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Abstract: Connected Banking System Optimizer (CBSO) is a recently proposed meta-heuristic inspired by inter-bank financial 

transactions. It models inter-bank transaction behaviors across four sequential stages, collectively balancing exploration and 

exploitation. When confronted with complex landscapes, however, CBSO exposes three critical weaknesses: limited global-search 

capacity, an abrupt phase switch that disrupts the exploitation-exploration balance, and a pronounced tendency toward premature 

stagnation. These shortcomings become more conspicuous as problem complexity rises, undermining the algorithm’s ability to 

locate the true optimum. To overcome these deficiencies, this paper presents an enhanced variant—ECBSO—which incorporates 

three complementary mechanisms: dominant group guidance strategy, guided learning strategy, and hybrid elite strategy. The 

ECBSO algorithm is comprehensively evaluated on the CEC 2017 benchmark suite and on real-world constrained engineering 

problems, outperforming CBSO, ISGTOA, EMTLBO, LSHADE, APSM-jSO, GLS-MPA, ESLPSO, ACGRIME, RDGMVO in all 

comparisons. Statistically, ECBSO secures first place across every test case, delivering Friedman ranks of 2.069, 2.138, 2.690, and 

2.759, thereby confirming its superior convergence accuracy, search reliability, and optimization precision across diverse 

landscapes. 

Keywords: Connected banking system optimizer; meta-heuristic algorithm; CEC 2017 test suite 

1. Introduction 

1.1. Research Background 

Over the past decade, artificial intelligence has progressed at an unprecedented pace, with optimization algorithms serving as 

a representative illustration 1. Every optimization formulation can be decomposed into three indispensable elements: the objective 

function requiring optimization, the constraints that delimit the feasible region, and the decision variables whose numerical values 

must be ascertained 2. Nevertheless, real-world optimization problems are often intricate because they simultaneously involve many 

variables, multiple objectives, numerous constraints, nonlinear relationships, multimodal landscapes, and non-differentiable points 
3. From a computational-complexity perspective, these problems are usually classified as NP-hard, so the discovery of exact 

solutions demands computational resources that grow beyond polynomial bounds and quickly become impractical. These difficulties 

motivate the design of efficient and robust solution strategies. Because of their intrinsic complexity, these problems are rarely solved 

effectively by traditional analytical or deterministic techniques 4. Consequently, researchers have devised more advanced and 

efficient alternatives. In broad terms, optimization approaches can be divided into two groups: traditional optimization methods and 

metaheuristic algorithms. Traditional optimization methods rely on rigorous mathematical procedures—linear programming, 

nonlinear programming, branch-and-bound, and dynamic programming—to locate the globally optimal solution; yet their practical 

deployment is often restricted by the excessive computational resources they require, particularly for complex instances 5. Their 

first weakness is an uncompromising dependence on idealized assumptions—linearity, convexity, and continuous differentiability—

whose absence derails convergence to the true global optimum. When the objective surface is jagged or riddled with multiple local 

attractors, the search collapses into suboptimal basins. A second, equally critical deficiency is computational scalability: on NP-

hard instances, exact procedures trigger an exponential surge in runtime and memory footprint. The combined effect renders 

traditional techniques ill-suited for large-scale, high-dimensional, and strongly nonlinear optimization challenges 6. Metaheuristic 

algorithms constitute a family of stochastic optimizers whose designs are motivated by observations in nature, physics, or human 

decision-making. In contrast to classical techniques, they operate without strict prerequisites such as gradient expressions or convex 

structures 7. Each iteration employs probabilistic operators to probe the search space and to refine the incumbent solution, yielding 

monotonic quality gains. An explicit synergy between global exploration—wide-ranging sampling of candidate configurations—

and local exploitation—intensive refinement of high-potential regions—curtails premature stagnation in sub-optimal basins. The 

resulting robustness and adaptability allow these algorithms to handle rugged, high-dimensional, and multimodal objectives with 
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comparative ease, a versatility evidenced by successful deployments in unmanned aerial vehicle path planning 8,9, real-time power 

dispatch in microgrids 10,11, parameter estimation of solar photovoltaic models 12, image segmentation 13,14, hyper-parameter 

optimization 15,16, microgrid operation model optimization 17, workshop scheduling 18, and feature selection 19,20. These cross-

disciplinary success cases collectively corroborate the universal utility of this class of algorithms in complex, dynamic, and high-

dimensional environments. 

1.2. Contribution of the Work 

The primary contributions of this paper are: 

(1) An enhanced variant of CBSO, termed ECBSO, is proposed, integrating three improvement mechanisms: dominant group 

guidance strategy, guided learning strategy, and hybrid elite strategy.  

(2) Dominant group guidance strategy leverages effective information from the dominant group to guide the population search, 

enhancing global exploration capability.  

(3) Guided learning strategy dynamically assesses the current algorithmic demand, maintaining an effective exploitation–

exploration balance while strengthening adaptability to complex landscapes.  

(4) Hybrid elite strategy prevents premature convergence by efficiently utilizing multiple elite agents through the incorporation 

of an equilibrium optimizer.  

(5) Comprehensive evaluation using the CEC 2017 test suite demonstrates ECBSO’s superiority in optimization performance, 

robustness, and scalability over other algorithms, and statistical validation confirms its consistent superiority across diverse 

optimization challenges. 

1.3. Section Arrangement 

A literature review is conducted in Section 2. Section 3 formulates the mathematical model of the CBSO algorithm. Section 4 

presents the details of the proposed enhancement mechanisms. Sections 5 provide a comprehensive evaluation of the ECBSO 

algorithm on the CEC 2017 test suite. Also, Section 5 discusses and analyzes all experimental results. Finally, Section 6 summarizes 

the contributions of this work and outlines directions for future research. 

2. Literature Review 

Based on algorithmic lineage and design rationale, mainstream metaheuristics can be taxonomized into four paradigms: 

evolutionary drivers, swarm synergies, physical metaphors, and human behaviors. Evolution-based algorithms follow directions by 

imitating biological evolution principles. These include iterative algorithms to improve the quality of a solution from one generation 

to the next using common mechanisms like selection, crossover, and mutation. For instance, Differential Evolution (DE) 21 optimizes 

the solutions in every generation by retaining high-quality individuals and discarding poor ones to realize a gradual convergence in 

the best solutions. The Genetic Algorithm (GA) 22 is the best-known evolutionary algorithm that simulates natural selection 

according to the theory proposed by Darwin and uses genetic manipulations to address optimization problems. Other examples 

include Evolutionary Strategy (ES) 23, Genetic Programming (GP) 24, and Evolutionary Mating Algorithm (EMA) 25. Swarm-based 

algorithms belong to this family, drawing inspiration from the self-organizing dynamics observed in natural swarms. Their unifying 

characteristic is a nature-centered architecture that replicates biological phenomena—social interactions, foraging strategies, and 

cooperative decision-making—by enabling a population of agents to traverse the solution space in a collective manner. For example, 

Ant Colony Optimization (ACO) 26 replicates the pheromone-laying and trail-following behavior of foraging ants to guide the search 

toward promising regions of the solution space. Similarly, Particle Swarm Optimization (PSO) 27 harnesses the exchange of 

positional information among individuals to steer the entire swarm toward the global optimum. Other examples include Tuna Swarm 

Optimization (TSO) 28, Superb Fairy-wren Optimization Algorithm (SFOA) 29, Chinese Pangolin Optimizer (CPO) 30, and Crayfish 

Optimization Algorithm (COA) 31. Physics-based algorithms apply concepts of physics to model and solve complex optimization 

problems, including thermodynamic equilibration, mechanical motion, electromagnetic field evolution, quantum transitions, and 

optical refraction. For example, Simulated Annealing (SA) 32 emulates the controlled cooling of a heated metal, accepting occasional 

uphill moves during the thermal descent to escape local minima and settle into the global optimum. Snow Ablation Optimizer (SAO) 
33 mimics the gradual melting and sublimation of snow cover, dynamically adjusting ablation rates to maintain an effective balance 

between wide-ranging exploration and focused exploitation. The RIME algorithm 34 draws on the physical processes that create 

soft-rime and hard-rime ice formations, using differential accretion rates to expand the search breadth while refining promising 

regions. Other examples include Polar Lights Optimizer (PLO) 35, Henry Gas Solubility Optimization (HGSO) 36, and Light 
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Spectrum Optimizer (LSO) 37. Human-based algorithms translate individual or collective human behaviors, activities, and social 

systems into computational search strategies. Group Teaching Optimization Algorithm (GTOA) 38 recreates the dialogue between 

instructors and learners in a classroom, using pedagogical exchanges to guide candidate solutions toward optimality. Other examples 

include Football Team Training Algorithm (FTTA) 39, Enterprise Development Optimization (EDO) 40, Catch Fish Optimization 

Algorithm (CFOA) 41. 

Although metaheuristics have demonstrated strong competitiveness on complex optimization tasks, their efficacy is often 

curtailed by premature convergence or sluggish convergence rates. The No-Free-Lunch theorem formally establishes that no single 

algorithm can maintain universal superiority across all problem domains 42. Consequently, researchers systematically enhance basic 

metaheuristics to secure more reliable performance across diverse problem classes. Predominant enhancement routes include refined 

population initialization, adaptive parameter control, improved search operators, and hybrid algorithmic frameworks. Han et al. used 

sinusoidal chaotic mapping to generate the initial population and designed a new convergence factor to successfully improve the 

performance of the hippo optimization algorithm 43. Hector proposes an unstructured framework that incorporates the particle swarm 

algorithm into the Cheetah optimizer to enhance its global search 44. Celik et al. introduced a distance-fitness learning (DFL) 

mechanism that simultaneously trains each search agent from the best, worst and an ideal distance-fitness candidate, enabling the 

reptile search algorithm to explore more distant regions while retaining exploitation pressure toward promising zones; this noticeably 

enlarges the global-search capacity and improves solution quality 45. Parul et al. used the Levy flight strategy to improve their search 

during the foraging phase and reduce the probability of falling into a local optimum 46. Tegani et al. integrated multiple enhancement 

mechanisms to boost both population diversity and convergence speed of the Teaching–Learning-Based Optimization algorithm, 

and they validated the resulting variant on a wide range of benchmark suites, reporting significantly superior results compared with 

the original TLBO and several recent meta-heuristics 47. Sanjib et al. enhanced the exploration capability of the backtracking search 

algorithm by integrating a power-mutation operator with an adaptive perturbation strength and a joint-mutation operator that 

performs a random jump whenever the best solution stagnates; this combination significantly enlarges the search scope while 

preserving exploitation pressure, yielding a well-balanced trade-off between exploration and exploitation 48. Xiao et al. merged the 

Aquila optimizer exploration ratings and the African vultures optimization algorithm exploration ratings and proposed composite 

opposition-based learning and fitness-distance balance strategies in order to generate better solutions 49. Ahmed et al. proposed a 

chaotic white shark optimizer that extends the search reins capability by using different chaotic operators in place of the original 

random sequence 50. Cao et al. proposed an improved particle swarm optimization based on a grouping strategy and enhanced its 

runtime efficiency through a distributed framework 51. Lu et al. employed a quantum random-number generator to enrich initial-

population diversity and introduced a quantum-tunnelling mechanism to help the whale-optimization algorithm escape local optima 
52. 

The Connected Banking System Optimizer (CBSO) is a human-based metaheuristic inspired by inter-bank transaction 

behaviors 53. It models the process in four sequential stages. By dynamically balancing exploration and exploitation, this high-level 

behavioral model enables CBSO to navigate complex optimization landscapes effectively. Although the original CBSO algorithm 

has shown promising results, it still suffers from three main weaknesses. Limited inter-population information exchange: the 

algorithm does not provide sufficient interaction among banks, narrowing its ability to discover unexplored regions of the solution 

space. Rigid phase switching: CBSO relies on a predetermined, manual division of search stages to alternate between exploration 

and exploitation, so it cannot dynamically diagnose the current search state and therefore wastes computational effort. Premature 

convergence: the search operators consider only the influence of a randomly chosen bank and the best-performing bank, which often 

leads the population to stagnate in local optima. To overcome these drawbacks, this paper proposes an Enhanced CBSO (ECBSO) 

that integrates three complementary mechanisms: dominant group guidance strategy, guided learning strategy, and hybrid elite 

strategy. 

The first mechanism, the dominant-group guidance strategy, systematically samples the high-quality sub-population and 

extracts their collective search experience to steer the entire swarm toward promising regions, thereby amplifying global exploration. 

To reconcile exploration and exploitation while adapting to the algorithm’s momentary needs, the guided learning strategy 

continuously monitors the dispersion of recent search trajectories. By inferring whether the swarm is currently under-exploring or 

over-exploiting, it issues corrective guidance signals that dynamically tilt the search behavior toward the required phase. Finally, 

the hybrid elite strategy couples an intensification module—implemented through an equilibrium optimizer—with an explicit 

diversity-preservation routine. This dual design strengthens convergence without allowing premature collapse, ensuring that 

exploitation gains do not come at the expense of population variety. 

This study employs the IEEE CEC 2017 benchmark suite to evaluate the proposed ECBSO across a broad spectrum of 

dimensions and numerical landscapes. This paper identifies the optimal parameter settings for ECBSO through systematic sensitivity 
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analyses and demonstrates the individual impact of each proposed strategy. The algorithm is then compared extensively against 

advanced improved algorithms to verify its performance. Statistical validation via the Wilcoxon rank-sum, Friedman, and Nemenyi 

tests confirms the superior performance of ECBSO. Additional experiments on real-world constrained engineering problems further 

demonstrate the algorithm’s wide applicability and robustness. 

3. Connected banking system optimizer 

The CBSO algorithm is based on the transaction behaviors among different banks, and its mathematical model is constructed 

exactly from these behaviors. Its framework switches between exploration and exploitation phases during the optimization process 

to locate the optimal solution (or an approximate optimum). The mathematical model of the CBSO algorithm is introduced in detail 

next. 

First, CBSO initializes the entire population inside the search space by assigning each bank a position that is randomly sampled 

within the lower and upper bounds of every decision variable, as formalized in Equation (1). 

 ,
1,2,..., , 1,2,...,

i j j j j
X lb rand ub lb i N j D     ，  (1) 

In Equation (1), 
,i j

X  represents the position of the i-th agent along the j-th decision variable, constrained by the lower bound 

lb  and upper bound ub  that define the feasible search interval. rand  is a random variable drawn from the uniform distribution 

U(0, 1), N  denotes the population size, and D  indicates the problem dimensionality. 

As a meta-heuristic, CBSO calibrates its search trajectory by allocating the first 20 % of iterations to intensive global 

exploration (Stage 1), the final 60 % to focused local exploitation (Stage 3), and the intervening 20 % to a blended transition phase 

that concurrently conducts global and local refinement (Stage 2). 

During the exploration phase (Phase 1), the CBSO algorithm generates new positions via Equation 2. 

  1 1,t t t

i i B b i
X X R rand D X X       (2) 

In Equation 2, 
B

R  is sampled from the standard normal distribution N(0,1), 
b

X  denotes the globally best agent discovered 

so far, and t  represents the current iteration counter. 

In Phase 2 (the transition phase), CBSO refreshes the population by applying two complementary strategies: half of the agents 

are allocated to exploration using Equation 3, and the other half to exploitation governed by Equation 4. Critically, assignment to 

either subpopulation is randomly redetermined at every generation. 

 1

1

t t t

i i L b L r
X X R X R X       (3) 

 1

2

t t

i b B b r
X X CF R rand X X        (4) 

In Equation 3, 
L

R  is a D-dimensional vector sampled from a Lévy distribution, 
1

t

r
X  and 

2

t

r
X  are two distinct agents 

selected uniformly at random from the current population, and CF  is an adaptive coefficient whose value is updated via Equation 

5, where T  denotes the maximum number of iterations. 

 1 /CF rand t T    (5) 

During the exploitation phase, CBSO refines the search within promising regions according to Equation 6. 

 (6) 

Beyond the three core search phases, the CBSO algorithm augments its trajectory with an additional enhancement phase 

governed by Equation 7 to further intensify the search. 

  
 

1

1 2

(1, ) ,

,

t

it

i t t t

i r r

X rand CF lb rand D ub lb rand
X

X rand rand X X others




       
 

   

 (7) 

In Equation 7, the constant   is fixed at 0.2 in accordance with the source literature. The complete pseudocode for the CBSO 

algorithm is presented in Algorithm 1. 

Algorithm 1 Connected banking system optimizer (CBSO) 

 1

1 2

t t t

i b L L r r
X X CF R R X X      
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Input：lb, ub, D, N, T 

Initialize population randomly according to Equation 1 

While ( t T  ) do 

    For i = 1 : N 

        If 
5

T
t   

           Update the position
 
using Equation 2 // ***Phase 1*** 

        Else if 
3

5 5

T T
t   

           If 
2

N
i   

               Update the position
 
using Equation 3 // ***Phase 2*** 

          Else 

              Update the position
 
using Equation 4 // ***Phase 2*** 

          End if 

       Else 

          Update the position
 
using Equation 6 // ***Phase 3*** 

       End if  

          Update the position
 
using Equation 7 // ***Phase 4*** 

       End for 

1t t    

End while 

Output: The best solution Xb 

4. Proposed ECBSO 

When tackling complex-landscape optimization, the original CBSO exhibits three critical shortcomings: (i) weak global search 

arising from insufficient inter-bank information exchange, (ii) a rigid phase transition that prevents the algorithm from dynamically 

calibrating the exploitation–exploration ratio, and (iii) premature stagnation caused by over-reliance on the single best agent. To 

remove these bottlenecks, the present study proposes the following remedies. 

4.1. Dominant group guidance strategy 

In Stage 1 and Stage 2 of CBSO, each agent is relocated by an individually-assigned step size. This scheme ignores inter-agent 

communication and relies solely on information exchange between the agent itself and either the random or the best individual, 

severely impairing global exploration and eroding population diversity. When confronted with rugged landscapes, the absence of 

vigorous global search frequently traps the algorithm in local optima. To remedy this drawback, we introduce the dominant group 

guidance strategy (DGS) to supplant the existing exploration mechanism. ABC constructs a covariance matrix of the dominant 

group and samples new agents from the resulting multivariate Gaussian. The covariance matrix aligns sampling along directions of 

strong variable correlation, pruning ineffective search, while the Gaussian model spans the entire space, preserving a broad 

distribution in early iterations to promote global exploration and reduce the risk of premature entrapment in local peaks. For a D-

dimensional random vector, the joint Gaussian probability density function is given in Equation (8). 

 
   

    1 /2

,

1

2 det

T
X C X

DC
G X e

C

 




    

 
 

 (8) 
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0.5

1

1
,

0.5

N

t t

i i d

i

X X G
N




    (9) 

   
0.5

1

1
,

0.5

N
T

t t t

i i i d

i

C X X X G
N

 


       (10) 

Once the Gaussian distribution of the elite set is obtained, new agents are generated by sampling from N(0, C ), as shown in 

Equation 11. 

 1 , ~ 0,t

i i i
X g g N C    (11) 

In DGS, the cardinality of the dominant cohort used to build the covariance matrix is critical: too few agents yield an incomplete 

description of the distribution, hindering the algorithm’s grasp of the search-space structure; too many dilute the influence of high-

quality individuals and blunt the guidance they provide. To address this, an external archive Ar  is introduced to store the best 

agents from each generation; its size is capped by a first-in-first-out rule, and the optimal capacity is determined empirically during 

the tuning phase. 

The DGS captures the evolutionary trend of the population with high fidelity, eliminating ineffective search moves. The 

guidance provided by the dominant cohort continuously injects high-quality offspring into the swarm. Meanwhile, the external 

archive filters out the lingering influence of outdated individuals, accelerating convergence without eroding diversity. Collectively, 

this mechanism strengthens ECBSO’s global exploration capacity and enriches population diversity. 

4.2. Guided learning strategy 

The CBSO algorithm partitions the search into rigid phases by iteration count, a design that cannot adapt to the heterogeneous 

demands of different optimization problems. Because the required ratio of exploration to exploitation varies across tasks, a meta-

heuristic must be able to diagnose the current search state in real time. The original CBSO lacks this diagnostic capability. To fill 

the gap, we introduce a guided learning strategy (GLS) that quantifies population dispersion by computing, for each agent, the 

standard deviation of its positions over the last few generations. When the dispersion measure indicates an exploration bias, ABC 

redirects the search toward exploitation; conversely, it steers the swarm back to exploration. The detailed formulation of GLS is 

presented as follows. 

   

 
0 01

0

tan / ,  

,  

bt

i

X rand ub lb V if V a
X

rand ub lb if V a




     
 

  

 (12) 

 0
V std St B   (13) 

 200 /B lb ub   (14) 

where  std   denotes the function that computes the standard deviation. St  serves as the learning memory, retaining the most 

recent S  agents from historical iterations; the exact number of stored individuals will be determined experimentally. B  

normalizes 
0

V  to insulate it from variations in variable bounds. a  is a threshold parameter that dictates whether exploitation or 

exploration is currently required, and its value will also be established during the experimental phase. 

The GLS equips ECBSO with a robust mechanism for balancing exploration and exploitation. By continuously computing the 

population’s displacement statistics across recent generations, GLS infers the current search demand in real time. Overall, this 

mechanism enhances ECBSO’s adaptability, enabling it to switch between exploitation and exploration across diverse and complex 

landscapes. 

4.3. Hybrid elite strategy 

During CBSO’s exploitation phase, the swarm updates positions by referencing a single best agent; although this expedites 

convergence, it also heightens the risk of entrapment in local optima. To counteract this drawback, we introduce the hybrid elite 

strategy (HES), which hybridizes an Equilibrium Optimizer (EO) into CBSO, striking a balance between rapid convergence and the 

avoidance of premature stagnation. The EO algorithm is mathematically modeled by the following equations. 
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1 +( ) (1 )t t
i ep i eq

G
X X X X F F

rand

       (15) 

 , , , ,ep b second third fourth eaveX X X X X X  (16) 

   
 

 
/21 /

1 0.5 1
w t T

rand t T
F w sign rand e


  

      (17) 

 1 2

2

0.5 , 0.5

0, 0.5

t
ep ir X rand X r

G
r

     
 



 (18) 

where epX  denotes an agent randomly selected from the elite pool, while secondX , thirdX , fourthX  and eaveX  represent, 

respectively, the second-, third-, and fourth-ranked agents by fitness and the centroid of the top four agents within the elite pool. 

1w , 2w , 1r , and 2r  are independent random numbers uniformly distributed in [0, 1]. 

The hybrid scheme adopted in this paper is governed solely by each agent’s fitness rank: every agent whose rank exceeds 0.5N 

is updated by the EO operator, whereas the remainder continue to be refined by the CBSO and DGS operators. Agents that rank 

highly benefit from the EO operator because the embedded elite pool provides both an escape route from local optima and an 

expanded search scope. Conversely, lower-ranked agents exploit the CBSO and DGS operators, which inject additional diversity 

and elevate overall population quality. Collectively, this hybridization equips ECBSO with a stronger capacity to evade local optima 

while preserving rapid convergence. 

4.4. Implementation steps for ECBSO 

By integrating the three proposed mechanisms into CBSO, we obtain the ECBSO algorithm. ECBSO comprises four sequential 

components: population initialization, the EO phase, the CBSO phase augmented with DGS, and the GLS phase. The flowchart of 

ECBSO is depicted in Figure 1, and its pseudocode is provided in Algorithm 2. 

 

Figure 1. The flowchart of ECBSO algorithm 

Algorithm 2 Enhanced connected banking system optimizer (ECBSO) 

Input：lb, ub, D, N, T 

Initialize population randomly according to Equation 1 

While ( t T ) do 

    Update the EO operators using Equation 16 – 18 // ***HES*** 

    Update the DGS operators using Equation 9 – 10 //*** DGS*** 

    For i =1 : N 

Start Initialize the ECBSO 

parameters

Initialize the populaiton 

using Equation 1

If t < TYesIf t < T/5NoIf T/5 < t < 3T/5

Yes

Update the position 

using Equation 11

Yes

Updating position according to 

Equation 11 and Equation 4

No

Update the position 

using Equation 6

Evaluating the fitness of 

updated position

Update the position 

using Equation 7

Update the position 

using Equation 12

t = t+1

No

End

Dominant group 

guidance strategy

Guided learning 

strategy

Hybrid elite strategy

Update the EO 

operators using 

Equation 16 – 18

Update the DGS 

operators using 

Equation 9 – 10 

If rank < N/2No

Yes

Update the position 

using Equation 15
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        If 
2

N
rank   

           Update the position
 
using Equation 15 // ***HES*** 

        Else 

           If 
5

T
t   

                Update the position
 
using Equation 11 // ***DGS*** 

           Else if 
3

5 5

T T
t   

                If 
2

N
i   

                     Update the position
 
using Equation 11 // ***DGS*** 

               Else 

                    Update the position
 
using Equation 4 

               End if 

          Else 

               Update the position
 
using Equation 6 

          End if  

       End if  

          Update the position
 
using Equation 7 

          Update the position
 
using Equation 12 // ***GLS*** 

       End for 

1t t    

End while 

Output: The best solution Xb 

4.5. Analysis of ECBSO complexity 

The computational complexity of the basic CBSO and proposed ECBAO is analyzed based on the main influencing factors: 

the population size N , the dimensionality of the problem D , and the total number of iterations T . The analysis considers the 

costs associated with initialization, fitness evaluation, and position updates throughout the optimization process.  

For the CBSO algorithm, the initial population is generated randomly, requiring a complexity of  O N D . At every iteration, 

each agent executes exactly one of the three main phases plus the supplementary stage, so the positional update incurs an 

 2O T N D   time complexity. Since each update is followed by a fitness evaluation and each agent is evaluated twice per iteration, 

the fitness-computation cost per generation is   2 logO N N  . As this process repeats for T  iterations, the total time complexity 

of basic CBSO is    2 logO T N D N    . 

For the ECBSO algorithm, the population initialization remains unchanged, so its time complexity is identical to that of the 

original CBSO algorithm. DGS replaces the exploration components of Phases 1 and 2; hence, no additional time complexity is 

introduced. GLS is an additional update stage yet is invoked only when triggered; if it is executed T₁ times, its total time complexity 

is  1O T N D  . During every update, each agent randomly selects one operator from HES, DGS, or the original CBSO strategy, 

so HES does not introduce additional position updates. Consequently, the overall time complexity of ECBSO remains 

     12 logO T T N D N    . 

Overall, the time complexity of ECBSO is higher than that of the basic CBSO, which implies that, for the same number of 

iterations, ECBSO consumes more function evaluations. To guarantee a fair comparison, we therefore adopt the maximum number 

of function evaluations as the unified termination criterion. 
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5. Results and analysis on benchmark functions 

This section gives a thorough analysis of the ECBSO algorithm by describing the experimental setup as well as examining its 

performance in comparison to the other optimization techniques. The analysis consists of extensive experimentation on the 

CEC2017 benchmark functions. Convergence dynamics of ECBSO, as well as the distribution of performance depicted by boxplots, 

are also discussed in the section. Further, comparative experiments against advanced improved algorithms are also provided to 

demonstrate the efficacy of ECBSO in handling complicated optimization landscapes. 

5.1. Experimental configuration and comparative algorithms 

The widely-adopted IEEE CEC 2017 benchmark suite is employed to assess the search capability of ECBSO. This collection 

comprises 29 functions—three unimodal (F1–F3), seven multimodal (F4–F10), ten hybrid (F11–F20), and nine composite functions 

(F21–F29)—all defined over the domain [−100, 100]. Unimodal functions, despite their simplicity, are crucial for gauging an 

algorithm’s convergence toward the global optimum. Multimodal functions, featuring numerous peaks and valleys, evaluate the 

capacity to locate the global optimum while escaping local attractors. Hybrid and composite functions, owing to their intricate 

structures, provide a comprehensive assessment of overall algorithmic performance. Details of the CEC 2017 suite are summarized 

in Table 1. 

Table 1. Platform specifications utilized for experiments 

Type No. Functions name Min 

Unimodal functions 
F1 Shifted and Rotated Bent Cigar Function 100 

F3 Shifted and Rotated Zakharov Function 300 

Multimodal functions 

F4 Shifted and Rotated Rosenbrock’s Function 400 

F5 Shifted and Rotated Rastrigin’s Function 500 

F6 Shifted and Rotated Expanded Scaffer’s F6 Function 600 

F7 Shifted and Rotated Lunacek Bi_Rastrigin Function 700 

F8 Shifted and Rotated Non-Continuous Rastrigin’s Function 800 

F9 Shifted and Rotated Levy Function 900 

F10 Shifted and Rotated Schwefel’s Function 1000 

Hybrid functions 

F11 Hybrid Function 1 (N=3) 1100 

F12 Hybrid Function 2 (N=3) 1200 

F13 Hybrid Function 3 (N=3) 1300 

F14 Hybrid Function 4 (N=4) 1400 

F15 Hybrid Function 5 (N=4) 1500 

F16 Hybrid Function 6 (N=4) 1600 

F17 Hybrid Function 6 (N=5) 1700 

F18 Hybrid Function 6 (N=5) 1800 

F19 Hybrid Function 6 (N=5) 1900 

F20 Hybrid Function 6 (N=6) 2000 

Composition functions 

F21 Composition Function 1 (N=3) 2100 

F22 Composition Function 2 (N=3) 2200 

F23 Composition Function 3 (N=4) 2300 

F24 Composition Function 4 (N=4) 2400 

F25 Composition Function 5 (N=5) 2500 

F26 Composition Function 6 (N=5) 2600 

F27 Composition Function 7 (N=6) 2700 

F28 Composition Function 8 (N=6) 2800 

F29 Composition Function 9 (N=3) 2900 
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F30 Composition Function 10 (N=3) 3000 

Experiments were conducted on the CEC2017 benchmark at dimensions 10D, 30D, 50D, and 100D. The termination criterion 

was a maximum of 3000 × D function evaluations, and each run was repeated 30 times independently to ensure statistical reliability. 

Population sizes were set according to the recommendations in the source literature of the comparative algorithms. All performances 

were conducted on a computing system composed of a 2.50 GHz AMD R9 7945HX CPU, 32 GB RAM, and Windows 11 (64-bit), 

and all codes were written in MATLAB R2023a. 

To fully demonstrate the superiority of the proposed ECBSO algorithm, this paper selected various types of improved 

algorithms as competitors, including: human-based improved algorithms: ISGTOA 54, EMTLBO 55; evolutionary-based improved 

algorithms: LSHADE 56, APSM-jSO 57; swarm-based improved algorithms: GLS-MPA 58, ESLPSO 59; and physics-based improved 

algorithms: ACGRIME 60, RDGMVO 61. To ensure that the competing algorithms perform at their best, their parameters were set 

to the values recommended in the original sources, as listed in Table 2. These comparative algorithms have demonstrated superior 

performance in their respective literature. ISGTOA is a newly proposed improved version of the human-based algorithm. EMTLBO 

is a variant of the classic human-based algorithm TLBO. LSHADE is a well-known variant of DE. APSM-jSO holds its own against 

advanced DE variants. GLS-MPA is a variant of the highly cited MPA algorithm. ESLPSO represents an enhanced version of the 

classic PSO. ACGRIME and RDGMVO are modified versions of physics-based algorithms. 

Table 2. Parameter settings of ECBSO and other algorithms 
Algorithm setting 

ECBSO 30 , 0.2, 10, 3000, 30N D a S Ar D      

CBSO 150, 0.2N    

ISGTOA 50, 2N    

EMTLBO 50, 0, 0N s p    

LSHADE 18 , 6, 0.5, 0.5N D H F CR     

APSM-jSO  2/375 , 3, 0.3, 0.8, 6, 1.3N ceil D k F cr h a        

GLS-MPA 30, 0.2, 0.5, 250, 30N FADs P Cmax       

ESLPSO 30, 0.5, 0.5, 0.1,N CR F c M N      

ACGRIME 30, 4, 5N a w    

RDGMVO 
max min

30, 1, 0.2, 0.6N w w p     

5.2. Metrics for evaluating optimization performance 

To impartially benchmark the ECBSO algorithm against its competitors, five complementary metrics are employed: the best 

value (Min), the average solution quality (Ave), the standard deviation (Std), the Friedman ranking test (FR), and the Wilcoxon 

rank-sum test (WRST). Together, these indicators quantify consistency, reliability, and overall superiority of the optimizer. Min 

gauges an algorithm’s ability to locate the best possible solution, thereby revealing its maximum exploitation potential. Ave offers 

a pragmatic measure of overall correctness and performance across repeated runs under identical settings. Std quantifies the 

dispersion of fitness values around the mean, indicating the stability and consistency of the results. WRST performs pairwise 

comparisons between two algorithms across all test functions to establish statistical superiority. FR assesses whether significant 

global differences exist among all algorithms in the experimental set. When the Friedman test indicates such differences, the 

Nemenyi post-hoc procedure is applied, and critical-difference diagrams are used to pinpoint specific algorithmic distinctions. All 

statistical tests adopt a significance level of α = 0.05 to ensure reliable conclusions. Together, these metrics provide a solid 

foundation for a comprehensive comparison of ECBSO against its competitors and guarantee that every finding regarding its 

optimization performance is statistically consistent and reflects its true potential. 

5.3. Parameter sensitivity analysis 

As a meta-heuristic variant, ECBSO’s performance is inevitably sensitive to its parameter settings. Based on the design details 

in Section 3, DGS requires the capacity Ar  of the external archive, whereas GLS needs the triggering threshold a  and the 

memory size S . Ar  governs the sample size used to build the covariance matrix, directly affecting the quality of offspring 

generated by DGS. Parameters a  and S  jointly determine how often GLS is activated and how exploitation and exploration are 

re-balanced on-the-fly. These three parameters therefore dominate the search behavior of ECBSO. 

To identify their optimal values, a grid-based sensitivity study is conducted. The search grids are set as follows. Ar  is varied 

from 10D to 70D in steps of 20D, a  is swept from 10 to 70 in steps of 20, and S  is incremented from 1000 to 3000 in steps of 
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500, yielding a total of 4 × 4 × 5 = 80 distinct parameter configurations. To simplify the comparison, we first determine the best ( a , 

S ) pair under each Ar , and then compare the four resulting Ar -specific configurations to select the overall best setting. The 

Friedman ranks of ECBSO for each parameter combination across different Ar  values are illustrated in Figure 2. 

 

(a) Ar=10D 

 

(b) Ar=30D 
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(c) Ar=50D 

 

(d) Ar=100D 

Figure 2. Friedman ranking of ECBSO with different Ar 

Figure 2 reports the mean rank (MR) for each configuration. Across all values of a, larger S consistently yields better ranks, 

indicating that GLS need not be invoked frequently—excessive calls merely consume function evaluations without commensurate 
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benefit. Conversely, for any fixed S, smaller a improves the rank, revealing that ECBSO currently benefits from a stronger 

exploratory bias. Specifically, when Ar = 10 D, the pairing (a = 10, S = 3000) attains the best Friedman rank of 5.879 and ranks first 

on 10 D, 50 D, and 100 D functions. When Ar = 30 D, both (a = 10, S = 3000) and (a = 30, S = 3000) achieve the top Friedman 

rank of 6.871, yet the latter exhibits a smaller rank standard deviation and is therefore preferred. When Ar = 50 D, (a = 10, S = 3000) 

secures the best Friedman rank of 6.609 and leads on 10 D, 30 D, and 50 D instances. Finally, for Ar = 70 D, the configuration (a = 

30, S = 3000) delivers the best Friedman rank of 6.440 and ranks first across all four dimensionalities. Collectively, ECBSO performs 

best with a = 10 or 30 and S = 3000, regardless of the chosen Ar. This indicates that GLS does not need to be triggered frequently; 

infrequent activation biased toward exploration is sufficient. The underlying reason is that the baseline CBSO lacks a dedicated 

local-optimum escape mechanism, so GLS must provide occasional exploratory thrusts to help the swarm jump out of basins. 

Meanwhile, DGS already strengthens global exploration, further reducing the need for frequent GLS calls. In the next step, we 

compare the four best-performing parameter combinations identified above to finalize the optimal settings. 

 

Figure 3. Friedman ranking of ECBSO with different parameters 

Figure 3 presents the Friedman ranks for ECBSO with the four best parameter combinations. Evidently, the pairs (Ar = 30 D, 

a = 30, S = 3000) and (Ar = 10 D, a = 10, S = 3000) outperform the others, and they trade the top position across different dimensions. 

Specifically, the configuration (Ar = 30 D, a = 30, S = 3000) achieves a marginally superior rank of 2.069 compared with 2.078 for 

(Ar = 10 D, a = 10, S = 3000). Therefore, all subsequent experiments adopt the parameter set (Ar = 30 D, a = 30, S = 3000). 

5.4. Ablation experiments analysis 

This paper refactors CBSO through three mutually reinforcing mechanisms. To quantify the individual and joint contributions 

of each component, an ablation study is conducted. Starting from the basic CBSO, we derive six partial configurations by activating 

one or two mechanisms at a time: CBSO-D, CBSO-G, CBSO-H, CBSO-DG, CBSO-DH, and CBSO-GH (Table 3). In the table, “Y” 

marks the presence of a strategy, whereas “N” indicates its absence; for instance, CBSO-D employs DGS only, whereas CBSO-GH 

omits DGS. All variants, together with the full ECBSO and the original CBSO, are compared on the complete CEC 2017 test suite; 

detailed numerical results are consolidated in Tables A1–A4 of Appendix A. The subsequent analysis employs Friedman’s test, 

Wilcoxon’s rank-sum test, and the Nemenyi post-hoc procedure to establish statistical significance. 

Table 3. Details of ECBSO variants with different strategies 

Algorithm CBSO-D CBSO-G CBSO-H CBSO-DG CBSO-DH CBSO-GH ECBSO 

DGS Y N N Y Y N Y 

GLS N Y N Y N Y Y 

HES N N Y N Y Y Y 

Table 4. Friedman test results obtained by ECBSO variants with different strategies 

Test suite Dimension CBSO CBSO-D CBSO-G CBSO-H CBSO-DG CBSO-DH CBSO-GH ECBSO p-value 
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CEC 2017 

10 6.379 4.207 5.828 5.276 3.621 3.724 4.414 2.552 2.41E-09 

30 7.862 4.103 6.414 5.241 3.207 2.655 4.448 2.069 1.09E-24 

50 7.966 4.448 6.621 4.793 3.655 2.690 4.241 1.586 3.35E-27 

100 8.000 5.103 6.655 4.241 4.069 2.621 3.724 1.586 3.32E-28 

Mean rank 7.552 4.466 6.379 4.888 3.638 2.922 4.207 1.948 N/A 

Overall rank 8 5 7 6 3 2 4 1 N/A 

 

Figure 4. Friedman ranking of ECBSO variants with different strategies 

Table 4 summarizes the Friedman ranks for ECBSO and its six ablated variants together with the original CBSO; the 

corresponding visual ranking is provided in Figure 4. The following conclusions can be drawn: ECBSO, which integrates all three 

enhancements, achieves the best overall performance, indicating that the strategies act synergistically to boost the search capability 

of CBSO. The three derived algorithms that combine two strategies (CBSO-DG, CBSO-DH, CBSO-GH) consistently outperform 

those equipped with only one strategy (CBSO-D, CBSO-G, CBSO-H), demonstrating that pairwise combinations already strengthen 

CBSO. Every single-strategy variant is superior to the baseline CBSO, confirming that each mechanism contributes positively to 

the algorithm’s performance. 

Table 5. Wilcoxon rank sum test results obtained by ECBSO variants with different strategies 

vs. CBSO 

 +/=/- 

CEC 2017 test suite 

10D 30D 50D 100D 

CBSO-D 18/8/3 27/2/0 26/3/0 29/0/0 

CBSO-G 8/20/1 24/5/0 24/5/0 27/2/0 

CBSO-H 13/15/1 23/4/2 26/3/0 27/2/0 

CBSO-DG 19/7/3 27/1/1 28/1/0 29/0/0 

CBSO-DH 19/8/2 29/0/0 29/0/0 29/0/0 

CBSO-GH 15/13/1 27/2/0 27/2/0 29/0/0 

ECBSO 21/6/2 29/0/0 29/0/0 29/0/0 

Table 5 summarizes the Wilcoxon rank-sum test results, where “+” denotes the number of functions on which ECBSO or its 

derived variants significantly outperform the baseline CBSO, “–” indicates the number of functions where they are significantly 

worse, and “=” counts the functions for which no significant difference is detected. The outcomes show that ECBSO and all two-

strategy variants achieve significantly better results than CBSO on more than half of the test functions. Single-strategy variants also 

accumulate more “+” counts than “–” counts. These consistent patterns provide strong statistical evidence for the effectiveness of 

every proposed enhancement. 
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(a) D=10 

 
(b) D=30 

 
(c) D=50 

 
(d) D=100 

 

Figure 5. Nemenyi post hoc test of ECBSO variants with different strategies 

The Nemenyi post-hoc test quantifies the magnitude of pairwise differences revealed by the Friedman test. By computing the 

critical-difference value (CDV) and connecting algorithms whose rank gap is smaller than the CDV, the test provides a visual 

measure of significance. Figure 5 shows the Nemenyi diagrams for ECBSO, its ablated variants, and the baseline CBSO across 10 

D, 30 D, 50 D and 100 D. Two observations are immediate: ECBSO is never statistically separated from CBSO-DH in any dimension, 

indicating that the additional GLS module yields only a marginal improvement. CBSO-G is indistinguishable from plain CBSO 

under every setting, confirming that GLS alone contributes little to overall performance. Conversely, the remaining two-strategy 

variants (CBSO-DG and CBSO-DH) are significantly different from the full ECBSO in most cases, implying that removing either 

DGS or HES visibly degrades the algorithm. 

Overall, all three enhancements are statistically beneficial, but their individual impact varies: DGS provides the largest 

contribution, HES ranks second, and GLS offers the smallest yet still measurable gain. 

5.5. Comparison experiments analysis 

 
(a) 10D 

 
(b) 30D 

 
(c) 50D 

 
(d) 100D 

Figure 6. The ranking heatmaps based on “Ave” of ECBSO and comparison algorithms 

This section demonstrates the superiority of the proposed ECBSO algorithm by comparing it with other advanced variants. The 

complete experimental results are presented in Tables A5–A8 of the Appendix. First, the heat-map in Figure 6 visualizes the ranking 
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of ECBSO and the competing algorithms on every function. ECBSO secures a top-three position on 25 functions in 10-D, 24 in 30-

D, 20 in 50-D and 18 in 100-D, providing an initial indication of its consistently strong performance across dimensionalities. 

Statistical validation is a cornerstone of the experimental analysis, offering objective evidence of superiority that goes beyond 

raw performance metrics. The inherent stochasticity of meta-heuristics demands rigorous tests to establish whether observed 

differences are systematic or merely random. We therefore apply two complementary non-parametric procedures: the Friedman test 

for global ranking and the Wilcoxon rank-sum test for pairwise comparisons. Acting as a non-parametric alternative to repeated-

measures ANOVA, the Friedman test determines whether significant global differences exist among all algorithms across the 

benchmark set while respecting the paired nature of the results. Subsequently, the Wilcoxon rank-sum test supplies detailed pairwise 

comparisons between ECBSO and every competitor, assessing statistical significance without assuming normality. Finally, the 

Nemenyi post-hoc procedure quantifies the magnitude of the differences revealed by the Friedman test, completing a statistically 

coherent evaluation chain. 

Table 6. Friedman test results obtained by ECBSO and comparison algorithms 

Test suite Dimension ECBSO CBSO ISGTOA EMTLBO LSHADE APSM-jSO GLS-MPA ESLPSO ACGRIME RDGMVO p-value 

CEC-2017 

10 2.069 7.241 5.483 4.862 7.483 5.586 4.414 5.207 6.241 6.414 2.42E-11 

30 2.138 7.759 5.172 4.069 9.655 5.138 5.000 5.138 5.207 5.724 1.17E-20 

50 2.690 7.931 5.379 4.379 9.483 5.000 4.931 5.414 5.276 4.517 4.00E-18 

100 2.759 7.621 5.862 4.103 9.379 4.655 5.483 5.862 5.276 4.000 5.78E-18 

Mean rank 2.414 7.638 5.474 4.353 9.000 5.095 4.957 5.405 5.500 5.164 N/A 

Overall rank 1 9 7 2 10 4 3 6 8 5 N/A 

 

Figure 7. Friedman ranking of ECBSO and comparison algorithms 

Table 6 reports the Friedman ranks of ECBSO and its competitors, with the corresponding scores visualised in Figure 7. 

ECBSO attains the best overall position with an average rank of 2.414, markedly outperforming the original CBSO (rank 7.638, 9th 

place). This large gap demonstrates that ECBSO consistently delivers superior results regardless of dimension or function type. 

Figure 7 also shows that all algorithms scale reasonably well—performance remains stable as dimension increases—yet the 

superiority of ECBSO is evident: CBSO and LSHADE are visibly separated from the top performer, while the remaining contenders 

cluster tightly in the middle of the ranking axis. 

Table 7. Wilcoxon rank sum test results obtained by ECBSO and comparison algorithms 

ECBSO vs.  

 +/=/- 

CEC-2017 test suite 

10D 30D 50D 100D 

CBSO 26/2/1 29/0/0 29/0/0 29/0/0 

ISGTOA 17/11/1 21/6/2 22/3/4 21/4/4 

EMTLBO 20/7/2 14/13/2 21/5/3 19/6/4 

LSHADE 27/0/2 28/0/1 27/1/1 27/0/2 

APSM-jSO 23/6/0 16/5/8 14/3/12 15/1/13 

GLS-MPA 20/5/4 22/3/4 19/7/3 23/5/1 

ESLPSO 17/11/1 21/8/0 23/3/3 19/5/5 
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ACGRIME 20/9/0 22/6/1 22/4/3 23/4/2 

RDGMVO 22/4/3 21/5/3 17/6/6 21/1/7 

The Wilcoxon rank-sum results, summarized in Table 7, furnish unequivocal statistical confirmation of ECBSO’s pairwise 

superiority over every competitor. In every head-to-head comparison, the number of functions on which ECBSO significantly 

outperforms the rival (“+”) exceeds those on which it is significantly outperformed (“–”). A detailed Wilcoxon rank-sum analysis 

is provided below. 

For 10D functions, ECBSO is superior/similar/inferior (+/=/-) to CBSO, ISGTOA, EMTLBO, LSHADE, APSM-jSO, GLS-

MPA, ESLPSO, ACGRIME, RDGMVO on 26/2/1, 17/11/1, 20/7/2, 27/0/2, 23/6/0, 20/5/4, 17/11/1, 20/9/0, and 22/4/3 test functions. 

In other words, when compared against every competing algorithm, ECBSO achieves statistically significant superiority on at least 

17 out of the 29 test functions. 

For 30D functions, ECBSO is superior/similar/inferior (+/=/-) to CBSO, ISGTOA, EMTLBO, LSHADE, APSM-jSO, GLS-

MPA, ESLPSO, ACGRIME, RDGMVO on 29/0/0, 21/6/2, 14/13/2, 28/0/1, 16/5/8, 22/3/4, 21/8/0, 22/6/1, and 21/5/3 test functions. 

In other words, when compared against every competing algorithm, ECBSO achieves statistically significant superiority on at least 

14 out of the 29 test functions. 

For 50D functions, ECBSO is superior/similar/inferior (+/=/-) to CBSO, ISGTOA, EMTLBO, LSHADE, APSM-jSO, GLS-

MPA, ESLPSO, ACGRIME, RDGMVO on 29/0/0, 22/3/4, 21/5/3, 27/1/1, 14/3/12, 19/7/3, 23/3/3, 22/4/3, and 17/6/6 test functions. 

In other words, when compared against every competing algorithm, ECBSO achieves statistically significant superiority on at least 

14 out of the 29 test functions. 

For 100D functions, ECBSO is superior/similar/inferior (+/=/-) to CBSO, ISGTOA, EMTLBO, LSHADE, APSM-jSO, GLS-

MPA, ESLPSO, ACGRIME, RDGMVO on 29/0/0, 21/4/4, 19/6/4, 27/0/2, 15/1/13, 23/5/1, 19/5/5, 23/4/2, and 21/1/7 test functions. 

In other words, when compared against every competing algorithm, ECBSO achieves statistically significant superiority on at least 

15 out of the 29 test functions. 

This overwhelming and consistent pattern demonstrates that the observed gains are not confined to specific problem types but 

constitute a systematic improvement across the entire test bed. ECBSO never exhibits a statistically significant disadvantage, 

providing strong evidence that the enhancements are genuine algorithmic advances rather than random fluctuations. The 

overwhelming preponderance of “+” outcomes establishes that these differences are significant at conventional confidence levels, 

cementing ECBSO’s position as the most reliable and effective optimizer among all methods evaluated and furnishing a solid 

statistical foundation for its deployment across diverse optimization domains. 
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Figure 8. Convergence curves of ECBSO and comparison algorithms 

Figure 8 illustrates the convergence behavior of ECBSO and the competing algorithms on six representative CEC-2017 

functions: unimodal F1, multimodal F8, hybrid F13 & F19, and composite F23 & F29. When solving unimodal function F1, 

ECBSO attains the best final accuracy at 10 D; although its initial slope is not the steepest, the curve keeps a steady downward 

trend. This sustained refinement is credited to the covariance-guided sampling of DGS and the multi-elite refinement of HES. 

When solving multimodal function F8, ECBSO converges smoothly without being trapped in local optima, owing to the 

exploratory bias injected by GLS and the periodically refreshed search directions provided by the EO-based HES module. On 

hybrid and composite landscapes, ECBSO maintains a rapid early convergence slope, sustains a steady mid-term deepening 

search, and exhibits superior late-term exploitation. This behavior stems from the synergistic interplay of the three strategies: 

DGS provides wide initial sampling, GLS dynamically re-balances exploration versus exploitation, and HES refines multiple 

elite attractors simultaneously. Consequently, ECBSO continuously adapts its search dynamics to the problem structure and 

demonstrates the most reliable and predictable convergence trajectory among all tested optimizers. 

Figure 9 uses box-plots to visualize the solution spread of ECBSO and the competing algorithms on six representative 

CEC-2017 functions (F1, F8, F13, F19, F23, F29). Across all dimensions, ECBSO produces the narrowest boxes and the fewest 

outliers, indicating a tight, stable distribution of final solutions. This consistency is attributed to the synergistic effect of the three 

proposed mechanisms: DGS employs a covariance model that aligns sampling with the principal axes of the elite set, 

strengthening global exploration; GLS continuously monitors population dispersion and dynamically re-weights exploration 

versus exploitation, preventing both premature convergence and over-exploitation; HES injects multiple elite attractors via the 

equilibrium optimizer, providing vigorous local refinement while maintaining diversity. Consequently, ECBSO preserves a 

uniformly superior and compact distribution regardless of landscape type—unimodal, multimodal, hybrid or composite—

demonstrating remarkable robustness across all tested dimensionalities. 
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Figure 9. ECBSO and comparison algorithms 

Comprehensive comparisons on the CEC-2017 suite show that ECBSO consistently outperforms all rival algorithms. Relative 

to the original CBSO, the three proposed modules jointly deliver a marked increase in both convergence accuracy and reliability, 

corroborating that the introduced strategies materially elevate the search capability of the baseline method. 

5.6. Running time analysis 

To ensure a fair and practical assessment, wall-clock running times measured on the same hardware are reported together with 

the theoretical complexity. Table 8 lists the average CPU time of ECBSO and its competitors on the CEC 2017 suite at 10 D, 30 D, 

50 D and 100 D. Owing to the repeated covariance-matrix updates, ECBSO is the slowest variant; the extra minutes, however, buy 

a sizeable performance leap (cf. Friedman ranks in Table 6). The original CBSO, by contrast, remains among the fastest algorithms, 

while APSM-jSO exhibits a runtime close to that of ECBSO—consistent with their almost identical rank order. In short, ECBSO 

trades runtime for markedly better solution quality; this trade-off is acceptable for off-line design or planning tasks, but may preclude 

its use in latency-critical, real-time applications. 

Table 8. Running time of ECBSO and comparison algorithms (/seconds) 

Test suite Dimension ECBSO CBSO ISGTOA EMTLBO LSHADE APSM-jSO GLS-MPA ESLPSO ACGRIME RDGMVO 

CEC-2017 

10 0.0383 0.0110 0.0174 0.0165 0.0425 0.0210 0.0114 0.0274 0.0384 0.0161 

30 0.2610 0.0724 0.0996 0.0812 0.1985 0.2083 0.0732 0.1717 0.3345 0.1172 

50 1.2931 0.4058 0.5396 0.4150 0.8102 1.2891 0.4089 0.8770 1.9978 0.6221 

100 11.7411 4.1473 5.7040 4.2512 6.6779 12.7568 4.1441 8.7575 22.1977 6.1617 

5.7. Advantages and disadvantages of the proposed ECBSO algorithm 

The proposed ECBSO algorithm demonstrates clear superiority over its rivals. The synergy of the three modules enables fast 

and stable generation of higher-quality solutions: DGS produces high-quality offspring and wider spatial coverage, markedly 

strengthening global exploration. GLS introduces an on-line exploitation–exploration indicator that adaptively re-balances global 

and local search tendencies. HES embeds the EO operator and maintains population diversity through an elite pool, effectively 

preventing stagnation while accelerating convergence. Collectively, these strategies endow ECBSO with both effectiveness and 

reliability across the entire test experiments. 

Although ECBSO achieves consistent performance gains, several limitations remain to be addressed. First, the covariance 

matrix maintained by DGS introduces additional computational overhead, which may render the algorithm unsuitable for time-

critical optimization tasks. Second, the reported optimal parameter set has been tuned exclusively on the CEC 2017 benchmark; 

its robustness across a broader range of problem classes is yet to be verified. Third, the update rule embedded in GLS is still 

rudimentary and requires further refinement to enhance its ability to navigate landscapes with highly convoluted attraction basins. 

Finally, while ECBSO performs well on standard benchmarks, its behavior may change when applied to highly specialized 
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optimization problems that possess radically different constraint structures or objective characteristics that have not yet been 

examined. 

6. Conclusion and future works 

This study addresses the limitations of the original CBSO algorithm by introducing ECBSO, which integrates three 

synergistic enhancements: the Dominant-Group Sampling (DGS) strategy, the Guided Learning Strategy (GLS), and the Hybrid 

Elite Strategy (HES). Comprehensive comparisons on the CEC2017 benchmark against a variety of state-of-the-art algorithms 

verify the superior performance of ECBSO. The proposed algorithm consistently ranks first across different dimensionalities and 

landscape types, exhibiting the best convergence speed and robustness. 

Although ECBSO has demonstrated commendable and superior performance, several limitations remain to be addressed in 

future work. The maintenance of the covariance matrix may compromise its timeliness in large-scale or real-time applications. 

The optimal parameter set identified on the CEC 2017 suite may not generalize to landscapes with radically different 

characteristics, and the exploration–exploitation operator of GLS could be further enhanced to self-adapt to both simple and 

complex problems. Future research will therefore focus on three directions: (1) extending the applicability of ECBSO to multi-

objective optimization, real-time optimization, and other challenging scenarios. (2) refining its architecture through adaptive 

parameter control and the integration of cutting-edge techniques from artificial intelligence. (3) leveraging large language models 

to design more comprehensive search operators can achieve a balance between the breadth of exploration and the depth of 

exploitation. In short, we envision broader applications and deeper improvements. 
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