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Abstract—This paper addresses optimization of the flexible 

job-shop problem (FJSP). This NP-hard problem is solved by 

using improved real-coded genetic algorithm (IRCGA). The real-

coded genetic algorithm (RCGA) uses a vector of real numbers as 

chromosome representation. The previous research proved that 

the representation could be used to effectively explore the search 

space. In this paper, the RCGA is further improved by adding a 

mechanism to adaptively changing crossover and mutation rates. 

Numerical experiments show that the mechanism could improve 

the performance of the RCGA to solve various test bed problems 

from literature. 
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I.  INTRODUCTION 

Jobs scheduling is an important decision making process in 
manufacturing systems. The process allocates limited resources 
such as machines and tools to perform operations [1]. The 
sequence of operations is called a job. To achieve optimum 
resources utilization and throughput of the system, a good 
schedule is required. 

The flexible job-shop problem (FJSP) is one of scheduling 
types in manufacturing system. The FJSP is generalized form 
of the classical job-shop problem (JSP) and exists in modern 
manufacturing system where a machine can perform different 
operations to produce different products. Thus, instead of an 
operation must be processed on a dedicated machine as can be 
found in the JSP, in the FJPS an operation can be processed on 
several alternatives machines [2]. This flexibility makes 
solving the FJSP is more difficult than solving the FJP that is 
well known as NP-hard problem. Therefore, good approaches 
are required to address the FJPS [3, 4]. 

Various meta-heuristic algorithms have been proposed to 
deal with the large search space of the FJSP. The proposed 
approaches include simulated annealing (SA) [5], tabu search 
(TS) [6], variable neighborhood search (VNS) [7], and genetic 
algorithm (GAs) [8-11]. Due to the complexity of the FJPS, 
more powerful approaches were developed by combining two 
methods such as hybrid GAs with TS [12], hybrid particle 
swarm optimization (PSO) with TS [13], and hybrid ant colony 
algorithm (ACO) with PSO [14]. 

Previous researches have proven that real-coded genetic 
algorithm (RCGA) was very effective to explore a large search 

space of the FJSP [3, 4]. In this paper, the RCGA is further 
improved by adding a mechanism to adaptively change 
crossover and mutation rate. The mechanism allows the RCGA 
to balance its power of exploring and exploiting the search 
space for better solutions. 

Rest of the paper is organized as follow. Next section 
discusses related works related to heuristic algorithms for the 
FJSP. Section 3 introduces definition and assumptions of the 
FJSP. Section 4 details the development of the RCGA. Section 
5 discusses the results of computational experiments. Finally, 
the conclusion and future works are presented in Section 6. 

II. RELATED WORKS 

Solving the FJSP requires two decisions. The first decision 
is choosing a machine for a job’s operation. The decision is 
required since there are several possible machines for the 
operation. The second decision is determining the sequence of 
operations in the machines. Due to the existence of the two 
decisions, approaches to solve the FJSP can be classified into 
two classes: hierarchical approaches and integrated approaches. 

The hierarchical approaches decompose the FJSP into two 
stages. Machine selection for all operations is carried out in the 
first stage by using dispatching rules or heuristic algorithms. In 
the second stage, meta-heuristic algorithms are applied to 
obtain the optimum operations sequence. On the other hand, 
the integrated approaches search the optimum solution in a one 
stage. The integrated approaches require higher computational 
time as they should explore a larger search space. However, 
some studies proved that the integrated approaches tend to 
produce better solutions comparable to those achieved by the 
hierarchical approaches [8]. 

The hierarchical approaches were implemented in several 
earlier studies. For example, Brandimarte [6] solved both two 
sub-problems in the FJSP by using TS. A special strategy was 
developed to consider information flow between two levels of 
decision. The integrated approaches were developed in later 
studies. For example, Yazdani et al. [5] solved the FJSP by 
using simulated annealing. Their approach was supported by 
two neighborhood structures to generate new solutions. A 
parallel variable neighborhood search (PVNS) algorithm was 
proposed in [7]. The parallelization was designed to enable the 
VNS simultaneously explore the large search space of the 
FJSP. 
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To deal with the large search space of the FJPS, hybrid 
approaches were developed in several studies. For instance, Li 
et al. [13] enhanced a power of PSO with TS. In each iteration, 
TS improved solutions of PSO by exploring their neighbors’ 
solutions. Moreover, a hybrid ACO and PSO was proposed in 
[14]. The merit of PSO for achieving a fast convergence was 
used to determine initial positions of ants in ACO. The ants 
that represent solutions of the FJSP then were driven by ACO 
to reach the global optimum solution. 

Due to their effectiveness for solving complex 
combinatorial problems, GAs were implemented to solve the 
FJSP in several studies. For instance, Pezzella et al. [8] 
proposed a GA that was supported by a mechanism to produce 
a good initial population and an intelligent mutation to enhance 
the quality of solution. To build more powerful GAs, hybrid 
strategies were also implemented. For example, Ho and Tay 
[15] improved their GA with a cultural evolution. The cultural 
evolution preserved patterns of good schedules to be inherited 
to the next generations. Moreover, a local search was 
implemented to enhance the quality of chromosomes 
(solutions) for GA in a study by Al-Hinai and ElMekkawy 
[16]. A similar strategy was used by Zhang et al. [17] that 
hybridized their GA with VNS. 

All approaches discussed in this section have common 
similarity; the approaches encoded a solution as an array of 
integer numbers. Most of them used task sequencing list 
representation proposed by Kacem et al. [18]. The 
representation is composed by a list of vector of three integer 
numbers that represent job, operation and machine. Various 
smart strategies such as hybridization and generating good 
initial solutions were developed to support the approaches 
obtained good solutions. Even if near optimum solutions were 
obtained, the strategies might require a high computational 
time. 

This paper is an extension of previous studies [3, 4]. The 
studies proved that by using simple genetic operators 
(crossover and mutation) and random initial population, the 
real-coded genetic algorithm (RCGA) could produce promising 
results. In this study, the RCGA is further improved by adding 
a mechanism to adaptively changing crossover and mutation 
rate. The mechanism is quite simple and do not increase 
computational time of the RCGA significantly. 

III. THE FJSP 

This paper addresses a FJSP in a manufacturing 
environment with the following characteristics: 

- There are J independent jobs and M machines. 

- Job j (j=1..J) is composed by a number of nonpreemptable 
ordered operations (Oj,k, k=1...nj, nj=number of operations 
of job j). 

- Operation k of job j (Oj,k) can be processed on a set of 
alternative machines (Mj,k). 

- Processing operation Oj,k on machine m (mMj,k) requires 
Tj,k,m. time units (including setup time for the machine). 

Several assumptions exist as follows: 

- All jobs are ready to be processed at time zero. 

- An operation can be assigned to only a single machine 
among several possible machines. 

- Machines are never breakdown and always available during 
production cycle. 

The scheduler must make two decisions. The first decision 
is selecting machine m from Mj,k for operation Oj,k. The second 
is determining the order Oj,k in the machines. Minimizing the 
completion time of all operations (makespan) is the objective 
of the FJSP in this study. 

IV. DEVELOPMENT OF THE IMPROVED RCGA 

Genetic algorithms (GAs) are well known as the powerful 
method to solve complex problems with a large search space 
[19]. GAs have an ability to escape from local optima as they 
can jump randomly from one sequence to another sequence 
[20]. Solutions in GAs are encoded as chromosomes. In this 
paper, the chromosomes are represented as an array of real 
number. Thus, the GA is called real-coded GA (RCGA).  

A. The cycle of the RCGA 

The cycle of the RCGA are detailed in the form of pseudo 
code in Fig. 1. 

Determine parameters of the RCGA 

   population size pop_size 

   crossover rate cr 

   mutation rate mr 

   number of generations n_gen 

Initialization 

   Let generation gen0 

   Create pop_size of random chromosomes 

While gen<n_gen 

   Reproduction 

     crossover: produce pop_sizecr offspring  

     mutation: produce pop_sizemr offspring  
   Selection 

     Select pop_size chromosomes from parents 

     (population) and offspring pool for the 

     next generation. 

   Adjust Crossover and Mutation Rates 

   Let gengen + 1. 

End while 

Fig. 1. Pseudo code of the RCGA 

All stages in the cycle of the RCGA are explained in the 
following sub-sections: 

1) Initialization 
In this stage, pop_size of initial chromosomes are randomly 

generated. The chromosomes are placed in a pool called 
population. A simple and efficient technique to determine 
proper value for pop_size is not available [21]. Thus, a series of 
preliminary experiments is required [22]. 

2) Reproduction 
On each generation, new chromosomes (offspring) are 

produced by using two reproduction operators: crossover and 

mutation. As in the previous studies [3, 4], two crossover 

methods, extended-intermediate-crossover and one cut point 
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crossover, and two mutation methods, simple random mutation 
and random exchange mutation are used. Parent chromosomes 
for the reproduction operators are randomly chosen from the 
population pool. All new chromosomes produced in this stage 
are placed in a pool called offspring pool. 

3) Selection 
In this stage, pop_size chromosomes from current 

population (parents) and offspring pool are selected to be 
passed to the next generation. To ensure that better next 
generations are obtained, a proper selection method is required. 
The previous studies [4, 23, 24] found that replacement 
selection is the most suitable method for the RCGA. Thus, the 
replacement selection is used in this study. 

B. Chromosome Representation 

A good chromosome representation is required to 
effectively explore a large search space of the FJSP. In the 
previous step of this research [3], the chromosome was 
composed of an array of real numbers. The representation 
always produced feasible solutions. This feature reduced the 
computational time needed by GA to repair infeasible 
chromosomes. The other benefit of using real numbers 
representation was simple mechanism of crossover and 
mutation methods can be applied. 

A simple case of FJSP is created to explain a conversion 
mechanism of a real-coded chromosome into a solution. As 
shown in Table 1, there are 4 jobs and their operations 
sequence. Here, the total number of operations (denoted by 
nop) is 10. Three machines are required to complete all 
operations. An example of the flexibility of machining 
operations is shown by operation 1 of job 3. Here, the 
operation can be done in machine 1 or machine 2 with different 
processing times. In this case, maximum number of alternative 
machines of operations (denoted by aMac) is equal to 2. This 
value is indicated by job 3 operation 1, job 4 operation 1, and 
job 4 operation 2. 

TABLE I.  JOBS AND THEIR OPERATIONS SEQUENCE 

job operation machine time 

1 1 1 6 

 

2 3 4 

 

3 1 6 

2 1 1 4 

 

2 2 4 

3 1 1 4 

  

2 5 

 

2 3 5 

4 1 3 4 

  

2 5 

 

2 1 5 

  

3 4 

 

3 2 3 

 

 
An operation index and its corresponding job are required 

in the chromosome conversion as shown in Table 2. Here, job 

1 that has 3 operations is associated with operation indexes 1, 
2, and 3. 

TABLE II.  JOBS AND THEIR OPERATION INDEXES 

operation index job 

1 1 

2 1 

3 1 

4 2 

5 2 

6 3 

7 3 

8 4 

9 4 

10 4 

 
An example of chromosome (X) is shown in the first 

column of Table 3. Length of X is equal with the total number 
jobs’ operations (nop). Elements of X=(x1,x2,…,xp) represent 
the continuous position values for nop operations. xi 
(i=1,2,…,p) has value in range [0, 2

bitOp+bitMac
]. bitOp is number 

of bits required to represent a binary number in range [0, nop]. 
bitMac is number of bits required to represent a binary number 
in range [0, aMac]. Thus, xi has value in range [0, 2

5+2
]. xi is 

treated as a real number in the cycle of GA. However, xi will be 
rounded to a nearest integer value in the conversion process. 

Jobs (job) associated with the chromosome are shown in 
the second column. The column is taken from Table 2. The 
sequence of operations to be processed in the machines can be 
obtained by sorting x and job in ascending order according to 
the value of x. The result is shown in the fourth column (sorted 
job). The fifth column (op) shows the operation sequence of 
each job. By using values of sorted job and op we obtain that 
operation 1 of job 4 is firstly processed in the machine, 
followed by job 4 operation 2, job 1 operation 1, and so on. 

TABLE III.  CHROMOSOME CONVERSION 

X job  
sorted 

op binary(X) dec n 
mac 

idx 
mac 

X job 

18 1 
 

8 4 1 00001000 0 2 1 3 

144 1 
 

10 4 2 00001010 1 2 2 3 

182 1 
 

18 1 1 00010010 1 1 1 1 

228 2 
 

107 4 3 01101011 1 1 1 2 

174 2 
 

144 1 2 10010000 0 1 1 3 

212 3 
 

146 3 1 10010010 1 2 2 2 

146 3 
 

174 2 1 10101110 3 1 1 1 

8 4 
 

182 1 3 10110110 3 1 1 1 

10 4 
 

212 3 2 11010100 2 1 1 3 

107 4 
 

228 2 2 11100100 2 1 1 2 

 
Machine index (mac-idx) is obtained from a binary 

operation of sorted X. For instance, x2=10 is converted into 
(00001010)2. The last bit is reserved for the next research to 
deal with alternative production plan which refer to possibility 
of processing jobs on alternative operation sequence [24]. As 
bitMac=2, the remaining 2 right bits (01) are used. The binary 
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number (01)2 is equal to 1. As there are 2 possible machines 
(n=2) for operation 2 of job 4, the following formula is applied: 

mac-idx = (01)2  mod n + 1 = 1 mod 2 +1 = 2 

mod is modulus operator which gives the remainder of a 
division. As mac-idx=2, operation 2 of job 4 is processed on 
the second alternative machine that is machine 3. Finally, the 
operation sequences can be stated as the sequence of triples 
(j,o,m) which represent job j, operation o, and machine m as 

follows: (4,1,3)(4,2,3) (1,1,1) (4,3,2) (1,2,3) (3,1,2) 

(2,1,1) (1,3,1) (3,2,3) (2,2,2). The sequence is used to 
generate an active schedule as can be seen in Gantt chart in Fig. 
2. Here, the completion time of all operations (makespan) is 
18. 

 

Fig. 2. Gantt chart of the active schedule 

Note that the conversion process always produces feasible 
solutions. This feature will prevent GA to do two procedures 
that require a high computational time, moving its population 
toward a feasible search space and repairing infeasible 
chromosomes [25]. 

C. Fitness Function 

The RCGA requires a fitness function to measure the 
quality of chromosomes according to the objective of the 
problem. A bigger fitness value means a better chromosome. In 
this paper, minimizing of the makespan is changed into 
maximizing of the fitness value as shown in Eq. 1. 

 makespanfitness 1  (1) 

D. Adaptive Crossover and Mutation Rates 

The power of GAs to explore and exploit the search space 
depend on their crossover rate and mutation rate [26]. A low 
value of crossover rate may cause the RCGA depend on its 
mutation rate and tend to work as a random search method. 
Here, the RCGA may not effectively learn from previous 
generations and the search space may not be exploited 
effectively. 

On contrary, the RCGA will lose its ability to maintain 
population diversity if using a high crossover rate and a low 
mutation rate. By using a high crossover rate the offspring will 
have a high similarity with their parents. Thus, only in few 
generations the HGA achieves a premature convergence and 
loses the chance to explore other areas in the search space. 

Several preliminary experiments are required to obtain the 
best combination of crossover and mutation rates [23]. It is 
possible that different values of crossover rate and mutation 
rate are required for different problem sizes.  

In this paper, a rule for adjusting crossover rate (cr) and 
mutation rate (mr) is developed and presented in Fig. 3. On 
each generation the average of fitness values (fAvg) is 

calculated. If there is significant improvement of fAvg then cr 
is increased whereas mr is decreased. This change will enable 
the RCGA to exploit local search areas. On the other hand, if 
there is no significant improvement of fAvg then cr is 
decreased whereas mr is increased. This change will enable the 
RCGA to explore the search space by jumping out from local 
search areas. Additional checking is required to preserve the 
values of cr and mr are always within predetermined 
reasonable intervals of [crMin, crMax] and [mrMin, mrMin] 
respectively. 

IF (fAvg – fAvgPrev) > threshold THEN 

   cr  cr + 0.01 

   mr  mr - 0.01 

ELSE 

   cr  cr - 0.01 

   mr  mr + 0.01 

END IF 

 

/* checking interval */ 

IF cr < crMin THEN 

   cr  crMin 

ELSE IF cr > crMax THEN 

   cr  crMax 

END IF 

 

IF mr < mrMin THEN 

   mr  mrMin 

ELSE IF mr > mrMax THEN 

   mr  mrMax 

END IF 

Fig. 3. Pseudo code of the adaptive crossover and mutation rates 

V. COMPUTATIONAL EXPERIMENTS 

The performance of the improved RCGA is evaluated by 
using data set from Brandimarte [6] available at 
http://www.idsia.ch/~monaldo/fjsp.html. As can be seen in 
Table 4, the data set has 10 problem instances with various 
numbers of jobs (jobs), machines (macs), number of operations 
for each job, and total number of operations (ops). 

TABLE IV.  CHARACTERIC OF THE DATA SET 

problem jobs macs ops 

Mk01 10 6 55 

Mk02 10 6 58 

Mk03 15 8 150 

Mk04 15 8 90 

Mk05 15 4 106 

Mk06 10 15 150 

Mk07 20 5 100 

Mk08 20 10 225 

Mk09 20 10 240 

Mk10 20 15 240 

 
The best combination parameters value for the RCGA was 

obtained in the previous research as follows: 

 Initial crossover rate is 0.7. This value will be changed 
adaptively during the cycle of the RCGA. 

http://www.idsia.ch/~monaldo/fjsp.html
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 Initial mutation rate is 0.3 

 Population size is 4000. 

 Iterations will be terminated after 500 successive 
generations no longer produces better results or after 
reaches generation of 5,000.  

The experimental results are presented in Table 5. 
Makespans in the column ‘iRCGA’ is the best result from five 
runs results of the improved RCGA using different initial 
populations. The makespans are compared to the results 
produced by other heuristic approaches that are available in the 
literature. The approaches include a cultural-based GA 
(GENACE) developed by Ho and Tay [15], a specialized GA 
(sGA) proposed by Pezzella et al. [8], hybrid particle swarm 
optimization and tabu search algorithm (hPSO) developed by 
Li et al. [13], and hybridized genetic algorithm (hGA) 
developed by Al-Hinai and ElMekkawy [16]. 

To measure quality of solutions produced by iRCGA, a 
relative deviation (dev) of makespan obtained by iRCGA to the 
best solution obtained by the other heuristic method is 
calculated using Eq. 2. 

 
 

%100
min

min 



makespan

makespanmakespan
dev iRCGA  (2) 

TABLE V.  THE RESULTS COMPARISON 

problem 
dev 
(%) 

iRCGA 
other results 

GENACE sGA hPSO hGA 

Mk01 0 40 41 40 40 40 

Mk02 3.8 27 29 26 27 26 

Mk03 0 204 - 204 204 204 

Mk04 0 60 67 60 63 61 

Mk05 0 173 176 173 173 173 

Mk06 6.5 66 68 63 65 62 

Mk07 1.4 141 148 139 145 141 

Mk08 0 523 523 523 523 523 

Mk09 0 307 328 311 331 307 

Mk10 7.1 227 231 212 223 214 

average 1.88      

 
Table 5 clearly shows that the proposed iRCGA can 

produce promising results. The iRCGA achieves minimum 
makespan as those achieved by the four other approaches 
(dev=0%) in 6 out of 10 problems (Mk01, Mk03, Mk04, 
Mk05, Mk08, and Mk09). In the other problems, the iRCGA 
produces relatively small values of dev with the average of 
1.8%. Note that the promising results of iRCGA are achieved 
by using only simple genetic operators and mechanism to 
adjust production rate adaptively. Thus, it proves the 
effectiveness of chromosome representation of the iRCGA. 

The superiority of the iRCGA is clear if compared to the 
GENACE and hPSO individually. The iRCGA outperforms 
GENACE in 8 problems and outperforms hPSO in 3 problem. 

To prove the effectiveness of adaptive crossover and 
mutation rates, complete results are presented in Table 6. The 
table shows the best result (best), average result (avg), and 
standart deviation (std) of makespans produced in five runs of 
iRCGA and RCGA. The average of computational time (time) 
in seconds to complete all iterations is also presented. 

Table 6 clearly shows that iRCGA produces better average 
solutions in all problems. Thus, it proves the effectiveness of 
mechanism to adjust production (crossover and mutation) rate 
adaptively. The mechanism requires less than 100 seconds 
additional computational time in average. 

TABLE VI.  RESULTS COMPARISON OF IRCGA AND RCGA 

problem 
iRCGA 

 
RCGA 

best avg std time 
 

best avg std time 

Mk01 40 40.0 0.0 106 
 

40 40.0 0.0 87 

Mk02 27 27.8 0.4 186 
 

27 28.6 0.9 117 

Mk03 204 204.0 0.0 427 
 

204 204.0 0.0 324 

Mk04 60 61.6 1.1 333 
 

60 63.4 2.1 231 

Mk05 173 173.6 0.5 437 
 

173 173.8 0.8 364 

Mk06 66 68.6 1.7 849 
 

66 70.6 3.0 708 

Mk07 141 143.4 1.3 317 
 

142 143.6 0.9 303 

Mk08 523 523.0 0.0 852 
 

523 523.0 0.0 542 

Mk09 307 309.8 1.8 1661 
 

307 310.6 2.2 1515 

Mk10 227 235.8 5.3 1915 
 

227 240.0 7.5 1993 

average 
 

708.3 
    

618.4 

 

VI. CONCLUSION 

This paper presents the development of real-coded genetic 
algorithm (RCGA) to solve the FJSP. The RCGA is further 
improved by adding mechanism to adjust production 
(crossover and mutation) rate adaptively. The improved RCGA 
(iRCGA) produce promising results that proves the 
effectiveness of its chromosome representation. The 
effectiveness of mechanism to adjust production (crossover and 
mutation) rate adaptively is shown by comparing solutions 
produced by iRCGA and RCGA. 

The next research will deal with alternative production plan 
which refer to possibility of processing jobs on alternative 
operation sequence. Thus, the mechanism for conversion of a 
chromosome into a solution will be modified. 
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