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Abstract — Job shop scheduling problem (JSP) is a difficult combinatorial optimization problem and a genetic algorithm (GA) can 
be used to solve it. In order to solve some problems such as premature phenomena, slow convergence and poor precision of results 
exist in traditional genetic algorithm. In this paper we propose an orthogonal design method to optimize GA’s parameters such as: 
population size N, crossover probability pc and mutation probability pm. As a result, the global convergence, the evolutional speed 
and searching precision of GA are improved markedly. The simulation results for a classical MT06 job shop scheduling problem 
demonstrate that it is analytically sound, effective and valid to optimize parameters by using the orthogonal design method. 
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I. INTRODUCTION  

As the market becomes more competitive, the company 
ability to deliver their goods in the right time becomes 
important. Scheduling optimization holds the main role to 
catch up with competitive market demand. Job shop 
scheduling problem (JSP) is one of the most well-known 
problems in both fields of production management and 
combinatorial optimization [1]. Efficient methods for 
solving JSP are important for increasing production 
efficiency, reducing cost and improving product quality. 
Moreover, JSP is well known as one of the most notoriously 
intractable NP-hard optimization problems and there is no 
any exact algorithm can be employed to solve JSP 
consistently even when the problem scale is small. So it has 
drawn the attention of researches because of its theoretical, 
computational, and empirical significance since it was 
introduced [1]. Methods for solving this problem are much 
effective, these methods are genetic algorithm (GA) [2], 
simulated annealing (SA) [3], taboo search (TS) [4], ant 
colony optimization (ACO) [5] and mixed algorithms of 
these methods [6] mentioned above. Among the 
probabilistic search methods, GA is a stochastic search 
technique that mimics the mechanisms of the Darwinian 
evolution based on the concept of the survival of the fittest 
[7]. GA exhibits parallelism, contains certain redundancy 
and historical information of the past solutions, and is 
suitable for implementation on massively parallel 
architecture. But it is not easy to regulate GA's convergence 
because some genetic parameters, i.e. population size N, 
crossover probability pc and mutation probability pm have a 
significant effect on the optimization result, As a result, GA 
often suffers from premature convergence [8-10]. TS is a 
local search algorithm which must relies on specialized 
memory structures to prevent cycling and enhance 
diversification. 

SA is a general stochastic search algorithm for 
combinatorial optimization problems [11]. It provides more 
chance to escape from local minimum. However, it often 

costs too much time for finding an optimizing solution. This 
prevents it from being applied to many practical problems. 
What’s more, it has been demonstrated that SA and GA are 
very sensitive to parameters and unsuitable parameters may 
lead to significantly inferior result. ACO can be used to 
solve some difficult combinatorial optimization problems. 
In ACO, artificial ants build solutions by moving on the 
problem graph and they deposit artificial pheromone on the 
graph in such a way that future artificial ants can build 
better solutions. ACO has very good searching capability in 
optimization problems, however, it has the problems of 
stagnation and premature convergence and those problems 
will be more obvious when the complexities of the 
considered problems increase [12]. 

The orthogonal design method, which was introduced 
more than fifty years ago, is one of the experimental design 
methods. It samples some level combinations, which are 
orthogonal with each other, to represent the whole solution 
space. The selected combinations distribute uniformly in the 
solution space and more or less present some properties of 
their neighbors. The number of combinations to test is much 
smaller than the total number in solution space, and the 
combinations are representative and the results are 
convincing, so the experiments can be finished in a shorter 
time [13].This method can provide an effective way to find 
the near optimal solution combination of levels for the 
experiments, and it has been widely successfully applied in 
different areas [13, 14]. The applications of orthogonal 
design method are basically in planning experiments [15, 
16], which provide an effective way to find the near-best 
combination of levels for the experiments. Therefore, it is 
more suitable for optimizing GA’s parameters in order to 
obtain a better performance in this paper. 

Leung and Zhang [17] observed that some major steps 
in the genetic algorithm can be considered to be 
"experiments". They consider the sampling of genes from 
the parents for crossover to be an experiment. Leung and 
Wang [18] proposed a genetic algorithm called the 
orthogonal genetic algorithm with quantization (OGA/Q) 
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for numerical optimization which is for continuous 
optimization problems. 

The method discussed in this paper is different from 
Leung et al, for it does not implement orthogonal design 
method in genetic operations such as selection, crossover 
(recombination), mutation but uses orthogonal design to 
optimize GA’s parameters to find the optimum. 

The remainder of this paper is organized as follows. 
Section 2 describes JSP. Section 3 introduces GA for job-
shop scheduling problem. Optimal selection of GA’s 
parameters using orthogonal design for JSP is given in 
section 4. Concluding remarks are presented in section 5. 

 
 

II. JOB SHOP SCHEDULING PROBLEM MODEL 
 
In general, JSP is described as follows [19]. There are n 

different jobs and m different machines to be scheduled. 
Each job is composed of a set of operations and the 
operation order on machines is prespecified. The required 
machine and the fixed processing time characterize each 
operation. There are several constraints on jobs and 
machines. 

 A job does not visit the same machine twice. 
 There are no precedence constraints among the 
operations of different jobs. 
 Operations cannot be interrupted. 
 Each machine can process only one job at a time. 
 Neither release times nor due dates are specified. 

The problem is to determine the operation sequences on 
the machines in order to minimize the makespan——that is, 
the time required to complete all jobs. 

The objective scheduling problem based on minimizing 
the maximizing makespan can be described as follows [20]. 

min ( ) max( )ikf x C                           (1) 

         ts. : ihihkikik caMtc  )1(                 (2) 

jkihkikjk txMcc  )1(                (3) 

 0ikc          (4) 

1,0ihka              (5) 

1,0ihkx               (6)  

where M is a very big positive number; cik denotes the 
finishing time of job i(i=1,2,…,n) on machine 
k(k=1,2,…,m); tik denotes the processing time of job i on 
machine k; aihk=1 ， if job i is processed on machine 
h(h=1,2,…,m) before on machine k, or else aihk=0; if job i is 
processed on machine k before job j(j=1,2,…,n), or else 
xijk=1.  

 Equation (1) is object function for scheduling, (2) 
presents job sequence restriction, (3) presents machine 
restriction, namely, each machine can process only one job 
at a time. 

 
 

III. GA FOR JSP 
 
GA is stochastic search techniques based on analogy to 

Darwinian natural selection. Individuals who fit the 
environment best should have a better chance to propagate 
their offspring. By the same reason, solutions that have the 
best ‘‘fitness’’ should receive higher probability to search 
their ‘‘neighbors’’. The overall steps of GA for JSP can be 
described as follows [10]: 

A. Encoding and Decoding 

The encoding of GA for JSP in manufacturing system 
can be classified as direct encoding and indirect encoding. 
The direct encoding includes job-based encoding, 
operation-based encoding, finishing time-based encoding, 
and random key-based encoding, and so on. The indirect 
encoding includes priority rule-based encoding, machine-
based encoding, etc. In this paper, an operation-based 
encoding is adopted, and the arrangement of job represents 
a chromosome for a feasible solution. 

Taking a three-job and three-machine for example to 
explain the operation-based encoding and decoding method, 
the operation sequence, machine and processing times are 
shown in Table I. 

 
TABLE I.  EXAMPLE OF A THREE-JOB, THREE-MACHINE JSP 
Job (machine number, processing time) 
j1 (1, 3) (2, 3) (3, 2) 
j2 (1, 1) (3, 5) (2, 3) 
j3 (2, 3) (1, 2) (3, 3) 

 

For JSP, the operation-based representation method 
which uses the integer encoding, is adopted to encode a 
schedule as a sequence of jobs and operations. Each gene in 
a single chromosome denotes each operation of a job, and a 
chromosome can be decoded into a schedule indirectly [21]. 
For example, there are three jobs and each job has three 
operations. A nine-dimensional chromosome vector OP as a 
schedule is constructed: 
OP=[2,1,1,1,2,2,3,3,3]=[op211,op111,op122,op133,op223,op232,o
p312,op321,op333], where opijk denotes that the jth operation of 
job i on machine k. The first gene ‘‘2’’ of OP is the first 
operation of job 2, which is performed on machine 1 and 
the processing time is 1. The second gene ‘‘1’’ of OP is the 
first operation of job 1, which is performed on machine 1 
and the processing time is 3. The third gene ‘‘1’’ of OP is 
the second operation of job 1, which is performed on 
machine 2 and the processing time is 3. The fourth gene 
‘‘1’’ of OP is the third operation of job 1. The fifth gene 
‘‘2’’ of OP is the second operation of job 2, and so on. The 
Gantt chart of the operation-based schedule is shown in 
Fig.1. 
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Figure 1. Decoding the chromosome of OP by operation-based encoding 

B. Initial Population 

A GA must be initialized with a starting population. The 
encoding scheme mentioned above is a convenient tool to 
reproduce the initial population by using the swap-change 
method. The swap-change method randomly changes the 
positions of jobs, and does not produce the conflict problem 
of precedence. The initialization procedure produces N 
feasible chromosome, where N denotes the chromosome 
population size, by the following algorithm: 

Step 1: Create an initial chromosome vector OP. 
Step 2: Generate two integer values r1 and r2, by 

random, where both r1 and r2 belong to [1, m×n], where, m 
is the number of machine and n is the number of job. 
Execute the swap-change in two genes of a chromosome 
vector OP at the positions r1 and r2. 

Step 3: Repeat m×n times in Step 2 and then produce a 
new chromosome OP. 

Step 4: Repeat steps 1-3 above N times and then 
produce N initial feasible solutions. 

C.  Fitness Function 

Generally speaking, the objective function is selected as 
the fitness function. The reciprocal of the maximal 
makespan (mentioned in Eq.(1)) is selected as the fitness 
function, and the fitness of each chromosome is calculated 
according to (7). 

( ) 1/ ( )g x f x                                (7) 

D. Selection 

The best solution should be considered in subsequent 
generations. At a minimum, the single best solution from 
the parent generation needs to be copied to the next 
generation thus ensuring that the best score of the next 
generation is at least as good as the prior generation. Here 
the selection probability R is adopted according to (8). For 
example, probability 5% means that we clone the top 5% of 
the population solutions for the next generation. 

i

i

g
R

g



                           (8) 

where gi is individual fitness, ig is the sum of the 

individual fitness. 

If the number of population is N, then the number of 
each chromosome for the next generation is given as 
follows. 

 i
i

i

g
N R N N

g
   


                 (9) 

E.  Crossover 

Generally speaking, crossover is the breeding of two 
parents to produce a single child. That child has features 
from both parents and thus may be better or worse than 
either parent according to the objective function. The 
traditional crossover operator (such as partly matched 
crossover, order crossover, cycle crossover, and so on) 
would make some unfeasible solution to be created. In order 
to ensure to create a more feasible solution, a new method 
named partheno-genetic operation (PGO) is adopted for 
crossover operation. The crossover operation procedure is 
as follows: 

Step1. A positive integer r is created randomly, and r is 
the position of the rth gene; 

Step2. The gene positions behind the rth gene position 
are moved to the front; 

Step3. The remainder gene positions are moved to the 
back. 

For example, if a chromosome C1= (4 2 6 3 l 5) and 
single point crossover r=3, then C1

’= (3 1 5 4 2 6). 
Therefore the unfeasible solution is avoided. 

F. Mutation 

The primary purpose of mutation is to introduce 
variation and help bring back some essential genetic traits, 
and also to avoid the pre-mature convergence of entire 
feasible space caused by some super chromosomes. The 
mutation procedure of the GA is to exchange the positions 
of a number of randomly selected genes or change the 
randomly selected genes to different ones. In our GA, the 
mutation procedures are depicted as follows. 

Step1. Two positive integers r1 and r2 are selected 
randomly, and r1 is not equal to r2. 

Step2. Exchange the value of the position of the two 
genes. 

For example, if C1= (3 1 5 4 2 6), r1=1, r2=4, then C1
’= 

(4 1 5 3 2 6). 

G. Offspring Generation 

Once the chromosomes for reproduction have been 
selected, the crossover and mutation genetic operators are 
applied to produce the offspring. The offspring generation 
phase terminates when the maximum number of individuals 
in the mating pool is reached. 

Steps mentioned above are repeated until the convergent 
condition is met or a maximal number of generations are 
reached, then the searching work is finished. And the best 
individual, together with the corresponding schedule, is 
given as output. 
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IV. OPTIMAL SELECTION OF GA’S PARAMETERS 
 
As mentioned above, some genetic parameters, i.e. 

population size N, crossover probability pc and mutation 
probability pm have a significant effect on the optimization 
result, therefore, it is necessary to optimize these parameters 
in order to obtain a better performance. We tested this 
method on a classic instance, MT06 (a 6×6 problem 
originally proposed by Muth and Thompson [22]), finding 
the best-known value (55 unit times). 

A. Orthogonal Design Theory 

The orthogonal design provides a series of orthogonal 
arrays for different N and Q. We let ( )N

ML Q  be an 

orthogonal array for N factors and levels, where “L” denotes 
a Latin square and M is the number of combinations of 
levels [23]. It has rows, where every row represents a 
combination of levels. For convenience, we 
denote

,( ) [ ]N
M i j M NL Q a  where the jth factor in the ith 

combination has level ,i ja and , {1, 2,..., }i ja Q .The 

following are two examples of orthogonal arrays: 

3
4

1 1 1

1 2 2
(2 )

2 1 2

2 2 1

L

 
 
 
 
 
 

                                (10) 

4
9

1 1 1 1

1 2 2 2

1 3 3 3

2 1 2 3

(3 ) 2 2 3 1

2 3 1 2

3 1 3 2

3 2 1 3

3 3 2 1

L

 
 
 
 
 
 
 
 
 
 
 
 
 
 

                               (11) 

In 3
4 (2 )L , there are three factors, two levels per factor, 

and four combinations of levels. In the first combination, 
the three factors have respective levels 1, 1, 1; in the second 
combination, the three factors have respective levels 1, 2, 2, 
etc. Similarly, in 4

9 (3 )L , there are four factors, three levels 

per factor, and nine combinations of levels. 
In general, the orthogonal array has the following 

properties. 
1) For the factor in any column, every level occurs 
/M Q times. 
2) For the two factors in any two columns, every 

combination of two levels occurs 2/M Q times. 
3) For the two factors in any two columns, the M 

combinations contain the following combinations of levels: 
(1,1) , (1, 2) ,…, (1, )Q , (2,1) , (2, 2) ,…, (2, )Q ,…, 

( ,1)Q , ( , 2)Q ,…, ( , )Q Q . 

4) If any two columns of an orthogonal array are 
swapped, the resulting array is still an orthogonal array. 

5) If some columns are taken away from an orthogonal 
array, the resulting array is still an orthogonal array with a 
smaller number of factors. 

Consequently, the selected combinations are scattered 
uniformly over the space of all possible combinations. 
Orthogonal design has been proven optimal for additive and 
quadratic models, and the selected combinations are good 
representatives for all of the possible combinations [24]. 

B.  L25 (56) Orthogonal Array Experiments 

A three five-level genetic parameters, i.e. population 
size N, crossover probability pc and mutation probability pm 
are considered. The genetic parameters and their selected 
levels are presented in Table II. For five parameters at five 
levels each, the traditional full factorial design would 
require 56 experiments. However, in the current design (L25 
(56) orthogonal array) the required experiments are only 25. 

TABLE II. SELECTED GENETIC PARAMETERS AND THEIR RESPECTIVE 
LEVELS IN THE PRESENT EXPERIMENTAL DESIGN 

genetic 
parameters 

Level 1 Level 2 Level 3 Level 4 Level 5 

population 
size (N) 

40 60 80 100 120 

crossover 
probability(pc)

0.5 0.6 0.7 0.8 0.9 

mutation 
probability(pm)

0.01 0.05 0.1 0.2 0.3 

The experimental lay out for genetic parameters using 
L25 (56) orthogonal array and the error’s square (δ2) are 
shown in Table III. This design involves 25 separate 
experiments with specified levels and particular 
combination of genetic parameters. However, the sequence 
in which the experiments were carried out was randomized 
to avoid any kind of personal or subjective bias, which may 
be conscious or unconscious. This procedure ensures 
greater validity of test results [14]. 

 
TABLE III. L25 (56) ORTHOGONAL ARRAY DESIGN AND RESULTS 

Experiments
parameters Error’s 

square
(δ2) 

A(population 
size (N)) 

B(crossover 
probability(pc)) 

C(mutation 
probability(pm))

1 1(40) 1 (0.5) 1(0.01) 16 

2 1(40) 2 (0.6) 2(0.05) 16 

3 1(40) 3 (0.7) 3(0.1) 16 

4 1(40) 4 (0.8) 4(0.2) 9 

5 1(40) 5 (0.9) 5(0.3) 16 

6 2(60) 1 (0.5) 2(0.05) 0 

7 2(60) 2 (0.6) 3(0.1) 9 

8 2(60) 3 (0.7) 4(0.2) 16 

9 2(60) 4 (0.8) 5(0.3) 4 

10 2(60) 5 (0.9) 1(0.01) 9 
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11 3(80) 1 (0.5) 3(0.1) 4 

12 3(80) 2 (0.6) 4(0.2) 9 

13 3(80) 3 (0.7) 5(0.3) 9 

14 3(80) 4 (0.8) 1(0.01) 9 

15 3(80) 5 (0.9) 2(0.05) 0 

16 4(100) 1 (0.5) 4(0.2) 9 

17 4(100) 2 (0.6) 5(0.3) 4 

18 4(100) 3 (0.7) 1(0.01) 0 

19 4(100) 4 (0.8) 2(0.05) 4 

20 4(100) 5 (0.9) 3(0.1) 25 

21 5(120) 1 (0.5) 5(0.3) 9 

22 5(120) 2 (0.6) 1(0.01) 4 

23 5(120) 3 (0.7) 2(0.05) 4 

24 5(120) 4 (0.8) 3(0.1) 9 

25 5(120) 5 (0.9) 4(0.2) 9 

 
TABLE IV. SUMMARIZED RESULTS OF ERROR’S SQUARE 

index  A B C 

δ2 

k1 57 38 34 
k2 38 38 28 
k3 31 49 63 
k4 42 35 52 
k5 35 59 42 

 
 

C. Experimental Result and Analysis 

As mentioned above, we use the error’s square (δ2) as 
the evaluation index. The measured properties are 
summarized in Table IV. ki is the sum of the δ2 of the ith 
level. Here the δ2 for smaller-the-better characteristics is 
considered.  

From Table IV, it can be seen that the processing 
condition for attaining optimal δ2

min are population size N 
(A) at level 3, crossover probability pc (B) at level 4 and 
mutation probability pm (C) at level 2. These results indicate 
the optimal combination parameters to achieve smaller δ2 

are A3B4C2 (N=80, pc=0.8, pm=0.05).  

D.  Confirmation Test 

The final step is to verify the improvement in the 
optimal properties using the optimal level A3B4C2 for JSP. 
Table V shows the comparison results for 10 experiments 
using the optimal combination A3B4C2 (N=80, pc=0.8, 
pm=0.05) and random combination A5B3C4 (N=120, pc=0.7, 
pm=0.2) for a classic MT06 scheduling results (the best-
known value is 55 unit time). From Table V, it can be seen 
that the best-known value 55 can be obtained for 7 times in 
10 experiments by using the optimal combination A3B4C2, 
however, the best-known value 55 can be obtained for only 
3 times in 10 experiments by using the random combination 
A5B3C4. What’s more, the average error δ’ is greatly 
improved by using the optimal combination. The optimal 
value and average fitness value of each generation is 
obtained (Fig.2). The scheduling Gantt diagram is shown in 
Fig.3. In short, our method has a better stability for 
optimizing JSP. 

 

TABLE V.  RESULT OF VALIDATION EXPERIMENTS 

Property 
Experimental No. Best 

value 
(C*) 

Average 
Value 

(C) 

Average 
error 
(δ’) 1 2 3 4 5 6 7 8 9 10 

optimal schema A3B4C2 55 55 55 55 57 55 55 58 55 57 55 55.7 0.7 

random schema A5B3C4 57 55 55 58 58 59 55 57 57 58 55 56.9 1.9 
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Figure 2. Optimization process 

 
Figure 3. Scheduling Gantt diagram. 

V. CONCLUSIONS 
 
The GA’s parameters optimization with orthogonal 

design method is presented in this paper. The orthogonal 
design method, as a way of planning experiments, has been 

widely used to multifactor experimental problems. Because 
some genetic parameters, i.e. population size N, crossover 
probability pc and mutation probability pm have a significant 
effect on the optimization result for JSP in automated 
production plant. The orthogonal combination of the three 
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genetic parameters is selected by using orthogonal design. 
The contrastive experiments confirm that our method has 
better optimization stability. In addition, this method can 
also provide a reference for optimizing other multifactor 
problems. 
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