + 01 9.45097e + 01 3.43043e + 01 8.87658e + 01 4.85784e + 01 3.73509e + 01 3.92463e + 01 3.07895e + 01 3.58218e + 01 5.21287e + 01 

CEC2017-F6 Avg 6.91476e + 02 6.33734e + 02 6.56911e + 02 6.26188e + 02 6.81527e + 02 6.97764e + 02 6.31749e + 02 7.03779e + 02 6.92273e + 02 7.06119e + 02 7.21349e + 02 6.32779e + 02 
Std 4.05103e + 00 1.17265e + 01 9.54652e + 00 6.71308e + 00 4.58023e + 00 1.30148e + 01 7.18449e + 00 8.25380e + 00 7.03280e + 00 7.53679e + 00 6.39982e + 00 1.02689e + 01 

CEC2017-F7 Avg 1.74909e + 03 1.26865e + 03 1.47070e + 03 1.14921e + 03 1.88874e + 03 1.90897e + 03 1.11052e + 03 2.15484e + 03 1.80170e + 03 2.09169e + 03 4.65814e + 03 1.07521e + 03 
Std 3.55031e + 01 7.41191e + 01 8.73402e + 01 7.72474e + 01 7.69084e + 01 9.70684e + 01 6.54274e + 01 1.04827e + 02 1.09883e + 02 1.00579e + 02 2.19973e + 02 6.79862e + 01 

CEC2017-F8 Avg 1.40171e + 03 1.12829e + 03 1.14498e + 03 1.06393e + 03 1.23605e + 03 1.40391e + 03 1.05734e + 03 1.53367e + 03 1.43009e + 03 1.54063e + 03 1.74964e + 03 1.00989e + 03 
Std 1.51032e + 01 6.28619e + 01 3.91483e + 01 3.73492e + 01 3.39037e + 01 7.91590e + 01 5.14007e + 01 4.87951e + 01 3.68961e + 01 4.93269e + 01 3.88395e + 01 4.36576e + 01 

CEC2017-F9 Avg 3.22696e + 04 1.39871e + 04 1.29227e + 04 1.22071e + 04 3.18711e + 04 4.08700e + 04 1.17637e + 04 4.54553e + 04 2.97033e + 04 4.71682e + 04 6.32963e + 04 6.80571e + 03 
Std 2.63151e + 03 6.12136e + 03 2.48898e + 03 5.39697e + 03 3.45653e + 03 1.24234e + 04 5.79481e + 03 7.47804e + 03 4.23778e + 03 6.40249e + 03 6.47286e + 03 1.94125e + 03 

CEC2017-F10 Avg 1.47565e + 04 1.11959e + 04 8.54792e + 03 8.99894e + 03 1.06972e + 04 1.34355e + 04 8.44911e + 03 1.65364e + 04 1.43761e + 04 1.61395e + 04 1.57399e + 04 7.10851e + 03 
Std 5.48759e + 02 1.49802e + 03 7.71684e + 02 2.73025e + 03 1.24177e + 03 8.92925e + 02 9.36443e + 02 4.98089e + 02 7.04939e + 02 6.53120e + 02 5.30702e + 02 1.02628e + 03 

CEC2017-F11 Avg 1.49695e + 04 2.15389e + 03 4.67310e + 03 7.96235e + 03 3.07598e + 03 8.67843e + 03 1.79306e + 03 3.11967e + 04 9.38397e + 03 2.62924e + 04 3.79249e + 04 1.44887e + 03 
Std 1.21851e + 03 3.19980e + 02 1.92582e + 03 3.01868e + 03 6.27089e + 02 2.43905e + 03 1.26097e + 02 7.85791e + 03 2.58431e + 03 5.66747e + 03 6.39284e + 03 9.47038e + 01 

CEC2017-F12 Avg 4.38252e + 10 2.23389e + 08 1.45567e + 09 1.70692e + 09 8.71397e + 08 4.55374e + 09 1.57634e + 08 4.45254e + 10 1.57109e + 10 4.15115e + 10 6.77519e + 10 2.71552e + 07 
Std 2.95316e + 09 2.37409e + 08 2.25569e + 09 2.05271e + 09 4.54493e + 08 1.70889e + 09 8.76050e + 07 9.27348e + 09 5.90934e + 09 1.17633e + 10 1.08320e + 10 1.87995e + 07 

CEC2017-F13 Avg 1.97728e + 10 8.61283e + 07 5.13827e + 07 4.39394e + 08 2.59726e + 07 6.38482e + 08 4.85447e + 05 1.86698e + 10 5.33214e + 09 1.75651e + 10 2.78672e + 10 8.33150e + 04 
Std 3.15941e + 09 4.70082e + 08 6.68788e + 07 1.37648e + 09 2.43944e + 07 3.70503e + 08 3.18989e + 05 6.17697e + 09 4.79008e + 09 5.73858e + 09 6.05613e + 09 4.13938e + 04 

CEC2017-F14 Avg 2.40324e + 07 1.12405e + 06 1.04412e + 06 1.50814e + 06 1.13867e + 07 9.27800e + 06 7.39614e + 05 4.80586e + 07 3.88605e + 06 4.06593e + 07 3.43520e + 07 3.66227e + 05 
Std 6.63389e + 06 1.80519e + 06 1.12447e + 06 1.52079e + 06 1.42150e + 07 7.66117e + 06 4.33682e + 05 2.88802e + 07 2.75447e + 06 2.26540e + 07 1.12849e + 07 2.72566e + 05 

CEC2017-F15 Avg 2.84900e + 09 1.19371e + 07 2.99924e + 06 3.97478e + 07 1.00924e + 07 5.89761e + 07 1.19041e + 05 3.88380e + 09 5.09624e + 08 4.26853e + 09 9.06299e + 09 3.16801e + 04 
Std 5.48268e + 08 2.70136e + 07 1.15527e + 07 4.20854e + 07 1.96509e + 07 4.63791e + 07 9.22171e + 04 1.66366e + 09 5.55981e + 08 2.33897e + 09 2.28688e + 09 1.57907e + 04 

CEC2017-F16 Avg 6.58850e + 03 3.82504e + 03 3.76119e + 03 3.33521e + 03 4.91773e + 03 6.48695e + 03 3.75874e + 03 8.03849e + 03 5.86039e + 03 7.57881e + 03 8.87984e + 03 3.39455e + 03 
Std 2.94392e + 02 5.37659e + 02 4.58692e + 02 3.73935e + 02 5.21893e + 02 9.50285e + 02 3.99727e + 02 7.56792e + 02 7.33777e + 02 7.99431e + 02 6.67665e + 02 4.48941e + 02 

CEC2017-F17 Avg 5.63514e + 03 3.55652e + 03 3.48270e + 03 3.12265e + 03 3.87911e + 03 4.74238e + 03 3.41341e + 03 6.81992e + 03 4.73048e + 03 8.35594e + 03 1.74959e + 04 3.00740e + 03 
Std 3.59784e + 02 4.71766e + 02 4.44407e + 02 4.22708e + 02 3.61500e + 02 7.36284e + 02 3.71916e + 02 8.19435e + 02 5.64398e + 02 4.40622e + 03 1.11522e + 04 2.75422e + 02 

CEC2017-F18 Avg 8.13840e + 07 5.24064e + 06 5.89168e + 06 1.09373e + 07 9.69692e + 06 5.89637e + 07 5.56121e + 06 1.54237e + 08 2.50335e + 07 9.94181e + 07 1.57834e + 08 2.02622e + 06 
Std 1.88857e + 07 4.26090e + 06 5.07398e + 06 1.22360e + 07 6.53385e + 06 3.89539e + 07 4.19380e + 06 8.48668e + 07 2.41265e + 07 5.66447e + 07 5.42500e + 07 1.17166e + 06 

CEC2017-F19 Avg 1.38935e + 09 3.05993e + 05 3.41849e + 05 6.84457e + 06 2.73742e + 06 2.21655e + 07 4.49643e + 05 1.72189e + 09 3.30798e + 08 1.33107e + 09 3.42576e + 09 7.17014e + 04 
Std 2.65982e + 08 4.58568e + 05 2.63374e + 05 1.61486e + 07 2.94518e + 06 2.63258e + 07 5.14900e + 05 6.35714e + 08 3.07567e + 08 7.71599e + 08 8.02509e + 08 3.74561e + 04 

CEC2017-F20 Avg 4.08678e + 03 3.28709e + 03 3.23969e + 03 3.20969e + 03 3.63114e + 03 4.00350e + 03 3.32856e + 03 4.85066e + 03 3.82666e + 03 4.66948e + 03 4.55605e + 03 3.05444e + 03 
Std 1.77443e + 02 3.23333e + 02 3.33752e + 02 4.25502e + 02 3.04835e + 02 3.12192e + 02 3.23043e + 02 2.08502e + 02 2.96935e + 02 3.32655e + 02 1.63590e + 02 2.87173e + 02 

CEC2017-F21 Avg 2.98164e + 03 2.63956e + 03 2.66230e + 03 2.56358e + 03 2.96556e + 03 3.07410e + 03 2.56540e + 03 3.08129e + 03 2.96183e + 03 3.08671e + 03 3.24691e + 03 2.48996e + 03 
Std 2.34151e + 01 6.63133e + 01 5.81498e + 01 7.96667e + 01 1.04235e + 02 1.10513e + 02 4.70103e + 01 7.82015e + 01 5.91665e + 01 6.26565e + 01 4.75150e + 01 3.69809e + 01 

CEC2017-F22 Avg 1.68403e + 04 1.16812e + 04 1.05733e + 04 1.05912e + 04 1.24125e + 04 1.48708e + 04 9.57770e + 03 1.81132e + 04 1.57841e + 04 1.79764e + 04 1.74443e + 04 8.86800e + 03 
Std 3.95633e + 02 3.50769e + 03 8.48295e + 02 2.61123e + 03 8.98127e + 02 1.06957e + 03 1.64274e + 03 5.19110e + 02 8.36979e + 02 4.09285e + 02 3.54273e + 02 1.52992e + 03 

CEC2017-F23 Avg 3.96216e + 03 3.24247e + 03 3.17381e + 03 3.05730e + 03 4.08491e + 03 3.87135e + 03 3.06097e + 03 4.18108e + 03 3.64785e + 03 4.16551e + 03 4.30760e + 03 2.98321e + 03 
Std 5.32580e + 01 1.47885e + 02 8.60071e + 01 1.11181e + 02 2.44068e + 02 1.49201e + 02 5.72821e + 01 1.59288e + 02 1.16028e + 02 1.94888e + 02 1.31731e + 02 4.90355e + 01 

CEC2017-F24 Avg 4.54923e + 03 3.54583e + 03 3.27894e + 03 3.23955e + 03 4.39508e + 03 3.91110e + 03 3.18667e + 03 4.62326e + 03 3.76824e + 03 4.51303e + 03 4.61925e + 03 3.10866e + 03 
Std 9.29697e + 01 1.66979e + 02 7.22800e + 01 1.25888e + 02 2.71971e + 02 1.11081e + 02 6.16847e + 01 1.75390e + 02 1.56709e + 02 2.22356e + 02 1.63346e + 02 5.75890e + 01 

CEC2017-F25 Avg 8.33295e + 03 3.28535e + 03 4.14436e + 03 4.00614e + 03 3.74889e + 03 5.38272e + 03 3.16152e + 03 1.42584e + 04 6.87214e + 03 1.44885e + 04 3.23589e + 04 3.09165e + 03 
Std 2.58040e + 02 8.96548e + 01 5.30613e + 02 4.32853e + 02 1.72341e + 02 6.82334e + 02 5.67309e + 01 1.92595e + 03 9.37944e + 02 1.67529e + 03 3.48855e + 03 3.20108e + 01 

CEC2017-F26 Avg 1.41379e + 04 8.43378e + 03 1.02127e + 04 7.07650e + 03 1.18039e + 04 1.49597e + 04 7.24527e + 03 1.69994e + 04 1.34262e + 04 1.72778e + 04 2.14619e + 04 6.87580e + 03 
Std 3.11522e + 02 1.48754e + 03 1.72912e + 03 5.96051e + 02 1.06803e + 03 1.71741e + 03 5.93777e + 02 1.01401e + 03 1.44134e + 03 1.15012e + 03 1.31880e + 03 1.47675e + 03 

CEC2017-F27 Avg 6.32143e + 03 3.80996e + 03 3.85188e + 03 3.74744e + 03 5.15288e + 03 4.92983e + 03 3.59549e + 03 6.63899e + 03 4.38380e + 03 6.16495e + 03 6.28070e + 03 3.45993e + 03 
Std 2.48959e + 02 2.20868e + 02 1.74561e + 02 1.66237e + 02 7.21911e + 02 6.59463e + 02 9.38156e + 01 3.73966e + 02 2.17729e + 02 5.04466e + 02 4.06957e + 02 7.42492e + 01 

CEC2017-F28 Avg 8.10227e + 03 3.75624e + 03 4.81862e + 03 4.55808e + 03 4.95967e + 03 6.21478e + 03 3.46390e + 03 1.14976e + 04 7.41500e + 03 1.15916e + 04 1.59948e + 04 3.36909e + 03
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where and 1 denote the diffusion and saturation currents, 
respectively, while and represent the ideality factors for the 
diffusion and recombination diodes, respectively. All other terms 
retain their previously defined meanings. 

Isd1 Isd 
n1 n2 

In Table 14, BBO secures the top Friedman ranking for parame-
ter identification in the Double diode model problem. The Wil-
coxon test demonstrates statistically significant differences (+) 
between BBO and most competing algorithms. Specifically, BBO 
achieves optimal performance in both maximum values and stan-
dard deviation metrics, while NRBO obtains the best minimum val-
ues and RIME shows superior mean values. The Wilcoxon test 
further indicates no statistically significant differences between 
BBO and TCSPSO, MELGWO, RIME or NRBO (−), suggesting these 
algorithms approach BBO’s exceptional performance level. GWO 
exhibits moderate performance, whereas all remaining algorithms 
demonstrate substantially inferior results compared to BBO. 

PV module model 

Building upon the single-diode model, extension can be 
achieved by connecting multiple solar cells in series and/or paral-
lel. The corresponding equivalent circuit configuration is presented 
in Fig. 15. 

The output current is derived from Eq. (11), and the objective 
function remains consistent with Eq. (8). 

IL 
IL 

IL Isd exp 
q VL 

NS 
RS 

IL 
NP 

n k T 
1 

VL 
NS 

RS 
IL 
NP 

Rsh 
11 

where represents the number of solar cells in parallel, while 
represents the number of solar cells in series. 

NP NS 

In Table 15, BBO achieves the top Friedman ranking for param-
eter identification in the PV module model. The Wilcoxon test con-
firms statistically significant differences (+) between BBO and 
nearly all competing algorithms, while simultaneously demon-
strating BBO’s optimal performance across all statistical metrics. 
Notably, the Wilcoxon test reveals no significant difference 
between TCSPSO and BBO (−), indicating TCSPSO approaches BBO’s 
exceptional performance level. Other strong performers include 
RIME and NRBO, with MELGWO and GWO showing moderate 
results. The remaining algorithms exhibit substantially inferior 
performance compared to BBO. 

The application of four engineering optimization problems 
using the BBO 

Complex and highly constrained conditions characterize Engi-
neering Optimization Problems (EOPs), which in turn make algo-
rithmic solutions more difficult. In the process of finding 
solutions, algorithms must consider both the scope of variables 
and solution precision, which emphasizes the importance of eval-
uating the algorithm’s ability to solve various engineering design 
problems. This section demonstrates the strength of the BBO 
algorithm in solving four classic EOPs: speed reducer weight 
minimization, three-bar truss design, step-cone pulley optimiza-
tion, and robot gripper design [59–61]. For all problems, the 
parameter settings of BBO and its competitors remain consistent 
with the previous descriptions. The maximum iterations and 
population size were set to 500 and 30, respectively. Each algo-
rithm was run independently 30 times, with the maximum, min-
imum, mean, and standard deviation of the optimal function 
values calculated. Furthermore, both Wilcoxon and Friedman sta-
tistical tests were employed for comprehensive performance 
evaluation.
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Table 8 
Experimental results of 12 algorithms on the CEC 2017(Dim = 100). 

Algorithm Metric GQPSO TCSPSO MELGWO GWO HHO WOA RIME CPO NRBO SWO NOA BBO 

CEC2017-
F1 

Avg 1.91502e + 11 1.86121e + 10 8.10715e + 10 5.65442e + 10 4.89121e + 10 1.04116e + 11 9.93584e + 08 2.64658e + 11 1.71021e + 11 2.57713e + 11 4.81412e + 11 8.47926e + 07 

Std 6.20547e + 09 3.55581e + 09 1.07437e + 10 8.87387e + 09 6.51319e + 09 1.17123e + 10 2.52911e + 08 1.56980e + 10 9.49876e + 09 1.79677e + 10 2.06089e + 10 2.91580e + 07 
CEC2017-

F2 
Avg 1.04353e + 158 4.94246e + 133 2.84641e + 144 4.63939e + 139 3.98940e + 154 2.05087e + 172 1.62936e + 125 1.34812e + 172 1.57395e + 160 2.48269e + 176 1.81230e + 177 6.27711e + 105 

Std 6.55350e + 04 2.41179e + 134 9.23313e + 144 2.47899e + 140 6.55350e + 04 6.55350e + 04 8.88404e + 125 6.55350e + 04 6.55350e + 04 6.55350e + 04 6.55350e + 04 3.35595e + 106 
CEC2017-

F3 
Avg 3.54813e + 05 3.40459e + 05 5.17070e + 05 5.29634e + 05 3.45724e + 05 9.32167e + 05 6.94742e + 05 7.64777e + 06 4.07141e + 05 8.79854e + 05 7.62451e + 05 4.65669e + 05 

Std 1.31068e + 04 1.63025e + 04 1.30220e + 05 7.68808e + 04 1.49604e + 04 1.46113e + 05 1.03316e + 05 1.65499e + 07 8.30383e + 04 6.26481e + 05 7.59614e + 04 5.98592e + 04 
CEC2017-

F4 
Avg 5.15033e + 04 2.69882e + 03 9.34851e + 03 5.87165e + 03 9.51486e + 03 2.03926e + 04 1.14963e + 03 8.52646e + 04 2.94364e + 04 8.33926e + 04 1.72525e + 05 8.94113e + 02 

Std 4.02309e + 03 4.91807e + 02 2.24262e + 03 1.54260e + 03 2.42513e + 03 4.78673e + 03 1.08402e + 02 1.10029e + 04 5.18615e + 03 1.36535e + 04 1.61477e + 04 8.31851e + 01 
CEC2017-

F5 
Avg 1.96786e + 03 1.61074e + 03 1.44603e + 03 1.23543e + 03 1.68010e + 03 1.92570e + 03 1.32740e + 03 2.19039e + 03 1.99395e + 03 2.16973e + 03 2.72940e + 03 1.13868e + 03 

Std 3.82185e + 01 1.12947e + 02 7.35423e + 01 1.11551e + 02 6.15369e + 01 9.87742e + 01 1.28453e + 02 6.26113e + 01 6.08108e + 01 6.35533e + 01 7.72292e + 01 6.38289e + 01 
CEC2017-

F6 
Avg 7.05554e + 02 6.60887e + 02 6.73730e + 02 6.46188e + 02 6.91865e + 02 7.08237e + 02 6.55233e + 02 7.17426e + 02 7.04758e + 02 7.15945e + 02 7.40402e + 02 6.48410e + 02 

Std 2.85594e + 00 8.81027e + 00 4.84023e + 00 5.58911e + 00 3.68275e + 00 1.02784e + 01 7.58965e + 00 6.40436e + 00 3.61583e + 00 4.89939e + 00 4.72826e + 00 5.60303e + 00 
CEC2017-

F7 
Avg 3.52203e + 03 2.41689e + 03 3.01087e + 03 2.20684e + 03 3.81409e + 03 3.79607e + 03 2.20587e + 03 4.33780e + 03 3.71674e + 03 4.20520e + 03 1.10922e + 04 1.99623e + 03 

Std 8.57965e + 01 1.35555e + 02 1.73990e + 02 1.45620e + 02 1.06892e + 02 1.27811e + 02 2.22158e + 02 2.42080e + 02 1.87511e + 02 2.25084e + 02 3.71671e + 02 1.68388e + 02 
CEC2017-

F8 
Avg 2.35267e + 03 1.88879e + 03 1.84762e + 03 1.56149e + 03 2.13692e + 03 2.37956e + 03 1.61329e + 03 2.61423e + 03 2.47707e + 03 2.63599e + 03 3.11152e + 03 1.45437e + 03 

Std 3.12913e + 01 9.57630e + 01 7.69621e + 01 5.15346e + 01 7.65170e + 01 1.19077e + 02 1.17922e + 02 7.47225e + 01 7.96162e + 01 7.88649e + 01 1.04859e + 02 1.10194e + 02 
CEC2017-

F9 
Avg 7.14754e + 04 5.77736e + 04 3.29725e + 04 4.38901e + 04 6.76801e + 04 7.71941e + 04 5.50508e + 04 1.04155e + 05 7.14332e + 04 1.04909e + 05 1.66675e + 05 2.73236e + 04 

Std 3.59519e + 03 1.05592e + 04 3.84843e + 03 1.20689e + 04 4.13281e + 03 1.94181e + 04 2.08625e + 04 1.21506e + 04 5.62991e + 03 1.39924e + 04 9.50170e + 03 3.76018e + 03 
CEC2017-

F10 
Avg 3.23475e + 04 2.67742e + 04 1.92916e + 04 2.13773e + 04 2.45110e + 04 2.94206e + 04 1.93530e + 04 3.42886e + 04 3.09187e + 04 3.41702e + 04 3.32824e + 04 1.56920e + 04 

Std 5.77606e + 02 2.58244e + 03 1.19429e + 03 6.11965e + 03 1.55042e + 03 1.75687e + 03 1.40712e + 03 6.67087e + 02 1.16169e + 03 6.07244e + 02 7.04831e + 02 1.18537e + 03 
CEC2017-

F11 
Avg 1.60262e + 05 1.24963e + 05 6.56200e + 04 9.05349e + 04 1.48262e + 05 3.09725e + 05 4.32158e + 04 3.87742e + 05 1.24860e + 05 2.75130e + 05 3.54309e + 05 1.76782e + 04 

Std 1.51237e + 04 2.94849e + 04 1.31632e + 04 2.27484e + 04 3.20738e + 04 1.49439e + 05 1.30668e + 04 9.35424e + 04 2.68710e + 04 5.24054e + 04 5.05383e + 04 5.43152e + 03 
CEC2017-

F12 
Avg 1.25125e + 11 2.54367e + 09 1.78424e + 10 1.19072e + 10 1.19670e + 10 3.06977e + 10 1.08589e + 09 1.51475e + 11 7.44679e + 10 1.50575e + 11 2.37639e + 11 3.30477e + 08 

Std 5.00890e + 09 9.14315e + 08 9.00249e + 09 3.66017e + 09 4.26390e + 09 6.72398e + 09 4.54375e + 08 2.04017e + 10 1.32823e + 10 2.64461e + 10 2.21919e + 10 1.08473e + 08 
CEC2017-

F13 
Avg 2.79319e + 10 4.97449e + 07 2.21311e + 09 1.74617e + 09 2.42531e + 08 2.35971e + 09 1.87125e + 06 3.08943e + 10 1.48435e + 10 3.24194e + 10 5.31628e + 10 1.31272e + 05 

Std 1.34333e + 09 1.18615e + 08 1.90778e + 09 1.65026e + 09 1.60825e + 08 8.26677e + 08 7.74553e + 05 6.16571e + 09 3.46070e + 09 6.12080e + 09 6.48792e + 09 7.12271e + 04 
CEC2017-

F14 
Avg 2.89693e + 07 9.76676e + 06 6.58250e + 06 1.00445e + 07 9.52696e + 06 1.83773e + 07 7.72472e + 06 1.17441e + 08 2.41050e + 07 9.88115e + 07 2.04957e + 08 3.56605e + 06 

Std 2.85803e + 06 5.39400e + 06 3.42453e + 06 5.81000e + 06 3.46338e + 06 8.50503e + 06 3.19989e + 06 4.90749e + 07 9.78043e + 06 4.54579e + 07 4.41518e + 07 1.32413e + 06 
CEC2017-

F15 
Avg 1.25430e + 10 6.66895e + 06 4.14270e + 08 2.12552e + 08 2.50953e + 07 5.28813e + 08 3.74671e + 05 1.30992e + 10 4.25869e + 09 1.30552e + 10 2.35813e + 10 5.76705e + 04 

Std 1.38484e + 09 2.70702e + 07 5.56805e + 08 3.04883e + 08 4.40223e + 07 2.98208e + 08 1.76146e + 05 2.74784e + 09 1.59983e + 09 3.09763e + 09 3.29216e + 09 1.80580e + 04 
CEC2017-

F16 
Avg 1.70930e + 04 7.61007e + 03 8.47092e + 03 6.93939e + 03 9.98297e + 03 1.75443e + 04 7.24277e + 03 1.98083e + 04 1.46713e + 04 1.85898e + 04 2.42272e + 04 5.98150e + 03 

Std 5.97818e + 02 9.62381e + 02 1.01550e + 03 1.12164e + 03 1.01503e + 03 2.85520e + 03 9.06758e + 02 1.82652e + 03 1.40210e + 03 2.13482e + 03 1.94722e + 03 6.67008e + 02 
CEC2017-

F17 
Avg 2.26415e + 05 6.66072e + 03 8.77606e + 03 5.90431e + 03 7.92256e + 03 5.54495e + 04 6.01654e + 03 1.67181e + 06 8.97386e + 04 1.21583e + 06 4.09317e + 06 5.03183e + 03 

Std 7.19818e + 04 6.34676e + 02 4.29544e + 03 4.14757e + 03 8.57953e + 02 1.31082e + 05 6.34064e + 02 2.12088e + 06 9.05863e + 04 1.71797e + 06 2.08403e + 06 4.75287e + 02 
CEC2017-

F18 
Avg 4.88822e + 07 1.17167e + 07 8.30050e + 06 1.17045e + 07 9.73711e + 06 2.09706e + 07 1.24032e + 07 2.24925e + 08 3.40820e + 07 1.45573e + 08 3.31909e + 08 3.59187e + 06 

Std 9.71420e + 06 7.09422e + 06 5.98139e + 06 8.09736e + 06 4.17726e + 06 9.55338e + 06 7.43976e + 06 8.86335e + 07 1.99231e + 07 6.80048e + 07 1.07714e + 08 2.35596e + 06 
CEC2017- Avg 1.12050e + 10 5.40670e + 06 2.25454e + 08 2.53232e + 08 4.77791e + 07 4.52911e + 08 2.20457e + 07 1.39589e + 10 4.66502e + 09 1.49566e + 10 2.47226e + 10 9.86349e + 05
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F19 
Std 8.96998e + 08 7.93821e + 06 4.31591e + 08 2.85905e + 08 6.34511e + 07 2.90557e + 08 1.18707e + 07 3.20240e + 09 2.37706e + 09 4.85491e + 09 3.04790e + 09 5.68589e + 05 

CEC2017-
F20 

Avg 7.63603e + 03 6.55350e + 03 5.53962e + 03 5.36857e + 03 6.01068e + 03 7.14846e + 03 5.77459e + 03 8.70507e + 03 7.27314e + 03 8.68922e + 03 8.33520e + 03 5.13792e + 03 

Std 3.30963e + 02 5.87707e + 02 5.00082e + 02 9.43885e + 02 4.93633e + 02 8.75670e + 02 6.15171e + 02 4.82739e + 02 3.56583e + 02 3.34372e + 02 2.59406e + 02 4.75807e + 02 
CEC2017-

F21 
Avg 4.13805e + 03 3.50010e + 03 3.44393e + 03 3.09307e + 03 4.37228e + 03 4.48066e + 03 3.19298e + 03 4.54322e + 03 4.16863e + 03 4.50447e + 03 4.84784e + 03 2.94491e + 03 

Std 5.11943e + 01 1.37929e + 02 1.08171e + 02 1.42562e + 02 1.65613e + 02 2.12754e + 02 9.92510e + 01 1.58528e + 02 1.05770e + 02 1.39524e + 02 8.78643e + 01 7.70649e + 01 
CEC2017-

F22 
Avg 3.45907e + 04 2.92957e + 04 2.28674e + 04 2.26891e + 04 2.76359e + 04 3.20372e + 04 2.21913e + 04 3.75243e + 04 3.34170e + 04 3.62317e + 04 3.57574e + 04 1.91410e + 04 

Std 4.32640e + 02 5.19285e + 03 1.53025e + 03 4.39243e + 03 1.90292e + 03 1.58431e + 03 1.62600e + 03 5.32898e + 02 9.74600e + 02 9.42504e + 02 6.56299e + 02 1.77130e + 03 
CEC2017-

F23 
Avg 6.86506e + 03 4.50165e + 03 4.01262e + 03 3.74095e + 03 5.98295e + 03 5.27710e + 03 3.72229e + 03 6.65573e + 03 4.98378e + 03 6.48303e + 03 6.64241e + 03 3.49579e + 03 

Std 2.23009e + 02 2.50673e + 02 1.89480e + 02 9.77433e + 01 5.12998e + 02 2.27810e + 02 1.31862e + 02 3.69302e + 02 2.02467e + 02 3.12248e + 02 2.16192e + 02 8.44901e + 01 
CEC2017-

F24 
Avg 9.53389e + 03 5.63246e + 03 4.74213e + 03 4.48724e + 03 8.38185e + 03 6.83223e + 03 4.23748e + 03 1.03056e + 04 6.16393e + 03 1.00972e + 04 1.07415e + 04 3.96680e + 03 

Std 2.57875e + 02 4.94630e + 02 1.81556e + 02 1.43643e + 02 5.38098e + 02 4.06319e + 02 1.79328e + 02 7.85972e + 02 3.80488e + 02 7.10969e + 02 4.69977e + 02 8.99156e + 01 
CEC2017-

F25 
Avg 1.75194e + 04 5.74867e + 03 7.81407e + 03 7.11077e + 03 6.84613e + 03 1.08862e + 04 3.92645e + 03 3.01980e + 04 1.51139e + 04 2.79923e + 04 8.49241e + 04 3.56365e + 03 

Std 5.84942e + 02 4.57836e + 02 1.48468e + 03 8.95873e + 02 4.97868e + 02 1.02282e + 03 1.11129e + 02 2.81640e + 03 1.60095e + 03 2.54519e + 03 7.76884e + 03 6.17984e + 01 
CEC2017-

F26 
Avg 3.74596e + 04 2.11134e + 04 2.50445e + 04 1.75257e + 04 3.11453e + 04 3.86065e + 04 1.61965e + 04 4.96228e + 04 3.62419e + 04 5.09356e + 04 6.41737e + 04 1.44536e + 04 

Std 8.85548e + 02 4.05150e + 03 3.69245e + 03 1.58174e + 03 1.90738e + 03 3.54705e + 03 2.05886e + 03 3.03999e + 03 3.46136e + 03 4.52260e + 03 4.00901e + 03 4.43832e + 03 
CEC2017-

F27 
Avg 1.07892e + 04 4.24380e + 03 4.62090e + 03 4.22571e + 03 6.85590e + 03 6.13691e + 03 4.03324e + 03 1.22107e + 04 6.35457e + 03 1.14290e + 04 1.19174e + 04 3.73352e + 03 

Std 5.89399e + 02 3.61071e + 02 2.59249e + 02 1.79685e + 02 9.34878e + 02 6.27193e + 02 1.11443e + 02 8.34113e + 02 5.52022e + 02 9.64921e + 02 9.02346e + 02 9.28108e + 01 
CEC2017-

F28 
Avg 1.93425e + 04 8.05871e + 03 9.60924e + 03 9.58190e + 03 9.30597e + 03 1.45828e + 04 4.20132e + 03 3.15173e + 04 1.99245e + 04 3.40447e + 04 5.26696e + 04 3.65226e + 03 

Std 5.92724e + 02 3.66489e + 03 1.11149e + 03 1.48578e + 03 5.91551e + 02 9.76580e + 02 2.86748e + 02 2.63951e + 03 2.03001e + 03 3.44253e + 03 3.51755e + 03 5.29675e + 01 
CEC2017-

F29 
Avg 8.38270e + 04 8.96790e + 03 1.25263e + 04 9.48289e + 03 1.31183e + 04 2.01005e + 04 9.65729e + 03 2.18795e + 05 2.94969e + 04 1.55030e + 05 7.77694e + 05 8.07275e + 03 

Std 1.71860e + 04 7.31417e + 02 1.78729e + 03 8.49323e + 02 1.26593e + 03 4.50490e + 03 8.99065e + 02 1.28881e + 05 1.25729e + 04 1.29255e + 05 5.07279e + 05 5.96087e + 02 
CEC2017-

F30 
Avg 2.65985e + 10 4.52346e + 07 1.72752e + 09 1.11935e + 09 7.38967e + 08 2.97269e + 09 1.72012e + 08 2.48263e + 10 1.20495e + 10 2.59831e + 10 3.84572e + 10 2.10858e + 07 

Std 1.63187e + 09 2.56474e + 07 1.33182e + 09 1.17517e + 09 4.11923e + 08 1.38235e + 09 6.56564e + 07 5.32693e + 09 4.15512e + 09 7.38533e + 09 3.58590e + 09 1.20416e + 07

17
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Fig. 7. Comparison of iteration curves of different algorithms on CEC 2017 test suite. 
minimization of a speed reducer 

This task aims to minimize the total mass of the speed reducer 
illustrated in Fig. 16. The problem involves seven design variables: 
face width, gear module, number of teeth, first and second length 
18
of shafts between bearings and the lengths between bearings for 
the first and second shafts. The third variable needs to be 
constrained to be an integer, and in this problem, there are 11 
nonlinear constraints. The task is described mathematically by 
the formula below:
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Fig. 8. Comparison of boxplot of different algorithms on CEC 2017 test suite.
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Table 9 
Wilcoxon signed-rank test on CEC 2022. 

BBO vs. CEC2022 
(Dim = 10) 

CEC2022 
(Dim = 20) 

GQPSO 11/1/0 11/1/0 
TCSPSO 10/2/0 7/5/0 
MELGWO 11/1/0 12/0/0 
GWO 12/0/0 6/6/0 
HHO 6/3/3 12/0/0 
WOA 10/2/0 12/0/0 
RIME 10/1/1 7/4/1 
CPO 10/1/1 11/1/0 
NRBO 11/0/1 12/0/0 
SWO 12/0/0 12/0/0 
NOA 12/0/0 11/1/0 
Overall 115/11/6 113/18/1 

Table 10 
Friedman test on CEC 2022. 

Suites CEC 2022 

Dimensions 10

Algorithms Ave. Rank Ove
Ran

GQPSO 8.70 9
TCSPSO 3.79 3
MELGWO 3.98 4
GWO 4.69 5
HHO 7.27 7
WOA 7.79 8
RIME 3.34 2
CPO 9.91 11
NRBO 5.98 6
SWO 9.68 10
NOA 10.23 12
BBO 2.65 1

Fig. 9a. Radar chart of average ranking with

20
Minimize: 

f  x  0 7854x1x2 2 3 333x
2 
3 14 9334x3 43 0934 

1 508x1 x2 6 x2 7 7 4777 x3 6 x3 7 
0 7854 x4x2 6 x5x2 7 

12 

subject to: 

g1 x
27 

x1x2 2x3 
1 0 

g2 x
397 5 
x1x2x2 3 

1 0 

g3 x 
1 93x3 4 
x2x3x4 6 

1 0 

g4 x 
1 93x3 5 
x2x3x4 7 

1 0 

13
20 

rall 
k 

Ave. Rank Overall 
Rank 

8.20 9 
3.57 3 
4.25 5 
4.23 4 
6.77 6 
7.99 8 
2.94 2 
9.97 10 
7.07 7 

10.04 11 
10.64 12 
2.33 1 

 Friedman test at CEC 2017 (Dim = 30). 
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Fig. 9b. Radar chart of average ranking with Friedman test at CEC 2017 (Dim = 50). 

Fig. 9c. Radar chart of average ranking with Friedman test at CEC 2017 (Dim = 100). 
g5 x
1 

110x3 
6 

745x4 
x2x3 

2 
16 9 106 1 0 

g6 x
1 

85x3 7 

745x5 
x2x3 

2 
157 5 106 1 0 

14 
21
g7 x 
x2x3 
40 1 0 

g8 x 
5x2 
x1 

1 0 

g9 x
x1 

12x2 
1 0 

15
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able 11 
xperimental results of 12 algorithms on the CEC 2022(Dim = 10). 

T 
E 

Algorithm Metric GQPSO TCSPSO MELGWO GWO HHO WOA RIME CPO NRBO SWO NOA BBO 

CEC2022-F1 Avg 4.52249e + 03 4.10792e + 02 3.33734e + 02 3.05783e + 03 1.15243e + 03 3.15000e + 04 3.00672e + 02 1.56054e + 04 1.07655e + 03 1.02574e + 04 1.26929e + 04 3.00003e + 02 
Std 8.31032e + 02 1.22872e + 02 1.49544e + 02 2.35172e + 03 4.67892e + 02 1.48281e + 04 5.70160e-01 5.21813e + 03 6.52801e + 02 4.78681e + 03 3.12219e + 03 2.16612e-03 

CEC2022-F2 Avg 5.93405e + 02 4.11099e + 02 4.14489e + 02 4.33248e + 02 4.60722e + 02 4.84813e + 02 4.16269e + 02 6.73323e + 02 4.63241e + 02 7.13528e + 02 7.66272e + 02 4.08042e + 02 
Std 3.44305e + 01 1.37044e + 01 2.34995e + 01 2.61539e + 01 6.82031e + 01 8.05810e + 01 2.65289e + 01 1.22441e + 02 6.90537e + 01 1.87696e + 02 1.01979e + 02 1.99745e + 01 

CEC2022-F3 Avg 6.38693e + 02 6.00297e + 02 6.09396e + 02 6.01129e + 02 6.43309e + 02 6.37117e + 02 6.00267e + 02 6.38789e + 02 6.23981e + 02 6.36954e + 02 6.49955e + 02 6.00367e + 02 
Std 3.38384e + 00 6.58907e-01 6.97079e + 00 1.41062e + 00 1.26044e + 01 1.15097e + 01 1.91176e-01 8.15884e + 00 6.06266e + 00 9.07919e + 00 6.17147e + 00 8.22231e-01 

CEC2022-F4 Avg 8.42675e + 02 8.21190e + 02 8.16491e + 02 8.17171e + 02 8.27388e + 02 8.32933e + 02 8.24391e + 02 8.66961e + 02 8.32196e + 02 8.71800e + 02 8.71402e + 02 8.14294e + 02 
Std 4.45631e + 00 9.27822e + 00 7.63544e + 00 9.35862e + 00 8.12123e + 00 1.27226e + 01 9.88865e + 00 1.08355e + 01 8.24442e + 00 1.12534e + 01 8.43844e + 00 3.86211e + 00 

CEC2022-F5 Avg 1.12693e + 03 9.00785e + 02 9.74806e + 02 9.25845e + 02 1.42068e + 03 1.55046e + 03 9.00949e + 02 1.46269e + 03 1.08511e + 03 1.65202e + 03 1.95698e + 03 9.00977e + 02 
Std 5.85396e + 01 8.96481e-01 7.99095e + 01 5.90289e + 01 1.76055e + 02 5.27821e + 02 1.15044e + 00 2.08317e + 02 1.32704e + 02 3.63463e + 02 3.11749e + 02 2.37262e + 00 

CEC2022-F6 Avg 4.63553e + 06 6.29705e + 03 3.60654e + 03 5.14721e + 03 6.10643e + 03 5.40770e + 03 3.94154e + 03 2.36092e + 07 3.19273e + 03 2.00909e + 07 3.74000e + 07 3.03919e + 03 
Std 3.00121e + 06 2.15365e + 03 1.75675e + 03 2.33470e + 03 4.11632e + 03 3.19375e + 03 2.04587e + 03 1.44811e + 07 1.65566e + 03 2.90504e + 07 2.12610e + 07 1.39792e + 03 

CEC2022-F7 Avg 2.09710e + 03 2.01926e + 03 2.03893e + 03 2.03672e + 03 2.08174e + 03 2.08952e + 03 2.02188e + 03 2.09799e + 03 2.06905e + 03 2.09429e + 03 2.09807e + 03 2.02408e + 03 
Std 1.31332e + 01 5.77037e + 00 2.36299e + 01 1.83549e + 01 3.35635e + 01 3.93589e + 01 2.30260e + 01 2.18161e + 01 3.01488e + 01 2.84480e + 01 1.69723e + 01 1.07796e + 01 

CEC2022-F8 Avg 2.23578e + 03 2.22754e + 03 2.22680e + 03 2.22578e + 03 2.23688e + 03 2.23541e + 03 2.22061e + 03 2.25070e + 03 2.24655e + 03 2.24502e + 03 2.24824e + 03 2.22032e + 03 
Std 3.43045e + 00 2.31580e + 01 2.27962e + 01 5.27859e + 00 1.43611e + 01 7.85107e + 00 3.66167e + 00 8.04340e + 00 4.33267e + 01 1.16473e + 01 9.69471e + 00 6.49318e + 00 

CEC2022-F9 Avg 2.67486e + 03 2.54254e + 03 2.53349e + 03 2.57779e + 03 2.61726e + 03 2.62959e + 03 2.52929e + 03 2.68324e + 03 2.56077e + 03 2.66498e + 03 2.69036e + 03 2.52928e + 03 
Std 1.25865e + 01 3.29535e + 01 1.28484e + 01 3.17113e + 01 4.69935e + 01 5.70134e + 01 2.02961e-03 2.49438e + 01 2.66953e + 01 3.53399e + 01 3.30073e + 01 5.57235e-05 

CEC2022-F10 Avg 2.56892e + 03 2.54465e + 03 2.59444e + 03 2.55669e + 03 2.58425e + 03 2.68180e + 03 2.55822e + 03 2.57843e + 03 2.57322e + 03 2.57423e + 03 2.52922e + 03 2.56458e + 03 
Std 6.62677e + 01 6.95056e + 01 1.30594e + 02 6.02095e + 01 7.63812e + 01 3.09398e + 02 7.25398e + 01 7.90520e + 01 6.87541e + 01 7.53617e + 01 8.75017e + 00 5.71952e + 01 

CEC2022-F11 Avg 2.88003e + 03 2.79057e + 03 2.71444e + 03 2.81431e + 03 2.84422e + 03 2.83215e + 03 2.72927e + 03 3.01125e + 03 2.85496e + 03 3.07205e + 03 3.05150e + 03 2.68341e + 03 
Std 3.86305e + 01 1.66912e + 02 1.57002e + 02 1.84850e + 02 1.38601e + 02 1.60159e + 02 1.51096e + 02 2.36026e + 02 1.79984e + 02 2.68720e + 02 6.36753e + 01 1.41665e + 02 

CEC2022-F12 Avg 2.95416e + 03 2.88016e + 03 2.86795e + 03 2.86652e + 03 2.91627e + 03 2.90445e + 03 2.86597e + 03 2.96410e + 03 2.86967e + 03 2.95302e + 03 2.93302e + 03 2.86682e + 03 
Std 1.12891e + 01 1.83453e + 01 7.66806e + 00 5.90933e + 00 4.17797e + 01 4.54002e + 01 2.67306e + 00 3.63978e + 01 1.27161e + 01 3.72655e + 01 1.84001e + 01 1.58734e + 00
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Fig. 10. Comparison of iteration curves of different algorithms on CEC 2022 test suite. 
g10 x 
1 5x6 1 9 

x4 
1 0 16 

g11 x 
1 1x7 1 9 

x5 
1 0 17 

with bounds: 

2 6 x1 3 6 0 7 x2 0 8 17 x3 28 
x3 Z 7 3 x4 8 3 

7 8 x5 8 3 or7 3 x5 8 3 
2 9 x6 3 9 5 0 x7 5 5 

In Table 16, BBO secures the top Friedman ranking for parame-
ter identification in the speed reducer problem. The Wilcoxon test 
demonstrates statistically significant differences (+) between BBO 
and nearly all competing algorithms. Performance analysis reveals 
that BBO achieves the best mean values, while MELGWO obtains 
optimal maximum values and standard deviation, and TCSPSO 
attains the best minimum values. MELGWO follows closely in sec-
ond place with minimal performance gap to BBO, and the Wilcoxon 
test indicates no statistically significant difference between them 
(−). Other strong performers include RIME, GWO and TCSPSO, 
23
ranking third, fourth and fifth respectively. NRBO demonstrates 
moderate performance, while all remaining algorithms show sub-
stantially inferior results compared to BBO. 

Three-bar truss design problem 

The three-bar truss design problem aims to minimize the struc-
tural volume of a statically loaded three-bar truss. This optimiza-
tion task involves two continuous design variables and must 
satisfy three nonlinear stress constraints imposed on the individual 
truss members (r), with 263 895843. Fig. 17 illustrates the 
schematic configuration of this problem. The complete mathemat-
ical formulation is provided below: 

f x 

Minimize: 

f  x  2 2x1 lx2 18 

subject to: 

g1 x
2x1 x2 

2x2 1 2x1x2 
P r 0 

g2 x
x2 

2x2 1 2x1x2 
P r 0 

g3 x
1 

2x2 x1x2 
P r 0 

19
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Table 12 
Experimental results of 12 algorithms on the CEC 2022(Dim = 20). 

Algorithm Metric GQPSO TCSPSO MELGWO GWO HHO WOA RIME CPO NRBO SWO NOA BBO 

CEC2022-F1 Avg 2.48349e + 04 1.60423e + 04 5.80988e + 03 1.49142e + 04 2.64864e + 04 3.62611e + 04 1.58393e + 03 6.46080e + 04 1.48835e + 04 4.69301e + 04 5.38476e + 04 4.37729e + 02 
Std 2.65580e + 03 8.79727e + 03 2.32921e + 03 4.44409e + 03 8.61898e + 03 1.32992e + 04 1.00024e + 03 1.87836e + 04 5.17371e + 03 1.52539e + 04 9.01181e + 03 1.08553e + 02 

CEC2022-F2 Avg 1.09513e + 03 4.83551e + 02 4.99471e + 02 5.14485e + 02 5.49314e + 02 6.46995e + 02 4.64076e + 02 1.54144e + 03 7.36196e + 02 1.48434e + 03 2.74094e + 03 4.54025e + 02 
Std 8.23514e + 01 5.65242e + 01 4.22280e + 01 4.23943e + 01 5.75108e + 01 9.23678e + 01 2.65137e + 01 3.36808e + 02 9.29024e + 01 5.36078e + 02 5.63908e + 02 1.45323e + 01 

CEC2022-F3 Avg 6.65925e + 02 6.08049e + 02 6.27099e + 02 6.06560e + 02 6.64610e + 02 6.70824e + 02 6.06988e + 02 6.70671e + 02 6.60243e + 02 6.72071e + 02 6.86918e + 02 6.06287e + 02 
Std 3.91953e + 00 7.00010e + 00 1.02624e + 01 4.03348e + 00 7.09185e + 00 1.22400e + 01 5.32329e + 00 1.00662e + 01 1.00082e + 01 9.50288e + 00 6.47476e + 00 6.55141e + 00 

CEC2022-F4 Avg 9.51396e + 02 8.66974e + 02 8.64045e + 02 8.57979e + 02 8.83271e + 02 9.37526e + 02 8.67683e + 02 9.97823e + 02 9.39565e + 02 9.90205e + 02 1.01959e + 03 8.45804e + 02 
Std 1.10433e + 01 2.08674e + 01 1.87036e + 01 2.42919e + 01 1.21208e + 01 3.68022e + 01 2.28002e + 01 2.18770e + 01 1.94134e + 01 2.18419e + 01 1.58513e + 01 1.42501e + 01 

CEC2022-F5 Avg 2.85439e + 03 1.07657e + 03 1.77282e + 03 1.29354e + 03 2.89731e + 03 4.66363e + 03 1.37297e + 03 4.39683e + 03 2.45809e + 03 4.98283e + 03 6.77917e + 03 1.06125e + 03 
Std 2.22559e + 02 1.57313e + 02 4.04843e + 02 3.54244e + 02 3.48814e + 02 1.85243e + 03 7.31398e + 02 8.34417e + 02 4.38003e + 02 1.15147e + 03 8.66173e + 02 2.20812e + 02 

CEC2022-F6 Avg 2.08091e + 08 1.09746e + 04 6.77130e + 03 1.77846e + 06 2.17941e + 05 5.91060e + 06 1.49798e + 04 7.71197e + 08 2.87652e + 07 6.38258e + 08 1.60171e + 09 4.20160e + 03 
Std 8.23074e + 07 8.49979e + 03 5.77990e + 03 3.53985e + 06 1.13273e + 05 8.70210e + 06 9.94389e + 03 4.01346e + 08 2.15704e + 07 4.19756e + 08 5.37840e + 08 2.97233e + 03 

CEC2022-F7 Avg 2.19228e + 03 2.07499e + 03 2.14084e + 03 2.10556e + 03 2.19810e + 03 2.26371e + 03 2.08928e + 03 2.28134e + 03 2.17520e + 03 2.26007e + 03 2.23171e + 03 2.08552e + 03 
Std 1.80844e + 01 3.77557e + 01 5.15389e + 01 5.69861e + 01 6.68751e + 01 7.20432e + 01 5.29982e + 01 7.20532e + 01 4.60199e + 01 6.54129e + 01 4.43994e + 01 4.48948e + 01 

CEC2022-F8 Avg 2.27681e + 03 2.27955e + 03 2.28347e + 03 2.25693e + 03 2.31410e + 03 2.31730e + 03 2.25287e + 03 2.44460e + 03 2.29960e + 03 2.47732e + 03 2.50153e + 03 2.25996e + 03 
Std 2.69780e + 01 5.91419e + 01 1.04572e + 02 4.87411e + 01 9.74512e + 01 7.61529e + 01 4.54348e + 01 1.03064e + 02 6.84569e + 01 1.37284e + 02 8.15748e + 01 5.47807e + 01 

CEC2022-F9 Avg 2.79175e + 03 2.49390e + 03 2.49690e + 03 2.52281e + 03 2.55244e + 03 2.59068e + 03 2.48158e + 03 2.86061e + 03 2.60971e + 03 2.81597e + 03 2.96670e + 03 2.48117e + 03 
Std 5.32385e + 01 1.87580e + 01 1.12332e + 01 2.47612e + 01 3.72723e + 01 5.00638e + 01 6.12839e-01 1.07186e + 02 5.34842e + 01 1.17717e + 02 1.03240e + 02 2.87595e-01 

CEC2022-F10 Avg 2.87735e + 03 3.20525e + 03 3.89071e + 03 3.32514e + 03 4.56858e + 03 5.19379e + 03 2.81151e + 03 3.66193e + 03 4.97030e + 03 5.23226e + 03 3.02672e + 03 3.26486e + 03 
Std 5.14519e + 02 6.36760e + 02 7.41068e + 02 9.02726e + 02 7.03690e + 02 1.15655e + 03 3.13997e + 02 1.70092e + 03 1.64596e + 03 1.81846e + 03 3.12428e + 02 5.53276e + 02 

CEC2022-F11 Avg 6.74427e + 03 3.01770e + 03 3.10175e + 03 3.69981e + 03 3.43613e + 03 3.98120e + 03 2.91921e + 03 6.96505e + 03 4.83530e + 03 7.20289e + 03 8.37893e + 03 2.91554e + 03 
Std 1.88441e + 02 2.64946e + 02 2.79590e + 02 5.04521e + 02 5.90336e + 02 5.98142e + 02 9.13575e + 01 6.30210e + 02 7.67445e + 02 9.42138e + 02 7.42151e + 02 3.38247e + 01 

CEC2022-F12 Avg 3.57501e + 03 3.00921e + 03 2.99399e + 03 2.98320e + 03 3.18833e + 03 3.07398e + 03 2.96940e + 03 3.56953e + 03 3.02524e + 03 3.50554e + 03 3.51329e + 03 2.97296e + 03 
Std 8.34885e + 01 3.88972e + 01 4.31019e + 01 3.67131e + 01 1.49852e + 02 7.72061e + 01 2.33144e + 01 9.44324e + 01 5.37387e + 01 1.54303e + 02 7.08894e + 01 2.46277e + 01
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Fig. 11. Comparison of boxplot of different algorithms on CEC 2022 test suite. 
where: 

l 100cm P 2kN cm2 r 2kN cm2 

with bounds: 

0 x1 x2 I 

In Table 17, BBO achieves the top Friedman ranking for the 
three-bar truss problem, with Wilcoxon test results showing statis-
tically significant differences (+) between BBO and nearly all com-
parison algorithms. The performance evaluation demonstrates that 
BBO attains optimal maximum values, mean values, and standard 
deviation, while NRBO achieves the best minimum values. The Wil-
coxon test reveals no statistically significant differences between 
BBO and TCSPSO, MELGWO, and NRBO (−), which rank second, 
third, and fourth respectively − indicating these algorithms 
approach BBO’s exceptional performance level. All remaining algo-
rithms exhibit substantially inferior performance compared to 
BBO. 

Step-cone pulley problem 

Fig. 18 depicts the schematic layout of this problem. The objec-
tive is to minimize the total weight of a four-step cone pulley by 
25
optimizing five design variables: four diameters corresponding to 
each pulley step and one shared width. Eleven nonlinear con-
straints are imposed to guarantee a transmitted power of at least 
0.75 horsepower. The mathematical formulation is provided 
below: 

Minimize: 

f  x qx d2 
1 11 N1 

N 

2 
d2 
2 1 N2 

N 

2 
d2 
3 1 N3 

N 

2 

d2 
4 1 N4 

N 

2 

20 

subject to: 

h1 x C1 C2 0 

h2 x C1 C3 0 

h3 x C1 C4 0 

gi 1 2 3 4 x Ri 2 

gi 1 2 3 4 x 0 75 745 6998 Pi 0 

21 

where:
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Fig. 12a. Radar chart of average ranking with Friedman test at CEC 2022 (Dim = 10). 

Fig. 12b. Radar chart of average ranking with Friedman test at CEC 2022 (Dim = 20). 
Ci 
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22 

In Table 18, BBO achieves the top Friedman ranking for the step-
cone pulley problem, with Wilcoxon test results demonstrating 
statistically significant differences (+) between BBO and all com-
26
Fig. 13. Single diode model circuit.
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Table 13 
Results comparison for the single diode model. 

Algorithm Max Min Mean Std Wilcoxon Friedman Value 

GQPSO 0.210653906 0.018187555 0.067824742 0.040515134 (+) 10.73 
TCSPSO 0.046013568 0.001073018 0.005688997 0.011963342 (+) 3.77 
MELGWO 0.00861953 0.001011892 0.002786465 0.001916513 (+) 3.90 
GWO 0.045711945 0.001640101 0.01084071 0.013660285 (+) 6.07 
HHO 0.156554366 0.002069061 0.027792503 0.031567481 (+) 8.13 
WOA 0.222868622 0.001365344 0.026414429 0.0427977 (+) 7.40 
RIME 0.006279325 0.000991596 0.00247076 0.00155614 (+) 3.43 
CPO 0.150452496 0.016834852 0.069859744 0.033952944 (+) 11.17 
NRBO 0.004374814 0.001096863 0.002193057 0.001016971 (+) 3.20 
SWO 0.109758764 0.00730553 0.030524301 0.020903662 (+) 8.77 
NOA 0.065044384 0.009919834 0.033439649 0.012192687 (+) 9.13 
BBO 0.002281207 0.001029431 0.001573699 0.000371476 / 2.30 

Fig. 15. PV module model circuit. 
peting algorithms. Additionally, BBO exhibits optimal performance 
across all statistical metrics. Other strong performers include 
TCSPSO, MELGWO and NRBO, ranking second, third and fifth 
respectively. WOA, RIME and HHO show moderate performance, 
while the remaining algorithms demonstrate substantially inferior 
results compared to BBO.

Robot gripper problem 

The robot gripper optimization seeks to minimize the variation 
between the maximum and minimum gripping forces. This is 
achieved by adjusting the gripper’s end-position displacements. 
As illustrated in Fig. 19, the design incorporates six variables: link-
age dimensions a, b, and c, vertical offsets e and f, horizontal dis-
tance l, and angle d. The mathematical formulation is presented 
below: 

Consider: 
Fig. 14. Double diode model circuit. 

Table 14 
Results comparison for the double diode model. 

Algorithm Max Min Mean

GQPSO 0.171008839 0.016136737 0.0784987
TCSPSO 0.03948799 0.000984854 0.0043836
MELGWO 0.037408625 0.001068051 0.0041141
GWO 0.044453426 0.001648816 0.0097238
HHO 0.292999598 0.001765425 0.0377786
WOA 0.085907165 0.001829584 0.0243708
RIME 0.004089729 0.001100021 0.0022945
CPO 0.153958393 0.01942644 0.0646694
NRBO 0.010397542 0.001005014 0.0037199
SWO 0.083316627 0.007468973 0.0325677
NOA 0.065825236 0.016642221 0.0353219
BBO 0.00373982 0.00136743 0.0023119

27
x x1 x2 x3 x4 x5 x6 x7 a b c e f l d 23 

Minimize: 

f  x min z Fk x z max z Fk x z 24 

subject to: 

g1 x Ymin y  x  Zmax 0 
g2 x y  x  Zmax 0 

g3 x Ymax y  x  0 0 
g4 x y  x  0 YG 0 

g5 x l2 e2 a b 2 0 

g6 x b2 a e 2 l Zmax 
2 0 

g7 x Z max l 0 

25 

where:
Std Wilcoxon Friedman Value 

94 0.0362904 (+) 11.17 
67 0.008820034 (−) 3.37 
67 0.006609122 (−) 3.47 
78 0.011447052 (+) 5.63 
89 0.056697176 (+) 7.80 
34 0.020533357 (+) 7.27 
16 0.000801963 (−) 3.43 
84 0.031631328 (+) 10.73 
09 0.002593021 (−) 4.17 
84 0.020679666 (+) 8.70 
1 0.012641476 (+) 9.13 
33 0.000614994 / 3.13 
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Table 15 
Results comparison for the PV module model. 

Algorithm Max Min Mean Std Wilcoxon Friedman Value 

GQPSO 0.274524455 0.039303809 0.11190439 0.041637256 (+) 10.07 
TCSPSO 0.274250778 0.002451097 0.014336295 0.05075383 (−) 2.70 
MELGWO 0.274250799 0.002602428 0.021054837 0.068828774 (+) 4.43 
GWO 0.274323637 0.002618312 0.015053012 0.050079349 (+) 5.17 
HHO 0.297838657 0.003605249 0.108586509 0.097024274 (+) 8.93 
WOA 0.276464595 0.00256929 0.123596718 0.127787352 (+) 8.47 
RIME 0.274390019 0.002470785 0.01264857 0.049495764 (+) 3.70 
CPO 4.546484277 0.024415198 0.409390409 1.044285072 (+) 10.40 
NRBO 0.017393175 0.002438122 0.00558803 0.004447007 (+) 4.23 
SWO 0.328783764 0.021726428 0.095307585 0.06495935 (+) 9.17 
NOA 0.11244788 0.010672912 0.071922101 0.027730886 (+) 8.59 
BBO 0.00351469 0.002437562 0.00262759 0.000204843 / 2.23 

Table 16 
Comparison results for optimizing a speed reducer for minimum weight. 

Algorithm Max Min Mean Std Wilcoxon Friedman Value 

GQPSO 1.53186E + 15 2.7988E + 12 2.31478E + 14 2.7491E + 14 (+) 12.00 
TCSPSO 3202.582182 2994.424466 3047.260587 55.71885432 (+) 4.80 
MELGWO 2999.980765 2994.834111 2996.512169 1.499027006 (−) 2.00 
GWO 3025.743866 3002.390633 3011.885211 5.637153673 (+) 4.30 
HHO 5388.402509 2997.984549 3825.129219 816.8305644 (+) 8.47 
WOA 5690.973631 3030.801248 3386.810935 549.0672889 (+) 7.80 
RIME 3007.007721 2995.195376 2998.757468 3.30353079 (+) 2.63 
CPO 2.15137E + 13 3257.944592 1.6954E + 12 4.24562E + 12 (+) 10.40 
NRBO 3188.504044 3005.064475 3084.019582 56.81551805 (+) 6.10 
SWO 1.81364E + 13 3117.139965 6.34213E + 11 3.30848E + 12 (+) 9.20 
NOA 3882.613893 3115.447845 3367.520073 202.0316413 (+) 8.40 
BBO 3000.225491 2994.425922 2996.324169 1.825112367 / 1.90 

Fig. 16. Schematic view of the speed reducer design. 

Fig. 17. Schematic view of the three-bar truss design problem. 
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In Table 19, BBO ranks second in the Friedman test for the prob-
lem of Robot gripper. However, the Wilcoxon test indicates no sta-
tistically significant difference between BBO and the top-ranked 
MELGWO, demonstrating BBO’s equally exceptional performance. 
28
Similarly, TCSPSO and GWO (ranking third and fourth respectively) 
show no significant difference from BBO, with performance levels 
closely trailing BBO’s. Detailed performance analysis reveals 
MELGWO achieves optimal maximum values, mean values and 
standard deviation, while TCSPSO attains the best minimum values 
− with BBO’s results being highly competitive with these leading 
algorithms. All remaining algorithms demonstrate substantially 
inferior performance compared to BBO. 

Conclusion 

This study proposes the BBO, a novel MA inspired by beavers’ 
self-organizing dam-building behavior. The key findings are sum-
marized as follows:
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Table 17 
Comparison results for three-bar truss problem. 

Algorithm Max Min Mean Std Wilcoxon Friedman Value 

GQPSO 266.0936235 263.9195955 264.6233827 0.575894606 (+) 9.17 
TCSPSO 263.9063688 263.8958458 263.8970536 0.002005549 (−) 2.53 
MELGWO 263.9049502 263.8958435 263.8975746 0.002409868 (−) 2.83 
GWO 263.9433782 263.8968164 263.9051372 0.009271922 (+) 4.83 
HHO 264.8843909 263.9024453 264.1390537 0.226825951 (+) 7.37 
WOA 282.8427125 263.8978626 265.8964633 3.819832618 (+) 9.33 
RIME 273.2840157 263.8959352 265.430428 2.407908474 (+) 8.63 
CPO 266.6406859 263.9412777 265.2511056 0.802971277 (+) 10.53 
NRBO 263.9812009 263.8958434 263.9031351 0.017554365 (−) 3.03 
SWO 266.7527907 263.904441 264.8432086 0.792581631 (+) 9.53 
NOA 264.8937337 263.8964244 264.226835 0.237710542 (+) 7.87 
BBO 263.8991253 263.8958442 263.8966627 0.000970353 / 2.33 

Fig. 18. Schematic view of the step-cone pulley design problem. 

Table 18 
Comparison outcome for step-cone pulley problem. 

Algorithm Max Min Mean Std Wilcoxon Friedman Value 

GQPSO 7.09702E + 12 1.92227E + 11 1.79446E + 12 1.33757E + 12 (+) 9.73 
TCSPSO 702.2071129 16.56601941 55.79002922 134.0594336 (+) 2.33 
MELGWO 690.0626044 17.48013293 69.82866839 123.3621054 (+) 3.40 
GWO 79019154.11 3347567.995 28470306.5 20220796.58 (+) 7.10 
HHO 108763161.3 18.46193832 21679065.51 30447096.76 (+) 6.43 
WOA 3.19487E + 11 17.78660088 21,724,805,937 74,815,684,325 (+) 5.00 
RIME 23767196.94 11708.72872 2372146.228 5105479.195 (+) 5.83 
CPO 1.8127E + 18 7.82074E + 11 2.98868E + 17 5.44137E + 17 (+) 11.27 
NRBO 1.12983E + 11 16.69959624 9,419,219,560 26,259,696,737 (+) 4.23 
SWO 1.19697E + 19 68,053,841,545 7.5222E + 17 2.44403E + 18 (+) 10.77 
NOA 5.55284E + 16 2.42332E + 11 1.85704E + 15 1.01369E + 16 (+) 10.23 
BBO 297.5027018 16.21191219 30.49472046 51.85089496 / 1.67
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Fig. 19. Schematic view of the Robot gripper design problem. 

Table 19 
Comparison results for Robot gripper problem. 

Algorithm Max Min Mean Std Wilcoxon Friedman Value 

GQPSO 2.39933E + 19 259.8414858 6.63124E + 18 6.72712E + 18 (+) 12.00 
TCSPSO 6.690058205 2.550967408 4.026301702 1.161581086 (−) 3.33 
MELGWO 4.827763085 2.898231872 3.554518808 0.466114975 (−) 2.50 
GWO 5.076519975 2.631415899 3.836403892 0.477893703 (−) 3.70 
HHO 81.41855722 3.27665291 23.45213546 25.74750789 (+) 8.17 
WOA 64.38852963 3.343932978 9.93566033 13.44047053 (+) 6.60 
RIME 6.201663276 2.753051249 4.260751597 0.834107946 (+) 4.23 
CPO 2.9861E + 16 6.503260969 1.39058E + 15 5.58555E + 15 (+) 10.10 
NRBO 9.226647229 3.033763828 5.460221309 1.520588975 (+) 6.20 
SWO 90.51990644 5.529115855 22.95879588 22.94261391 (+) 9.17 
NOA 35.03881172 6.174418531 13.18262678 7.411782271 (+) 9.00 
BBO 5.24070011 2.85295343 3.73449982 0.532652053 / 3.00 
1. Inspired by beavers’ self-organizing dam-building behavior, the 
BBO is proposed as a novel metaheuristic algorithm. 

2. Comprehensive validation against 11 MAs (GQPSO, TCSPSO, 
MELGWO, GWO, HHO, WOA, RIME, CPO, NRBO, SWO, NOA) is 
conducted using CEC2017 (30D/50D/100D) and CEC2022 
(10D/20D) benchmarks. 

3. BBO demonstrates superior convergence and stability, evi-
denced by mean and standard deviation metrics across uni-
modal, multimodal, and hybrid composition functions. 

4. Statistical verification via Wilcoxon signed-rank and Friedman 
mean rank tests confirms BBO significantly outperforms most 
competitors, consistently ranking first in Friedman rankings. 

5. In real-world applications (photovoltaic parameter design and 
engineering optimization), BBO achieves better solution metrics 
than most peers. 

6. Statistical analysis shows BBO either dominates competitors or 
performs comparably to the top algorithm. 
30
Although extensive experimental studies have validated the 
effectiveness of BBO, there remains room for performance 
improvement. For instance, in some complex engineering opti-
mization problems, BBO does not demonstrate significant superi-
ority over certain existing algorithms. Future research could 
consider incorporating mechanisms from other algorithms or 
proposing novel improvement strategies to enhance BBO’s conver-
gence capability in complex real-world optimization problems, 
such as integrating adaptive population reduction mechanisms or 
employing reinforcement learning to guide population updates. 
Additionally, the current study has only focused on continuous 
single-objective optimization problems. Future work may explore 
developing discrete versions (e.g., binary version) and multi-
objective versions of BBO to investigate its performance on combi-
natorial optimization and multi-objective optimization problems. 
Furthermore, potential integration with machine learning algo-
rithms could be considered, including neural architecture search,



K. Ouyang, D. Wei, X. Sha et al. Journal of Advanced Research xxx (xxxx) xxx
neural network parameter optimization, and surrogate model-
based data-driven optimization approaches. 
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