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Abstract 
 
This paper presents a new mathematical model for a flow shop scheduling problem with sequence-dependent setup 
times and machine unavailability. To solve such an NP-hard combinatorial optimization problem, an efficient hybrid 
algorithm based on genetic algorithm (GA) and simulated annealing (SA) is proposed. A number of test problems 
are solved. Finally, the associated computational results show the efficiency of the proposed hybrid GA/SA 
algorithm. 
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1. Introduction 
“The first paper on a flow shop scheduling problem was published fifty years ago. In the 50 years since Johnson 
(1954) published his seminal paper on flow shop scheduling, more than 1200 papers on various aspects of this 
problem have been published in the operational research literature” [1]. In this problem, we are dealing with 
specifying the sequence of n jobs on m machines in order to achieve the best amount of our goals in terms of the 
objective function. “The work-flow in a flow shop is unidirectional; this means that the order, in which jobs are 
processed on various machines, is same for all n jobs” [1]. Flow shop problems have a number of assumptions 
concerning job, machine and operating policies [1]. In the few decades when Johnson (1954) published his first 
paper on flow shop scheduling, many researchers have done a wide range of surveys in a flow shop problem by 
relaxing one or more of these assumptions. In this paper, we are going to relax the assumption on a machine, in 
which each machine is continuously available for processing jobs throughout the scheduling period and there are no 
interruptions due to breakdown or maintenance activities. 
 
The majority of the scheduling literature carries a common assumption that machines are available all the time. 
However, this availability assumption may not be true in real industry settings, since a machine may become 
unavailable during certain periods of time when a machine breakdown or a preventive maintenance activity is 
scheduled. Although the problem is realistic and important, it is relatively new and unstudied. Much of the research 
on operations scheduling problems has either ignored setup times or assumed that setup times on each machine are 
independent of the job sequence. Furthermore, most scheduling problems discussed in the literature are under the 
assumption that machines are continuously available. Nevertheless, in most real-life industries, a machine can be 
unavailable for many reasons, such as unanticipated breakdowns (i.e., stochastic unavailability) or due to a 
scheduled preventive maintenance where the periods of unavailability are known in advance (i.e., deterministic 
unavailability). This type of the production system is found in some industries, such as chemical, textile, 
metallurgical, printed circuit board, and automobile manufacture. With the increase in manufacturing complexity, 
conventional scheduling techniques for generating a reasonable manufacturing schedule have become ineffective. 
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The genetic algorithm (GA) can be used to tackle complex problems and produce a reasonable manufacturing 
schedule within an acceptable time [2]. 
 
2. Literature Review 
Lee [3] studied the two-machine flow shop problem under the assumption that the unavailable time is known in 
advance. He assumed that if a job cannot be finished before the next down period of a machine then the job will 
have to partially restart when the machine has become available again. This model is called semi-resumable. His 
model contains two important special cases: (1) resumable where the job can be continued without any penalty and 
(2) non-resumable where the job needs to totally restart. He studies the problem where an availability constraint is 
imposed only on one machine as well as on both machines. They provided the complexity analysis and developed a 
pseudo-polynomial dynamic programming algorithm to solve the problem optimally. In addition, they proposed 
heuristic algorithms with an error bound analysis. Gupta et al., [1] provided a short review of all studies have done 
in the last five decades since Johnson published his first paper on flow shop scheduling. They also provided a future 
research area by categorizing it to three sets, namely theoretical, computational and empirical studies. 
 
Ruiz et al., [4] considered different maintenance policies on machines regarding a flow shop problem to maximize 
the availability or keep a minimum level of reliability during the production horizon. In total, six adaptations of 
existing heuristic and meta-heuristic methods have been evaluated for the consideration of preventive maintenance 
and they applied to a set of 7200 instances. The results and experiments indicate that modern ant colony 
optimization (ACO) and GA provide very effective solutions for this problem. Allaoui et al., [5] concerned with the 
problem of jointly scheduling n immediately available jobs and the preventive maintenance in a two-machine flow 
shop with the objective of minimizing the makespan. They considered that one of the two machines must be 
maintained once during the first T periods of the schedule. Only the non-resumable case was studied. Then they 
focused on particularly of the problem and showed that is NP-hard. Finally they have focused on optimal solutions 
under some conditions. 
 
Gholami et al., [2] deal with hybrid flow shop scheduling problems, in which there are sequence-dependent setup 
times (SDST) and machines that suffer stochastic breakdown to optimize objectives based on the expected 
makespan. They described how simulation could incorporate into GA to the scheduling of a hybrid flow shop with 
SDST and machines that suffer stochastic breakdown. An overview of hybrid flow scheduling shops under 
stochastic unavailability of machines is presented. Subsequently, the details of incorporated simulation into GA 
were described and implemented. Consequently, the results obtained were analyzed with the Taguchi experimental 
design. 
 
Although a lot of researchers work in this area; however, this paper have two important advantages that they do not 
have. We consider the sequence-dependent setup times. Then, we present a new mathematical modeling for a flow 
shop with both sequence-dependent setup times and machine unavailability. Although GA has been proved to be an 
efficient algorithm for a number of combinatorial optimization problems, because of its deficiency in divergence, a 
hybrid GA/SA algorithm is used to solve the given problem. The computational results on three classes of problems 
(i.e., small, medium and large sizes) show that this algorithm is better than the traditional GA for the problem. 
 
3. Problem Definition 
We are interested in doing some studies on machine availability and considering the maintenance activity in 
scheduling the jobs; that is, we desire to consider the maintenance policies and present a mathematical model of the 
flow shop problem on m machines under this situation. Because of its complexity, there are in such model, we will 
propose a meta-heuristic algorithm based on GA or SA or a combination of these algorithms to solve the problem. In 
spite of the varied range of studies carried out in flow shop scheduling with machine availability, we cannot find a 
mathematical-based model for this problem. Thus, it motivates us to build the model under our assumptions. 
 
In Gupta et al.,  [1] under the section of “conclusion and directions for future research”, there is a noteworthy offer 
and that is: “The mathematical theory of flow shop scheduling suffers from too much abstraction and too little 
application. Researches in flow shop scheduling seem to be motivated by what the researchers can achieve rather 
that what is important. The practical use of flow shop scheduling techniques, therefore, is rare” 
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This motivates us to pay attention to practical assumptions in industrial areas and do a research that can be suitable 
for a practical environment as well as theoretical use. 
 
We study the flow shop scheduling problem with sequence-dependent setup times and periodic maintenance (PM) 
activity. In dead, machines are not available in all unit time and PM should be done on machines to keep their 
efficiency at a determined level. The problem is denoted as 𝐹𝑚/𝑠𝑖𝑗𝑘  & 𝑃𝑀/𝐶𝑚. The desired outputs of this model are 
two subjects, namely the sequence minimizing the makespan and the optimal time to start a PM action on each 
machine.  
 
There are many PM policies that can be applied in any research. Three possible policies are defined in [4]. In our 
study, the following policy is applied in the PM activity, in which each machine has its interval time. That is, the 
machine can work some unit times and after that time the PM activity should be done on it to keep it work 
efficiently before a breakdown occurs [5]. 
 
4. Proposed Model 
 
Model’s assumptions 

1- All jobs are available for processing at time zero. 
2- Each job must be completed if it is started. 
3- Each job has m operations. 
4- Processing times are independent of the schedule. 
5- Jobs can wait the next machine to become idle. 
6- Machines may be idle. 
7- Setup times are known and they are not included in processing times. 
8- No machine may process more than one operation at the same time. 
9- Machines are not available in all the scheduling period and must be stopped after each time interval for 

PM activity. 
10- Each machine interval time (unit time between two PM actions on each machine) is determined before 

by some techniques. 
11- Number of unit time PM takes on each machine determined before. 

Assumptions numbers (1) to (8) are obtained from [6]. 
 
Notations 

 Parameters 
• i   job index, i=1,…,n 
• k  machine index, k=1,…,m 

• ikp  processing time of job i on machine k 

• ijks  setup time of job j if job j is done after job i on machine k 

• ikc  completion time of job i on machine k 

• ikc′  completion time of job i on machine k if reset time to zero after each PM action 

• kTPM  number of time unit PM take on machine k 

• M  a positive large number 

• kT  unit time between two PM activity on machine k 

 
 Decision variables 

• CM  makespan of the system 
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• ijX  1, if job i is done exactly before job j; 0, otherwise 

• ijZ  1, if job i is done before job j; 0, otherwise 

• ijkY  1, if PM is carried out between job i and j on machine k; 0, otherwise 

 
Mathematical modeling 
In the following, the proposed integer programming model is presented 
 

Min CM  (1) 

 

( )1          , ,ik jk ijk ijk kc p s M Y T i j k′ + + + − ≥ ∀  (2) 

 
 , ,ik jk ijk ijk kc p s MY T i j k′ + + − ≤ ∀  (3) 

 
 

  ,ik
ik ik k

k

cc c TPM i k
TPM
 

′ = − × ∀ 
 

 
(4) 

 
 C  ,ikM c i k≥ ∀  (5) 

 
(1 max( , )) , ,jk ik ij ij jk ijk ijk kc c M X Z p s Y TPM i j k− + − ≥ × ∀+ +  (6) 

 
(max( , )) , ,ik jk ij ij ik ijk ijk kc c M X Z p s Y TPM i j k× ∀− + ≥ + +  (7) 

 
 , ,ijk ijY X i j k≤ ∀  (8) 

 
 ,ij ijZ X i j≥ ∀  (9) 

  
1 ,ij jiX iX j+ ≤ ∀

 
(10) 

 
 ,  ,  {0,1} ,ij ij ijkZ X Y i j∈ ∀  (11) 

 
Equations (2) and (3) determine which time PM should be done on each machine. It means that on each machine PM 
should be done between which jobs. It is noted that it is possible to have more than one PM activity on each machine 
in scheduling period. Equation (4) calculates 𝑐𝑖𝑘′  use it in other equations. Equation (5) calculates the makespan of 
the system. Equations (6) and (7) determined the completion time of each job on each machine. It is also quarantine 
that one job can be processed on each machine at the same time. Equations (8) and (9) determine the relation 
between binary variable used in the model. Equation (10) shows that when job i is exactly before job j, job j cannot 
be exactly before job i, at the same time.  
 
5. Solution Methodology: Hybrid GA and SA 
 
GA Algorithm 
“GAs refer to a class of stochastic adaptive search procedures using the Darwinian principles of ‘‘survival of the 
fittest’’ to find best solutions. The fittest member has the highest probability of survival and therefore increases in 
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numbers, while the less fit die. An important aspect of GAs is that, given certain conditions on the problem domain, 
GAs tend to converge on solutions that were globally optimal or nearly so even in a large and complicated search 
space. GAs has been used in a wide range of practical fields including design, scheduling, system configuration, 
financial portfolio management, adaptive control systems and noisy data interpretation. Several researchers have 
adapted GAs to solve the problems of multi criterion function optimization, nonlinear programming and constrained 
function optimization’’ [7]. 
 
Pseudo code of GA 
Following is the pseudo code of the GA. 

 
 
Fitness function 
The fitness function is used in the proposed GA to rank the chromosomes in the population and to select some of the 
better chromosomes in order to attend in the next iteration population. We use the following as a fitness function in 
our study: 
𝑓(𝑥) = exp (−𝑐𝑜𝑠𝑡) (11) 
 
Note that the cost is the objective function value for each chromosome. 
 
Crossover operator 
“Reproduction is carried out by using crossover and mutation operators on the selected parents to produce new 
offspring. Crossover combines information from two parents such that the two children have a ‘‘resemblance’’ to 
each parent. Traditionally, standard crossovers such as one-point, two-point and uniform are used in GA models. 
However, if these operators would result in illegal chromosomes (for instance, for order permutation problems), then 
variations such as partially matched crossover (PMX), order crossover (OX), cycle crossover (CX) and many others 
have to be used” [7]. 
 

In this study we use a Position-Based Crossover Operator. “The nature of the proposed encoding can be viewed 
as a type of permutation encoding. A number of recombination operators have been investigated for permutation 
representation. The position-based crossover operator [8] is shown in Figure 1. Essentially, it takes some gens from 
one parent at random and fills vacuum positions with gens from the other parent by a left-to-right scan” [9]. 
 

3 1 7 6 4 5 2 
 
 

6 1 7 2 4 5 3 
 
 

6 5 7 1 4 2 3 
 

Figure 1: Crossover operator 
 
Mutation operator 
For mutation operator we use a simple random number. To clear this, suppose that parent 2 is selected to generate 
mutated chromosome. Now, we generate two random numbers from 1 to 7. Then, the gens in these two positions are 
replaced with each other this procedure is shown in Figure 2. 

1. Iteration=1 
2. Generate the first population 
3. Calculate the cost of all chromosomes in the population 

3.1 select some chromosome according to fitness function for crossover 
3.2 select a chromosome for mutation 

4. Merging the population and offspring and mutated chromosome. 
5. Calculate the cost and determine chromosomes in the next generation 
6. Iteration=iteration+1, if iteration<= max iteration go to Step 3, then end the algorithm 

Parent 1 

Child 

Parent 2 
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6 5 7 1 4 2 3 
 
 
 
 

 
Figure 2: Mutation operator 

 
6. Proposed GA/SA Algorithm 
In general, GA produces good answer for most combinatorial optimization problems; however, it has one 
deficiency. It has a high divergence and usually sticks in local optimum. In this paper, the SA algorithm is also used 
to develop this deficiency. GA is also prone to loss of solutions and theirs substructures due to the disruptive effects 
of genetic operators. This is because new solutions produced by the genetic operators are always accepted, even if 
they are significantly inferior to older solutions. This characteristic can lead to disruption, where good solutions are 
lost or damaged, so that a pure GA may easily produce premature convergence and poor results. By contrast to GA, 
SA possesses good convergence property and the ability to probabilistically escape from local optima; it accepts or 
rejects the newly generated candidate solution probabilistically by the Metropolis acceptance criterion, where 
inferior candidate can be accepted some of the time. By exploiting the efficient parallelization of the GA and the 
convergence control of SA, the new hybrid GA/SA algorithm (GASA), which incorporates metropolis acceptance 
criterion into crossover operator [10]. In contrast to a general genetic algorithm, the GASA has superior features. 
First, this new algorithm incorporates metropolis acceptance criterion into crossover operator, which motivated by 
both empirical and analytical evidence that the distribution of population members over time is nearly Boltzmann. If 
the fitness ftemp1, ftemp2 of the individual temp and temp2 generated by two parent satisfy ftempi<favg or probability 
exp(ftempi -favg)/T (i=1,2), then the solution tempi  is accepted. Otherwise crossover continues until the two children are 
updated. The two unequal best individuals in these children are selected to next generation. This approach could 
maintain the good characteristics of the previous generation and reduce the disruptive effects of genetic operators. 
Secondly, a novel approach of crossover rate is proposed and replaces the general crossover rate. If the fitness fP1, fP2 

of individuals P1 and P2 which select from the Pold is unequal, then implement the crossover operation. Otherwise 
implement the mutation operation. This new method of crossover rate can vary dynamically, adaptively in response 
to the state of premature convergence. For example, at the beginning of the evolution period, the mutation rate is 
small; whereas at the end of the convergence period, the mutation rate increases accordingly, so GA can avoid 
premature convergence better, as well as to avoid the difficulty of choosing the crossover rate. Our experimental 
results shown this new method could obtain better results and reduce the search times. This novel method could also 
be used for the general genetic algorithm. Thirdly, the schedule generation procedure is used for constructing 
schedule (i.e., after a schedule is obtained a local search heuristic is applied to improve the solution). In addition, 
Temperature (favg/120) is adjusted to control the number of the crossover times, at a high temperature, GA performs 
a course search with the low number of the crossover times; while at a low temperature, SA performs a fine search 
with the high the number of the crossover times. Moreover, such hybrid framework can convert to the traditional 
GA by omitting the SA unit. Such a hybrid algorithm retains the generality of GA, SA and can easily be 
implemented and applied to any combinatorial optimization problems [10].  
 
The pseudo code is as follows: 
  

6 5 2 1 4 7 3 
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Figure 3: Pseudo code for the GA/SA algorithm [10] 
 

Experimental results 
To test the adequacy of modeling, it is coded in GAMS 23.5.1; however, it is suspected to be infeasible. With a lot 
of efforts, this deficiency was not solved. In the next step, the GASA and data generator are coded in MATLAB and 
solved on a personal computer with an Intel(R) core(TM) 2 Dou CPU (2.5 GHz) processors to test our 
implementation. In this step three test problems (in a small size of 10*10, medium size of 20*20, and large size of 
50*50) are generated to solve with the proposed GASA, also these problems are solved by the traditional GA to 
show the adequacy of the hybrid GA/SA algorithm. All data for processing times and setup times are produced 
randomly by MATLAB.  
 
Crossover and mutation rates are fixed on 0.9 and 0.7 by tuning, respectively. The other data and experimental 
results are shown in Tables 1 and 2. The results show that the GA/SA algorithm has a better output and also the 
deviation of its objective value from mean is lower than the traditional GA. In the proposed GA/SA algorithm, the 
model accepts higher answer by a random probability and it makes possible to search the other areas in feasible 
space. SA is used here to develop the divergence of the traditional GA. To show the divergence of the GA and 
proposed GA/SA, the output plot of MATLAB is shown in Figure 3. It is obvious that the divergence of the 
proposed GA/SA is lower than the traditional GA. This efficiency or deficiency cause the algorithm to search more 
in solution space and exit from local optimum obtained from the traditional GA. 

Begin 
Initialize population randomly with P (size) individual; 
Evaluate the initial population with the Schedule Generation Procedure; 

While stopping criteria not satisfied Repeat 
{ 

Reproduce the 10% elite individuals from P (old) to P (new); 
Select a pair of individuals P1, P2 from the P (old), which the fitness is fP1, fP2 
respectively. 
UpdateChildi = False; (i = 1, 2) 
If (fP1! = fP2) 
{ 
Do { 

Implement crossover operation and generate two children individual 
temp1, temp2, then calculate fitness ftemp1, ftemp2 with the schedule generation 
procedure. F (avg) is the average fitness of this generation. Set the temperature T is 
f (avg) /120; 
If (ftempi<favg || exp(ftempi -favg)/T > random[0,1]) i=1,2; 
{UpdateChildi = True ;} 
Select two unequal best individuals in these children to the next generation. 
} Until (UpdateChild1 || UpdateChild2) 

} 
Else 
{Mutate the chosen pair of individuals by the probability of Pm.} 

} 
End 
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Table 1: computational results for test problems in ten runs 

 
 
 

Table 2: the objective value for 10 runs of both GA/SA and general GA 
Test problem 10*10 20*20 50*50 

Method GASA GA GASA GA GASA GA 
Run 1 177 184 408 396 1128 1124 
Run 2 176 183 401 408 1126 1127 
Run 3 180 187 402 400 1127 1123 
Run 4 182 178 405 412 1119 1114 
Run 5 179 180 404 410 1115 1124 
Run 6 179 187 409 412 1123 1116 
Run 7 176 176 395 401 1118 1113 
Run 8 180 176 397 411 1126 1122 
Run 9 176 179 407 402 1118 1117 

Run 10 180 178 401 399 1117 1122 
Mean 178.5 180.8 402.9 405.1 1121.7 1120.2 
STD 2.12132 4.184628 4.605552 6.100091 4.808557 4.802777 

 
 

Problem size T TPM Pop 
No. 

Max 
iter 

General GA GA/SA 

Mean obj 
For 10 run 

STD 
for 

10 runs 

Mean 
time 

to run 

Mean obj 
For 10 run 

STD 
for 

10 runs 

Mean 
time 

to run 
Small (10*10) 2 3 50 100 180.8 4.184628 - 178.5 2.12132 - 

Medium (20*20) 4 5 50 100 405.1 6.100091 1.917145 402.9 4.605552 1.827767 
Large (50*50) 4 7 50 100 1120.2 4.802777 10.69996 1121.7 4.808557 6.762472 
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7. Conclusion 
We have studied the flow shop scheduling problem with sequence-dependent setup times and periodic maintenance 
(PM) activity. In dead, machines are not available in all unit time and PM should be done on machines to keep their 
efficiency at a determined level. Although a lot of researchers have worked in this area; however, this project have 
two important advantages that they do not. First, we consider the sequence-dependent setup times. Then, this study 
has presented a new mathematical model for a flow shop with both sequence-dependent setup times and machine 
unavailability. Although GA has proved to be an efficient algorithm for most combinatorial optimization problems, 
here because of its deficiency in divergence, a hybrid GA/SA algorithm has been used to solve the given problem. 
The computational results have shown that the GA/SA algorithm has had a better output and also the deviation of its 
objective value from mean has been lower than the traditional GA. In the proposed GA/SA algorithm, the model has 
accepted a higher answer by a random probability and it makes possible to search the other areas in feasible space. 
SA has been used here to develop the divergence of the traditional GA algorithm. Some directions for future 
research may be as follows, (1) implementing this assumption in other scheduling area (e.g., open shop), (2) using 
other meta-heuristics (e.g., particle swarm optimization and scatter search), (3) modeling a dynamic problem where 
PM calculated in the model and it is not a constant input of modeling, (4) using other criteria for objective functions, 
(5) proposing a multi-period scheduling problem with the assumptions considered in this paper, and (6) considering 
preemption for jobs.  
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