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Flexible Job-Shop Scheduling Problem (FJSP) allows a job to be 
processed on any machine of a set of alternative machines. Therefore, 
it acts as an extension of the classical Job-Shop Scheduling Problem 
(JSP). The complexity is portrayed by dealing with both routing and 
scheduling sub-problems.  Major weakness of classical Artificial Bee 
Colony (ABC) algorithm is shown by trapping in local optimum easily 
during dealing with complicated multimodal problems such as FJSP 
despite the proof of ABC’s capability to solve FJSP [1], [2].  Therefore, 
this study aims to study the nature of ABC algorithm. At the same time, 
the best parameter setting is investigated by using factorial experiment. 
Brandimarte benchmark (MK01 – MK10) was adopted in the study for 
the best makespan. The results indicate that a limit value of 5 provides 
the lowest average makespan for 70% of the benchmark instances. 
Additionally, selecting MCN = 1000 reduces computational time by 
approximately 50% while maintaining comparable solution quality. 
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1. Introduction 
Most of the manufacturing companies especially small-scale companies that deal with high-mix and low-volume 
product type applies job-shop manufacturing layout. The manufacturing layout groups similar equipment or 
functions together and offers a flexible setup. As a result, the layout leads to complexity of scheduling. Therefore, 
an effective production scheduling system is essentially important in companies that utilizing job-shop 
manufacturing layout. Production scheduling consists of managing all production activities including but not 
limited to material, method, machine and man (4M). The main objective of the scheduling is generally preventing 
job tardiness which might result in product shipment delay [3]. In this case, minimum production makespan acts 
as one of the main elements for an effective production scheduling system.  

Generally, job-shop scheduling consists of n jobs 𝐽𝐽 = {𝐽𝐽1, 𝐽𝐽2, … , 𝐽𝐽𝑖𝑖 , … , 𝐽𝐽𝑛𝑛} that to be processed on m machine 
𝑀𝑀 = {𝑀𝑀1,𝑀𝑀2, … ,𝑀𝑀𝑘𝑘, … ,𝑀𝑀𝑚𝑚} . Operation 𝑂𝑂𝑖𝑖𝑖𝑖  represents the operation of job i on machine k. According to the 
established production schedule, each operation is performed only once on each machine, with a specified 
processing time. Makespan 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 refers to the overall time required to finish all jobs. Equation 1 shows the 
calculation of makespan.  
 

𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 = 𝑚𝑚𝑚𝑚𝑚𝑚{𝐶𝐶𝑖𝑖} , 1 ≤ 𝑖𝑖 ≤ 𝑛𝑛 (1) 
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The constraints of Job Shop Scheduling (JSP) can be categorized into three types: precedence, capacity, and 
release and due dates. Further details on each type of constraint are provided in Table 1. 

Table 1 Classic constraints of JSP [4] 
Precedence Capacity Release and due date 

i. Processing of each job is 
based on predetermined 
order of machine sequences.  

ii. No limitation on machine 
orders among different jobs. 

iii. No precedence constraints 
among different jobs 

i. Machines and jobs are 
independent of each other 

ii. Machines cannot be idle 
when waiting operation to be 
processed 

iii. One machine can process 
only one job at a time 

iv. One machine can operate one 
job only once 

i. Starting time of a job must 
not be negative numbers 

ii. Each operation has a certain 
processing time 

iii. Process of each operation 
cannot be interrupted (pre-
emption is not allowed) 

 
The Flexible Job-Shop Scheduling Problem (FJSP) is an extension of the classical Job Shop Scheduling Problem 

(JSP) because it involves assigning each operation to a chosen machine from a selection of alternative machines 
[5], [6]. In this scenario, both the routing and scheduling sub-problems must be addressed to create a productive 
schedule [7]. Routing sub-problem involves assigning machines from a set of alternative machines for a job, where 
the solution is shown in Equation 2. On the contrary, scheduling sub-problem relates with sequencing each job on 
machine chosen. Equation 3 displays the solution of the sub-problem. Additional constraints of FJSP as compared 
to classical JSP are multipurpose machines and unrelated parallel machines [4].  
 

𝑦𝑦𝑗𝑗,𝑘𝑘,𝑙𝑙 ≤ 𝑎𝑎𝑗𝑗 ,𝑘𝑘,𝑙𝑙 𝑗𝑗 = 1, … ,𝑛𝑛;     𝑘𝑘 = 1, … ,𝑚𝑚;     𝑙𝑙 = 1, … , 𝑝𝑝𝑘𝑘 (2) 
 

 
�𝑦𝑦𝑖𝑖,𝑘𝑘,𝑝𝑝 = 1 𝑖𝑖 = 1, … ,𝑛𝑛;     𝑘𝑘 = 1, … ,𝑚𝑚;     𝑝𝑝 = 1, … , 𝑝𝑝𝑗𝑗  (3) 

 
Where 𝑎𝑎𝑗𝑗 ,𝑘𝑘,𝑙𝑙  is the machine capable of processing operations 𝑂𝑂𝑗𝑗𝑗𝑗 . Value 1 stipulates the machine k able to 

process the operation and vice versa for value 0. Besides, 𝑦𝑦𝑖𝑖,𝑘𝑘,𝑝𝑝 indicates the result of choosing machine. Value 1 
indicates the machine is assigned from the alternative lists of available machines for operation 𝑂𝑂𝑖𝑖𝑖𝑖 and vice versa 
for value 0. In this case, the machine-assignment process was constrained by equation 2 to confirm only the 
machine from the alternative list was chosen. On the other hand, equation 3 ensures that each operation is 
processed on only one machine.  

FJSP is categorized as an NP-hard problem due to its complexity, which involves solving both the optimal 
sequencing of operations and the machine assignment simultaneously [8]. Due to the weakness of heuristics 
approaches that capable of dealing with fundamental problems only, metaheuristics approaches were created. 
General optimization problem solving model was implemented in metaheuristics approaches [9]. Common 
metaheuristics approaches includes Genetic Algorithms (GA) [10], Particle Swarm Optimization (PSO) [11] and 
Artificial Bee Colony (ABC) [12], [13]. In this study, ABC algorithm was implemented for solving FJSP. At the same 
time, the suitable parameter setting was varied to investigate the performance of ABC algorithm.  

2. Artificial Bee Colony (ABC) Algorithm 
Artificial Bee Colony (ABC) optimization was developed by simulating the foraging behaviour of bees. ABC was 
implemented in several fields of area, including but not limited to traveling salesman problem [14], spanning tree 
problems [15], [16], and production scheduling [17-19]. Whole process of ABC algorithm was shown in Fig. 1. 
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Fig. 1 Initial food sources are generated in initialization phase. Employed Bees (EB) tests and potentially adopts 
better food sources in local neighbourhood whereas Onlooker Bees (OB) selects the food sources based on 

quality and further exploits them. Scout Bees (SB) abandon exhausted food sources to initiate random global 
exploration for new ones  [20] 

2.1 Initialization Phase 
The classical ABC algorithm commences with an initialization phase, during which food sources are generated. 
The algorithm then iterates until the stopping criteria are met. In this study, the stopping criteria are defined by a 
predetermined trial counter. Consequently, scout bees (SB) carry out the initialization phase after each iteration, 
provided the trial counter has not yet been reached. Food source generation is described in equation 4 [21].  
 

𝑥𝑥 = 𝐿𝐿 + 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ∗ (𝑈𝑈 − 𝐿𝐿) (4) 
 

Where x is the food source, rand is a random variable between 0 to 1, U and L represent the upper and lower 
bounds. 

2.2 Employed Bees (EB) Phase 
The solution parameters were defined by the system before the optimization process began. Following this, the 
employed bees (EB) undertook the task of exploring food solutions within the specified region. An initial solution 
was created to direct the bees toward areas with superior food sources. After pinpointing the region that offered 
high-quality food sources, the EB were dispatched to search for food in the nearby vicinity. The information 
gathered during this search was subsequently relayed to the onlooker bees (OB) by the EB. Equation 5 represents 
the mathematical modelling of generating candidate solutions. 
 

𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑥𝑥 + ∅ ∗ �𝑥𝑥 − 𝑥𝑥𝑝𝑝�,∅ ∈ [−1,1] (5) 
 

Where 𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛 and 𝑥𝑥 denote the new and old solutions respectively, 𝑥𝑥𝑝𝑝 is the partner solution whereas ∅ is a 
random number range from -1 to 1. 

2.3 Onlooker Bees (OB) Phase 
The onlooker bees (OB) are tasked with selecting food sources based on the quality or fitness of the solutions 
presented by the employed bees (EB). Following this, a new set of neighbours is generated using the same method 
as the EB. The selected food sources are typically located in proximity to those chosen by the EB, which increases 
the likelihood that the OB will identify a high-quality food source. Equation 6 shows the calculation of food source 
probability according to fitness value.  

𝑃𝑃𝑖𝑖 =
𝑓𝑓𝑓𝑓𝑓𝑓𝑖𝑖
∑ 𝑓𝑓𝑓𝑓𝑓𝑓𝑖𝑖

 (6) 

 
Where  𝑓𝑓𝑓𝑓𝑓𝑓𝑖𝑖  and SN denote the fitness value of the food source 𝑋𝑋𝑖𝑖  and the number of solutions respectively. 

2.4 Scout Bees (SB) Phase 
After a predetermined number of trials, food sources that show no potential for improvement will be abandoned. 
In other words, low-quality food sources will be discarded by the system. Concurrently, scout bees (SB) will be 
deployed to search for new food sources. 

3. Factorial Experimental Design 
Factorial design is a statistical technique employed in experimental research to simultaneously investigate the 
effects of multiple factors. By examining interactions between factors, factorial experimental designs offer insights 
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into how these variables may influence specific outcomes, facilitating a more nuanced interpretation of survey 
results. 

There are three key parameters of the ABC algorithm, that is population size, limit and maximum cycle 
numbers. Population size can be defined as the number of employed bees or onlooker bees in the colony, limit 
represents the number of trials of an employed bee or onlooker bee attempts to improve the solution before 
becoming a scout whereas the maximum cycle number indicates the total number of iterations the algorithm run 
before terminating. Table 2 shows the key parameters of ABC algorithm implemented by various researchers.  

4. Excel VBA Program for ABC Algorithm 
The ABC algorithm was implemented in the Excel VBA environment, with the dataset sourced from the 
Brandimarte benchmark. Brandimarte benchmark (MK01-MK10) was employed in this study. The details of the 
benchmark datasets are shown in Table 3.  

Table 2 Key parameters of ABC algorithm implemented by other researchers 
Citation Population Size Limit Maximum Cycle Number (MCN) 

[22] 5*number of jobs number of jobs*number 
of machine/2 10*n*m 

[23] 2*number of jobs number of operations 5*n*m 
[24] 10 10 300 
[25] 50 50 3000 
[26] 100 10-20 30*n*m 

Based on table 2, the parameter ranges are defined as MCN = [1000, 2000] and Limit = [5, 10, 15].  

Table 3 Brandimarte dataset details 
Instance 𝑁𝑁𝑗𝑗𝑗𝑗𝑗𝑗 𝑁𝑁𝑚𝑚𝑎𝑎𝑎𝑎ℎ𝑖𝑖𝑖𝑖𝑖𝑖 𝑁𝑁𝑜𝑜𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑀𝑀𝑎𝑎𝑎𝑎𝑚𝑚𝑎𝑎𝑎𝑎ℎ𝑖𝑖𝑖𝑖𝑖𝑖 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎  Duration 

MK01 10 6 5-7 3 1-7 
MK02 10 6 5-7 6 1-7 
MK03 15 8 10 5 1-20 
MK04 15 8 3-10 3 1-10 
MK05 15 4 5-10 2 5-10 
MK06 10 15 15 5 1-10 
MK07 20 5 5 5 1-20 
MK08 20 10 5-10 2 5-20 
MK09 20 10 10-15 5 5-20 
MK10 20 15 10-15 5 5-20 

 
In contrast to other applications of the ABC algorithm in optimization that utilize the algorithm's formula to 

determine the optimal makespan value, this study focuses solely on the conceptual framework of the ABC 
algorithm. This approach was applied to rearrange the job and machine sequences in a Flexible Job Shop 
Scheduling Problem (FJSP). The insertion and swapping methods [27] were employed to represent the 
optimization process, wherein the positions of two jobs are exchanged within these mechanisms. Fig. 2 provides 
a visual representation of these mechanisms for enhanced understanding. In this study, swapping and insertion 
mechanisms were employed to evaluate the fitness of the population. Following the evaluation and selection of 
food sources for both the employee bees (EB) and onlooker bees (OB), the best solution identified up to that point 
was stored in the system.  
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Fig. 2 Sequences rearranging mechanisms (a) Insertion; (b) Swapping 

5. Parameter Settings of ABC in FJSP 
The main scheduling objective in FJSP is to reduce the production makespan. Minimum production makespan 
guarantees the effectiveness of the manufacturing company and allows higher utilization of work centres.  

In the ABC algorithm, if there is no enhancement in results after multiple iterations, the food source will be 
deemed abandoned. The limit determines the maximum number of iterations permitted before discarding a food 
source. The limit plays a crucial role in initiating the search in new regions and serves as a mechanism to balance 
exploration and exploitation efforts. A high limit value encourages the bees to remain in the same region, thereby 
enhancing their exploitation capabilities. When a food source is abandoned, scout bees are deployed to search for 
new areas, an activity referred to as exploration. Conversely, a lower limit value promotes exploration, as scout 
bees will more frequently venture out to discover new sources. 

Optimization process will be terminated once the maximum cycle number (MCN) regardless of the completion 
of the optimization process. A higher maximum cycle number enables the algorithm to perform more iterations, 
facilitating a more comprehensive exploration of the search space, which may enhance the accuracy of the optimal 
solution. In contrast, a significantly low cycle number could lead to premature convergence, causing the algorithm 
to halt before thoroughly investigating potential solutions. At the same time, while prolonged exploration can be 
advantageous, an excessively high MCN value may elevate the risk of premature convergence to local optima. If 
the algorithm focuses too much on optimizing a suboptimal solution, it may overlook more promising solutions 
located in other areas of the search space. 

6. Result and Discussion 
Each benchmark instance (MK01–MK10) was repeated for 5 times in Excel VBA. The experiment studies the effect 
of limit and maximum cycle number (MCN) on the effectiveness of the ABC algorithm. Each parameter setting for 
each benchmark instance was repeated for five times. After that, the consistency of the computational result for 
each instance was investigated. Figures 3 to 5 visualize the data consistency of each instance for limit values of 5, 
10 and 15. From the figures 3 to 5, it was clearly shown that most of the instances (90%) display relatively 
consistent values across repetitions, suggesting stable performance in these job shop schedules. On the contrary, 
MK08 shows more variability where deeper analysis was required.  
 

  
(a) (b) 
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Fig. 3 All instances except MK08 shows consistent result across repetitions for limit value = 5 

 

Fig. 4 All instances except MK08 shows consistent result across repetitions for limit value = 10 

 

Fig. 5 All instances except MK08 shows consistent result across repetitions for limit value = 15 

The average value for the result of each instance was calculated and tabulated in Table 4. Shortest average 
value comparing each limit value for MCN value of 1000 and 2000 was bolded. According to the experimental 
result, most of the instances (70%) have the minimum mean makespan with limit value of 5. Lower mean indicates 
that more data has a lower makespan. Hence, limit value of 5 gives the best result for most of the benchmark 
instances.  

The primary limitation of the standard ABC algorithm is its poor exploitation, which results in a high 
susceptibility to stagnation in local optima. A lower limit value encourages faster abandonment of poor solutions, 
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improving exploration. This prevents the algorithm from spending too much time exploiting suboptimal regions, 
leading to more efficient convergence.  

The comparison data between each MCN value for limit value of 5, 10 and 15 was investigated by calculating 
T-value. Figure 6 shows the plot of T-value for each limit value. From the figure 6, all of the data is greater than 
0.05, which means there is no major statistical difference between the data according to the T-test.  

A feasible production scheduling requires balance between the best result and the computational time. Long 
computational time greatly reduce the effectiveness of the scheduling despite the good result. Total computational 
time repeated five times for each instance was recorded. After that, the average data of the total computational 
time for limit value of 5, 10 and 15 for each MCN was calculated and recorded in Table 5.  

Table 4 Comparison of computational result between various limit and MCN 

Instance 
Mean for 

MCN = 1000 
Limit =5 

Mean for 
MCN = 1000 

Limit =10 

Mean for 
MCN = 1000 

Limit =15 

Mean for 
MCN = 2000 

Limit =5 

Mean for 
MCN = 2000 

Limit =10 

Mean for 
MCN = 2000 

Limit =15 
MK01 46.4 46.8 46.8 46 48.2 48 
MK02 33.4 33.4 33.6 34 33.6 33.4 
MK03 211.4 209.2 219.6 209.4 215.4 221.4 
MK04 79.2 83 79.4 79.4 83.6 79.8 
MK05 199.6 201.2 199 197.8 199.2 202 
MK06 81.8 83.4 83.2 83 82.4 85.8 
MK07 161.2 162 163 160.6 162.4 160.8 
MK08 598.4 599.4 600.4 589.6 614 598.2 
MK09 404.2 399 408.8 405.4 396.8 409.6 
MK10 279.2 280.6 283.8 277.6 277.8 283.2 

 

 

Fig. 6 T-value of ten instances for each limit value 
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Table 5 Average total computational time for various MCN 

Instance Average total computation 
time for MCN = 1000 

Average total computation 
time for MCN = 2000 Time difference (%) 

MK01 8.69 16.54 47.48 
MK02 8.90 18.03 50.62 
MK03 33.68 66.41 49.29 
MK04 15.03 28.99 48.15 
MK05 13.97 29.35 52.39 
MK06 48.39 95.87 49.53 
MK07 13.55 26.52 48.91 
MK08 56.46 113.13 50.10 
MK09 62.07 123.86 49.89 
MK10 81.17 161.33 49.69 

 
Table 5 shows that by choosing MCN value of 1000, average time saving of 49.6% can be achieved. Besides, 

Figure 6 confirmed that both MCN value of 1000 and 2000 may generate feasible data. Therefore, the suitable 
parameter setting for this dataset is Limit = 5 and MCN = 1000.  

7. Conclusion 
The relationship between limit and MCN on performance of the ABC algorithm was investigated in this paper. 
Limit value and MCN value were varied to study the effect on the makespan and compromise between exploration 
and exploitation. The results were evaluated for consistency to validate the appropriateness of the parameter 
settings. 90% of the instances show a consistent result. Subsequently, the average makespan values were 
compared to identify the most suitable parameter settings for the limit value. The experimental results indicate 
that a limit value of 5 yields the lowest average makespan for the majority of instances. T-test value was then 
calculated and concluded that there is no major difference between the data with MCN value of 1000 and 2000. 
The total computational time was subsequently recorded to assess the effectiveness of the scheduling algorithm. 
The results demonstrate that a MCN value of 1000 produces effective solutions with reduced computational time, 
facilitating feasible production scheduling. This study should be expanded to investigate the effects of population 
size and various manufacturing environments.  
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