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Abstract 

The Job Shop scheduling problem is very widespread considering its utility in the industry. Several researchers have 
worked on this subject with the aim of optimizing work sequences.  
This case study provides an overview on genetic algorithms which present a real potential for solving this type of 
combinatorial problem of job shop scheduling problem. 
During this study, the application of this method will be done manually in order to understand the procedure and the 
process of executing programs based on genetic algorithms. 
It is a problem where the decision analysis must figure strongly along the process because of the numerous choices 
and allocations of jobs to machines at the right time, in a very specific order and over a given duration. This operation 
is done at the operational level and research must find an intelligent method to find the best and most optimal 
combination. 
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1. Introduction
The Job Shop scheduling problem has always been considered among the most interesting subjects in research and 
which aims to develop new intelligent methods to optimize the number of jobs, time and use of machines. 
Planning and assigning jobs to machines requires determining the right sequence and the most optimal time to 
complete a set of jobs while guaranteeing the employer a significant gain in terms of time as well as in terms of 
machine operation. 

The most optimal sequence is the best solution in a search space where there is infinity of solutions; it is therefore a 
combinatorial optimization problem. 
The resolution of combinatorial optimization problems is done while using metaheuristic methods given their ability 
to determine an approximate solution in a reasonable time. 
In this article, the use of genetic algorithms will allow the optimization of the make span of Job Shop Scheduling 
Problem. 

The Job Shop Scheduling (JSS) problem dealt with in the rest of this article will consider the following elements: a 
set of 6 jobs carried out on the 6 machines available to manufacture products in a minimum time while optimizing the 
sequences of the job. In reality, the scheduling of jobs on machines takes into account several constraints, in particular: 
machine stoppages due to unexpected breakdowns, maintenance time and other production hazards, that is, the lack 
of control over work sequences and especially the lack of control of the complete deadlines for carrying out all the 
work. 

2. Literature review
 In the article by Ke Shen et al. [1], the two-phase genetic algorithm (CTGA) is applied to the case of a generalized 
flexible flowshop problem (GFFS) while introducing mixed-integer multi-objective mixed-integer programming 
(MIP) for the GFFS, then the observation that the CTGA is efficient for the multi-objective optimization due to the 
flexibility provided by the Genetic algorithm.  
the work of Sarahí Báez et al. [2] have the same objective as our article, it aims to study a machine scheduling 
problem and the criterion used to assess the quality of the planning is the makespan, except that the method used to 
solve this problem is based on hybrid algorithms which combines GRASP and variable neighborhood search 
metaheuristics unlike our work which will mainly focus on genetic algorithms. 

Chen-Fu Chien and Yu-Bin Lan [3] discuss the case of dynamic planning for semiconductor manufacturing while 
developing an agent-based approach that integrates deep reinforcement learning and hybrid genetic algorithm for 
independent parallel machine planning. 

Jerry Swan et al. [4] talk in their article about metaheuristic which is based on an iterative process that guides and 
modifies the operations of subordinate heuristics to efficiently produce high quality solutions. At each iteration, it 
manipulates either a unique complete (or partial) solution, or a set of such solutions. 
The Job Shop scheduling problem is one of the most difficult combinatorial optimization problems where research 
has not yet been able to develop a performing algorithm to generate a satisfying optimal sequence. 
Lawrence M. Wein and Philippe B. Chevalier [5] define a job shop scheduling problem with three dynamic 
decisions: assign due dates to jobs arriving exogenously, release jobs from a backlog to the job shop, and sequence 
jobs to each of two shifts workshop work. 

Several researchers have worked on this subject while using different methods including: 
The use of Lagrangian relaxation to schedule job shops [6]. Lawrence M. Wein and Philippe B. Chevalier [5] offer a 
general two-step approach to solving this problem: release and sequence work to minimize inventory of work in 
progress, subject to completion of work at a specified rate, and given the policies of set deadlines dates that attempt 
to minimize the lead time to the due date, subject to the late work constraint. 
Runwei Cheng et al. [7] discuss in their article: A tutorial survey of job-shop scheduling problems using genetic 
algorithms—I the representation on genetic algorithms and the different representation schemes proposed for JSP in 
part I of his article and various hybrid approaches of genetic algorithms and conventional heuristics in the second 
part. 
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Kumar Ritwik and Sankha Deb [8] in their paper: A genetic algorithm-based approach for optimization of 
scheduling in job shop environment develops a genetic algorithm based approach to solve the scheduling 
optimization problem in Job Shop manufacturing environment. 
 
3. Genetic algorithm steps  
- Population initialization: Population P can be defined as a set of chromosomes. The initial population, which is the 
first generation, is usually created randomly [9]. 
- Fitness function: Calculate the different and possible bad and good solutions, and then eliminate bad solutions from 
the population. A fitness value consists also in evaluating the solutions. 
There are different techniques to implement selection in genetic algorithms. They are: 

● Tournament selection 
● Roulette wheel selection 
● Uniform selection 
● Rank selection 

- Crossover: The crossover method is used to generate new solutions from the existing parents available in the mating 
pool after applying selection method. This operator exchanges the gene information between the solutions in the 
meeting pool 
 
- Mutation: it is an operation which consists in changing certain genes of the population to diversify it. 
 
4. Theoretical algorithms  
 Initialize population; 
Calculate fitness function; 
While (fitness value! = termination criteria) 
 {  Selection;  Crossover;   Mutation;Calculate fitness function; } 
5. Problem statement  
Amir Ghasemi et al. [10] say in their article that there are several parameters that impact production, especially 
products requiring advanced decision-making, such as in the case where there is an increase in production speed or 
the production load which implies difficulties in the decision-making process. This problem leads to a line of research 
for researchers interested in the field of artificial intelligence to develop decision support tools. Planning is also part 
of the decision-making process, this is why it is necessary to conceive an algorithm allowing to seek the optimal 
solution in order to resolve the original problem. 
 
Concerning Karim Tamssaouet et al. [11] for them, it is not easy to optimize a global scheduling model because of 
the difficulties which arise at the level of work areas that must be scheduled locally while ensuring coordination 
between local schedules. 
JSS problem analysis provides valuable insight into the solution of scheduling problems encountered in the most 
complex and realistic systems. Therefore, heuristics and metaheuristics are preferred methods for scheduling the job 
shop scheduling. The Genetic Algorithm is considered the best-known optimization technique for a class of 
combinatorial problems.  
In this article we consider a matrix of order 6*6 which corresponds to 6 Jobs and 6 machines. 
The machines are subjected to the operations below: 
It is supposed that the execution time of the operations is the same on each machine. 
 

Table 1. Distribution of operation on machines 
 

 M1 M2 M3 M4 M5 M6 
J1 O11 O21   O51  
J2  O22 O32 O42   
J3   O33 O43  O63 
J4 O14  O34 O44 O54  
J5 O15 O25    O65 
J6   O36   O66 
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The following symbols are defined: 
J = {J1, J2, J3, …Jj, …Jn} represents the job set. 
M = {M1, M2, M3, …Mi, …Mm} represents the machine set. 
Oij --> O: Operation, i: corresponds to the machine number and j: to the job number. 
The first step to resolve a combinatorial problem by genetic algorithm is to establish population initial. 
According to T. Loukil et al. [12]: “Population initialization is an important task in evolutionary algorithms because 
it can affect the convergence speed and also the quality of the final solution. If no information about the solution is 
available, then random initialization is the most commonly used method to generate candidate solutions”. 
There is two ways to construct the initial population which are: 
- Random Initialization: 
Initial population contains only random solutions. 
- Heuristic Initialization: 
Initial population contains solutions founded by heuristic method. 
 
�In this article the random initialization is preferred as a method in order to avoid premature convergence. 
- The coding of the genetic algorithm is also part of the first step that is carried out to create our population 
and it is a crucial step to succeed in finding the optimal solution. 
- The coding step consists on representing a solution as a string that conveys the necessary information. 
- It consists also in modeling each solution by a chromosome, we consider: 
O11, O14, O15, O21, O22, O25, O32, O33, O34, O36, O42, O43, O44, O51, O54, O63, O65, O66. The initial 
population corresponds to the set of feasible solutions to solve this problem. 
The numerous sequences figures on this problem. Bellow table of sequences matrix represents the set of feasible 
solutions in initial population iteration in order to lead the program to an optimal sequences in the following steps: 
 

Table  2. table of sequences matrix. 
 

 M1 M2 M3 M4 M5 M6 
J1 1 2   1  
J2  1 2 2   
J3   1 1  1 
J4 2  3 3 2  
J5 3 3    2 
J6   4   3 
 
Let start by defining the priority of job execution on machines: 
The first case considers the bellow order of sequences: 
M5, M1, M2, M3, M4, M6 �Prioritize sequence of J1 work on M5 instead of M1. 
To evaluate each chromosome, it is necessary to calculate the weight of each chromosome. The value of makespan 
can use Gantt diagram: 
Calculate the value of fitness function by using Gantt diagram will be the second step which is necessary to evaluate 
the quality of solution: 
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Figure 1. Gantt chart. 

 
T= fitness function = 160 seconds 
The second solution to integrate in the population to search the best solution is: M1, M2, M3, M4, M5, and M6. 

 
Figure  2. Gantt chart. 

 
T= fitness function = 120 seconds 
The 3rd feasible solution possible to integrate into the population to find the best solution: M1, M2, M4, M3, M5and 
M6. 

 
Figure 3. Gantt chart. 

 
T= fitness function = 120 seconds 
The 4th feasible solution possible to integrate into the population to find the best solution: M2, M1, M3, M4, M5 
and M6. 
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Figure  4. Gantt chart. 

 
T= fitness function = 140 seconds 
 
The third step is to select the parents; there are several methods to select them which are: 
Roulette Wheel Selection:  
 
Narayan Behera [13] defined it as a method that is used for selecting all the individuals for the next generation.  
It consists in associating with each chromosome a segment whose length is proportional to its fitness. These 
segments are then concatenated on a graduated axis that we normalize between 0 and 1. 
We then draw a number random with uniform distribution between 0 and 1, then the selected segment is identified 
and the corresponding chromosome. With this technique, the good chromosomes will be more often selected. 
Tournament selection: 
This technique randomly selects two or more individuals from the population and the strongest is selected, i.e. the 
one with the most interesting fitness. 
According to Brad L. Miller and David E. Goldberg [14] Tournament selection is simple to code. Tournament 
selection can also adjust the selection pressure to adapt to different domains. 
Uniform selection: 
 
The selection is done randomly, uniformly and without intervention of the adaptation value. Each individual 
therefore has a probability 1/P of being selected, where P is the total number of individuals in the population. 
In this thesis, we have chosen uniform selection to avoid premature convergence. Frederick M. Cohan [15] says that 
Uniform selection is generally supposed to cause convergence between populations while drift has the effect of 
causing divergence. 
 
We select parents from the existing population by randomly choosing two values of the fitness function to define the 
new parents. 
Let’s consider the following parents: 
P1 = [O51, O54 ,   O11,   O14,  O15,   O22,   O21, O25, O33 , O32,  O34,O36,  O44, O45, O46, O63, O65,O66] 
which correspond to the order of the following machines: M5, M1, M2, M3, M4, M6.  
P2 = [O11,   O14,  O15,   O22,   O21, O25, O33 , O32,  O34,O36,  O43, O42 , O44, O51, O54,  O63, O65, O66] 
Which correspond to the order of the following machines: M1, M2, M3, M4, M5, M6. 
 
The fourth step is crossover; it consists of crossing two parents create two children. 
P1 = [O51, O54 ,   O11,   O14,  O15,   O22,   O21, O25, O33 , O32,  O34,O36,  O44, O45, O46, O63, O65,O66]  
P2 = [O11,   O14,  O15,   O22,   O21, O25, O33 , O32,  O34, O36,  O43, O42 , O44, O51, O54,  O63, O65, O66] 

 
P1= [O51, O54 ,   O11,   O14,  O15,   O22,  O21, O32, O34 ,O36,  O43, O42 , O44, O45, O46,  O63, O65, O66]  
P2 = [O11,   O14,  O15,   O22,   O21, O25, O33 , O43,  O42, O32,  O34,O36,  O44, O51, O54, O63, O65,O66] 
The fifth step is the mutation 
 
The mutation will be done at P1 at the following points: 
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O51 � O53 
O54 � O56 
OS1 = [O53, O56,   O11,   O14,  O15,   O22,  O21, O32, O34 ,O36,  O43, O42 , O44, O45, O46,  O63, O65, O66] 
OS2 = [O11,   O14,  O15,   O22,   O21, O25, O33 , O43,  O42, O32,  O34,O36,  O44, O51, O54, O63, O65,O66] 
The new Gantt chart is: 

 
 

Figure  5. Gantt chart. 
 
T= 140 seconds 

 
 

Figure  6. Gantt chart. 
 
T= 140 seconds 
The new job sequence matrix with this iteration is as follows: 
 

Table  3. table of sequences matrix. 
 

 M1 M2 M3 M4 M5 M6 
J1 1 2     
J2  1 1 2   
J3    1 1 1 
J4 2  2 3   
J5 3 3  4  2 
J6   3 5 2 3 
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Based on the job sequence matrix, we move on to the third iteration where we integrate into the new population the 
sequence obtained after crossing and mutation. 
We have 6 scenarios corresponding to the 6 different sequences: 

a) M1, M2, M3, M4, M5, M6, 
b) M3, M1, M2, M4, M5, M6, 
c) M2, M1, M3, M4, M5, M6 
d) M1, M2, M6, M4, M5, M3 
e) M1, M2, M3, M5, M4, M6 
f) M1, M2, M3, M4, M6, M5 

 
A) M1, M2, M3, M4, M5, M6, 

 

 
 

Figure 7. Gantt chart. 
 
T=160 seconds 
 

B) M3, M1, M2, M4, M5, M6, 

 
 

Figure  8. Gantt chart. 
 
T=200 seconds. 

C) M2, M1, M3, M4, M5, M6 
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Figure  9. Gantt chart. 
 
T= 200 seconds 
 

D) M1, M2, M6, M4, M5, M3 

 
 

Figure  10. Gantt chart. 
T= 180 seconds 

E) M1, M2, M3, M5, M4, M6 

 
Figure  11. Gantt chart. 

T= 140 seconds 
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F) M1, M2, M3, M4, M6, M5 

 
Figure  12. Gantt chart. 

T=160 seconds 
It is found that the population E which has a minimum fitness value of 140 seconds compared to the other populations. 
We select the following parents to carry out our study: 
A)  M1, M2, M3, M4, M5, M6 
P1= O11, O14, O15, O22, O21 O25 O32 O34 O36 O43 O42 O44 O45 O46 O53 O56 O63 O65 O66 
E) M1, M2, M3, M5, M4, M6 
P2= O11, O14, O15, O22, O21 O25, O32 O34 O36 O53 O56 O43 O42 O44 O45 O46 O63 O65 O66 
 

Table  4. table of sequences matrix. 
 

 M1 M2 M3 M4 M5 M6 
J1 1 2     
J2  1 1 2   
J3    1 1 1 
J4 2  2 3   
J5 3 3  4  2 
J6   3 5 2 3 
 
Crossover: 
P1= O11, O14, O15, O22, O21 O25 O32 O34 O36 O43 O42 O44 O45 O46 O53 O56 O63 O65 O66 
P2= O11, O14, O15, O22, O21 O25, O32 O34 O36 O53 O56 O43 O42 O44 O45 O46 O63 O65 O66 
P1= O11, O14, O15, O22, O21 O25 O32 O34 O36 O53 O42 O44 O45 O46 O53 O56 O63 O65 O66 
P2= O11, O14, O15, O22, O21 O25, O32 O34 O36 O43 O56 O43 O42 O44 O45 O46 O63 O65 O66 
 
Mutation: 
The operations that undergo a mutation are the following: 
 
Parent P1:  
O36� O43 / O46� O51/ O53�O52/ O66� O16 
Parent P2:  
O56� O51 / O43� O63 / O45� O16 / O63� O62 / O46� O53 
OS1= O11, O14, O15, O22, O21 O25 O32 O34 O43 O53 O42 O44 O45 O51 O52 O56 O63 O65 O16 
OS2= O11, O14, O15, O22, O21 O25, O32 O34 O36 O43 O51 O63 O42 O44 O16 O53 O62 O65 O66 
 
The new Gantt chart: 
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Figure 13. Gantt chart. 

 
T= 120 seconds 

 
Figure  14. Gantt chart. 

 
T= 120 seconds 
 
6. Results and Discussion  
 
- So the value that corresponds to the fitness function of the new parents is minimal. 
- We retain this solution which represents the most optimal sequence for manufacturing a product. 
- So the genetic algorithms give good results which are real and which optimize the problems classified as NP 

difficult. 
- Genetic algorithms are mainly based on randomness; the more we choose to start the iteration process by 

using random methods, the more we will cover the majority of solutions found in the search space and the 
more we increase the chances of get the global optimal solution. 

 
7. Conclusion  
This article details the work done by software and intelligent programs when finding the most optimal sequence in the 
case of the job shop scheduling problem in a manual way to understand the execution process, this work will allow 
researchers to move on to more complicated subjects, in particular the requirement of certain constraints in the case 
of the subject of job shop scheduling problem. 
Genetic algorithms allow us to feel closely the usefulness of mathematics and programming in everyday life.   
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