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Abstract 

This study develops an enhanced Secretary Bird Optimization Algorithm (ASBOA) 

based on the original Secretary Bird Optimization Algorithm (SBOA), aiming to further 

improve the solution accuracy and convergence speed for wireless sensor network 

(WSN) deployment and engineering optimization problems. Firstly, a differential 

collaborative search mechanism is introduced in the exploration phase to reduce the 

risk of the algorithm falling into local optima. Additionally, an optimal boundary control 

mechanism is employed to prevent ineffective exploration and enhance convergence 

speed. Simultaneously, an information retention control mechanism is utilized to 

update the population. This mechanism ensures that individuals that fail to update 

have a certain probability of being retained in the next generation population, while 

guaranteeing that the current global optimal solution remains unchanged, thereby 

accelerating the algorithm’s convergence. The ASBOA algorithm was evaluated using 

the CEC2017 and CEC2022 benchmark test functions and compared with other algo-

rithms (such as PSO, GWO, DBO, and CPO). The results show that in the CEC2017 

30-dimensional case, ASBOA performed best on 23 out of 30 functions; in the 

CEC2017 100-dimensional case, ASBOA performed best on 26 out of 30 functions; 

and in the CEC2022 20-dimensional case, it performed best on 9 out of 12 functions. 

Furthermore, the convergence curves and boxplot results indicate that ASBOA has 

faster convergence speed and robustness. Finally, ASBOA was applied to WSN prob-

lems and three engineering design problems (three-bar truss, tension/compression 

spring, and cantilever beam design). In the engineering problems, ASBOA consis-

tently outperformed competing methods, while in the WSN deployment scenario, it 

achieved a coverage rate of 88.32%, an improvement of 1.12% over the standard 

SBOA. These results demonstrate that the proposed ASBOA has strong overall per-

formance and significant potential in solving complex optimization problems. Although 
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ASBOA performs well in these problems, its performance in high-dimensional mul-

timodal problems and complex constrained optimization is unstable, and the intro-

duced strategies add some complexity. Additionally, different parameter settings may 

lead to varying results, and the sensitivity of different problems to these parameters 

can also differ. It is necessary to adjust the settings according to the specific problem 

at hand in order to further refine and achieve a more stable version.

1.  Introduction

With the continuous advancement of Wireless Sensor Network (WSN) technology 
and the expansion of its application scenarios, network coverage optimization has 
become a core research topic in the fields of the Internet of Things (IoT) and commu-
nication systems [1,2]. In modern smart cities, environmental monitoring, industrial 
automation, and similar domains, the deployment and management of WSNs play a 
critical role in determining network performance and efficiency. Optimizing network 
coverage not only enhances network reliability, ensuring stable and real-time data 
transmission, but also improves the accuracy and comprehensiveness of data collec-
tion. This is essential for achieving precise monitoring, timely responses, and efficient 
management [3,4].

By deploying sensor nodes strategically in space, the coverage area and signal 
quality of the sensor network can be significantly improved, thereby enhancing the 
precision and efficiency of task execution [5,6]. For instance, in environmental mon-
itoring, an optimal node arrangement ensures broader area coverage and a more 
sensitive response to dynamic changes, improving the system’s real-time feedback 
capability. This, in turn, strengthens environmental monitoring and early warning 
mechanisms [7,8]. Moreover, optimized network layouts help reduce redundant 
data and communication conflicts, improving data collection accuracy and boosting 
the efficiency of decision-support systems. Rational network deployment not only 
increases resource utilization efficiency but also significantly extends the lifecycle of 
wireless sensor networks [9,10].

However, the optimization of WSNs faces numerous challenges. First, energy con-
sumption of nodes is a critical issue, especially in large-scale networks where energy 
constraints often become a key factor affecting network performance. Additionally, 
environmental uncertainties, such as weather changes, obstacles, and node failures, 
further increase the complexity of network coverage optimization [11,12]. Traditional 
optimization methods, such as numerical optimization based on mathematical models 
and discrete search techniques, are effective in some simple scenarios. However, 
they often struggle when addressing complex global optimization problems. The high 
computational cost and limited adaptability of traditional approaches to dynamic envi-
ronments create significant bottlenecks in practical applications [13].

Many researchers have conducted systematic studies on Wireless Sensor Net-
works (WSNs), leading to the development of various bio-inspired algorithms to opti-
mize routing from member nodes to the sink node, with the goal of reducing energy 
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consumption and prolonging network lifetime. For instance, Priyadarshi conducted a comprehensive study on WSN rout-
ing and clustering mechanisms, focusing on innovative optimization methods and offering a panoramic, in-depth analysis 
incorporating AI technologies [14]. Rawat proposed a cluster-based energy-efficient protocol for heterogeneous networks, 
which systematically utilizes sensor energy for cluster management, significantly enhancing network lifetime and reduc-
ing energy consumption [15]. To further extend network longevity, Rahul introduced a three-tier heterogeneous clustering 
scheme. This approach first classifies sensor nodes into three differentiated groups based on energy levels, then selects 
the optimal cluster head (CH) by considering energy thresholds and node efficiency metrics [16]. Intrusion Detection 
Systems (IDS) in WSNs largely rely on effective feature selection (FS) to improve performance. Nguyen proposed a novel 
method named Genetic Sacrificing Whale Optimization (GSWO) to overcome the limitations of traditional approaches [17]. 
Priyadarshi also introduced an efficient cluster head formation technique that significantly optimizes energy utilization, 
thereby achieving superior network lifetime performance [18]. Addressing the critical issue of limited battery life in WSN 
nodes, Rahul and colleagues developed a novel and efficient cluster head selection mechanism—an Energy-Dependent 
Clustering Framework (EDCF) for heterogeneous WSNs—designed to significantly extend network lifespan [19]. To tackle 
challenges such as high deployment costs and insufficient effective coverage in WSNs, Qu et al. proposed a coverage 
optimization method based on an Improved Multi-Strategy Grey Wolf Optimizer (IGWO-MS) [20]. Bharat Gupta and col-
leagues suggested enhancing network coverage through slight node repositioning: they accurately identified blind spots 
within the monitored area and calculated optimal new positions for mobile nodes [21]. Raj Vikram introduced an Improved 
Triangular-Based Localization Scheme (MTBLS) aimed at enhancing the performance of traditional Midpoint-Based Local-
ization Scheme (MBLS) and Triangular-Based Localization Scheme (TBLS), thereby better meeting the communication 
needs of intelligent distribution automation systems [22].

To address these challenges, metaheuristic algorithms have emerged. These algorithms, by simulating processes such 
as biological evolution, collective behavior, or physical phenomena in nature, exhibit powerful global search capabilities 
[23,24]. Compared to traditional optimization methods, metaheuristic algorithms are more effective in handling nonlinear 
and high-dimensional optimization problems, making them particularly suitable for optimization tasks in complex and 
uncertain environments [25]. Piyush proposed a clustering protocol called the Efficient Cluster Head Selection Scheme 
(ECSS), which enhances overall network lifetime and performance by preferentially selecting high energy-efficient cluster 
heads (CHs) [26]. Rahul Priyadarshi introduced a cube-based three-dimensional coverage model and deployment frame-
work. By establishing a quantitative relationship between the sensor’s radius and its coverage area, the model calculates 
the minimum number of nodes required to achieve full coverage [27]. In WSN coverage optimization, metaheuristic algo-
rithms such as Genetic Algorithm (GA) [28], Particle Swarm Optimization (PSO) [29], and Ant Colony Optimization (ACO) 
[30] have been widely applied and have achieved significant results [24,31]. By simulating the adaptive evolution process 
of biological populations, these algorithms not only enable global search but also facilitate rapid escape from local optima. 
As a result, they are better able to tackle the various complex problems in WSNs, offering high optimization efficiency and 
strong practical value [32]. Furthermore, to address the sensitivity of current algorithms to hyperparameters, Blan investi-
gated adaptive control and self-configuration mechanisms to enhance robustness and reduce reliance on manual parame-
ter tuning [33].

Generally, metaheuristic algorithms can be categorized into four types [34,35]: Evolutionary Algorithms (EA), 
Physics-based Algorithms (PhA), Human-based Algorithms (HB), and Swarm Intelligence (SI)-based Algorithms. Evolu-
tionary Algorithms include Differential Evolution (DE) [36] and Genetic Algorithms (GA) [28], among others. Physics-based 
Algorithms include Simulated Annealing (SA) [37], and Gravitational Search Algorithm (GSA) [38]. Human-based Algo-
rithms include Teaching–Learning-based Optimization Algorithm (TLBO) [39], Social Evolution and Learning Optimization 
(SELO) [40], Love Evolution Algorithm (LEA) [41], and Gold Rush Optimization algorithm (GRO) [42], among others. 
Swarm Intelligence-based Algorithms include Bat Algorithm (BA) [43], Grey Wolf Optimizer (GWO) [44], Harris Hawks 
Optimization (HHO) [45], Golden Jackal Optimization (GJO) [46], Quantum Avian Navigation Algorithm (QANA) [47], 
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Black Widow Optimization (BWO) [48], Red-beaked Magpie Optimization (RBMO) [49], Golden Eagle Optimizer (GEO) 
[50],Genghis Khan shark optimizer(GKSO) [51], and Goose Optimization Algorithm (GOOSE) [52], among others. These 
organisms demonstrate remarkable problem-solving capabilities through decentralized, self-organized interactions among 
individuals. Researchers in the field of Swarm Intelligence (SI) aim to understand and replicate such characteristics in 
artificial systems, thereby developing algorithms and methods capable of effectively addressing a wide range of optimiza-
tion challenges. The fundamental concept of SI systems is based on emergent intelligence, where simple entities following 
local rules collectively exhibit complex global behaviors. This provides an effective approach for solving various complex 
optimization problems [53].

Secretary Bird Optimization Algorithm(SBOA) [54] is a recently proposed swarm intelligence-based metaheuristic algo-
rithm. Compared to traditional optimization algorithms, SBOA has significant advantages in optimization performance, with 
its simple structure and efficient solving ability standing out. However, like most metaheuristic algorithms, SBOA still faces 
potential challenges such as slow convergence speed and the risk of falling into local optima. To mitigate the risk of SBOA 
getting trapped in local optima while improving its convergence speed, this paper proposes three improvement strategies: 
the Differential Cooperative Search Mechanism, the Optimal Boundary Control Mechanism, and the Information Reten-
tion Control Mechanism. Based on these strategies, a new Augmented Secretary Bird Optimization Algorithm (ASBOA) is 
introduced, which is applied to Wireless Sensor Network (WSN) problems and engineering problems. The main contribu-
tions of this paper are as follows:

(1)	 Three improvement strategies are proposed and applied to SBOA, resulting in an enhanced version called ASBOA;

(2)	 Comparative experiments are conducted with eight benchmark algorithms using the CEC2017 benchmark suite, veri-
fying the optimization performance of ASBOA;

(3)	 ASBOA is applied to the optimization of Wireless Sensor Network layout problems, further demonstrating its effective-
ness in solving real-world engineering problems.

The remaining sections of this paper are organized as follows: Section 2 provides an introduction and modeling of the 
Wireless Sensor Network (WSN) model. Section 3 discusses the standard SBOA algorithm and the improved ASBOA 
version. Section 4 presents a detailed analysis of the experimental results. Section 5 offers a summary of the paper and 
discusses future prospects.

2.  WSN mathematical model

2.1  Basic concepts of WSN

We examine the sensor’s sensing model depicted in Fig 1, where two concentric circles are drawn around the sensor. 
The inner circle represents the sensing area, denoted as RS, which corresponds to the radius of the disk. The outer circle 
indicates the communication range, represented by RT . We assume that RT = 2× RS. It has been demonstrated that if 
the communication range is at least twice the sensing range, this condition is adequate to guarantee complete coverage 
of the convex region, thereby ensuring connectivity among active nodes [11]. However, this assumption of omnidirectional 
sensing capability does not apply to certain types of sensor nodes, such as cameras or ultrasonic sensors with directional 
sensing areas. As shown in Fig 2, if the circular sensing area is transformed into a square, the circle’s diameter becomes 
the diagonal of the square [11,31,55].

The sensor is powered by a battery, so it can only operate for a limited period. Therefore, energy-efficient and coverage 
protocols are required to extend the battery’s lifetime. The probability of event detection is inversely related to the Euclid-
ean distance between the sensor and the event. In a Wireless Sensor Network (WSN), there are two sensor detection 
models to identify effective coverage. These are the binary detection model, assuming no uncertainty, and the probability 
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perception model with random detection. The probabilistic coverage model offers a more accurate representation of real 
sensor performance in an environment. On the other hand, the binary perception model, which is the most basic and com-
monly studied coverage model, assumes that a sensor detects all events within its sensing range [23]. In this paper, we 
adopt the binary detection model, as expressed in Equation (1).

	
Pd =

{
1, if ∥pe – ps∥ < Rs

0, otherwise. 	 (1)

Here, Pd is the probability that an event occurring at position pe is detected by a sensor located at position ps. ∥pe – ps∥ 
represents the Euclidean distance between the sensor and the event.

Fig 1.  Sensor node perception framework.

https://doi.org/10.1371/journal.pone.0329705.g001

Fig 2.  The sensing area of sensor in terms of square.

https://doi.org/10.1371/journal.pone.0329705.g002

https://doi.org/10.1371/journal.pone.0329705.g001
https://doi.org/10.1371/journal.pone.0329705.g002
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2.2  Constraints and objective functions of WSN

The objective function proposed in this study primarily considers coverage. First, we assume the sensor nodes are 
denoted as pi,j, and the deployment space is si,j . The coverage radius of the sensor is RT, and the covered points are 

Coveri,j. The coverage equation is given by Equation (2).

	
Coveri,j =

{
1, if d (pi,j, si,j) ≤ RT

0, otherwise. 	 (2)

Here, d (pi,j, si,j) denotes the Euclidean distance between the sensor pi,j to the point si,j , which is calculated using Equa-
tion (3).

	 d (pi,j, si,j) = ∥si,j - pi,j∥2	 (3)

Therefore, the coverage probability of the deployment area is as follows:

	 Coverage probability =
∑n

i = 1

∑m
j = 1 Coveri,j
m×n 	 (4)

In this equation, m and n are the length and width of the deployment space. The objective of this problem is to maximize 
the network coverage, which is a maximization problem. Therefore, its fitness function F  is:

	 F = Coverage probability =
∑n

i = 1

∑m
j = 1 Coveri,j
m×n 	 (5)

3.  Secretary bird optimization algorithm and Augmented secretary bird optimization algorithm

3.1  Secretary bird optimization algorithm

3.1.1  Inspiration of Secretary bird optimization algorithm.  The inspiration for the Secretary Bird Optimization 
Algorithm (SBOA) comes from the natural survival behavior of the secretary bird, primarily simulating its hunting strategy 
and escape behavior from predators or enemies. The three stages of the secretary bird’s hunting behavior correspond 
to the exploration phase of the algorithm, while the two strategies for escaping predators and enemies correspond to the 
exploitation phase of the algorithm [56,57].

3.1.2  Mathematical model of Secretary bird optimization algorithm.  The mathematical model of the Secretary 
Bird Optimization Algorithm (SBOA) is established in three stages: the initialization phase, the exploration phase, and the 
exploitation phase. The mathematical models for each stage are presented as follows:
Initialization Phase: To solve the optimization problem, an initial solution for the search needs to be determined, which is 
initialized using the following equation:

	 xi,j = (ubj - lbj)× r1 + lbj	 (6)

Where, xi,j  represents the initial value of the ith candidate solution’s jth decision variable; ubj and lbj  represent the upper 
and lower bounds, respectively, and r1 is a random number in the range (0, 1).
Exploration Phase: This phase is divided into three stages: searching for prey 

(
iter < 1

3Tmax
)
,exhausting prey (

1
3Tmax < iter <

2
3Tmax

)
,and attacking prey 

(
iter > 2

3Tmax
)
. In the “searching for prey” stage, the secretary bird looks for 

potential prey. Once prey is identified, it moves into the “exhausting prey” stage, where it consumes the prey’s energy. 
The bird, with sharp judgment of the prey’s movements, leisurely wanders, jumps, and provokes near the prey, gradually 
depleting the prey’s energy. When the prey’s stamina is nearly exhausted, the bird attacks. This process is modeled using 
equations (7) and (8) [54].
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xnew1i,j =




xi,j + r2 × (xR1
– xR2

), if iter < 1
3Tmax

xbest + exp
((

iter
Tmax

)4
)
× (RB – 0.5)× (xbest – xi,j) , if 1

3Tmax ≤ iter < 2
3Tmax

xbest +
(
1 – iter

Tmax

)(2× iter
T ) × xi,j × RL, else

	 (7)

	
Xi =

{
Xnew1i , if Fnew1i < Fi

Xi ,else	 (8)

In this context, iter  represents the current iteration number, and Tmax  denotes the maximum number of iterations. Xnew1i  
represents the new state of the ith secretary bird in the first stage. xR1 and xR2 are the random candidate solutions in the 
first-stage iteration, and r2 is a random array of dimensions 1× dim generated from the interval [0, 1]. xnew1i,j  represents 
the position information of the jth dimension of the solution. Fnew1i  indicates the fitness value of the objective function for 
that solution. RB represents an array of dimensions 1× dim randomly generated from the standard normal distribution 
(mean = 0, standard deviation = 1). xbest  denotes the global best solution, RL refers to the Lévy flight function, which is 
calculated using equation (9).

	




RL = 0.5× Levy(dim)

Levy(dim) = 0.01× u× σ

|v|

1

η

σ =




Γ (1 + η)× sin
(
π × η

2

)

Γ

(
1 + η

2

)
× η × 2

(
η–1
2

)




1

η

	 (9)

In this equation, σ and η are fixed constants with a value of 1.5. u and v  are random numbers generated within the 
interval [0, 1], and Γ  represents the Gamma function.
Exploitation Phase: During this phase, the secretary bird may encounter attacks from predators or competitors trying to 
steal its food. It is highly intelligent and typically adopts various evasive strategies to protect itself or its food. These strate-
gies are primarily divided into two types: one is to escape by flying or running (S1), and the other is camouflage, where the 
secretary bird uses environmental colors or structures to blend in and make itself harder for predators to detect (S2)[54].
This process is modeled using equations (10) and (11).

	
xnew2i,j =

{
S1: xbest + (2× RB – 1)×

(
1 – iter

Tmax

)2

× xi,j , if q < r3
S2: xi,j + r4 × (xrand – l× xi,j) , else	 (10)

	
Xi =

{
Xnew2i , if Fnew2i < Fi

Xi ,else	 (11)

In this context, q = 0.5, r3 and r4 represent arrays of dimensions (1× dim) randomly generated from a normal distribu-
tion. xrand is the random candidate solution for the current iteration, xbest  represents the global best solution, and l  is a 
randomly selected integer, either 1 or 2.



PLOS One | https://doi.org/10.1371/journal.pone.0329705  August 8, 2025 8 / 34

3.2  Augmented secretary bird optimization algorithm

3.2.1  Differential cooperative search mechanism.  Faced with the differences among individuals, understanding 
the underlying causes of these variations, and learning from them, individual growth can be greatly enhanced, leading 
to a faster convergence of the algorithm. However, in the attack prey stage of the SBOA’s exploration phase, relying 
solely on the information from the best individual can lead to the algorithm getting stuck in local optima, and fail to 
further explore the solution space in search of better solutions. To address this issue, a differential collaborative search 
mechanism has been introduced in SBOA’s attack prey 1 to facilitate the calculation process. This allows every individual 
to potentially participate in the computation, ensuring that valuable information surrounding the global best region is 
preserved [58,59]. In each gap, individuals from adjacent levels consistently engage in the operations, thereby introducing 
diverse evolutionary information to the population. However, the last two gaps do not adhere to this pattern, intentionally 
introducing an element of uncertainty into the evolutionary process. Specifically, the learning operator in ASBOA utilizes 
four gaps designed to approximate the fitness landscape. These gaps are outlined in Equation (12).

	




Gap1 = xbest – xbetter
Gap2 = xbest – xworse
Gap3 = xbetter – xworse

Gap4 = xl1 – xl2 	 (12)

Here, xbest  represents the global best solution, while xbetter  denotes the second-best solution, often referred to as the 
elite solution. xworse represents the worst solution, and xl1 and xl2 are random individuals.Gapk(k = 1, 2, 3, 4) represents the 
gap between two individuals, allowing the learner to fully comprehend the differences between them and leverage these 
differences for improvement.

To account for this variability, the learning factor LF is introduced for each of the four differential measures. For the ith 
individual, it influences the kth group gap, and is modeled as follows (equation (13)):

	
LFk =

∥Gapk∥∑4
k=1∥Gapk∥

, (k = 1, 2, 3, 4)
	 (13)

Where LFk  represents the normalized ratio of the Euclidean distance for the kth group gap (Gapk), with a range of [0, 1]. 
When the kth group is larger, LFk  also increases, indicating that the ith individual will learn more from the kth gap.

During the search process, secretary birds at different positions have different perspectives on themselves. The ith 
secretary bird uses SFi  to evaluate its own acceptable range of knowledge. A larger SFi  indicates that the individual needs 
to learn more to improve itself. SFi  is modeled using equation (14):

	 SFi =
Fitnessi
Fitnessmax 	 (14)

Where Fitnessi represents the fitness value of the individual, and Fitnessmax  represents the fitness value of the worst 
individual. Generally, a smaller Fitnessi means that the individual is better at extracting and absorbing the essence 
of knowledge. Therefore, the individual should have a smaller SFi , which biases it towards local exploitation. When 
Fitnessmax  is larger, it indicates that the individual is underperforming and needs to bridge the knowledge gap. In this case, 
the individual should have a larger SFi  which biases it towards global exploration.

Knowledge acquisition and transformation are inherently lossy processes. For the kth gap vector (Gapk),the ith individ-
ual absorbs a portion of the knowledge, which is referred to as the kth knowledge gain (KGk). For the ith individual, (KGk) is 
obtained by performing the LFk  and SFi  operations sequentially on the kthgroup gap vector. This process is described by 
equation (15):
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	 KGk = SFi × LFk ×Gapk, (k = 1, 2, 3, 4)	 (15)

Here, KGk represents the knowledge gained by the ith individual from the kth gap. SFi  is the self-evaluation of the indi-
vidual, while LFk  is the evaluation of the external situation. Through the combined effect of these two evaluations, the ith 
individual identifies the knowledge it requires from the Gapk  thereby completing the learning process. By assimilating the 
knowledge gaps between different individuals, the ith individual accumulates a wealth of knowledge. The detailed learning 
process is given by equation (16), which models the improved prey attack phase.

	
xnew1i,j = xi,j +

4∑
k=1

KGk, (k = 1, 2, 3, 4)
	 (16)

This mechanism is a collaborative search strategy that employs five vectors, each contributing one of four types of 
information related to the convergence direction. By balancing these four directional pieces of information based on the 
distance between vectors and fitness values, the algorithm adaptively determines the current search direction. As shown 
in Fig 3, the contributions of five individuals generate four search directions, which are interdependent. This effectively 
reduces the risk of the ASBOA algorithm becoming trapped in local optima.

Therefore, the improved ASBOA exploration phase is updated using the following equation:

	

xnew1i,j =





xi,j + r2 × (xR1
– xR2

), if iter < 1
3Tmax

xbest + exp
((

iter
T

)4)× (RB - 0.5)× (xbest - xi,j) , if 1
3Tmax ≤ iter < 2

3Tmax

xi,j +
4∑

k = 1
KGk, (k = 1,2,3,4) , else

	 (17)

3.2.2  Optimal boundary control mechanism.  During the iterative process of optimization algorithms, some 
individuals often exceed the predefined search boundaries. In the standard SBOA algorithm, this is typically handled 
by directly setting individuals that exceed the boundaries to the upper or lower limits of the search space. However, this 
method fails to effectively utilize the positional information of individuals, potentially resulting in the loss of their original 
movement trends and valuable information. In the search process of the optimization algorithm, the entire population 
should focus on exploring new potential positions, with the current global best solution providing critical clues for 

Fig 3.  The influence of directional information on the convergence direction.

https://doi.org/10.1371/journal.pone.0329705.g003

https://doi.org/10.1371/journal.pone.0329705.g003
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identifying these new positions. Therefore, to maximize the use of positional information, an optimal boundary control 
mechanism based on the current global best solution’s position is proposed [60]. By incorporating the global best solution, 
this mechanism adjusts the position of individuals that exceed the boundaries, as described by equation (18).

	

xi,j(iter+ 1) = rand× xbest, x < lb
xi,j(iter+ 1) = (1 – rand)× xbest, x > lb	 (18)

As shown in Fig 4, during the iterative process, the search agents continuously move towards the global best individual, 
causing the boundaries of the entire search space to shrink towards the optimal individual. This prevents the algorithm 
from performing ineffective exploration, allowing it to converge more quickly to the vicinity of the optimal solution.

3.2.3  Information retention control mechanism.  Following the adjustment of each individual’s candidate solution 
during the learning process, its quality may either increase or decrease. Consequently, it is essential to confirm whether 
actual progress has been achieved. If progress is made, the fitness value Fitnessi of the ith individual will decrease, 
resulting in an improvement in its ranking. If the ith individual experiences a regression, the individual may discard some 
of the knowledge it has acquired. Nonetheless, due to the time and effort involved in the learning process, there remains 
a small probability that the acquired knowledge may still be preserved [61]. To manage this retention probability, a 
knowledge retention control mechanism is introduced in ASBOA, with a retention probability (P = 0.001). This process is 
described by equation (19).

	

Xi =




Xnewm
i , if Fnewm

i < Fi{
Xnewm
i , if r5 < P

Xi , else
, else

, (m = 1, 2)

	 (19)

Here, r5 is a random number uniformly distributed in the range [0, 1], and PPP is applied to decide whether the newly 
acquired knowledge of the ith individual should be retained when the individual fails to update. This implies that when an 
individual fails to update, there is a 0.001 chance that the individual will be carried over to the next generation of the pop-
ulation. Additionally, it ensures that the current global best solution remains unchanged, thereby accelerating the conver-
gence of the algorithm.

In summary, the pseudocode for ASBOA is depicted as Algorithm 1.

Fig 4.  Schematic diagram of optimal boundary control mechanism.

https://doi.org/10.1371/journal.pone.0329705.g004

https://doi.org/10.1371/journal.pone.0329705.g004
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Algorithm 1. Pseudo-Code of ASBOA.
1: Initialize the secretary bird population xi,j(i = 1, 2, . . .,N,j = 1, 2, . . .,dim) by Equations (6)
2: Initialize parameter P,r1,r2 and l
3: Calculate the fitness of each secretary bird
4: while t = 1 : T do
5:       [∼,ind] = sort (f(x))

6:       xbest = x (ind(1), :)
7:       for i = 1 : N do
8.       Hunting behavior (exploration):
9:             Calculate the fitness xnew1i,j  using Equation (17).
9:             Update the position of the current search agent by Equation (19)
10:             Using equation (18) for boundary adjustment
11:        Escape strategy (exploitation):
12:             Calculate the fitness xnew2i,j  using Equation (6).
13:             Update the position of the current individual using Equation (19).
14:             Using equation (18) for boundary adjustment
15:       End for
16:       Update the best solution found so far xbest.
17: End while

3.2.4  Computational complexity analysis.  The time required by different algorithms to solve the same optimization 
problem may vary. Evaluating the computational complexity of an algorithm is a crucial metric for assessing its execution 
efficiency and practical feasibility [62]. In this study, we conducted a detailed analysis of the time complexity of the SBOA 
algorithm using Big-O notation. Assuming the population size of the Secretary Bird Optimization Algorithm (SBOA) is 

N , the problem dimension is dim, and the maximum number of iterations is T , the algorithm’s primary steps can be 
decomposed and analyzed based on the definition of time complexity and the computation rules of Big-O notation. 
First, the random initialization of the population, as the initial step of the algorithm, involves generating initial values for 

N  solutions, resulting in a time complexity of O(N). Next, during the solution update process, two main operations are 
performed: (1) locating the position of the current optimal solution and (2) updating the positions of all solutions. These 
operations have time complexities of O(T × N) and O(T × N × dim, respectively. Overall, the total time complexity 
of the SBOA algorithm can be summarized as O(N × (T × dim + 1)). For the improved algorithm proposed in this 
study, ASBOA, no additional iterative operations or higher-complexity computations were introduced. Therefore, its time 
complexity remains consistent with the original SBOA, still O(N × (T × dim + 1)).

3.2.5  Strategy effectiveness analysis.  This section delves into the impact of three enhancement strategies on the 
SBOA algorithm: the Differential Cooperative Search Mechanism, Optimal Boundary Control Mechanism, and Information 
Retention Control Mechanism. Based on these strategies, three variants of SBOA were proposed: DCSMSBOA, 
OBCMSBOA, and IRCMSBOA. According to the experimental results shown in Fig 5 each strategy significantly improved 
the convergence accuracy and speed of SBOA, with the ASBOA, which combines all three strategies, demonstrating 
the best performance. Specifically, for both unimodal and multimodal functions, OBCMSBOA and IRCMSBOA 
exhibited similar effects, effectively enhancing the convergence speed and accuracy of the algorithm. Among them, the 
improvement in DCSMSBOA was particularly remarkable, significantly accelerating the convergence speed. Furthermore, 
when dealing with complex mixed-modal functions, IRCMSBOA showed some decline in performance, whereas 
OBCMSBOA and DCSMSBOA demonstrated stronger adaptability. Overall, the ASBOA, which integrates all three 
strategies, achieved excellent performance on most functions.

In conclusion, ASBOA successfully overcame the issues of slow convergence and premature convergence, 
achieving satisfactory results on multiple benchmark functions, thanks to the effective integration of these three 
strategies.
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4.  Experimental results and analysis

4.1  Test function and compare algorithms parameter Settings

The experiment compares the performance of ASBOA with the standard SBOA, classical algorithms, and recently pro-
posed algorithms on the CEC2017 benchmark suite (dim = 30/100) [12]. Table 1 shows the algorithm information and 
related parameter settings used in the experiment. The classical algorithms include the Grey Wolf Optimizer (GWO) [44], 
Whale Optimization Algorithm (WOA) [63], Particle Swarm Optimization (PSO) [29], African vultures optimization algorithm 
(AVOA) [64]. The recently proposed algorithms include the Crested Porcupine Optimizer (CPO) [65], Black-winged Kite 
Algorithm (BKA) [66], Dung Beetle Optimizer (DBO) [60] and Secretary Bird Optimization Algorithm(SBOA) [54]. To ensure 
fairness and eliminate the influence of randomness, all algorithms in this experiment were set with a population size of 30, 
a maximum of 500 iterations, and each algorithm was run independently 30 times. The results were statistically analyzed 
for mean (Ave), standard deviation (Std), and average ranking, with the best result for each function highlighted in bold. 

Fig 5.  Convergence curves of SBOA improved by different strategies.

https://doi.org/10.1371/journal.pone.0329705.g005

https://doi.org/10.1371/journal.pone.0329705.g005
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All experiments were performed in an environment running Windows 11, with a system featuring an Intel(R) Core(TM) 
i5-13400 processor at 2.5GHz, 16GB of RAM, and MATLAB 2024a software.

4.2  Assessing performance with CEC2017 and CEC2022 test suite

This section uses the CEC2017 test suite [12] (with dimensions of 30 and 100) and CEC2022 test suite [67] (with dimen-
sions of 30) to evaluate the effectiveness of ASBOA. Tables 2–4 summarize the test results of 9 comparison algorithms 
and the ASBOA algorithm on two different dimensions, including the average values and standard deviations of the 30 test 
functions from the CEC2017 and CEC2022 test suite.

For the unimodal functions CEC2017 F1–F3 and CEC2022 F1-F5, ASBOA demonstrates the ability to converge to a 
solution close to the global optimum for both the 30-dimensional and 100-dimensional versions of the F1 function. SBOA 
and CPO only converge to the global optimum in the 30-dimensional case, while other comparison algorithms fail to 
find better solutions. The CEC2017-F2 function induces significant instability in most algorithms as the dimensionality 
increases. However, ASBOA effectively addresses this issue, showing notably superior performance. For the CEC2017-F3 
function, the global optimum is located within a large, smooth region, which leads to a rapid decline in convergence speed 
for most algorithms. In contrast, ASBOA excels by avoiding incorrect convergence directions and enhancing convergence 
speed. Furthermore, while the performance of all algorithms deteriorates with higher dimensions, ASBOA is less affected 
by dimensionality increases. This is due to the three enhancement mechanisms within ASBOA, which enable the algo-
rithm to better adapt to the search space and deliver improved results.

As the problem dimension grows, the performance of all algorithms in identifying the optimal solution diminishes for 
the simple multimodal functions CEC2017 F4-F10 and CEC2022 F6-F8. Both ASBOA and SBOA demonstrate superior 
optimization performance in lower dimensions. However, ASBOA manages to maintain consistent stability and delivers 
high-quality results across various dimensions. On the other hand, the performance of the standard SBOA gradually wors-
ens as the dimension increases, highlighting the increasing advantages of ASBOA.

For the hybrid functions CEC2017 F11-F20 and CEC2022 F9-F12, ASBOA outperforms the other algorithms in terms 
of results. In particular, ASBOA maintains its dominance on functions CEC2017-F12, F15, and F18. SBOA also has some 
advantages, particularly on functions CEC2017-F16, F17, and F20. However, for the majority of the functions, ASBOA’s 
superiority is the most pronounced.

For the composite functions CEC2017 F21–F30, ASBOA still demonstrates dominant performance on these problems. 
SBOA and CPO only show advantages in a few cases, while other comparison algorithms exhibit no significant advantage 

Table 1.  Compare algorithm parameter settings.

Algorithms Parameter label Value of the parameter

GWO a [0,2]

WOA r, l, a [0,1], [-1,1], [0,2]

AVOA L1, L2,w, p1, p2, p3 0.8, 0.2, 2.5, 0.6, 0.4, 0.6

PSO w1,w2, c1, c2 0.5, 1.0, 1.5, 1.5

CPO α, Nmin, Tf, T 0.1, 80, 0.5, 2

BKA P, r 0.9, [0,1]

DBO Ppercent 0.2

SBOA CF, l, r1, r2 [0,1],
{
1, 2

}
, [0, 1], [0, 1]

ASBOA P, l, r1, r2 0.001,
{
1, 2

}
, [0, 1], [0, 1]

https://doi.org/10.1371/journal.pone.0329705.t001

https://doi.org/10.1371/journal.pone.0329705.t001
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Table 2.  CEC2017 benchmark function experiment results(dim = 30).

ID Metric GWO WOA AVOA PSO CPO BKA DBO SBOA ASBOA

F1 Ave 4.6027E + 09 5.8907E + 09 1.6236E + 09 1.4843E + 07 6.8288E + 05 1.1656E + 10 2.9788E + 08 7.7291E + 04 4.0800E + 03

Std 2.3220E + 09 1.9587E + 09 1.1182E + 09 6.3432E + 07 5.0348E + 05 1.1691E + 10 2.3621E + 08 2.5819E + 05 4.1473E + 03

F2 Ave 5.9185E + 32 3.6144E + 37 1.7913E + 34 7.5070E + 26 9.9358E + 20 5.5184E + 40 2.3940E + 33 1.6471E + 17 3.7356E + 15

Std 1.9289E + 33 1.7706E + 38 9.8106E + 34 4.0718E + 27 4.3561E + 21 2.4540E + 41 1.2105E + 34 3.8690E + 17 2.0023E + 16

F3 Ave 5.6775E + 04 2.5966E + 05 6.5618E + 04 5.7084E + 04 6.7901E + 04 3.6505E + 04 9.6297E + 04 2.6021E + 04 6.5134E + 03

Std 1.0242E + 04 5.0059E + 04 2.4525E + 04 8.1298E + 03 9.8438E + 03 1.9893E + 04 2.3549E + 04 7.2071E + 03 2.9276E + 03

F4 Ave 7.3015E + 02 1.3379E + 03 6.7127E + 02 5.3361E + 02 5.2112E + 02 2.3165E + 03 6.6931E + 02 5.1291E + 02 4.8732E + 02

Std 1.4434E + 02 3.0748E + 02 1.9545E + 02 2.9942E + 01 1.3154E + 01 3.8850E + 03 1.0363E + 02 2.6558E + 01 2.5438E + 01

F5 Ave 6.5502E + 02 8.5798E + 02 7.1603E + 02 7.3231E + 02 6.9570E + 02 7.5564E + 02 7.7215E + 02 5.8144E + 02 5.7900E + 02

Std 4.8229E + 01 6.5224E + 01 3.4135E + 01 5.1467E + 01 1.9582E + 01 4.5777E + 01 5.3247E + 01 2.5674E + 01 2.2622E + 01

F6 Ave 6.1628E + 02 6.8494E + 02 6.2101E + 02 6.5473E + 02 6.0216E + 02 6.5925E + 02 6.4879E + 02 6.0279E + 02 6.0124E + 02

Std 6.3119E + 00 1.2815E + 01 6.6330E + 00 1.0863E + 01 8.8412E-01 6.8202E + 00 1.4182E + 01 2.2785E + 00 1.1825E + 00

F7 Ave 9.7091E + 02 1.3175E + 03 1.0043E + 03 1.1730E + 03 9.3810E + 02 1.2087E + 03 1.0194E + 03 8.5492E + 02 8.2600E + 02

Std 5.7900E + 01 8.4473E + 01 3.9250E + 01 7.2950E + 01 1.9775E + 01 1.0610E + 02 7.6553E + 01 5.0625E + 01 2.8138E + 01

F8 Ave 9.3588E + 02 1.0620E + 03 1.0041E + 03 9.6257E + 02 9.8414E + 02 9.7984E + 02 1.0567E + 03 8.7330E + 02 8.7559E + 02

Std 4.2072E + 01 4.5227E + 01 2.2604E + 01 3.1411E + 01 1.3897E + 01 2.0235E + 01 4.8206E + 01 1.8113E + 01 2.1229E + 01

F9 Ave 3.3910E + 03 1.1396E + 04 2.0797E + 03 5.1832E + 03 1.3860E + 03 5.7756E + 03 6.6170E + 03 1.4837E + 03 1.3143E + 03

Std 1.3963E + 03 3.4884E + 03 9.6650E + 02 9.0619E + 02 3.9476E + 02 1.3975E + 03 2.0152E + 03 5.4573E + 02 5.1606E + 02

F10 Ave 6.4496E + 03 7.6397E + 03 7.6290E + 03 5.2927E + 03 7.5963E + 03 5.7485E + 03 6.8589E + 03 4.6612E + 03 4.0111E + 03

Std 1.8843E + 03 6.8272E + 02 7.0935E + 02 7.7019E + 02 2.8240E + 02 9.2923E + 02 1.2387E + 03 8.1604E + 02 6.4897E + 02

F11 Ave 2.5793E + 03 9.8359E + 03 1.4613E + 03 1.3065E + 03 1.2688E + 03 2.2345E + 03 1.9285E + 03 1.2228E + 03 1.1821E + 03

Std 1.1361E + 03 3.9854E + 03 6.6039E + 01 7.1243E + 01 2.7180E + 01 2.0683E + 03 9.3780E + 02 3.5844E + 01 4.0986E + 01

F12 Ave 2.2996E + 08 4.7786E + 08 9.9594E + 07 2.2575E + 07 1.0652E + 06 6.7461E + 08 6.1397E + 07 1.4114E + 06 1.3924E + 05

Std 2.1206E + 08 2.4226E + 08 1.1931E + 08 2.4596E + 07 6.1056E + 05 1.8826E + 09 7.0768E + 07 1.0752E + 06 1.5420E + 05

F13 Ave 5.7815E + 07 1.0057E + 07 4.2441E + 07 1.4128E + 05 2.1747E + 04 1.9257E + 08 5.9153E + 06 2.2753E + 04 1.6378E + 04

Std 8.4087E + 07 5.6213E + 06 1.9267E + 08 8.0237E + 04 1.1021E + 04 5.5476E + 08 1.1308E + 07 2.0164E + 04 1.5253E + 04

F14 Ave 4.4813E + 05 2.8355E + 06 1.4853E + 05 8.1058E + 05 2.0656E + 03 1.1240E + 05 2.0776E + 05 2.7835E + 04 1.6297E + 03

Std 3.8252E + 05 2.5348E + 06 1.8101E + 05 8.7494E + 05 5.4490E + 02 5.2811E + 05 1.5650E + 05 2.5862E + 04 4.9843E + 01

F15 Ave 4.8656E + 06 5.1188E + 06 1.4229E + 05 4.4987E + 04 4.1610E + 03 1.2197E + 05 2.8109E + 05 1.0821E + 04 4.1482E + 03

Std 1.1945E + 07 4.9724E + 06 1.1749E + 05 2.8039E + 04 1.5476E + 03 4.2062E + 05 1.0144E + 06 1.0686E + 04 2.2201E + 03

F16 Ave 2.7882E + 03 4.2061E + 03 3.0306E + 03 3.1570E + 03 3.1372E + 03 3.3655E + 03 3.3962E + 03 2.3734E + 03 2.3093E + 03

Std 4.4420E + 02 5.9123E + 02 3.4510E + 02 4.0488E + 02 1.9220E + 02 5.8153E + 02 5.2929E + 02 2.5086E + 02 2.7276E + 02

F17 Ave 2.1575E + 03 2.8210E + 03 2.1427E + 03 2.4937E + 03 2.1018E + 03 2.3156E + 03 2.6303E + 03 1.9690E + 03 1.9054E + 03

Std 2.2730E + 02 3.5496E + 02 1.9831E + 02 3.1663E + 02 1.3373E + 02 2.3682E + 02 2.3263E + 02 1.5691E + 02 1.2515E + 02

F18 Ave 4.0070E + 06 8.7364E + 06 2.1940E + 06 3.2171E + 06 1.2279E + 05 1.6525E + 05 3.4820E + 06 5.2582E + 05 2.6091E + 04

Std 7.4913E + 06 7.7302E + 06 2.6563E + 06 3.6747E + 06 1.0084E + 05 1.9090E + 05 4.5648E + 06 3.8420E + 05 1.6196E + 04

F19 Ave 2.0097E + 06 2.5522E + 07 3.9645E + 05 1.4499E + 05 7.2330E + 03 8.7509E + 05 3.1456E + 06 9.2431E + 03 4.3636E + 03

Std 3.9236E + 06 2.4387E + 07 7.1115E + 05 1.6106E + 05 5.3160E + 03 3.0888E + 06 6.3774E + 06 1.1073E + 04 3.1525E + 03

F20 Ave 2.4916E + 03 2.9419E + 03 2.5075E + 03 2.7330E + 03 2.4922E + 03 2.5692E + 03 2.7565E + 03 2.2623E + 03 2.3364E + 03

Std 2.2614E + 02 2.5868E + 02 1.7410E + 02 1.9168E + 02 1.3857E + 02 1.9947E + 02 1.9604E + 02 1.2117E + 02 1.5362E + 02

F21 Ave 2.4314E + 03 2.6485E + 03 2.4961E + 03 2.5327E + 03 2.4824E + 03 2.5636E + 03 2.5611E + 03 2.3665E + 03 2.3649E + 03

Std 3.8452E + 01 5.3092E + 01 2.7385E + 01 5.0534E + 01 1.4676E + 01 4.7648E + 01 5.6812E + 01 2.0066E + 01 1.6183E + 01

F22 Ave 5.9670E + 03 8.3915E + 03 5.2684E + 03 6.4821E + 03 2.3107E + 03 5.9380E + 03 5.1184E + 03 2.7074E + 03 2.3014E + 03

Std 2.7141E + 03 1.1989E + 03 3.1449E + 03 2.1880E + 03 3.0080E + 00 1.9834E + 03 2.5364E + 03 1.0576E + 03 2.3101E + 00

F23 Ave 2.8157E + 03 3.1449E + 03 2.9503E + 03 2.9801E + 03 2.8433E + 03 3.1064E + 03 2.9837E + 03 2.7340E + 03 2.7403E + 03

Std 5.9871E + 01 1.0612E + 02 9.0010E + 01 8.0152E + 01 1.6124E + 01 1.3230E + 02 7.9659E + 01 2.2600E + 01 2.6745E + 01

(Continued)
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and fail to solve these problems effectively in both dimensions. In summary, the three improvement mechanisms of 
ASBOA effectively iterated the solutions, leading to competitive performance.

To better illustrate the performance of each algorithm, the ranking distribution of each algorithm across all functions is 
shown in Fig 6. It is evident that for CEC2017 (dim = 30), ASBOA ranks best in 23 functions and second in 7 functions. For 
CEC2017 (dim = 100), ASBOA achieves the best performance in 26 functions and ranks second in 4 functions. For the 
CEC2022 benchmark with dimension = 20, ASBOA achieved first place rankings on 9 out of 12 test functions and secured 
second place on 2 functions, demonstrating consistently excellent performance without any worst-case rankings. From 
the ranking perspective, it is noteworthy that ASBOA consistently maintains a top two position across all 42 functions, 
demonstrating its stability in performance. Notably, ASBOA excels in solving unimodal and composite functions, while the 
standard SBOA achieves the best result in only 6 functions (dim = 30) and 4 functions (dim = 100). CPO achieves only 1 
best result in dim = 30, with other algorithms failing to achieve the best result in any function. This highlights the significant 
improvement of ASBOA over the standard SBOA.

4.3  Convergence analysis

To explore the convergence patterns of various algorithms throughout the iteration process and their responsiveness to 
different functions and dimensions, this study conducted experiments using some representative functions from the CEC 
2017 and CEC2022 benchmark suite. These functions include the unimodal function CEC2017-F1 and CEC2022 F1-F3, 
multimodal functions CEC2017-(F7, and F10) and CEC2022-F7, hybrid functions CEC2017-F18 and CEC2022-F11, as 
well as composite functions CEC2017-(F22 and F30). The experiments were carried out at dimensions of dim = 30 and 
dim = 100. The comprehensive convergence results are shown in Fig 7.

For the unimodal function CEC2017-F1 and CEC2022-F1 and F2 convergence curve, ASBOA appears to have an 
advantage in both convergence speed and accuracy. ASBOA notably reduces the sensitivity of SBOA to parameter varia-
tions. Furthermore, the performance advantage of ASBOA becomes especially pronounced in the case of F2, particularly 
as the problem dimension grows.

For the convergence curves of the multimodal functions CEC2017-(F7 and F1) and CEC2022-F7, ASBOA exhibits the 
fastest convergence rate and the highest accuracy in reaching the optimal solution. In contrast, other algorithms tend to 
get trapped in local optima as the number of iterations increases due to the local optimum characteristics of the problem, 

ID Metric GWO WOA AVOA PSO CPO BKA DBO SBOA ASBOA

F24 Ave 2.9901E + 03 3.2905E + 03 3.1149E + 03 3.1336E + 03 3.0194E + 03 3.2893E + 03 3.1666E + 03 2.8968E + 03 2.8927E + 03

Std 6.2950E + 01 8.6366E + 01 7.9857E + 01 1.1126E + 02 2.2172E + 01 1.2461E + 02 8.1229E + 01 2.9672E + 01 2.6696E + 01

F25 Ave 3.0381E + 03 3.2481E + 03 2.9788E + 03 2.9463E + 03 2.9113E + 03 3.2521E + 03 2.9751E + 03 2.9166E + 03 2.8945E + 03

Std 4.5243E + 01 7.3595E + 01 3.8086E + 01 3.3171E + 01 1.6496E + 01 4.3111E + 02 6.3021E + 01 1.8459E + 01 1.5357E + 01

F26 Ave 5.2368E + 03 8.4632E + 03 5.2479E + 03 6.7757E + 03 5.2332E + 03 7.5591E + 03 7.0555E + 03 4.2742E + 03 4.2665E + 03

Std 4.1051E + 02 7.8229E + 02 1.1876E + 03 1.5417E + 03 1.0252E + 03 1.4339E + 03 7.3806E + 02 7.0165E + 02 9.6336E + 02

F27 Ave 3.2747E + 03 3.4649E + 03 3.2718E + 03 3.3083E + 03 3.2764E + 03 3.4012E + 03 3.3430E + 03 3.2197E + 03 3.2369E + 03

Std 3.2270E + 01 1.3181E + 02 4.5448E + 01 5.8450E + 01 1.0555E + 01 1.1055E + 02 7.2699E + 01 1.0364E + 01 2.0743E + 01

F28 Ave 3.5110E + 03 3.8754E + 03 3.3900E + 03 3.3203E + 03 3.2697E + 03 4.0330E + 03 3.4302E + 03 3.2564E + 03 3.2115E + 03

Std 1.3557E + 02 2.8679E + 02 8.4041E + 01 3.5672E + 01 2.6502E + 01 1.0626E + 03 1.2173E + 02 2.7772E + 01 2.3774E + 01

F29 Ave 3.9982E + 03 5.6369E + 03 4.2045E + 03 4.4217E + 03 4.0253E + 03 4.5253E + 03 4.4956E + 03 3.5859E + 03 3.6083E + 03

Std 2.7911E + 02 7.2516E + 02 2.5532E + 02 3.3079E + 02 1.3423E + 02 3.7151E + 02 3.3631E + 02 1.4059E + 02 1.3820E + 02

F30 Ave 1.5848E + 07 6.0262E + 07 3.2593E + 06 1.7860E + 06 1.1947E + 05 9.1625E + 06 3.8208E + 06 4.7996E + 04 2.8251E + 04

Std 1.4117E + 07 4.3714E + 07 2.5084E + 06 1.0305E + 06 7.9113E + 04 2.0586E + 07 4.7949E + 06 8.1250E + 04 1.9413E + 04

https://doi.org/10.1371/journal.pone.0329705.t002

Table 2.  (Continued)

https://doi.org/10.1371/journal.pone.0329705.t002
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Table 3.  CEC2017 benchmark function experiment results(dim = 100).

ID Metric GWO WOA AVOA PSO CPO BKA DBO SBOA ASBOA

F1 Ave 8.1627E + 10 1.1039E + 11 3.4023E + 10 1.2209E + 10 1.3923E + 10 1.5659E + 11 8.5771E + 10 1.5737E + 10 2.4025E + 09

Std 1.2079E + 10 1.1775E + 10 7.0004E + 09 4.1538E + 09 3.2685E + 09 4.4050E + 10 6.7686E + 10 6.6470E + 09 2.1810E + 09

F2 Ave 1.6815E + 143 8.3502E + 175 3.1081E + 128 2.0201E + 143 3.2541E + 127 6.6701E + 167 3.8337E + 154 1.4262E + 117 1.4744E + 121

Std 5.8972E + 143 6.5535E + 04 1.6367E + 129 1.0009E + 144 1.7578E + 128 6.5535E + 04 6.5535E + 04 5.4608E + 117 7.8786E + 121

F3 Ave 5.1650E + 05 9.1532E + 05 5.8899E + 05 4.3642E + 05 4.5532E + 05 2.6826E + 05 6.0173E + 05 3.4653E + 05 2.5823E + 05

Std 7.9944E + 04 1.4066E + 05 1.0843E + 05 1.8923E + 05 4.9811E + 04 3.1512E + 04 2.3957E + 05 4.8887E + 04 2.4877E + 04

F4 Ave 9.0876E + 03 2.1697E + 04 3.7694E + 03 2.7978E + 03 2.3811E + 03 3.7308E + 04 1.6354E + 04 1.7709E + 03 1.1814E + 03

Std 2.1705E + 03 4.3326E + 03 1.0212E + 03 8.0101E + 02 4.4831E + 02 2.9648E + 04 1.4657E + 04 4.3475E + 02 1.5957E + 02

F5 Ave 1.3686E + 03 1.9425E + 03 1.7065E + 03 1.4034E + 03 1.6516E + 03 1.5678E + 03 1.6552E + 03 1.1748E + 03 1.0789E + 03

Std 1.1045E + 02 1.0522E + 02 7.6141E + 01 4.7614E + 01 4.4734E + 01 1.6934E + 02 2.0786E + 02 6.4626E + 01 7.0628E + 01

F6 Ave 6.5501E + 02 7.0729E + 02 6.7237E + 02 6.6786E + 02 6.4105E + 02 6.8126E + 02 6.7985E + 02 6.3850E + 02 6.3473E + 02

Std 4.4009E + 00 9.6743E + 00 1.1530E + 01 3.6854E + 00 5.9084E + 00 8.3803E + 00 1.3186E + 01 5.2871E + 00 7.2246E + 00

F7 Ave 2.4992E + 03 3.7358E + 03 2.4938E + 03 3.2361E + 03 2.3836E + 03 3.3919E + 03 2.9524E + 03 2.3944E + 03 2.1076E + 03

Std 1.1968E + 02 1.4941E + 02 1.6323E + 02 1.3862E + 02 1.1288E + 02 1.5205E + 02 3.0192E + 02 1.7692E + 02 1.7007E + 02

F8 Ave 1.6957E + 03 2.3757E + 03 2.0114E + 03 1.8110E + 03 1.9829E + 03 2.0504E + 03 2.1674E + 03 1.5413E + 03 1.3923E + 03

Std 1.0785E + 02 9.4640E + 01 8.4019E + 01 7.3014E + 01 6.2774E + 01 1.6873E + 02 2.3966E + 02 7.7929E + 01 8.9841E + 01

F9 Ave 5.1107E + 04 7.9810E + 04 6.1771E + 04 2.9942E + 04 4.7973E + 04 3.8158E + 04 7.5716E + 04 2.7180E + 04 2.5191E + 04

Std 9.2381E + 03 1.3387E + 04 1.7620E + 04 2.7638E + 03 6.9991E + 03 1.1640E + 04 9.5710E + 03 5.1791E + 03 4.8123E + 03

F10 Ave 2.6349E + 04 2.9108E + 04 3.0041E + 04 1.8525E + 04 3.0804E + 04 2.0476E + 04 2.7164E + 04 1.6969E + 04 1.6685E + 04

Std 6.3356E + 03 1.6179E + 03 1.3253E + 03 2.3244E + 03 5.3352E + 02 3.8242E + 03 4.5203E + 03 1.4771E + 03 1.4892E + 03

F11 Ave 8.7030E + 04 2.6835E + 05 8.6258E + 04 1.0611E + 05 9.4869E + 04 7.3728E + 04 2.3424E + 05 3.5870E + 04 1.8439E + 04

Std 1.6759E + 04 8.3832E + 04 3.1259E + 04 2.2486E + 04 1.5332E + 04 5.3150E + 04 5.3418E + 04 1.2132E + 04 5.1933E + 03

F12 Ave 2.0156E + 10 3.0355E + 10 1.5464E + 10 9.2784E + 08 8.3200E + 08 6.1021E + 10 7.4815E + 09 3.2185E + 08 8.5244E + 07

Std 7.9450E + 09 5.3706E + 09 8.8599E + 09 3.7592E + 08 1.9934E + 08 4.1211E + 10 2.4971E + 09 1.1544E + 08 3.8464E + 07

F13 Ave 3.2778E + 09 2.7431E + 09 1.1729E + 09 8.8627E + 05 1.7755E + 05 1.0706E + 10 2.8879E + 08 3.9689E + 05 1.1022E + 04

Std 1.6700E + 09 9.6783E + 08 1.2953E + 09 2.7719E + 06 1.0759E + 05 9.9726E + 09 2.2658E + 08 1.7547E + 06 4.3376E + 03

F14 Ave 8.7662E + 06 2.3398E + 07 1.2231E + 07 9.4961E + 06 4.2768E + 06 3.2616E + 06 1.6195E + 07 3.6101E + 06 5.0188E + 05

Std 4.4618E + 06 8.4092E + 06 5.0261E + 06 5.3613E + 06 1.9950E + 06 3.8403E + 06 1.0292E + 07 2.1867E + 06 2.8425E + 05

F15 Ave 4.5248E + 08 4.4400E + 08 4.5995E + 08 1.6129E + 05 9.8113E + 03 2.8410E + 09 6.6173E + 07 1.4506E + 04 4.8196E + 03

Std 5.7468E + 08 2.0600E + 08 5.9208E + 08 3.1141E + 05 3.0233E + 03 5.2798E + 09 1.1363E + 08 3.3853E + 04 3.9282E + 03

F16 Ave 7.5534E + 03 1.6874E + 04 9.8400E + 03 7.7752E + 03 1.0315E + 04 1.0863E + 04 9.4588E + 03 5.4975E + 03 5.2308E + 03

Std 1.2377E + 03 2.7276E + 03 6.0531E + 02 7.7170E + 02 5.6558E + 02 4.1039E + 03 1.9656E + 03 6.4089E + 02 5.6236E + 02

F17 Ave 6.3390E + 03 2.6347E + 04 8.0398E + 03 6.6399E + 03 6.9283E + 03 3.7569E + 04 9.0508E + 03 5.0501E + 03 4.3839E + 03

Std 1.6197E + 03 2.5914E + 04 7.9129E + 02 7.0075E + 02 4.0460E + 02 8.0983E + 04 1.2045E + 03 6.3883E + 02 5.0968E + 02

F18 Ave 1.2730E + 07 1.5355E + 07 1.8729E + 07 7.8847E + 06 5.3850E + 06 1.6856E + 07 2.8409E + 07 4.7219E + 06 9.3643E + 05

Std 1.0567E + 07 7.9635E + 06 8.4628E + 06 3.6961E + 06 2.2523E + 06 4.4932E + 07 1.5742E + 07 2.2046E + 06 5.1013E + 05

F19 Ave 6.4167E + 08 5.1854E + 08 2.9899E + 08 3.0467E + 06 1.2608E + 04 2.5379E + 09 8.5241E + 07 8.2436E + 03 5.9797E + 03

Std 6.0669E + 08 3.2211E + 08 2.4101E + 08 2.7465E + 06 1.0569E + 04 4.9608E + 09 5.9769E + 07 6.3005E + 03 5.1475E + 03

F20 Ave 6.3628E + 03 7.1164E + 03 7.0111E + 03 5.9706E + 03 7.2599E + 03 5.6554E + 03 7.3577E + 03 4.9848E + 03 4.8395E + 03

Std 1.1464E + 03 4.8065E + 02 4.8934E + 02 5.1726E + 02 3.1480E + 02 4.3774E + 02 7.2746E + 02 5.1440E + 02 5.4989E + 02

F21 Ave 3.2639E + 03 4.4929E + 03 3.7311E + 03 3.7390E + 03 3.3792E + 03 4.1228E + 03 4.0309E + 03 2.9512E + 03 2.8436E + 03

Std 1.6152E + 02 1.8417E + 02 1.1092E + 02 2.1890E + 02 5.3332E + 01 2.8966E + 02 1.7079E + 02 6.8074E + 01 9.5788E + 01

F22 Ave 2.9855E + 04 3.1729E + 04 3.2753E + 04 2.1763E + 04 3.2973E + 04 2.3821E + 04 2.9222E + 04 1.9092E + 04 1.9555E + 04

Std 6.1213E + 03 1.7661E + 03 1.3897E + 03 1.8213E + 03 9.9487E + 02 3.2508E + 03 4.6128E + 03 4.9149E + 03 3.4403E + 03

F23 Ave 3.8574E + 03 5.3473E + 03 4.8203E + 03 4.3475E + 03 3.9937E + 03 5.1303E + 03 4.7240E + 03 3.3962E + 03 3.4285E + 03

(Continued)
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preventing them from obtaining better solutions. Furthermore, as the dimension increases, ASBOA’s convergence curve 
stands out among all the algorithms. This demonstrates the effectiveness and competitiveness of the three strategies 
integrated into ASBOA.

For the hybrid functions CEC2017-F18 and CEC2022-F11 convergence curves, ASBOA also provides the best results. 
Despite the complex topology of these functions, ASBOA’s convergence curve continues to decrease until the end of the 
iterations, indicating that it consistently improves the quality of the current solution. This demonstrates ASBOA’s ability to 
effectively navigate through challenging optimization landscapes.

For the combinatorial functions CEC2017 F22 and F30 convergence curves, ASBOA does not show a significant 
advantage on the high-dimensional F22, but it still performs relatively well compared to other algorithms. On F30, the 
results of SBOA and ASBOA are similar, but ASBOA’s relative advantage is more noticeable. In conclusion, it can be 
deduced that ASBOA exhibits good convergence behavior on these problems, particularly in terms of maintaining stability 
and finding competitive solutions.

4.5  Robustness analysis

To further confirm the robustness and stability of the algorithm, boxplots illustrating the performance of each algorithm 
on representative functions were generated, as shown in Fig 8. The figure clearly reveals that the data distribution for 
ASBOA is generally more concentrated, indicating its robust and stable search capability. This can be attributed to the 
three enhancement mechanisms embedded within ASBOA, which continuously refine the search process and mitigate 
the impact of complex problems. Additionally, while the data distributions for GWO, PSO, CPO, and SBOA are relatively 
stable, their boxplots are positioned higher, indirectly suggesting that these algorithms may not offer a distinct advantage, 
with their robustness and stability falling short compared to ASBOA.

4.6  Wilcoxon rank sum test

To comprehensively demonstrate the superiority of the proposed algorithm, this section uses the Wilcoxon rank-sum 
test to evaluate the performance of ASBOA in each experiment and compares it with other algorithms at a significance 

ID Metric GWO WOA AVOA PSO CPO BKA DBO SBOA ASBOA

Std 9.5350E + 01 2.5995E + 02 3.5392E + 02 1.8445E + 02 5.2134E + 01 4.1083E + 02 2.9378E + 02 8.1769E + 01 9.6113E + 01

F24 Ave 4.8355E + 03 6.7354E + 03 5.9567E + 03 5.4747E + 03 4.5634E + 03 6.9374E + 03 6.2052E + 03 4.0239E + 03 4.0752E + 03

Std 2.0191E + 02 4.3351E + 02 5.1883E + 02 3.8061E + 02 6.5924E + 01 7.1080E + 02 4.5925E + 02 8.3326E + 01 1.2777E + 02

F25 Ave 8.4239E + 03 1.1002E + 04 5.5970E + 03 4.7997E + 03 4.9310E + 03 1.3234E + 04 1.1432E + 04 4.2326E + 03 3.8746E + 03

Std 9.6393E + 02 1.0215E + 03 7.5256E + 02 2.9156E + 02 3.5402E + 02 4.5584E + 03 7.0276E + 03 2.2783E + 02 1.4000E + 02

F26 Ave 1.9796E + 04 3.8174E + 04 1.9808E + 04 2.6113E + 04 2.1053E + 04 3.7476E + 04 2.6100E + 04 1.8669E + 04 1.8074E + 04

Std 1.7222E + 03 4.0382E + 03 3.4478E + 03 3.2695E + 03 1.4967E + 03 7.7495E + 03 3.0533E + 03 3.6526E + 03 4.2606E + 03

F27 Ave 4.5998E + 03 6.2748E + 03 3.9520E + 03 4.4476E + 03 4.2060E + 03 6.2062E + 03 4.6967E + 03 3.7336E + 03 3.8995E + 03

Std 2.1567E + 02 7.2518E + 02 2.1677E + 02 3.5944E + 02 1.0177E + 02 1.2058E + 03 5.3100E + 02 9.6446E + 01 1.5730E + 02

F28 Ave 1.1230E + 04 1.5162E + 04 7.0611E + 03 5.8621E + 03 6.1154E + 03 1.7376E + 04 1.8782E + 04 5.0339E + 03 4.3588E + 03

Std 1.3497E + 03 1.1805E + 03 2.5800E + 03 6.6161E + 02 5.8837E + 02 3.9599E + 03 5.2733E + 03 4.1148E + 02 3.5816E + 02

F29 Ave 1.0546E + 04 2.0622E + 04 1.1204E + 04 9.9529E + 03 1.0308E + 04 1.7491E + 04 1.2484E + 04 7.2246E + 03 7.1907E + 03

Std 7.7965E + 02 3.5852E + 03 6.5963E + 02 1.2442E + 03 4.0208E + 02 2.3441E + 04 2.8336E + 03 7.2325E + 02 6.0593E + 02

F30 Ave 2.5203E + 09 2.7949E + 09 8.8451E + 08 6.8942E + 07 6.5988E + 06 4.4661E + 09 2.4111E + 08 1.0543E + 06 4.9827E + 05

Std 1.7069E + 09 1.1778E + 09 5.8621E + 08 3.0832E + 07 4.0942E + 06 4.5371E + 09 1.2250E + 08 9.4415E + 05 4.2619E + 05

https://doi.org/10.1371/journal.pone.0329705.t003

Table 3.  (Continued)
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level of p = 0.05. The null hypothesis (H0) is that there is no significant difference between the two algorithms. 
When the p-value is less than 0.05, the null hypothesis is rejected, indicating a significant difference between the two 
algorithms. When the p-value is greater than 0.05, the null hypothesis is accepted, suggesting that the performance 

Table 4.  CEC2022 benchmark function experiment results(dim = 20).

ID Metric GWO WOA AVOA PSO CPO BKA DBO SBOA ASBOA

F1 Ave 1.5045E + 04 3.9432E + 04 5.9647E + 03 2.1850E + 04 1.2590E + 04 6.6160E + 03 3.8336E + 04 2.6367E + 03 3.4377E + 02

Std 3.6442E + 03 1.1962E + 04 2.4314E + 03 8.6053E + 03 2.9691E + 03 7.9100E + 03 1.3227E + 04 1.7940E + 03 4.1912E + 01

F2 Ave 5.1986E + 02 6.1166E + 02 4.7644E + 02 4.9437E + 02 4.6254E + 02 5.8181E + 02 4.9167E + 02 4.6640E + 02 4.5017E + 02

Std 5.4982E + 01 7.9513E + 01 2.5992E + 01 3.8936E + 01 1.1309E + 01 2.2048E + 02 5.0699E + 01 2.3655E + 01 1.6099E + 01

F3 Ave 6.0873E + 02 6.7325E + 02 6.1131E + 02 6.4703E + 02 6.0029E + 02 6.5165E + 02 6.3787E + 02 6.0068E + 02 6.0019E + 02

Std 3.1977E + 00 1.4247E + 01 4.8708E + 00 8.2229E + 00 1.7604E-01 8.9350E + 00 1.5282E + 01 2.2734E + 00 4.5843E-01

F4 Ave 8.8671E + 02 9.3580E + 02 9.0707E + 02 8.9007E + 02 9.0241E + 02 8.8305E + 02 9.1260E + 02 8.3893E + 02 8.4484E + 02

Std 3.8216E + 01 2.7288E + 01 1.7241E + 01 1.9008E + 01 1.1082E + 01 2.2837E + 01 2.8315E + 01 1.2066E + 01 1.5469E + 01

F5 Ave 1.4008E + 03 4.1011E + 03 1.0477E + 03 2.3986E + 03 9.1471E + 02 2.0894E + 03 2.4622E + 03 9.6676E + 02 9.4725E + 02

Std 3.7638E + 02 1.4620E + 03 1.1872E + 02 3.3868E + 02 2.1238E + 01 2.9499E + 02 7.1256E + 02 1.0817E + 02 1.4281E + 02

F6 Ave 1.0394E + 07 6.0639E + 06 2.6451E + 06 5.4096E + 03 1.8402E + 04 4.7515E + 06 9.1529E + 05 6.4370E + 03 4.2304E + 03

Std 1.8239E + 07 7.3043E + 06 4.9267E + 06 4.3230E + 03 8.5434E + 03 2.1338E + 07 1.6243E + 06 6.0192E + 03 2.7792E + 03

F7 Ave 2.0959E + 03 2.2426E + 03 2.1097E + 03 2.1770E + 03 2.0650E + 03 2.1268E + 03 2.1344E + 03 2.0429E + 03 2.0429E + 03

Std 3.8107E + 01 7.1472E + 01 4.3330E + 01 5.8662E + 01 1.2304E + 01 4.1327E + 01 4.4251E + 01 1.1659E + 01 1.4823E + 01

F8 Ave 2.2357E + 03 2.2974E + 03 2.2923E + 03 2.2585E + 03 2.2323E + 03 2.2867E + 03 2.3316E + 03 2.2275E + 03 2.2297E + 03

Std 1.2923E + 01 8.4007E + 01 6.9865E + 01 4.4529E + 01 1.4389E + 00 6.6618E + 01 8.9683E + 01 4.4516E + 00 2.2361E + 01

F9 Ave 2.5147E + 03 2.5837E + 03 2.4982E + 03 2.4887E + 03 2.4817E + 03 2.5240E + 03 2.5076E + 03 2.4808E + 03 2.4808E + 03

Std 1.9040E + 01 3.9644E + 01 2.7473E + 01 7.1436E + 00 4.1531E-01 5.6014E + 01 2.7049E + 01 3.3958E-03 6.4292E-04

F10 Ave 3.6407E + 03 5.0413E + 03 4.1329E + 03 3.8400E + 03 2.5270E + 03 4.4677E + 03 3.2652E + 03 2.7596E + 03 2.7005E + 03

Std 1.4713E + 03 1.1347E + 03 9.7405E + 02 9.0026E + 02 6.7741E + 01 1.1469E + 03 1.1733E + 03 4.3208E + 02 2.9444E + 02

F11 Ave 3.7446E + 03 4.3326E + 03 3.4297E + 03 2.9639E + 03 2.8889E + 03 4.6588E + 03 3.3185E + 03 2.9068E + 03 2.9400E + 03

Std 2.9497E + 02 1.2394E + 03 3.8123E + 02 1.6866E + 02 1.0494E + 02 1.5833E + 03 8.2955E + 02 9.4485E + 01 4.9827E + 01

F12 Ave 2.9735E + 03 3.1214E + 03 3.0028E + 03 3.0020E + 03 2.9880E + 03 3.0758E + 03 3.0624E + 03 2.9435E + 03 2.9668E + 03

Std 1.7546E + 01 1.3561E + 02 4.9648E + 01 3.9451E + 01 1.1415E + 01 1.1574E + 02 7.9996E + 01 6.4081E + 00 1.4809E + 01

https://doi.org/10.1371/journal.pone.0329705.t004

Fig 6.  Ranking distribution statistics.

https://doi.org/10.1371/journal.pone.0329705.g006
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difference between the two algorithms is not significant, i.e., the algorithms perform similarly. The differences between 
the algorithms are presented in graphical form, with sections where the p-value is greater than 0.05 highlighted. The 
test results are shown in Tables 5–7.

As shown in the table, the data marked as highlighted is relatively sparse, and there are fewer significant differences 
across the three dimensions, indicating that the newly proposed ASBOA demonstrates a clear distinction from the com-
pared metaheuristic algorithms. Therefore, ASBOA exhibits excellent overall performance among various metaheuristic 
algorithms, suggesting that the three strategies we introduced effectively enhance the algorithm’s convergence speed and 
solution accuracy, showing significant differences when compared with other algorithms.

Fig 7.  Convergence curves of different algorithms on CEC2017 functions (dim = 30,100) and CEC2022(dim = 30).

https://doi.org/10.1371/journal.pone.0329705.g007

https://doi.org/10.1371/journal.pone.0329705.g007
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4.7  Time cost comparison between ASBOA and SBOA

Based on the previous research results, the improved ASBOA significantly outperforms the traditional SBOA in terms of 
overall performance. This section will focus on analyzing the differences in computational time between the two algo-
rithms. To ensure fairness, the parameter settings for both ASBOA and SBOA are kept consistent with those used earlier. 
Additionally, the average runtime of the algorithms over 30 independent experiments is recorded. Fig 9 illustrates the aver-
age computational time (in seconds) required by each algorithm to solve every test function.

The experimental results on the CEC 2017 benchmark set (dim = 30) show that for unimodal functions and some rel-
atively simple multimodal functions, the execution times of ASBOA and SBOA are essentially the same. However, when 
faced with more complex hybrid functions, ASBOA typically requires more computational time than SBOA. This suggests 
that ASBOA exhibits higher computational efficiency when tackling more complex problems. Compared to the standard 
SBOA, ASBOA not only employs a more efficient search strategy but also performs better in terms of global search ability 

Fig 8.  Box plots of different algorithms on CEC2017 functions (dim = 30,100) and CEC2022 functions (dim = 20).

https://doi.org/10.1371/journal.pone.0329705.g008

https://doi.org/10.1371/journal.pone.0329705.g008
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and local convergence speed. Overall, ASBOA achieves higher solution accuracy than SBOA on most test functions, and 
the slight increase in runtime is negligible.

4.8  Exploration pattern analysis

In this section, the optimization performance of ASBOA during the search process is analyzed using search paths, aver-
age fitness values, search trajectories, and convergence trend plots. The convergence trend reflects the best fitness value 
achieved at each iteration, while the average fitness value represents the mean fitness level of all individuals at each iter-
ation. The trajectory curve records the dynamic changes in the first dimension during the search process, and the search 
path intuitively presents the distribution of visited locations throughout the optimization process.

The second column of Fig 10 illustrates the evolution curves of the average fitness values for SBOA and ASBOA, high-
lighting the competitive advantage of ASBOA. Compared to SBOA, ASBOA identifies solutions progressively closer to the 
optimal solution of the test functions as iterations proceed. The third column depicts the search trajectories of ASBOA in 

Table 5. P-value on CEC2017 (dim = 30).

Function GWO WOA AVOA PSO CPO BKA DBO SBOA

F1 3.0199E-11 3.0199E-11 3.0199E-11 6.6955E-11 3.0199E-11 3.0199E-11 3.0199E-11 4.5726E-09

F2 3.0199E-11 3.0199E-11 3.0199E-11 3.3384E-11 4.0772E-11 3.0199E-11 3.0199E-11 1.7294E-07

F3 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.3384E-11 3.0199E-11 3.6897E-11

F4 3.0199E-11 3.0199E-11 3.0199E-11 2.1947E-08 2.8314E-08 3.0199E-11 3.0199E-11 2.2780E-05

F5 1.4110E-09 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 6.3088E-01

F6 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.5638E-04 3.0199E-11 3.0199E-11 4.7138E-04

F7 3.6897E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.7782E-02

F8 1.4294E-08 3.0199E-11 3.0199E-11 4.5043E-11 3.0199E-11 4.0772E-11 3.0199E-11 1.0000E + 00

F9 8.8910E-10 3.0199E-11 1.5292E-05 3.0199E-11 1.1882E-01 3.6897E-11 3.0199E-11 1.1536E-01

F10 3.6459E-08 3.0199E-11 3.0199E-11 7.0881E-08 3.0199E-11 6.7220E-10 8.9934E-11 2.1566E-03

F11 3.0199E-11 3.0199E-11 3.0199E-11 3.4971E-09 3.1967E-09 4.5043E-11 3.6897E-11 4.3531E-05

F12 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 8.1014E-10 3.0199E-11 3.0199E-11 3.1589E-10

F13 3.0199E-11 3.0199E-11 3.0199E-11 1.6132E-10 2.2360E-02 3.6897E-11 8.8910E-10 3.4783E-01

F14 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 5.9673E-09 3.0199E-11 3.0199E-11 3.0199E-11

F15 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 4.6427E-01 6.6955E-11 1.9568E-10 1.0763E-02

F16 1.1674E-05 3.0199E-11 1.0702E-09 1.9568E-10 3.0199E-11 5.4941E-11 1.7769E-10 7.6183E-03

F17 6.2828E-06 6.0658E-11 6.7362E-06 2.0338E-09 4.1178E-06 3.8249E-09 3.3384E-11 1.2235E-01

F18 6.0658E-11 3.0199E-11 3.0199E-11 3.0199E-11 1.6132E-10 3.1589E-10 6.0658E-11 3.0199E-11

F19 3.0199E-11 3.0199E-11 3.0199E-11 1.0937E-10 1.3272E-02 5.4941E-11 3.3384E-11 3.0317E-02

F20 7.9590E-03 8.9934E-11 7.2951E-04 6.5183E-09 3.3679E-04 2.5974E-05 1.4110E-09 9.0490E-02

F21 7.3891E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 9.9410E-04

F22 3.0199E-11 3.0199E-11 3.0199E-11 1.7769E-10 4.9752E-11 3.0199E-11 3.0199E-11 2.7726E-05

F23 1.8500E-08 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.6322E-01

F24 1.6947E-09 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 7.0617E-03

F25 3.0199E-11 3.0199E-11 1.0937E-10 1.6947E-09 1.0188E-05 3.0199E-11 3.4742E-10 3.3681E-05

F26 5.1857E-07 3.0199E-11 2.6243E-03 2.8314E-08 4.4205E-06 6.7220E-10 6.0658E-11 8.3026E-01

F27 1.6062E-06 3.6897E-11 9.2113E-05 3.1967E-09 1.3111E-08 6.0658E-11 2.0338E-09 1.1058E-04

F28 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 1.8567E-09 3.0199E-11 3.0199E-11 8.3520E-08

F29 7.0881E-08 3.0199E-11 1.6132E-10 4.9752E-11 3.1589E-10 4.5043E-11 3.0199E-11 3.9527E-01

F30 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 2.6695E-09 3.0199E-11 7.1186E-09 7.3940E-03

https://doi.org/10.1371/journal.pone.0329705.t005
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the first dimension, demonstrating its ability to initially explore potential high-quality regions during the exploration phase, 
followed by transitioning into an exploitation phase that focuses on refining the identified superior regions to enhance 
solution precision.

The fourth column shows the convergence curves of ASBOA across various test functions, displaying a rapid decline 
trend that indicates its efficiency in approaching the optimal solutions. The fifth column visualizes the positional changes of 
particles during the optimization process. It can be observed that ASBOA exhibits a flexible search pattern across differ-
ent stages: initially performing a comprehensive exploration of the entire search space, then gradually concentrating on 
smaller regions for in-depth exploitation, and ultimately locating solutions that are closest to the optimal.

4.9  Applied ASBOA for Wireless Sensor Network Deployment

In the experiment, N  nodes of the wireless sensor network are randomly deployed in an m× n area. Specifically, N = 30 
represents the number of nodes, and the area covered is m× n = 50× 50. The communication radius of the sensors is set 

Table 6. P-value on CEC2017 (dim = 100).

Function GWO WOA PSO AVOA CPO BKA DBO SBOA

F1 3.0199E-11 3.0199E-11 3.0199E-11 8.1527E-11 3.6897E-11 3.0199E-11 3.0199E-11 1.7769E-10

F2 6.6955E-11 3.0199E-11 2.6099E-10 3.0199E-11 2.3168E-06 3.0199E-11 3.0199E-11 1.0315E-02

F3 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 4.9178E-01 3.0199E-11 9.9186E-11

F4 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 1.2870E-09

F5 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 6.7362E-06

F6 6.0658E-11 3.0199E-11 3.0199E-11 3.0199E-11 1.2362E-03 3.0199E-11 3.0199E-11 3.9167E-02

F7 3.1589E-10 3.0199E-11 8.8910E-10 3.0199E-11 4.3106E-08 3.0199E-11 3.0199E-11 3.0103E-07

F8 1.0937E-10 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 2.0283E-07

F9 4.9752E-11 3.0199E-11 4.0772E-11 2.6806E-04 4.0772E-11 9.7555E-10 3.0199E-11 1.4945E-01

F10 2.6099E-10 3.0199E-11 3.0199E-11 6.2027E-04 3.0199E-11 5.5329E-08 4.5043E-11 5.1060E-01

F11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 9.8329E-08

F12 3.0199E-11 3.0199E-11 3.0199E-11 3.3384E-11 3.0199E-11 3.0199E-11 3.0199E-11 5.4941E-11

F13 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 7.3891E-11

F14 3.0199E-11 3.0199E-11 3.0199E-11 4.9752E-11 3.0199E-11 6.7220E-10 3.0199E-11 4.9752E-11

F15 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 1.5964E-07 3.0199E-11 3.0199E-11 7.6588E-05

F16 4.5043E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 2.0095E-01

F17 1.6132E-10 3.0199E-11 3.0199E-11 4.5043E-11 3.0199E-11 4.0772E-11 3.0199E-11 4.9426E-05

F18 3.6897E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 4.9980E-09 3.0199E-11 4.0772E-11

F19 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 7.2208E-06 3.0199E-11 3.0199E-11 2.4157E-02

F20 2.1959E-07 3.3384E-11 4.0772E-11 1.8500E-08 3.0199E-11 1.5964E-07 8.9934E-11 3.4783E-01

F21 3.3384E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 2.9590E-05

F22 6.7220E-10 3.0199E-11 3.0199E-11 6.9125E-04 3.0199E-11 1.5465E-09 9.9186E-11 6.9522E-01

F23 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 2.4581E-01

F24 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 1.8577E-01

F25 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 4.9980E-09

F26 5.7460E-02 3.0199E-11 3.3874E-02 4.5726E-09 7.2951E-04 3.3384E-11 1.4110E-09 8.8830E-01

F27 5.4941E-11 3.0199E-11 4.7335E-01 9.2603E-09 2.0338E-09 3.0199E-11 1.7769E-10 6.7650E-05

F28 3.0199E-11 3.0199E-11 1.2870E-09 8.9934E-11 3.6897E-11 3.0199E-11 3.0199E-11 1.5964E-07

F29 3.0199E-11 3.0199E-11 3.0199E-11 4.0772E-11 3.0199E-11 3.0199E-11 3.0199E-11 8.3026E-01

F30 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 7.1988E-05

https://doi.org/10.1371/journal.pone.0329705.t006
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to RT = 5 for one case and RT = 10 for another. To compare the performance of the algorithms, the parameters of all algo-
rithms in the fitness function are set to be identical, as shown in Table 1. The population size for all algorithms is set to 30, 
and the number of iterations is set to 500. To ensure the fairness of the experiment, 30 independent runs were conducted 
with the same environment and parameter settings to eliminate randomness, and the relevant experimental results were 
recorded. The minimum (Min), maximum (Max), median (Median), mean (Mean), standard deviation (Std) and number of 
failed nodes (FN) for each comparison algorithm were statistically analyzed, with the optimal values highlighted in bold in 
Table 8. In this study, the faulty nodes are randomly selected to simulate unpredictable node failures in real-world wireless 

Table 7. P-value on CEC2022 (dim = 20).

Function GWO WOA PSO AVOA CPO BKA DBO SBOA

F1 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11

F2 1.1737E-09 3.0199E-11 3.0103E-07 1.2023E-08 7.0430E-07 5.4941E-11 7.7387E-06 8.1465E-05

F3 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 2.4913E-06 3.0199E-11 3.0199E-11 1.5638E-02

F4 2.4327E-05 3.0199E-11 4.5043E-11 8.1014E-10 3.6897E-11 2.3897E-08 4.5043E-11 2.3399E-01

F5 1.6947E-09 3.0199E-11 1.3594E-07 3.0199E-11 4.6756E-02 4.0772E-11 3.6897E-11 1.1143E-03

F6 3.0199E-11 3.0199E-11 3.0199E-11 4.5530E-01 3.4742E-10 2.1959E-07 5.5329E-08 9.5767E-03

F7 7.1186E-09 3.0199E-11 2.3715E-10 3.3384E-11 2.5721E-07 7.3891E-11 6.0658E-11 4.9937E-02

F8 4.9980E-09 2.8716E-10 1.9568E-10 4.9980E-09 6.7220E-10 3.1589E-10 5.0723E-10 4.0288E-02

F9 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0199E-11 3.0939E-06

F10 8.1200E-04 5.9673E-09 6.0104E-08 2.3768E-07 4.9327E-02 2.8314E-08 1.1228E-02 1.1882E-01

F11 3.0199E-11 3.0199E-11 3.0199E-11 1.0315E-02 1.5798E-01 3.0199E-11 1.7294E-07 2.7086E-02

F12 1.7145E-01 3.6897E-11 2.7548E-03 4.6390E-05 1.3853E-06 3.3520E-08 3.6459E-08 1.8567E-09

https://doi.org/10.1371/journal.pone.0329705.t007

Fig 9.  Comparison of computation time cost between ASBOA and SBOA.

https://doi.org/10.1371/journal.pone.0329705.g009
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Fig 10.  Different indexes change in ASBOA optimization process.

https://doi.org/10.1371/journal.pone.0329705.g010
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sensor networks caused by energy depletion or environmental factors. The convergence curves of different algorithms in 
the WSN are shown in Fig 11, and the node deployment optimized by each algorithm is shown in Fig 12.

As observed from Table 8, the performance of the proposed Multi-strategy Gray Wolf Optimization Algorithm (ASBOA) 
in the Wireless Sensor Network (WSN) is significantly better than that of the other comparison algorithms in terms of 
the minimum (Min), maximum (Max), median (Median), and mean (Mean) values. This indicates that ASBOA achieves 
superior results, attaining better coverage, with a maximum coverage rate of 88.32%, compared to 87.20% for the stan-
dard SBOA. ASBOA thus demonstrates an improvement of 1.12% over SBOA. Furthermore, the average coverage rate 
of ASBOA is also much lower than that of the other comparison algorithms, which suggests that the proposed ASBOA 
exhibits strong robustness for this problem, outperforming other algorithms. In terms of the number of failed nodes, the 
proposed ASBOA demonstrates superior performance with only 2 failed nodes out of a total of 30 nodes. In comparison, 
the standard SBOA and the recently proposed CPO each have 4 failed nodes. The WOA exhibits the highest number of 
failed nodes at 7, followed by PSO, DBO, and BKA, each with 6 failed nodes. These results indicate that ASBOA is more 
suitable for WSM problems than these other algorithms. These results confirm that the proposed ASBOA demonstrates 

Table 8.  Statistics of WSN experiment results.

Algorithm Min Median Max Mean Std FN

GWO 81.72% 84.72% 87.08% 84.49% 1.35% 5

WOA 70.64% 75.98% 80.88% 76.09% 2.12% 7

PSO 74.12% 76.50% 79.16% 76.56% 1.27% 6

AVOA 80.44% 84.36% 86.44% 84.13% 1.66% 5

CPO 73.44% 74.86% 76.40% 75.00% 0.96% 4

BKA 73.32% 81.52% 83.44% 80.98% 2.20% 6

DBO 77.04% 82.98% 85.24% 82.73% 1.76% 6

SBOA 81.88% 85.34% 87.20% 85.27% 1.25% 4

ASBOA 82.68% 85.76% 88.32% 86.47% 0.72% 2

https://doi.org/10.1371/journal.pone.0329705.t008

Fig 11.  WSN convergence curve.

https://doi.org/10.1371/journal.pone.0329705.g011
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outstanding optimization performance in WSNs, providing a powerful tool for solving the wireless sensor network node 
deployment problem.

As shown in Fig 11, although ASBOA does not converge as quickly as GWO, WOA, BKA, AVOA, PSO, and CPO in 
the early iterations, it continues to improve as the number of iterations increases and ultimately achieves better results. In 
contrast, other algorithms become trapped in local optima and fail to find better solutions. This suggests that the proposed 
ASBOA has excellent potential for solving the wireless sensor network (WSN) node deployment optimization problem. As 
seen in Fig 12, compared to the node deployments optimized by other algorithms, the deployment distribution optimized 
by ASBOA is more reasonable, with less overlap and fewer blank areas. Each node is deployed more evenly. In compar-
ison to the optimizations by other algorithms, such as WOA, CPO, and BKA, which show significant overlap of deployed 
nodes—an unreasonable outcome—ASBOA’s more rational deployment results in multiple benefits in terms of energy 
efficiency, coverage, data accuracy, network reliability, cost, and delay. This makes the entire network more sustainable, 
reliable, and cost-effective. From another perspective, this further validates the effectiveness of ASBOA.

4.10  Engineering optimization problem

4.10.1  Three-bar Truss Design Problem.  The three-bar truss design problem is a classic optimization problem widely 
applied in the field of civil engineering. The primary objective of this problem is to minimize the overall structural weight 
by optimizing design parameters, thereby improving material efficiency and the economic performance of the engineering 
structure. The design involves the adjustment of two key parameter variables, which directly affect the geometry and 

Fig 12.  WSN optimized by different algorithms.

https://doi.org/10.1371/journal.pone.0329705.g012
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dimensions of the truss, ultimately determining the structure’s mass and performance. The specific structural form of the 
three-bar truss is shown in Fig 13. The mathematical model of this problem is given by equation (20).

	 Consider −→x = [x1 x2] = [A1 A2] ,	 (20)

	 Minimize f
(−→x ) = l ∗

(
2
√
2x1 + x2

)
,	

	
Subject to g1(

−→x ) =
√
2x1 + x2√

2x21 + 2x1x2
P – σ ≤ 0,

	

	
g2(

−→x ) = x2√
2x21 + 2x1x2

P – σ ≤ 0,
	

	
g3(

−→x ) = 1√
2x2 + x1

P – σ ≤ 0,
	

	 Parameter range 0 ≤ x1, x2 ≤ 1,	

Where l = 100cm,P = 2KN/cm2,σ = 2KN/cm2.
Table 9 presents the optimization results of ASBOA compared with other algorithms for the three-bar truss design prob-

lem. As can be seen, ASBOA achieves the best optimization result, with a value of 2.6390E + 02.
4.10.2  Tension/Compression Spring Design Problem.  This design problem falls within the field of mechanical 

design optimization, with the objective of achieving lightweight design by minimizing the weight of the tension/compression 
spring. The optimization task focuses on three key parameters of the spring: wire diameter (d), coil diameter (D), and 
number of coils (N). These parameters not only directly affect the weight of the spring but also determine its mechanical 
performance and service life under tension and compression conditions. By optimizing these variables in a reasonable 

Fig 13.  Three bar truss structure.

https://doi.org/10.1371/journal.pone.0329705.g013
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manner, material consumption and production costs can be significantly reduced while meeting the design strength and 
functional requirements. The geometric structure and working principle of this engineering problem are shown in Fig 14, 
with the detailed mathematical description provided by equation (21).

	 Consider: −→x =
[
x1 x2 x3

]
= [d D N],	 (21)

	 Minimize: f(−→x ) = (x3 + 2) x2x21,	

	
Subject to: g1(

−→x ) = 1 –
x32x3

71785x41
≤ 0,

	

	
g2(

−→x ) = 4x22 – x1x2
12566 (x2x31 – x

4
1)

+
1

5108x21
≤ 0

	

	
g3(

−→x ) = 1 –
140.45x1
x22x3

≤ 0,
	

Table 9.  Experimental results of three-bar truss design.

Algorithm Optimal values for Variable Optimal value Ranking

A1 A2

GWO 7.8690E-01 4.1331E-01 2.6390E + 02 6

WOA 7.5929E-01 4.9842E-01 2.6460E + 02 9

PSO 7.8328E-01 4.2371E-01 2.6392E + 02 7

AVOA 7.8153E-01 4.2885E-01 2.6393E + 02 8

CPO 7.8868E-01 4.0824E-01 2.6390E + 02 2

BKA 7.8863E-01 4.0837E-01 2.6390E + 02 4

DBO 7.8973E-01 4.0528E-01 2.6390E + 02 5

SBOA 7.8871E-01 4.0814E-01 2.6390E + 02 3

ASBOA 7.8868E-01 4.0825E-01 2.6390E + 02 1

https://doi.org/10.1371/journal.pone.0329705.t009

Fig 14.  Stretch/compress spring structure.
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g4(

−→x ) = x1 + x2
1.5

– 1 ≤ 0
	

	 Parameters range : 0.05 ≤ x1 ≤ 2, 0.25 ≤ x2 ≤ 1.3, 2 ≤ x3 ≤ 15.	

Table 10 presents the optimization results of AGRO compared with other algorithms for the tension/compression spring 
design problem. As shown, the optimization results of ASBOA outperform those of the other comparison algorithms, with 
the optimal value being 1.2668E-02.

4.10.3  Cantilever beam design problem.  The cantilever beam design problem is a typical engineering optimization 
problem, with the goal of optimizing the design of a five-cube hollow structure. The core task of this problem is to adjust 
key parameters in such a way that the cost is minimized while meeting strength, stiffness, and other specific design 
constraints. The optimization process requires balancing material efficiency, manufacturing complexity, and structural 
performance to achieve a cost-effective design solution. The structure of this problem is shown in Fig 15, which visually 
illustrates the geometry and design characteristics of the cantilever beam. The specific optimization objectives and 
constraints are given by equation (22).

Table 10.  Experimental results of tension/compression spring design.

Algorithm Optimal values for Variable Optimal value Ranking

d D N

GWO 5.4928E-02 4.3950E-01 7.7020E + 00 1.2865E-02 6

WOA 5.5927E-02 4.6751E-01 6.8732E + 00 1.2975E-02 7

PSO 5.6118E-02 4.7291E-01 6.7312E + 00 1.3003E-02 8

AVOA 5.8874E-02 5.5546E-01 5.0321E + 00 1.3539E-02 9

CPO 5.1039E-02 3.4118E-01 1.2270E + 01 1.2683E-02 2

BKA 5.0305E-02 3.2388E-01 1.3530E + 01 1.2728E-02 4

DBO 5.0000E-02 3.1734E-01 1.4045E + 01 1.2729E-02 5

SBOA 5.0457E-02 3.2779E-01 1.3211E + 01 1.2694E-02 3

ASBOA 5.1268E-02 3.4668E-01 1.1903E + 01 1.2668E-02 1

https://doi.org/10.1371/journal.pone.0329705.t010

Fig 15.  Schematic representation of Cantilever beam.
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	 Consider: −→x = [x1 x2 x3 x4 x5] ,	 (22)

	 Minimize: f
(−→x ) = 0.6224 (x1 + x2 + x3 + x4 + x5) ,	

	
Subject to: g

(−→x ) = 60

x31
+

27

x32
+

19

x33
+

7

x34
+

1

x35
– 1 ≤ 0,

	

	 Parameter range: 0.01 ≤ x1, x2, x3, x4, x5 ≤ 100,	

Table 11 demonstrates the outstanding performance of ASBOA and other comparison algorithms in optimizing the CBD 
problem, where ASBOA achieves the best objective function value of 1.3400E + 00, outperforming the other comparison 
algorithms.

The experimental results from the three engineering optimization design problems demonstrate that the proposed 
ASBOA shows significant advantages in addressing real-world engineering optimization problems. Compared to other 
comparison algorithms, ASBOA not only finds better solutions but also effectively reduces engineering costs, showcasing 
its efficiency and practical value in real-world applications.

5.  Summary and prospect

This paper proposes an improved version of the SBOA, aimed at enhancing the convergence speed and solution 
accuracy of the standard SBOA, while reducing the risk of ASBOA getting trapped in local optima. First, a Differential 
Cooperative Search Mechanism is employed to reduce the risk of the ASBOA algorithm becoming trapped in local 
optima, and an Optimal Boundary Control Mechanism is used to avoid ineffective exploration, improving the con-
vergence speed of the algorithm. Additionally, an Information Retention Control Mechanism is applied to update the 
population, ensuring that the current global optimal solution cannot be replaced, further enhancing the algorithm’s 
convergence speed.

The ASBOA algorithm is tested using the CEC2017 and CEC2022 benchmark functions. The results show that for 
CEC2017 (dimensions = 30 and 100) and CEC2022(dimensions = 20), ASBOA achieves the best ranking in 76.67% (23 out 
of 30), 86.67% (26 out of 30) and 75% (9 out of 12) of the functions, respectively. It is also applied to the WSN problem 

Table 11.  Experimental results of cantilever beam design.

Algorithm Optimal values for Variable Optimal value Ranking

x1 x2 x3 x4 x5

GWO 6.0395E + 00 5.2724E + 00 4.5082E + 00 3.4785E + 00 2.1769E + 00 1.3401E + 00 6

WOA 5.6793E + 00 6.4783E + 00 4.9597E + 00 2.8060E + 00 2.5784E + 00 1.4041E + 00 9

PSO 5.9883E + 00 5.3265E + 00 4.4502E + 00 3.5465E + 00 2.1646E + 00 1.3401E + 00 7

AVOA 6.0629E + 00 5.2801E + 00 4.6998E + 00 3.3529E + 00 2.1115E + 00 1.3421E + 00 8

CPO 6.0056E + 00 5.3167E + 00 4.5116E + 00 3.4992E + 00 2.1410E + 00 1.3400E + 00 3

BKA 6.0491E + 00 5.2831E + 00 4.4832E + 00 3.5050E + 00 2.1539E + 00 1.3400E + 00 5

DBO 6.0424E + 00 5.2865E + 00 4.4893E + 00 3.5075E + 00 2.1485E + 00 1.3400E + 00 4

SBOA 6.0149E + 00 5.3012E + 00 4.4938E + 00 3.5098E + 00 2.1540E + 00 1.3400E + 00 2

ASBOA 6.0109E + 00 5.3112E + 00 4.4982E + 00 3.5006E + 00 2.1528E + 00 1.3400E + 00 1

https://doi.org/10.1371/journal.pone.0329705.t011

https://doi.org/10.1371/journal.pone.0329705.t011
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and three engineering problems, where it outperforms all comparison algorithms. In the WSN problem, the coverage rate 
can reach 88.32%, an improvement of 1.12% over the standard SBOA. These results demonstrate that the proposed 
ASBOA has strong overall performance and holds great promise for optimization applications.

Experimental observations on the CEC2017 and CEC2022 test set show that ASBOA can quickly converge to a global 
optimal solution in most cases. However, there is still a risk of getting trapped in local optima (e.g., in CEC2017-F26, 
F27, and F29, and CEC2022-F10). Furthermore, the coverage rate in the WSN problem remains insufficient and requires 
further improvement. Due to a lack of population diversity, stagnation may occur. Other potential issues still need to be 
further tested and validated.

Although ASBOA has demonstrated excellent performance in wireless sensor network (WSN) node deployment optimiza-
tion and engineering optimization problems, there remain areas for improvement. First, while ASBOA outperforms other algo-
rithms in terms of coverage and optimization results, its convergence speed in the early stages is relatively slow, which may 
reduce its efficiency in real-world applications requiring rapid responses. Second, although ASBOA exhibits strong robust-
ness, its performance and stability under larger-scale problems or more complex constraints have not been fully validated. 
Additionally, the sensitivity of its parameters and its adaptability to different problems require further investigation.

Future research can focus on several promising directions. First, the introduction of dynamic parameter adjustment 
mechanisms or more efficient search strategies could enhance the algorithm’s convergence speed during early itera-
tions, allowing it to achieve high-quality solutions faster. For larger-scale networks or problems with complex constraints, 
designing more adaptive strategies or hybrid algorithms will be essential to improve the method’s flexibility and broaden its 
applicability. At the same time, efforts to optimize the algorithm’s structure could significantly reduce computational com-
plexity, making it more suitable for applications requiring high real-time responsiveness. Another intriguing direction lies 
in exploring the integration of machine learning or deep learning techniques, which can leverage data-driven approaches 
to optimize parameter settings or improve the modeling of complex problems. Furthermore, in-depth theoretical analyses 
are needed to better understand the algorithm’s convergence properties and computational complexity, along with the 
development of automated parameter adjustment methods to minimize the need for manual tuning. Additionally, future 
work may extend to the design of deployment strategies specifically for wireless sensor networks (WSNs), addressing 
challenges such as k-coverage and k-connectivity while simultaneously minimizing network costs and maximizing network 
lifespan. Developing multi-objective and binary versions of ASBOA could also expand its capability to meet diverse prob-
lem requirements. These advancements collectively hold the potential to further enhance the efficiency and versatility of 
ASBOA, establishing it as a robust and general-purpose tool for tackling complex optimization challenges.
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