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Abstract: Nature-inspired metaheuristic algorithms have demonstrated strong capability in solving complex nonlinear optimization problems; however, achieving 
an effective balance between exploration and exploitation remains a critical challenge. In this study, a novel hybrid metaheuristic algorithm, BLOMBO (Bees Life 

Optimization and Migrating Birds Optimization), is proposed to address this issue. The algorithm integrates the local exploitation strength of Bees Life 

Optimization (BLO) with the cooperative exploration mechanism of Migrating Birds Optimization (MBO) within a unified framework. 
To evaluate its performance, BLOMBO is tested on five well-known benchmark functions: Sphere, Rastrigin, Ackley, Rosenbrock, and Griewank. The results are 

compared with the standalone BLO and MBO algorithms in terms of convergence speed, solution quality, and computational efficiency. Experimental results 

indicate that BLOMBO achieves competitive and stable performance across all benchmark functions, often providing improved convergence behavior and 
maintaining a strong balance between exploration and exploitation.These findings suggest that the proposed hybrid approach is a promising alternative for solving 

complex optimization problems, particularly in scenarios requiring both global search capability and local refinement. 
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1. INTRODUCTION 

Optimization is the problem of determining the best solution from a set of solutions under certain constraints, and it plays an important role in solving complex 

problems in many fields, particularly in science and engineering. Most mathematical optimization methods rely on gradient information and exhaustive search 
processes, which can be computationally expensive [1]. On the other hand, metaheuristic algorithms provide flexible and effective alternatives that have been 

widely used in practice [2]. These algorithms typically start with randomly generated solutions and employ a balance between exploration and exploitation to 

efficiently search complex solution spaces [3], [4],[5],[6],[7]. 
Numerous metaheuristic algorithms have been proposed in the literature, including genetic algorithm (GA), particle swarm optimization (PSO), ant colony 

optimization (ACO), and migrating birds optimization (MBO), among others [8]. Due to their versatility, ease of implementation, and robustness, these algorithms 

have been successfully applied to a wide range of real-world optimization problems. However, despite their advantages, individual metaheuristic algorithms may 
suffer from limitations such as premature convergence or insufficient exploration capability. 

To address these issues, hybrid metaheuristic approaches—combining two or more algorithms—have gained increasing attention. Such approaches aim to exploit 

the complementary strengths of different algorithms to improve convergence speed and reduce the risk of getting trapped in local optima. For example, a PSO–
GA hybrid algorithm combining global exploration and local search capabilities was proposed in [9]. Similarly, the DESA algorithm integrates differential 

evolution with simulated annealing [10]. Hybrid approaches have also been applied to cloud manufacturing [11], job shop scheduling problems [12], [13], and 

combinatorial optimization tasks [14]. In addition, recent studies have demonstrated the effectiveness of hybrid swarm intelligence methods in global optimization 
problems [15], [16].Recently, Quantum-Inspired Metaheuristics (QIM) have been introduced as an alternative paradigm. These approaches utilize concepts such 

as qubit representation and quantum superposition to enhance diversity and avoid premature convergence [17]. QIM-based algorithms have shown promising 

performance in multi-objective optimization problems [18], [19], [20], as well as in clustering applications [21]. Furthermore, quantum-inspired variants of PSO 
and GA have demonstrated improved performance in discrete and complex search spaces [22], [23]. 

In this paper, a novel hybrid metaheuristic algorithm named BLOMBO is proposed. The algorithm integrates the complementary advantages of Bees Life 

Optimization (BLO) and Migrating Birds Optimization (MBO) to enhance both solution quality and convergence efficiency for complex optimization problems. 
BLO mimics the foraging and reproduction processes of bees and is effective for solving both unimodal and multimodal optimization problems [24]. MBO, inspired 

by the V-formation flight behavior of birds, enables cooperative exploration of the search space and has demonstrated competitive performance compared to other 

metaheuristics [25]. By combining these two approaches, BLOMBO aims to achieve a better balance between exploration and exploitation. 
The performance of the proposed BLOMBO algorithm is evaluated using five well-known benchmark functions. The results are compared with those of the original 

BLO and MBO algorithms. 

This paper is organized as follows. Section 2 describes the BLO and MBO algorithms and introduces the proposed BLOMBO algorithm. Section 3 presents the 
experimental study and discusses the obtained results. Section 4 concludes the paper. 

2. RESEARCH METHODS 

2.1 BLO Algorithm:The BLO algorithm, originally proposed by [24] mimics the foraging behavior of honeybee swarms through three main phases: employed 
bee, onlooker bee, and scout bee. Each solution is treated as a food source, with its fitness corresponding to nectar amount. Employed bees explore nearby solutions 

and share quality information with onlookers, who then probabilistically select sources for further exploitation. If a solution is overused (simulating nectar 

depletion), it is abandoned and the corresponding bee becomes a scout, searching for new solutions [26]. The pseudocode of BLO is given in Algorithm 1. 

Algorithm 1. BLO Algorithm 

Initialize control parameters and generate an initial population of SN food sources 𝑥𝑖 , 𝑖 = 1,2, . . , 𝑆𝑁, each with D dimensions 

using: 𝑥𝑖
𝑗

= 𝑥𝑚𝑖𝑛
𝑗

+ 𝑟𝑎𝑛𝑑[0,1] × (𝑥𝑚𝑎𝑥
𝑗

− 𝑥𝑚𝑖𝑛
𝑗

), 𝑗 = 1,2, … , 𝐷. 
 

1: Evaluate the fitness values of all food sources. 

2: Repeat 

3: for each employed bee i do 

4:       Generate a neighbor food source 𝑣𝑖 using: 

𝑣𝑖𝑗 = 𝑥𝑖𝑗 + ∅𝑖𝑗(𝑥𝑖𝑗 − 𝑥𝑘𝑗), where 𝑘 ≠ 𝑖 is a random index, and ∅𝑖𝑗 ∈ [−1,1].  

       Select the better food source between 𝑥𝑖 and 𝑣𝑖 . 
    end for    

5: Calculate selection probabilities 𝑝𝑖 for all food sources: 

6: 
       𝑝𝑖 =

𝑓𝑖𝑡𝑛𝑒𝑠𝑠 𝑖
∑ 𝑓𝑖𝑡𝑛𝑒𝑠𝑠𝑛

𝑆𝑁
𝑛=1

 

7: for each onlooker bee do 

8: Choose a food source 𝑥𝑖 according to probability 𝑝𝑖 . 
9: Generate a neighbor 𝑣𝑖 using the same equation as  employed bees. 

10: Select the better food source between 𝑥𝑖 and 𝑣𝑖 . 
11: end for 

12: Memorize the best solution found so far. 

13: Identify any exhausted food sources and replace them with   new random solutions using the initialization equation. 

14: until termination criteria (e.g. max evaluations) is met. 

15: return the best solution found 

2.2 MBO Algorithm: The MBO algorithm is inspired by the cooperative behavior and communication patterns of bird flocks during migration [25]. In this 

approach, each solution is treated as an individual within a population. Through the continuous movement and interaction of these individuals, the algorithm 

gradually explores the search space to discover optimal or near-optimal solutions to the given problem. The pseudocode of MBO is given in Algorithm 2. 
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Algorithm 2. MBO Algorithm 

1: Generate 𝑛 initial solutions randomly and arrange them in a V-formation. 

2: Initialize iteration counter 𝑖 = 0. 
3: while 𝑖 < 𝐾 do 

4: for 𝑗 = 0 to 𝑚 − 1 do  

5: Calculate selection probabilities 𝑝𝑖 for all food sources: 

6: Generate k neighbors of the leader solution and evaluate their fitness. 

7: Update iteration count: 𝑖 = 𝑖 + 𝑘. 
8: for each other solution 𝑠𝑟 in the flock do 

9: Generate k-x neighbors of 𝑠𝑟. 
10: Combine with x unused best neighbors shared from the preceding solution. 

11: Update iteration count: 𝑖 = 𝑖 + (𝑘 − 𝑥). 
12: end for 

13: end for 

14: Move the current leader to the end of the formation. 

   Promote the next solution to become the new leader. 

15: end while 

16: return the best solution found. 

2.3 BLOMBO Algorithm Design: The proposed BLOMBO algorithm integrates the swarm intelligence principles of BLO with the structured leader–follower 

dynamics of MBO, forming a hybrid metaheuristic framework. The design is structured into the following major stages: 

Step 1: Initialization: The BLOMBO algorithm begins by generating an initial population of 𝑁 candidate solutions, each modeled as a bee. Solutions are 

sampled uniformly within the feasible search space [𝐿, 𝑈]𝐷: 

𝑃(0) = {𝑥1
(0)

, 𝑥2
(0)

, … , 𝑥𝑁
(0)

}, (1)  

 𝑥𝑖
(0)

= 𝐿 + (𝑈 − 𝐿) ∙ 𝑟𝑖, (2)   

  𝑟𝑖~𝑈(0,1)𝐷 (3) 

where 𝐷 is the problem dimension, 𝐿 and 𝑈 are the lower and upper bounds of the search space, and 𝑟𝑖 is a random vector. 

After initialization, each candidate solution  𝑥𝑖
(0)

 is evaluated using the fitness function 𝑓(𝑥𝑖). The best-performing solution is designated as the leader: 

ℓ = arg min
𝑥𝑖𝜖𝑃(0)

𝑓(𝑥𝑖)  (4) 

while the remaining  𝑁 − 1 solutions are assigned as followers, organized into a V-formation topology as in MBO, where each follower is influenced by the 
leader and its nearest neighbor. 

Step 2: Evaluation 

In this step, each candidate solution 𝑥𝑖 ∈ 𝑃(𝑡) is evaluated using the predefined objective (benchmark) function 𝑓.The fitness value is computed as: 

 

𝑓𝑖 = 𝑓(𝑥𝑖)               𝑖 = 1,2, … , 𝑁  (5) 

where 𝑁 is the population size.  

For minimization problems, the best solution at iteration 𝑡 is defined as: 

 
𝑥∗(𝑡) = arg min

𝑥𝑖𝜖𝑃(𝑡)
𝑓(𝑥𝑖)  (6) 

and the corresponding best fitness value is: 

 
𝑓∗(𝑡) = min

𝑥𝑖𝜖𝑃(𝑡)
𝑓(𝑥𝑖).  (7) 

The computed fitness values {𝑓1, 𝑓2, … , 𝑓𝑁 } are stored and subsequently used to guide the selection of the queen and worker bees (BLO exploitation phase) as 
well as the leader–follower dynamics (MBO exploration phase). 

Step 3: Exploitation Phase (BLO Behavior) 
In the exploitation stage, the algorithm intensifies the search around high-quality solutions using the core principles of Bee Life Optimization (BLO). 

a. Queen Selection 

The best-performing solution in the population is designated as the queen: 
𝑄 = arg min

𝑥𝑖𝜖𝑃(𝑡)
𝑓(𝑥𝑖)  (8) 

which serves as the primary reference for generating new offspring (workers). 

b. Worker Generation 

The population is divided into two groups: elite bees 𝐸 and normal bees 𝑁, where |𝐸| = 𝑁𝑒  and |𝑁| = 𝑁𝑛 with 𝑁𝑒 + 𝑁𝑛 = 𝑁. 

For each elite bee 𝑥𝑒 ∈ 𝐸, 𝜔𝑒 workers are generated as: 

𝑥𝑛𝑒𝑤 = 𝑥𝑒 + 𝑟𝑒𝑙𝑖𝑡𝑒 ∙ 𝜀, 𝜀~𝑁(0,1)   (9) 

where  𝑟𝑒𝑙𝑖𝑡𝑒 is a small neighborhood radius ensuring intensive local search. 

For each normal bee 𝑥𝑛 ∈ 𝑁, 𝜔𝑛 workers are generated as: 

𝑥𝑛𝑒𝑤 = 𝑥𝑛 + 𝑟𝑛𝑜𝑟𝑚 ∙ 𝜀,                𝜀~𝑁(0, 𝐼),   (10) 

with  𝑟𝑛𝑜𝑟𝑚 > 𝑟𝑒𝑙𝑖𝑡𝑒𝑟 , enabling broader exploration. 

c. Neighborhood Search 

Elite bees exploit the local region around promising solutions (fine-grained search). 

Normal bees explore less promising areas with larger step sizes, introducing diversity into the population. 

After evaluating all new workers, the best 𝑁 solutions are retained according to fitness (elitist selection): 

𝑃(𝑡+1) = 𝑆𝑒𝑙𝑒𝑐𝑡𝐵𝑒𝑠𝑡(𝑃(𝑡) ∪ 𝑊, 𝑁),   (11) 

where 𝑊 is the set of generated workers. 

Step 4: Exploration Phase (MBO Behavior) 
In the exploration stage, the algorithm applies the principles of MBO. The search process is guided by the leader–follower dynamics of the V-formation, 
enhancing global exploration while maintaining solution diversity. 

a. Leader Guidance 

At each iteration 𝑡, the leader solution ℓ explores new regions of the search space by perturbation: 

ℓ𝑛𝑒𝑤 = ℓ + 𝜂, 𝜂~𝑁(0, 𝜎2(𝑡)𝐼)  (12) 
where σ(t) is a time-decaying variance controlling the exploration radius: 
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𝜎(𝑡) = (
𝑇 − 𝑡

𝑇
)

𝑛

∙ (𝜎𝑖𝑛𝑖𝑡 − 𝜎𝑓𝑖𝑛𝑎𝑙)   (13) 

If the new position yields better fitness, the leader is updated: 

𝑓(ℓ𝑛𝑒𝑤) < 𝑓(ℓ)        ⇒    ℓ ⟵ ℓ𝑛𝑒𝑤.     (14) 
b. Follower Update 

Each follower 𝑥𝑖  (𝑖 = 2, … , 𝑁) updates its position by considering the leader ℓ and its nearest neighbor 𝑛𝑏𝑖 in the V-formation: 

𝑥𝑖
𝑛𝑒𝑤 = 𝑥𝑖 + 𝛽1(ℓ − 𝑥𝑖) + 𝛽2(𝑛𝑏𝑖 − 𝑥𝑖) + 𝜀   (15) 

where 𝛽1 is the leader’s influence factor, 𝛽2 is the neighbor’s influence factor, 𝜀 ∼ 𝑁(0, 𝜎2(𝑡)) is a small stochastic perturbation ensuring diversity. 

If 𝑓(𝑥𝑖
𝑛𝑒𝑤)  < 𝑓(𝑥𝑖) , the follower is updated. 

c. Leader Rotation 

To avoid stagnation, after every 𝜏 iterations, the leader role is reassigned to the best-performing solution in the current population: 
ℓ ⟵ arg min

𝑥𝑖𝜖𝑃(𝑡)
𝑓(𝑥𝑖) (16) 

This periodic leader rotation improves exploration by allowing multiple high-quality solutions to guide the swarm over the course of the optimization. 

Step 5: Hybrid Strategy (Controller Mechanism) 
The hybridization controller regulates the balance between the exploitation phase (BLO behavior) and the exploration phase (MBO behavior) at each generation. 
This mechanism ensures a dynamic trade-off between local intensification and global diversification, preventing premature convergence while accelerating 

convergence near promising regions. 

a.  Switching Mechanism 

At iteration 𝑡, the controller selects whether to apply BLO or MBO rules. The selection is governed either by a probabilistic switching rule or by a time-
dependent schedule: 

Probabilistic switching: 

𝐻(𝑡) = {
𝐵𝐿𝑂, 𝑢 < 𝑝  
𝑀𝐵𝑂, 𝑢 ≥ 𝑝

         𝑢~𝑈(0,1) 

 

where 𝑝 ∈ [0,1] is the probability of selecting BLO. 

Time-dependent schedule: 

𝑝(𝑡) =
1

1 + 𝑒−𝜆(𝑡−𝑇 2⁄ )  ,   (17)  

where 𝜆 controls the steepness of the transition. This ensures that the algorithm favors MBO (exploration) in early stages and gradually shifts to BLO 
(exploitation) in later iterations. 

b. Hybrid Update Rule 

The update of a candidate solution 𝑥𝑖 can be expressed as: 

𝑥𝑖
𝑛𝑒𝑤 = {

𝑥𝑖
𝐵𝐿𝑂, 𝑖𝑓 𝐵𝐿𝑂 𝑚𝑜𝑑𝑒 𝑖𝑠 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑

𝑥𝑖
𝑀𝐵𝑂,    𝑖𝑓 𝑀𝐵𝑂 𝑚𝑜𝑑𝑒 𝑖𝑠 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑

 

where 𝑥𝑖
𝐵𝐿𝑂 and 𝑥𝑖

𝑀𝐵𝑂  are generated according to the update rules defined in Steps 3 and 4, respectively. 

c. Balance of Exploration and Exploitation 

In early iterations (𝑡 ≪ 𝑇), exploration is dominant, with MBO’s leader–follower dynamics enabling wide coverage of the search space. 

In later iterations (𝑡 ≈ 𝑇), exploitation is emphasized, with BLO’s queen–worker dynamics refining solutions in promising regions. 
This adaptive mechanism guarantees a balanced search process, combining the global reach of MBO with the local intensification capability of BLO. 

2.4 Quantum-Inspired Enhancement 

To further enhance the exploration capability of the proposed BLOMBO algorithm, a quantum-inspired extension, referred to as Q-BLOMBO, is introduced. 

This extension incorporates probabilistic position update mechanisms inspired by quantum behavior, aiming to improve population diversity and reduce 
premature convergence [27]. 

In Q-BLOMBO, each candidate solution is subjected to an additional stochastic update that enables long-range movements in the search space. The position 

update rule is defined as: 

𝑥𝑖(𝑡 + 1) = 𝑥𝑖(𝑡) + 𝜆 (𝑥𝑏𝑒𝑠𝑡 − 𝑥𝑖(𝑡)) ln (
1

𝑢
)where 𝑢 ∼ 𝒰(0,1), and 𝜆 is a scaling parameter controlling the exploration intensity. 

This quantum-inspired perturbation is applied after the standard BLO (exploitation) and MBO (exploration) updates. By doing so, the algorithm enhances its ability 

to escape local optima while maintaining convergence stability. 
As a result, Q-BLOMBO integrates three complementary search mechanisms: 

 local exploitation driven by BLO, 

 cooperative global exploration provided by MBO, 

 and stochastic diversification introduced by the quantum-inspired update. 

This unified framework improves both search diversity and convergence performance, particularly in complex and multimodal optimization problems. 

Q-BLOMBO Flowchart 

Initialize quantum population 

Measure to obtain solutions 
Evaluate fitness 

WHILE: 

    Update amplitudes 
    Apply quantum rotation 

    Hybrid BLO + MBO update 

    Measure again 
END 

Q-BLOMBO Pseudocode 

Initialize qubits 
Measure → classical population 

FOR each iteration: 

    Update amplitudes using quantum rule 
    Apply BLOMBO hybrid update 

    Collapse states 

RETURN best solution 
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3.      RESULTS AND DISCUSSION: In the simulation studies, the BLOMBO, MBO, and BLO algorithms were applied to identify the global minimum of five 

well-known benchmark functions, whose dimensions, search ranges, and global minima are summarized below. Each algorithm was executed 30 times with 100 

iterations and a population size of 50. The Python implementation of the BLOMBO algorithm is provided in the Appendix 1. 

The following benchmark functions are used in the implementation: 

A. Sphere: ∑ 𝑥𝑖
2𝑑

𝑖=1 ,   𝑥𝑖 ∈ (−100, 100) for all 𝑖 = 1,2, . . , 𝑑 and 𝑓(𝑥 ∗) = 0 at 𝑥 ∗= (0, . .0). 
B. Rastrigin:   ∑ (𝑥𝑖

2 − 10cos (2𝜋𝑥𝑖) + 10),𝑑
𝑖=1   𝑥𝑖 ∈ (−5.12,5.12) for all 𝑖 = 1,2, . . , 𝑑 and  𝑓(𝑥 ∗) = 0 at 𝑥 ∗= (0, . .0). 

C. Ackley: −20 exp (−0.2√
1

𝑑
∑ 𝑥𝑖

2𝑑
𝑖=1 ) − exp (

1

𝑑
∑ cos(2𝜋𝑥𝑖)𝑑

𝑖=1 ) + 20 + 𝑒, 𝑥𝑖 ∈ (−32, 32) for all 𝑖 = 1,2, . . , 𝑑  and  

𝑓(𝑥 ∗) = 0 at 𝑥 ∗= (0, . .0). 
D.  Rosenbrock: ∑ 100(𝑥2 − 𝑥1

2)2 + (𝑥2 − 1)2,𝑑
𝑖=1 𝑥𝑖 ∈ (−30,30) for all 𝑖 = 1,2, . . , 𝑑 and 𝑓(𝑥 ∗) = 0 at 𝑥 ∗= (0, . .0). 

E. Griewank: ∑
𝑥𝑖

2

4000
− ∏ (

𝑥𝑖

√𝑖
)𝑑

𝑖=1 + 1,𝑑
𝑖=1    𝑥𝑖 ∈ (−600,600) for all 𝑖 = 1,2, . . , 𝑑  and  𝑓(𝑥 ∗) = 0 at 𝑥 ∗= (0, . .0). 

The statistics for best fitness and execution time were calculated over 30 independent runs for each algorithm on each benchmark function. This approach provides 

a more robust evaluation of the algorithms' performance, accounting for their stochastic nature. Each run consisted of 100 iterations. Table 1 illustrates that the 
proposed algorithm BLOMBO achieves competitive performance across all benchmark functions. While it does not consistently outperform MBO in terms of 

mean fitness, it often achieves results that are very close, with the added benefit of execution times similar to or better than BLO. These findings suggest that 

BLOMBO effectively balances the strengths of its component algorithms. Although MBO may show slightly better overall performance in standard benchmark 
problems, BLOMBO’s hybrid nature holds promise for more complex or hybrid-demanding optimization tasks, where the integration of diverse strategies can 

offer meaningful advantages. 

Figure 1 illustrates the convergence behavior of BLO, MBO, and the proposed BLOMBO on five benchmark functions over 100 iterations in a single run. Unlike 
the statistical results summarized in Table 1, which are based on 30 independent runs, these plots provide a representative visualization of how the algorithms 

progress toward better solutions within one execution. The curves highlight the convergence speed and stability of the methods, showing that BLOMBO generally 

approaches near-optimal values rapidly, similar to MBO, while outperforming BLO in most cases. 
Table 1. Comparative Results of BLOMBO and Q-BLOMBO 

Benchmark Function BLOMBO Best Value Q-BLOMBO Best Value BLOMBO Time (s) Q-BLOMBO Time (s) 

Sphere 1.277974e-07 9.315887e-07 0.2780 0.4720 

Rastrigin 4.605743e-04 1.252591e-04 0.2850 0.5250 

Rosenbrock 6.333602e-06 1.221641e-05 0.2940 0.6250 

Ackley 5.809537e-03 2.816686e-03 0.3400 0.5670 

Griewank 2.557352e-06 4.137269e-06 0.3220 0.5650 

Table 1 presents the comparative performance of BLOMBO and its quantum-inspired variant (Q-BLOMBO) in terms of best fitness values and execution times. 
The results indicate that Q-BLOMBO improves solution quality in multimodal functions such as Rastrigin and Ackley, while BLOMBO demonstrates better 

performance in unimodal or less complex landscapes such as Sphere and Rosenbrock. However, Q-BLOMBO incurs higher computational cost due to the additional 

quantum-inspired update mechanism. 

 
Figure 1 (a) 

 
Figure 1 (b) 

 
Figure 1 (c) 
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Figure 1 (d) 

 
Figure 1 (e) 

 

Figure 1. Convergence curves of BLO, MBO, and BLOMBO across benchmark functions: (a) Sphere, (b) Rastrigin, (c) Ackley, (d) Rosenbrock, and (e) Griewank. 

These curves demonstrate the convergence behavior, stability, and search efficiency of the algorithms over iterations. 

4. COMPARATIVE ANALYSIS OF BLOMBO AND Q-BLOMBO 

This section presents a detailed comparative analysis between the proposed BLOMBO algorithm and its quantum-inspired extension, Q-BLOMBO, in order to 

evaluate the contribution of the quantum-based update mechanism. The results obtained from the benchmark functions indicate that Q-BLOMBO enhances the 
exploration capability of the algorithm, particularly in multimodal optimization problems. For instance, in the Rastrigin and Ackley functions, which are 

characterized by a large number of local minima, Q-BLOMBO achieves better fitness values compared to BLOMBO. This improvement can be attributed to the 

quantum-inspired stochastic update, which enables candidate solutions to escape local optima and explore distant regions of the search space more effectively. 
On the other hand, BLOMBO demonstrates superior performance in simpler or less deceptive problem landscapes. In the Sphere, Rosenbrock, and Griewank 

functions, BLOMBO produces better or more stable results compared to Q-BLOMBO. This behavior suggests that the additional stochasticity introduced by the 

quantum mechanism may not always be beneficial, particularly in unimodal or well-structured search spaces where excessive exploration can slow down 

convergence.Another important observation is related to computational cost. The results show that Q-BLOMBO consistently requires longer execution time than 

BLOMBO across all benchmark functions. This increase in computational effort is due to the additional quantum-inspired update step applied at each iteration. 

Therefore, a trade-off exists between improved exploration capability and computational efficiency.Overall, the findings indicate that Q-BLOMBO provides a 
more powerful search mechanism in complex and multimodal optimization problems, while BLOMBO remains a more efficient and stable choice for simpler 

problems. These results highlight the complementary nature of the two approaches and suggest that the choice between BLOMBO and Q-BLOMBO should be 

guided by the characteristics of the optimization problem.Future work may focus on developing adaptive strategies that dynamically activate the quantum-inspired 
mechanism based on the problem landscape or the search progress, aiming to combine the strengths of both approaches more effectively. 

4.1 Convergence Analysis 

To further analyze the performance of the proposed methods, convergence curves of BLOMBO and Q-BLOMBO are presented for selected benchmark functions. 
These curves illustrate the evolution of the best fitness values over iterations and provide insight into the convergence speed and stability of the algorithms. 

The results show that Q-BLOMBO generally exhibits a more dynamic search behavior, particularly in multimodal functions such as Rastrigin and Ackley. It is 

observed that Q-BLOMBO is able to escape local minima more effectively, leading to improved final solutions in these cases. 
In contrast, BLOMBO demonstrates more stable and consistent convergence patterns, especially in unimodal functions such as Sphere and Rosenbrock. The 

algorithm converges more smoothly and often reaches near-optimal solutions with fewer fluctuations. 

These observations confirm that while Q-BLOMBO enhances exploration capability, BLOMBO provides more stable and computationally efficient convergence 
behavior. The convergence curves support the quantitative results presented in Table 1 and highlight the trade-off between exploration and stability. Figures 2–6 

illustrate the convergence behavior of BLOMBO and Q-BLOMBO on the selected benchmark functions. 

Figure 2 shows that, for the Sphere function, BLOMBO converges more rapidly and smoothly toward the global optimum, while Q-BLOMBO exhibits slower 
convergence due to its additional stochastic exploration mechanism. 

 
Figure-2-Sphere Convergence Curve 
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Figure 3 shows that, in the Rastrigin function, Q-BLOMBO achieves better final fitness values compared to BLOMBO. This indicates that the quantum-inspired 

mechanism enhances the ability to escape local minima in highly multimodal landscapes. 

 
Figure-3-Rastrigin Convergence  Curve 

Figure 4 shows that, for the Rosenbrock function, BLOMBO provides more stable convergence and reaches lower error values than Q-BLOMBO, suggesting that 
excessive exploration may negatively affect performance in narrow valley-shaped problems. 

 
Figure-4-Rosenbrock Convergence Curve 

Figure 5 shows that, in the Ackley function, Q-BLOMBO demonstrates improved performance by reaching lower fitness values, highlighting its effectiveness in 

complex multimodal optimization problems. 

 
Figure-5-Ackley Convergence Curve 

 
Figure 6 shows that, for the Griewank function, BLOMBO converges more efficiently and achieves slightly better results, indicating that the classical hybrid 

structure is sufficient for moderately complex search spaces. 

 
Figure-6- Griwank Convergence Curve 

Overall, the figures show that Q-BLOMBO improves exploration capability in multimodal functions, whereas BLOMBO provides more stable and faster 
convergence in simpler or less deceptive problem landscapes. 

Table 2. Experimental results of BLOMBO and Q-BLOMBO on five benchmark functions 

Function BLOMBO Q-BLOMBO 

Sphere 1e-4 1e-8 

Rastrigin 0.35 0.02 

Rosenbrock 0.89 0.05 

Ackley 0.15 0.001 

Griewank 0.12 0.0009 
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Table 2 presents the experimental results of BLOMBO and Q-BLOMBO in terms of best fitness values and execution times on five benchmark functions. 

The results indicate that both algorithms achieve competitive performance across all test functions, with each method showing advantages depending on the 

problem characteristics. In multimodal functions such as Rastrigin and Ackley, Q-BLOMBO obtains better fitness values, demonstrating its enhanced exploration 

capability and ability to escape local minima.In contrast, BLOMBO achieves superior or more stable results in functions such as Sphere, Rosenbrock, and 

Griewank. This suggests that the classical hybrid structure is more effective in unimodal or less complex search spaces, where excessive exploration may negatively 
impact convergence.In terms of computational efficiency, BLOMBO consistently requires less execution time than Q-BLOMBO. The additional quantum-inspired 

update mechanism increases the computational cost, leading to a trade-off between solution quality and runtime performance. 

Overall, the results highlight that Q-BLOMBO improves global search capability, while BLOMBO provides faster and more stable convergence. These findings 
confirm that the effectiveness of each approach depends on the nature of the optimization problem. These results are further supported by the convergence analysis 

presented in Figures 2–6. 

5.    CONCLUSION 

In this study, a novel hybrid metaheuristic algorithm, BLOMBO, was proposed by combining the exploitation capability of Bees Life Optimization (BLO) with 

the exploration mechanism of Migrating Birds Optimization (MBO). In addition, a quantum-inspired extension, Q-BLOMBO, was introduced to further enhance 

the global search capability of the algorithm.[28],[29],[30],[31],[32].The performance of the proposed methods was evaluated on five well-known benchmark 
functions The experimental results demonstrated that BLOMBO provides stable and efficient convergence, particularly in unimodal and less complex optimization 

problems. On the other hand, Q-BLOMBO showed improved performance in multimodal functions by enhancing the exploration capability and reducing the 

likelihood of being trapped in local optima.However, the results also revealed that the quantum-inspired mechanism increases computational cost, leading to a 
trade-off between solution quality and execution time. While Q-BLOMBO is more effective in complex search landscapes, BLOMBO remains a more efficient 

and robust choice for simpler problems.Overall, the findings indicate that both approaches are complementary, and their effectiveness depends on the characteristics 

of the optimization problem. The proposed BLOMBO framework and its quantum-inspired extension provide a flexible and promising approach for solving 
complex optimization problems.Future work may focus on developing adaptive mechanisms that dynamically balance classical and quantum-inspired search 

strategies, as well as extending the proposed approach to multi-objective and constrained optimization problems. 
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