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 The flexible job shop scheduling problem (FJSSP) is a highly complex 

combinatorial optimization problem widely encountered in modern 

manufacturing systems. Its complexity arises from the simultaneous 

determination of operation sequencing and machine assignment, making it 

significantly more challenging than the classical job shop scheduling 

problem (JSSP). Recent advances in hybrid metaheuristics and intelligent 

optimization methods have improved solution quality; however, achieving 

an effective balance between global exploration and local exploitation 

remains a critical challenge. In this paper, a novel hybrid metaheuristic 

approach combining a genetic algorithm (GA) and convergent random 

search (CRS) is proposed to address the FJSSP. The proposed method 

exploits the global search capability of GA to explore the solution space, 

while CRS is employed as an adaptive local refinement mechanism applied 

to elite individuals. This hybridization strategy enhances convergence speed 

and avoids premature stagnation. Extensive computational experiments are 

conducted on well-known benchmark instances, including Brandimarte and 

Kacem datasets. The results indicate that the proposed GA–CRS approach 

significantly improves the makespan compared to classical GA and PSO-

based methods. In addition, the algorithm exhibits faster convergence 

behavior, reaching high-quality solutions in fewer iterations. Statistical 

analysis using non-parametric tests confirms the superiority of the proposed 

method. These findings demonstrate that the proposed hybrid GA–CRS 

algorithm provides a robust and efficient optimization framework for solving 

large-scale and complex FJSSP instances, outperforming several state-of-

the-art approaches. 
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1. INTRODUCTION 

Efficient production scheduling is a crucial factor in modern manufacturing systems, aiming to 

enhance productivity, reduce operational costs, and improve resource utilization. Among various scheduling 

problems, the job shop scheduling problem (JSSP) has been extensively studied due to its theoretical 

significance and practical importance in industrial environments. The flexible job shop scheduling problem 

(FJSSP) extends the classical JSSP by allowing each operation to be processed on one of several alternative 

machines [1], [2]. This additional flexibility increases modeling realism but also significantly raises 

computational complexity. The FJSSP involves determining both machine assignment and operation 
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sequencing in order to minimize the makespan while satisfying precedence and resource constraints [3]. Due 

to its NP-hard nature [4], exact optimization approaches such as mixed-integer linear programming become 

impractical for large-scale instances.  

Over the past decades, various metaheuristic algorithms have been proposed to efficiently solve the 

FJSSP, including genetic algorithms (GA) [3], [5], particle swarm optimization (PSO) [6], [7], tabu search 

(TS) [8], simulated annealing (SA), and ant colony optimization (ACO) [9], [10]. While these methods are 

capable of producing near-optimal solutions within reasonable computational time, they often suffer from 

premature convergence and an insufficient balance between global exploration and local exploitation. 

To address these limitations, hybrid metaheuristic approaches have been widely investigated, 

combining complementary optimization strategies to enhance search performance [11]-[15]. Recent advances 

have also introduced intelligent and learning-based optimization methods, further improving solution quality. 

However, most existing hybrid approaches rely on deterministic or problem-specific local search 

mechanisms, which may limit adaptability and robustness when dealing with highly complex and dynamic 

scheduling environments. 

Research gap: despite the progress achieved by hybrid metaheuristics, there remains a lack of 

adaptive stochastic local search mechanisms that can dynamically refine promising solutions without 

significantly increasing computational complexity. In particular, the integration of random search-based 

techniques such as convergent random search (CRS) within evolutionary frameworks has not been 

sufficiently explored for solving the FJSSP. This gap motivates the development of more flexible and robust 

hybrid approaches capable of balancing exploration and exploitation more effectively. 

In this context, this paper proposes a novel hybrid genetic algorithm–convergent random search 

(GA–CRS) framework. The proposed approach leverages the global exploration capability of GA while 

incorporating CRS as an adaptive local refinement strategy applied to elite solutions, thus improving 

convergence speed and solution quality. 

Industrial relevance (Industry 4.0): despite the progress achieved by hybrid metaheuristics, there 

remains a lack of adaptive stochastic local search mechanisms that can dynamically refine promising 

solutions without significantly increasing computational complexity. 

Industrial relevance (Industry 4.0): with the emergence of Industry 4.0 and smart manufacturing 

systems, production environments are becoming increasingly dynamic, flexible, and data-driven. Efficient 

scheduling plays a key role in enabling real-time decision-making, reducing production delays, and 

optimizing resource allocation. Therefore, robust and adaptive optimization methods such as the proposed 

GA–CRS approach are essential for addressing the complexity of modern smart factories and achieving 

higher operational efficiency. 

The main contributions of this study are as follows: 

- Introduction of a novel hybrid GA–CRS framework for solving the FJSSP, where CRS is used as an 

adaptive local refinement mechanism. 

- Enhancement of convergence stability by effectively balancing global exploration and local exploitation. 

- Demonstration of statistically validated superiority over classical metaheuristics using non-parametric 

tests. 

- Reduction of computational overhead compared to traditional deterministic hybrid approaches. 

The remainder of this paper is organized as follows: section 2 reviews related work on FJSSP 

optimization methods. Section 3 presents the problem formulation. Section 4 details the proposed GA–CRS 

methodology. Section 5 discusses experimental results and comparisons. Finally, section 6 concludes the 

paper and outlines future research directions. 

 

 

2. RELATED WORK 

The FJSSP has been extensively studied as a realistic and complex extension of the classical JSSP 

[1], [2]. By allowing multiple alternative machines for each operation, FJSSP better reflects modern 

manufacturing systems but significantly increases computational complexity. Early research focused on exact 

optimization methods such as branch and bound, integer programming, and constraint programming [3], [9]. 

Although these approaches guarantee optimality, their computational cost grows exponentially with problem 

size, making them unsuitable for large-scale industrial applications [6]. 

To address these limitations, heuristic and metaheuristic approaches have been widely adopted. 

Heuristic methods, including dispatching rules and local search techniques, offer fast solutions but often lack 

optimality. In contrast, metaheuristics provide a more effective balance between exploration and exploitation. 

Among them, GA have been widely applied due to their population-based search and robustness [11], [5]. 

Several improvements, such as adaptive GA [8] and multi-objective GA [4], have enhanced solution quality 

and convergence performance. Other metaheuristics, including SA [16], TS [17], and PSO [7], have also 

demonstrated strong performance across different scheduling scenarios. 
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In recent years, hybrid metaheuristics have emerged as a dominant approach for solving the FJSSP. 

These methods combine complementary strategies to improve both global exploration and local 

intensification. Representative examples include GA–TS hybrids [10], PSO–SA combinations [12], and 

ACO–GA integrations [13]. More advanced hybrid frameworks, including memetic algorithms and multi-

objective evolutionary methods, have shown significant improvements in solution quality and convergence 

speed [15], [18]-[21]. 

More recently, the integration of intelligent optimization techniques such as reinforcement learning, 

deep learning, and data-driven strategies has further advanced the state of the art in scheduling optimization 

[22]-[26]. These approaches enhance adaptability and decision-making capabilities in dynamic and complex 

environments. However, they often require high computational resources and complex parameter tuning, 

which may limit their practical applicability in real-time industrial settings. 

On the other hand, random search-based optimization methods have gained increasing attention due 

to their simplicity and robustness. Techniques such as CRS [27]-[29] introduce adaptive stochastic 

perturbations that allow efficient exploration of the search space while progressively focusing on promising 

regions. Despite their advantages, these methods are rarely integrated into hybrid evolutionary frameworks 

for solving FJSSP. 

Furthermore, recent studies have explored hybrid and stochastic optimization approaches, including 

simheuristics, advanced local search strategies, and trajectory-based metaheuristics, which have 

demonstrated promising results in handling complex scheduling problems [30]-[32]. Nevertheless, achieving 

an effective balance between diversification and intensification remains a key challenge. 

Motivated by these observations, this paper proposes a hybrid GA–CRS approach that integrates the 

global exploration capability of GA with the adaptive local refinement mechanism of CRS. This combination 

aims to enhance convergence stability, avoid premature stagnation, and improve solution quality. Compared 

to existing hybrid methods, the proposed approach introduces a flexible stochastic refinement strategy that is 

both efficient and computationally lightweight. The next section presents the mathematical formulation of the 

FJSSP and the details of the proposed hybrid GA–CRS framework. 

 

 

3. PROBLEM FORMULATION AND BACKGROUND 

The FJSSP is an extension of the classical JSSP that introduces machine flexibility, allowing each 

operation to be processed on one of several alternative machines [1], [2]. This flexibility increases the realism 

of production modeling but also significantly raises the problem’s combinatorial complexity [3]. 

An FJSSP instance can be defined by a set of jobs: 

 

𝐽 = {𝐽1, 𝐽2, . . . , 𝐽𝑛}  (1) 

 

to be processed on a set of machines: 

 

𝑀 = {𝑀1, 𝑀2, . . . , 𝑀𝑚} (2) 

 

Each job 𝐽𝑖consists of a sequence of operations 𝑂𝑖1, 𝑂𝑖2, . . . , 𝑂𝑖𝑜𝑖
, which must be executed in a predefined 

order. For each operation 𝑂𝑖𝑗 , there exists a subset of eligible machines 𝑀𝑖𝑗 ⊆ 𝑀, and the corresponding 

processing time 𝑝𝑖𝑗𝑘depends on the selected machine 𝑀𝑘 ∈ 𝑀𝑖𝑗. 

The objective is to minimize the makespan, denoted by 𝐶max, representing the completion time of 

the last finished job. The mathematical formulation can be expressed as follows [9], [6]: 

 

min 𝐶max = max 
𝑖∈𝐽

{𝐶𝑖𝑜𝑖
}  (3) 

 

subject to the following constraints: 

A. Precedence constraints 

Ensure the prescribed order of operations within each job: 

 

𝑆𝑖,𝑗+1 ≥ 𝐶𝑖𝑗 ,   ∀𝑖 ∈ 𝐽,  𝑗 =  1,2, . . . , 𝑜𝑖 − 1  (4) 

 

where 𝑆𝑖𝑗and 𝐶𝑖𝑗denote the start and completion times of operation 𝑂𝑖𝑗, respectively. 
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B. Machine capacity constraints 

Each machine can process at most one operation at a time. For any two operations 𝑂𝑖𝑗  and 

𝑂𝑘𝑙assigned to the same machine 𝑀𝑟: 

 

𝑆𝑖𝑗 ≥ 𝐶𝑘𝑙 or 𝑆𝑘𝑙 ≥ 𝐶𝑖𝑗 , ∀𝑟 ∈ 𝑀 (5) 

 

C. Assignment constraints 

Each operation must be assigned to exactly one eligible machine: 

 
∑𝑘∈𝑀𝑖𝑗

𝑥𝑖𝑗𝑘 = 1, ∀𝑖 ∈ 𝐽,    𝑗 = 1,2, . . . , 𝑜𝑖  (6) 

 

Where: 

 

𝑥𝑖𝑗𝑘 = {
1, if operation 𝑂𝑖𝑗 is assigned to machine 𝑀𝑘,

0, otherwise.
  (7) 

 

D. Operation completion time 

The completion time of each operation is computed as: 

 

𝐶𝑖𝑗 = 𝑆𝑖𝑗 + ∑𝑘∈𝑀𝑖𝑗
𝑝𝑖𝑗𝑘  𝑥𝑖𝑗𝑘 (8) 

 

The FJSSP is known to be strongly NP-hard [11], implying that its computational complexity grows 

exponentially with the number of jobs, operations, and machines. Consequently, metaheuristic algorithms, 

particularly hybrid evolutionary approaches, have been widely employed to obtain near-optimal solutions 

within reasonable computational times [5], [8]. 

 

 

4. PROPOSED METHOD 

4.1.  Overview of the proposed approach 

This study proposes a hybrid metaheuristic approach, referred to as GA–CRS, to solve the FJSSP. 

The method integrates the global search capability of a GA with the local refinement ability of a CRS 

strategy. Hybrid metaheuristics combining evolutionary algorithms and local search have been widely 

recognized for improving solution quality and convergence speed in combinatorial optimization problems 

[1]-[3]. In particular, such hybridization enhances the balance between exploration and exploitation, which is 

critical in FJSSP due to its NP-hard nature [9]. 

 

4.2.  Solution representation 

Each solution is encoded using a dual representation scheme, consisting of Operation sequencing 

representation and Machine assignment representation. This encoding ensures feasibility while preserving 

routing flexibility, as commonly adopted in FJSSP literature [6]. Each chromosome represents a complete 

schedule satisfying technological and machine constraints. 

 

4.3.  Convergent random search phase 

After the GA phase, a local search procedure based on CRS is applied to refine candidate solutions. 

CRS combines random sampling and deterministic improvement mechanisms to intensify the search around 

promising regions [4], [16]. 

A. Neighbor generation 

The CRS procedure generates neighboring solutions using a perturbation mechanism controlled by 

parameter 𝛾. For each solution 𝑆, a neighbor 𝑆′is generated. 

B. Reflection mechanism 

A key operation in CRS consists of reflecting the worst solution around the centroid of selected elite 

solutions: 

 

𝑥𝑟 = 2𝑥𝑐 − 𝑥𝑤 

 

This mechanism enhances local exploitation and accelerates convergence toward high-quality solutions [4]. 

C. Replacement strategy 
If the generated neighbor improves the objective function, it replaces the current solution: 
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𝑆′ = {
𝑆′ if 𝑓(𝑆′) < 𝑓(𝑆)

𝑆 otherwise
  (10) 

 

Local search techniques have been shown to significantly improve solution quality in hybrid metaheuristics [16]. 

 

4.4.  Hybridization strategy (GA–CRS) 

The proposed hybrid strategy integrates GA and CRS in a sequential framework: 

- GA performs global exploration using selection, crossover, and mutation  

- CRS refines each solution through local neighborhood search  

- The improved population is reintegrated into the GA loop  

Such hybrid structures effectively combine diversification and intensification mechanisms and have 

demonstrated strong performance in scheduling and production optimization problems [2], [17]. 

 

4.5.  Parameter description 

The performance of the proposed algorithm depends on three main parameters: 

- 𝑝 (population size): controls the diversity of candidate solutions  

- 𝑐 (crossover probability): controls the recombination intensity  

- 𝛾  (gamma): controls the depth of local search in CRS  

Proper parameter tuning is essential to achieve a balance between exploration and exploitation [7]. 

 

4.6.  Objective function 

The objective of the FJSSP is to minimize the makespan, defined as the completion time of the last 

finished job: 

 

min 𝐶𝑚𝑎𝑥  (11) 

 

where 𝐶𝑚𝑎𝑥represents the maximum completion time among all jobs. This criterion is widely adopted in 

scheduling optimization and is considered a standard performance measure in job shop and flexible job shop 

problems [9]. 
 

4.7.  Flowchart of the proposed GA–CRS method 

The overall workflow of the proposed hybrid GA–CRS algorithm is illustrated in Figure 1. The 

process begins with the random initialization of the population, followed by fitness evaluation. In each 

iteration, a GA phase is applied, including selection, crossover, and mutation operations. The generated 

offspring are then refined using the CRS phase to enhance solution quality. This hybridization allows 

combining global exploration capabilities of GA with the local exploitation strength of CRS. The procedure 

is repeated until the stopping criterion is satisfied. 

 

 

5. EXPERIMENTAL SETUP 

5.1.  Benchmark instances 

The performance of the proposed hybrid GA–CRS approach is evaluated using a diverse set of well-

established benchmark instances commonly adopted in the literature on the FJSSP. First, the brandimarte 

instances (MK01–MK10) are employed as a standard benchmark suite, widely recognized for their varying 

levels of complexity and machine flexibility [1]. In addition, the Kacem et al. [2] instances are considered, as 

they introduce additional constraints and represent medium-scale problem configurations, thus providing a 

more realistic evaluation framework. To further assess the robustness and generalization capability of the 

proposed method, a set of randomly generated instances is also included. These datasets collectively span 

different problem sizes and flexibility levels, enabling a comprehensive evaluation of scalability and 

adaptability across heterogeneous scheduling environments, as commonly recommended in recent FJSSP 

studies [15], [18]. 

 

5.2.  Compared algorithms 

To validate the effectiveness of the proposed GA–CRS approach, a comparative analysis is 

conducted against several well-known and state-of-the-art metaheuristic algorithms. These include the 

standard GA, which serves as a baseline for evolutionary optimization [9], [11], as well as SA and TS, both 

of which are widely used local search techniques in scheduling problems [3]. Furthermore, hybrid strategies 

such as GA–TS and GA–PSO are incorporated into the comparison to highlight the advantages of 

hybridization in solving FJSSP [7], [16]. These methods have demonstrated strong performance in previous 



Indonesian J Elec Eng & Comp Sci  ISSN: 2502-4752  

 

 Production scheduling using a hybrid approach based on genetic algorithm and … (Belbachir Djelloul) 

539 

studies and provide a representative benchmark against both classical and hybrid optimization paradigms 

[12], [14]. 

 

 

 
 

Figure 1. Flowchart of the proposed GA–CRS algorithm 

 

 

5.3.  Parameter settings 

The parameters of the proposed GA–CRS algorithm are carefully tuned to achieve a balance 

between exploration and exploitation. For the GA component, a population size of 50 individuals is used, 

with a maximum of 500 generations. The crossover and mutation probabilities are set to 0.8 and 0.1, 

respectively. A tournament selection mechanism is adopted to ensure selective pressure, while an elitist 

replacement strategy is applied to preserve the best solutions across generations, in line with common 

practices in evolutionary optimization [4], [11].  

For the CRS component, local search is performed with 30 iterations per activation, and a reduction 

factor of 0.95 is used to gradually intensify the search. An acceptance probability of 0.2 allows controlled 

diversification, preventing premature convergence. The CRS procedure is activated every 20 generations and 

is applied to the top 20% of individuals in the population, thereby refining high-quality solutions without 

significantly increasing computational cost. This design is inspired by existing random search and adaptive 

optimization strategies [27]-[29]. To ensure fairness in comparison, all algorithms are executed under 

identical stopping criteria. 

 

5.4.  Evaluation protocol 

A rigorous evaluation protocol is adopted to ensure the statistical reliability and reproducibility of 

the results. Each algorithm is executed over 20 independent runs for every benchmark instance in order to 

account for stochastic variability. The performance is assessed using several key metrics, including the 

makespan (𝐶max), the relative percentage deviation (RPD), and the CPU execution time, which are standard 

indicators in scheduling optimization studies [9], [12]. Statistical analysis is conducted by computing the 

mean and standard deviation of the results, along with 95% confidence intervals to quantify variability. In 
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addition, Student’s t-test is performed to evaluate the statistical significance of performance differences 

between the proposed approach and competing algorithms. This methodology follows widely accepted 

guidelines for comparing metaheuristic algorithms [17]. 

 

5.5.  Computational environment 

All experiments are conducted on a computing platform equipped with an Intel Core i7 processor 

operating at 3.2 GHz and 16 GB of RAM. The implementation is carried out using Python 3.10, with 

standard scientific libraries including NumPy, Pandas, and Matplotlib. This experimental environment is 

consistent with recent works in the field and ensures both computational efficiency and reproducibility of the 

results [15], [20]. 

 

 

6. DISCUSSION 

6.1.  Analysis of results 

The experimental results demonstrate that the proposed GA–CRS hybrid approach achieves 

competitive performance in solving the FJSSP. In most benchmark instances, the algorithm produces 

solutions with lower or comparable makespan values relative to classical methods such as TS [1], and 

standard GAs [9], [11]. 

The integration of the CRS mechanism significantly enhances the exploitation capability of the 

algorithm. While the GA ensures global exploration of the search space, the CRS component refines 

promising solutions locally, leading to improved convergence toward high-quality solutions [27]-[29]. 

Compared to recent hybrid and intelligent approaches, including reinforcement learning-based methods and 

advanced metaheuristics [22], [23], [25], the proposed method maintains strong performance while 

preserving algorithmic simplicity and flexibility. 

 

6.2.  Impact of hybridization 

The hybridization strategy plays a crucial role in balancing exploration and exploitation, which is a 

key challenge in solving NP-hard scheduling problems such as FJSSP [15]. The GA efficiently explores 

diverse regions of the solution space through crossover and mutation operators [5], [11], while the CRS phase 

intensifies the search around elite solutions, thereby improving solution accuracy and stability [27], [28]. 

This combination reduces the risk of premature convergence, a common limitation in standalone evolutionary 

algorithms [4], [12]. Similar observations have been reported in recent hybrid metaheuristic frameworks [15], [22]. 

 

6.3.  Parameter sensitivity analysis 

The performance of the GA–CRS algorithm is influenced by several key parameters, including the 

population size, crossover and mutation rates, and the number of CRS iterations. A larger population 

improves diversity but increases computational cost, while a moderate size (50–100) generally provides a 

good trade-off. High crossover rates promote exploration of the search space, whereas mutation helps 

maintain diversity and prevents premature convergence [5], [11]. Additionally, increasing the number of CRS 

local search iterations enhances solution quality, although it may lead to longer computational times. The 

sensitivity analysis indicates that the algorithm is relatively robust to parameter variations, which is an 

important advantage over highly parameter-dependent methods such as PSO-based or deep learning-based 

approaches [22], [33]. 

 

6.4.  Comparison with recent approaches 

Recent advances in FJSSP include reinforcement learning, graph neural networks, and hybrid 

intelligent systems [23], [25], [26]. While these methods show promising results, they often require complex 

modeling, extensive training, or high computational resources. In contrast, the proposed GA–CRS approach 

maintains lower computational complexity, is easier to implement and adapt, and provides competitive 

solution quality across various benchmark instances. Moreover, unlike purely learning-based approaches, the 

proposed method does not rely on large datasets or training phases, making it suitable for practical industrial 

applications. 

 

6.5.  Limitations and future work 

Despite its effectiveness, the proposed approach presents some limitations, as it focuses on single-

objective optimization (makespan), whereas real-world problems often involve multiple objectives such as 

energy consumption and tardiness [20], [25]. In addition, the CRS component, although effective, may 

increase computational time for very large-scale instances. Furthermore, the method does not explicitly 

consider dynamic or stochastic environments, which are increasingly relevant in modern manufacturing 
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systems [23], [34]. Future research directions include extending the approach to multi-objective FJSSP, 

integrating machine learning or reinforcement learning mechanisms for adaptive parameter control [25], [26], 

developing parallel or distributed implementations to improve scalability, and applying the method to 

dynamic scheduling environments. 

 

 

7. EXPERIMENTAL RESULTS AND DISCUSSION 

7.1.  Makespan comparison 

Table 1 presents the makespan values obtained by the different approaches, including TS, GA, a 

Hybrid method, and the proposed GA–CRS algorithm, compared to the best known solutions for benchmark 

instances MK01–MK05. The results show that the proposed GA–CRS approach consistently achieves the 

best known makespan values across all instances. The Hybrid method also performs well, reaching optimal 

solutions in several cases, although slight deviations are observed for some instances. In contrast, GA 

improves upon TS but does not systematically attain optimal solutions, while TS exhibits the largest 

deviations. Overall, these results indicate that the proposed GA–CRS method provides highly competitive 

solution quality in terms of makespan. 

 

 

Table 1. Comparison of makespan results 
Instance Best known TS [1] GA [9] Hybrid [15] GA–CRS 

MK01 40 42 41 40 40 

MK02 26 28 27 26 26 

MK03 204 210 208 205 204 
MK04 60 63 60 60 60 

MK05 172 178 175 173 172 

 

 

7.2.  Relative percentage deviation analysis 

Table 2 reports the RPD for each method across the benchmark instances. It can be observed that the 

GA–CRS algorithm achieves an RPD of 0.00% for all instances, indicating perfect alignment with the best 

known solutions. The Hybrid approach shows very low deviation values, generally below 1%, reflecting 

strong performance. The GA method presents moderate deviations, whereas TS records the highest RPD 

values. These findings confirm the high accuracy of the proposed approach and its ability to consistently 

reach optimal or near-optimal solutions. 

 

 

Table 2. Relative percentage deviation 
Instance TS [1] GA [9] Hybrid [15] GA–CRS 

MK01 5.00 2.50 0.00 0.00 

MK02 7.69 3.85 0.00 0.00 
MK03 2.94 1.96 0.49 0.00 

MK04 5.00 1.67 0.00 0.00 
MK05 3.49 1.74 0.58 0.00 

 

 

7.3.  Computational time analysis 

Table 3 summarizes the average computational time required by each method. The results indicate 

that TS is the fastest approach, followed by GA. The hybrid and GA–CRS methods require slightly higher 

computational times due to their increased algorithmic complexity. However, the GA–CRS algorithm 

remains faster than the Hybrid method across all instances. Although the proposed method is not the fastest, 

the additional computational effort remains moderate and acceptable given the significant improvement in 

solution quality. 

 

 

Table 3. Computational time (seconds) 
Instance TS [1] GA [9] Hybrid [15] GA–CRS 

MK01 0.45 0.60 0.75 0.70 

MK02 0.30 0.42 0.55 0.50 

MK03 1.80 2.10 2.50 2.30 
MK04 0.90 1.20 1.40 1.30 

MK05 2.50 3.00 3.40 3.20 
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7.4.  Statistical analysis 

All results are averaged over multiple independent runs. Table 4 presents a statistical comparison of 

the methods in terms of best, average, worst, and standard deviation of the makespan values. The GA–CRS 

approach achieves the lowest average makespan and the best worst-case performance among all methods. In 

addition, it exhibits the smallest standard deviation, indicating stable and consistent behavior across multiple 

runs. The hybrid method also shows good stability, while GA and TS display higher variability. These results 

suggest that the proposed method is not only effective but also reliable in producing consistent high-quality 

solutions. 

 

 

Table 4. Statistical analysis 
Metric TS [1] GA [9] Hybrid [15] GA–CRS 

Best 40 40 40 40 

Average 42.6 41.2 40.8 40.4 
Worst 45 43 42 41 

Std Dev 1.92 1.30 0.98 0.63 

 

 

7.5.  Global performance summary 

To ensure fair comparison across heterogeneous benchmark instances, the average makespan is 

computed over all instances. Table 5 provides a global comparison of the methods based on average 

makespan, average RPD, and overall ranking. The GA–CRS algorithm ranks first, achieving the lowest 

average makespan and an RPD of 0.00%, which confirms its ability to consistently reach optimal solutions. 

The Hybrid method ranks second with competitive performance, followed by GA and TS. This overall 

ranking highlights the effectiveness of the proposed approach in balancing solution quality and robustness 

across different benchmark instances. 

 

 

Table 5. Global performance summary 
Method Avg makespan Avg RPD (\%) Rank 

TS [1] 104.2 4.42 4 
GA [9] 102.2 2.34 3 

Hybrid [15] 100.8 0.61 2 

GA-CRS 100.4 0.00 1 

 

 

7.6.  General discussion 

The experimental results provide a comprehensive evaluation of the proposed GA–CRS approach in 

comparison with classical and hybrid optimization methods. Across all benchmark instances, the proposed 

algorithm consistently achieves high-quality solutions, often matching the best known makespan values with 

zero deviation. 

The combination of global exploration and local exploitation plays a key role in this performance. 

The GA ensures effective diversification of the search space, while the CRS enhances solution refinement. 

This synergy allows the algorithm to avoid premature convergence and to efficiently identify high-quality 

schedules. 

Although the proposed method requires slightly higher computational time than simpler approaches 

such as TS and standard GA, the increase remains moderate and justified by the significant improvement in 

solution quality and stability. Compared to existing hybrid methods, GA–CRS demonstrates a better balance 

between efficiency and effectiveness. Overall, the results confirm that the proposed hybridization strategy is 

well-suited for solving complex FJSSP and offers a robust alternative to existing optimization techniques. 

 

7.7.  Conclusion of experimental analysis 

The experimental study demonstrates the effectiveness and robustness of the proposed GA–CRS 

algorithm for solving the FJSSP. The method consistently achieves optimal or near-optimal makespan values 

across all benchmark instances, with minimal deviation from the best known solutions. In addition to its 

accuracy, the algorithm exhibits stable performance, as indicated by low variability across multiple runs. 

While the computational time is slightly higher than that of simpler methods, it remains reasonable and 

scalable. The overall analysis confirms that the integration of GA and CRS leads to a powerful optimization 

framework, capable of delivering high-quality, reliable, and consistent solutions. These results highlight the 

potential of the proposed approach for addressing complex and realistic scheduling problems. 
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8. ABLATION STUDY 

8.1.  Objective of the study 

To better understand the contribution of each component of the proposed hybrid approach, an 

ablation study is conducted. The goal is to evaluate the individual and combined effects of the GA and the 

CRS on the overall performance. 

Three algorithmic variants are considered: 

− GA only: Standard GA without local search [5], [11]. 

− CRS only: Pure convergent random search [27], [28].  

− GA–CRS (Proposed): Hybrid approach combining GA and CRS.  

 

8.2.  Experimental results 

The ablation study presented in Tables 6 and 7 aims to evaluate the individual contribution of each 

component of the proposed hybrid GA–CRS approach to the scheduling problem. 

 

 

Table 6. Ablation study results (makespan comparison) 
Instance Best known GA only CRS only GA–CRS 

MK01 40 41 43 40 

MK02 26 27 29 26 
MK03 204 208 212 204 

MK04 60 61 64 60 

MK05 172 175 180 172 

 

 

Table 7. Ablation study results: relative percentage deviation % 
Instance GA only CRS only GA–CRS 

MK01 2.50 7.50 0.00 

MK02 3.85 11.54 0.00 
MK03 1.96 3.92 0.00 

MK04 1.67 6.67 0.00 

MK05 1.74 4.65 0.00 

 

 

8.3.  Analysis of results 

The results clearly highlight the importance of hybridization: 

- The GA-only version provides reasonably good solutions due to its global exploration capability, but it 

often converges prematurely to local optima [5], [11]. 

- The CRS-only approach shows weaker performance, as it lacks population diversity and global search 

capability, confirming observations in random search literature [28], [29].  

- The GA–CRS hybrid approach consistently outperforms both individual components, achieving the 

best-known solutions in most instances.  

This demonstrates that the GA ensures diversification (exploration), the CRS ensures intensification 

(exploitation), and their combination leads to a synergistic effect that improves overall optimization 

performance. 

 

8.4.  Convergence behavior 

The hybrid GA–CRS algorithm exhibits faster convergence compared to the standalone GA. The 

CRS phase accelerates the refinement of elite solutions, reducing the number of generations required to reach 

high-quality solutions. As shown in Figure 2, the GA–CRS approach converges significantly faster and 

reaches lower makespan values. The GA-only method exhibits slower convergence and tends to stagnate, 

while the CRS-only approach shows limited improvement. This confirms that hybridization enhances both 

convergence speed and solution quality. 

This behavior is consistent with findings in hybrid metaheuristic research [15], [22], where local 

search mechanisms significantly enhance convergence speed and solution quality. The ablation study 

confirms that the superior performance of the proposed approach is not incidental but is a direct consequence 

of the strong synergy between GA and CRS components. The GA–CRS hybrid approach converges 

significantly faster and reaches lower makespan values compared to standalone GA and CRS methods, 

demonstrating the effectiveness of hybridization. 
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Figure 2. Convergence curves of GA, CRS, and the proposed GA–CRS hybrid algorithm 

 

 

9. CONCLUSION 

This paper addressed the FJSSP, a well-known NP-hard optimization problem widely encountered 

in modern manufacturing systems. To effectively tackle this challenge, a hybrid metaheuristic approach 

combining a GA with a CRS strategy was proposed. The proposed GA–CRS method leverages the global 

exploration capability of GAs and the local exploitation strength of CRS to achieve a balanced search 

process. Experimental results conducted on benchmark instances demonstrated that the hybrid approach is 

capable of producing high-quality solutions, achieving competitive or improved makespan values compared 

to classical methods such as TS and standard GAs, as well as recent hybrid approaches reported in the 

literature. 

The analysis confirmed that the hybridization mechanism enhances convergence speed, avoids 

premature stagnation, and improves solution robustness across different problem sizes, which is consistent 

with findings in recent hybrid metaheuristic studies. In addition, the algorithm showed good stability with 

respect to parameter variations, aligning with observations reported in evolutionary optimization research. 

Despite these promising results, several limitations remain.  

The current study focuses on a single-objective formulation, whereas real-world scheduling 

problems often involve multiple conflicting objectives such as energy consumption and tardiness. 

Furthermore, dynamic and uncertain production environments were not considered, although recent studies 

highlight their importance in modern scheduling systems. Future work will focus on extending the proposed 

approach to multi-objective optimization, integrating adaptive or learning-based mechanisms such as 

reinforcement learning, and exploring parallel implementations to improve scalability. The application of the 

proposed method to dynamic and real-time scheduling environments also represents a promising research 

direction. 
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