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ABSTRACT: Production scheduling is still an important method at manufacturing companies, 

providing accurate, real-time schedules and helps in decision support. This article examines 

a specific production planning problem, the Advanced Scheduling Model for Unrelated 

Parallel Machines Problem with Job-Sequence Dependent Setup Times, Availability 

Constraints and Time Windows. In this problem, many different types of products have to be 

manufactured. Each job has predefined average machining times and can have time 

windows, which mean that the task can only be performed at a certain time interval. There is 

also a setup time, which means the period required to prepare a machine to accept a new job 

or operation. Number of machines, availability constraints (indicates how long the machine 

can be used) are also known in advance and our goal is to minimize the setup time, 

considering all constraints. In this paper, we present the solution of the problem with 

Genetic Algorithm. We also present a permutation representation of the problem and the 

evaluation of the representation. Dataset and test results are also presented. Based on the 

test results Genetic Algorithm can be an effective algorithm to solve the Parallel Machines 

Problem.  

 

KEYWORDS: scheduling, parallel machines problem, setup time, time window, production, 
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1 INTRODUCTION 

One of the most important tasks of each 

manufacturing company is to strive for the cost-

efficient production. Cost-efficient production 

involves making efficient use of machines. When 

we set up our machines, i.e. we switch from one 

product type to another, production stops, so the 

machines are unused. So, one of the most important 

factor is, how to minimize these setup intervals. 

This paper presents an advanced scheduling model 

for a specific: Unrelated Parallel Machines Problem 

with Job-Sequence Dependent Setup Times, 

Availability Constraints and Time Windows 

problem. During the problem-solving process the 

machines have different capacities. Each job has 

time window, this means that each job must be 

performed within an interval. Jobs and machines 

have different setup times. It means, that switching 

form one job to another has some time cost. The 

machines are initially in the initial state and require 

a predefined setup time to start each job. After 

completing the jobs, machines must also be reset. In 

this paper first we present a literature review on 

parallel machines problem. In the next session, we 

describe the details of Unrelated Parallel Machines 

Problem with Job-Sequence Dependent Setup 

Times, Availability Constraints and Time Windows 

- problem. Our problem has been solved with a 

genetic algorithm, so in Section 4 the mathematical 

details of our solution - the applied crossover 

(partially matched crossover, order crossover, cycle 

crossover) and mutation techniques - is also 

presented. For verifying the results, test dataset and 

test results are also presented. In the last section, 

concluding remarks have been made. 
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Fig. 1. The characterization of Parallel Machines Problem 

 

 

2  THE PARALLEL MACHINES 

PROBLEM 

The Parallel Machines Problem is a common 

problem in manufacturing systems. The base 

problem is scheduling   independent jobs on   

identical machines in order to minimize the 

makespan (the total finishing time). Fig. 1. shows 

the set of boundary conditions and their associated 

types based on the literature. The boundary 

conditions are: machines, jobs, time and objective 

function. In Fig. 1. we summarized the most 

important types of parallel machines scheduling 

problems. Machine eligibility restrictions [1], which 

means that a machine may be capable of processing 

a job or not belongs to the machines and jobs 

parameters. The identical machine parallel 

scheduling [2-3] is associated with machines, jobs 

and time main conditions. In our case the machines 

are identical (identical capacity, energy 

consumption). Processing times are machine 

independent. Uniform parallel machines [3] means, 

that the machines have different speeds (job 

processing times are different on different 

machines). This type associated with machines, jobs 

and time. The job availability interval [4] also 

belongs to machines, jobs and time. This constraint 

means that the machine is available to process jobs 

in a limited time interval. In case of machine and 

sequence-dependent setup times [1] the setup time 

depends on the job, the preceding job, and the 

processing machine. The learning effect [5] type 

means, that the actual processing time of each jobs 

on a machine is the product of its basic processing 

time and the so-called learning factor. This type of 

parallel machines problem belongs to the machines, 

jobs and time main factor. In case of fuzzy parallel 

machine problem [6] jobs have fuzzy processing 

time and machines have fuzzy completion time, and 

fuzzy makespan. This type can belong to machines, 

jobs and time main condition. Time-of-use 

electricity tariffs [7] belongs to all main category. In 

case of this specific problem the goal function is the 

minimization of the total electricity cost. Each job 

has a power consumption rate on each machine. The 

jobs with priority level [1] connect with job main 

condition. In this problem each job has priority, 

which is considered when scheduling. It is advisable 

to carry out important jobs first. The conflict 

constraint [8] also only belongs to jobs main 

category type. In case of this constraint the pairs of 

jobs are mutually disjoint due to resource 

availability. Jobs conflicting to each other cannot be 

processed simultaneously. The sequence dependent 

setup times [9] means that the setup times depend 

on the actual job and on the preceding job. This 

type of parallel machines problem can be associated 

with jobs and time main category. The due date 

[10], release time [11] and the time window [12] 



ACADEMIC JOURNAL OF MANUFACTURING ENGINEERING, VOL.18, ISSUE 2/2020 

22 

(the combination of due date and release time) are 

associated with jobs and times main factor. Due 

date [10] means that the jobs must be started no 

later than that time. Release time [11] means that 

the jobs must be started no earlier than that time. 

The last two types in the image belong to the 

objective function category. The minimization of 

the total earliness and tardiness time [13] means, 

that delayed customer orders reduce customer 

satisfaction, but early completion creates inventory 

storage costs, which increase the total cost. This 

type also belongs to time category, but green 

scheduling [14] only belongs to goal function. In 

case of green scheduling the goal function takes into 

account the machine processing costs alongside the 

other production criteria.  

Several heuristics are developed to solve the 

Parallel Machines Problems, for example: Genetic 

Algorithm [15-18] Simulated Annealing [19-21] 

Tabu Search [22-26] Ant Colony Optimization [27-

28] Particle Swarm Optimization [29-33] Harmony 

Search [34]. 

3 THE UNRELATED PARALLEL 

MACHINES PROBLEM WITH JOB-

SEQUENCE DEPENDENT SETUP 

TIMES, AVAILABILITY 

CONSTRAINTS AND TIME 

WINDOWS 

This section presents the Unrelated Parallel 

Machines Problem with Job-Sequence Dependent 

Setup Times, Availability Constraints and Time 

Windows. In the case of our specific problem the 

number of tasks, the number of machines is given in 

advance. We also know the setup times of each 

jobs. The jobs also have production times, and time 

windows. Time window means that a job must be 

started at a certain time interval. Machines have a 

capacity limit for the production time. Our goal is to 

make all jobs and minimize the setup times. 

In Figure 2. the Unrelated Parallel Machines 

Problem with Job-Sequence Dependent Setup 

Times Availability Constraints and Time Windows 

is demonstrated. In this example 3 machines can be 

used. 17 jobs need to be done. Each job has 

duration, earliest and latest starting time. Each job 

has setup times. Machines have reset state from 

which after setup the first job can be done. After all 

jobs have been completed, the machines must be 

reset. In Figure 2. the first machine makes (after 0-

hour setup time) the Job 1, than the Job 3 (after 1 

hour setup time), than Job 5, Job 8, Job 6, Job 2. 

Second machine (after 0-hour setup time) does Job 

4, after 1-hour setup time Job 7, then Job 10, Job 

14, Job 9, Job 15. Third machine does Job 11 (after 

1-hour setup time), then Job 16 (after 3 hours setup 

time), then Job 12, Job 17, Job 13.  

 

 

Fig. 2. The Unrelated Parallel Machines Problem with Job-Sequence Dependent Setup Times, Availability 

Constraints and Time Windows 

 

In the following we present the mathematical model 

of the Unrelated Parallel Machines Problem with 

Job-Sequence Dependent Setup Times, Availability 

Constraints and Time Windows. 

The objective function is to minimize setup time: 

   

          
      

   
           

      
          

   

     

    

     

     

       
     

      

     (1) 

One job must be performed once: 
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Continuity of production: 

        
      

            
      

          (4) 

Time window: 

    
    

         
 
   (5) 

    

      
    

        
 
   (6) 

The machine does not exceed the availability 

constraint limit: 

       
      

      

    

     

             (7) 

4  OPTIMIZATION ALGORITHM 

4.1 Genetic Algorithm 

Genetic Algorithm (GA) is a partial search 

algorithm, which does not guarantee to find the 

globally optimum solution of a problem. Compared 

to other optimization algorithms and iterative 

methods, GA uses sample populations, which 

consists of individuals. Each individual represents a 

solution. Individuals can be assigned a fitness value 

based on the objective function. Generally, one of 

two individuals will be the better whose fitness 

value is better. [35] 

 
BEGIN PROCEDURE 

Step 1.: Initialization the population with random 

individuals 

Step 2.: Calculation the fitness value for each 

individual 

WHILE (termination criteria is not met) DO 

Step 3.: Bringing certain parents to the next 

generation 

Step 4.: Recombination of selected parent 

pairs 

Step 5.: Mutation of selected new individuals 

Step 6.: Evaluation of new individuals 

Step 7.: Selecting individuals of the next 

generation 

END WHILE 
END PROCEDURE 

Fig. 3 The pseudo code of the Genetic Algorithm 

 

The first step is to create the initial population. 

The next task is to calculate the fitness values of the 

initial individuals. After calculating the fitness 

values of the initial population, a loop follows. The 

following population is always produced in the 

loop. In the loop selecting two individuals from the 

existing population, which will be the parents. The 

parent individuals are crossed. The result of the 

crossover is two new individuals. Mutations can 

then be made on the two new individuals. Then we 

calculate the fitness value of the new individuals. 

The next generation is then selected. Algorithm 

ends when we reach the termination criteria, in our 

case reaching a given iteration count. 

In the following, we present the applied 

representation and evaluation technique, then the 

crossover and mutation techniques. 

 

Fig. 4 The representation of the problem 

 

The evaluation of the permutation is the 

following: each element of the permutation denotes 

each job. We take each element of the permutation 

in sequence until we hit the capacity limit of the 

first machine or the time window of the job. If we 

hit a limit, then the task will be assigned to the next 

machine. If there are no more free machines or no 

more jobs, the assignment ends. Calculation of 

fitness is as follows: we need to take the machine's 

setup time for the first task assigned to them, and 

then the setup time between each task, and lastly the 

last task assigned to that machine and its setup time. 

The goal is the minimization of the setup time and 

considering all limits (availability constraints and 

time windows). 

The fitness function is the following: 

fitness=all_setup_time*(not_completed_job+1) 

In the following we present the applied 

crossover techniques, which are the follows: 

Partially Matched Crossover (PMX), Cycle 

Crossover (CX), Order Crossover (OX). Crossover 

is the process of creating new individuals. The 

procedure creates the new individuals by selecting 

the appropriate gene sequences from the parents.  

Partially Matched Crossover (PMX): [35,36] 

First, we select two random locations on the parent 

chromosomes. The fragment between the two 

locations is called the fitting section. This process 

can be seen in Figure 5. The genes here are paired. 

Thus the following pairs of numbers are exchanged: 

(8,7), (7,9), (6,8), (5,4). 

 

Fig. 5 The Partially Matched Crossover 

 

Order Crossover (OX): In this procedure also 

two points are randomly selected, which give a 

fitting section. First, the elements of the fitting 
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section of the first individual are deleted from the 

second individuals (and vice versa), so holes are 

created (denoted by the letter H in Figure 6). These 

holes in the offspring must be in the fitting section, 

so the fitting section of the offspring must be left 

blank (denoted by H in Figure 6). The first non-hole 

(non-H) gene in the parent will be the first element 

of the offspring. The other genes can now be 

inserted so that always taken the next non-empty 

(non-H letter) gene in the parent and placed in the 

next free space in the offspring in the following 

matter: the fitting section of the offspring must be 

empty. In the offspring, we place the genes in the 

fitting section of the other parent chromosome in 

place of the blank space (indicated with H in Figure 

6). [36] 

 
 

 

Fig. 6 The Order Crossover 

Cycle Crossover (CX): this crossover is based on 

the fact, that an element is transferred from the first 

or second parent to the new entity [36]. In Figure 7. 

the first element of the first and second parents are 

taken, so the (2,2) pair. The first child gets number 

2, and the second also gets number 2. Then the (1,5) 

pair is taken into account. The first child gets the 

number 1, the second gets the number 5. The 

second child have number 5, so the first child also 

must have number 5. Therefore, we take the (5,4) 

pair into account, and the first child get number 5, 

the second get number 4. Then the (4,1) pair is 

chosen. The circle is then closed, because the first 

child has number 1. Then the first child gets the 

elements of the second parent, while the second 

child gets the elements of the first parent. 

 
 

 

Fig. 7 The Cycle Crossover 

Mutation: The 2-opt operator was used for 

mutation. In permutation, this means selecting a 

section randomly and inverting the elements in that 

section. [37] 

 

Fig. 8 The 2-opt operator 

 

5 TEST RESULTS 

Table 1. Parameters of the Genetic algorithm 
Number of iterations 500 

Number of populations 150 

Partially Matched Crossover rate 0.3 

Order Crossover rate 0.3 

Cycle Crossover rate 0.3 

Mutation rate 0.1 

In this section we present the test results. First, 

we tested our algorithm with benchmark data from 

Shunji Tanaka dataset [38]. Table 2 and Figure 9 

indicate the results of the benchmark data. Then the 

efficiency of our algorithm is tested with our 

dataset. Table 3 indicates the parameters of the 

machine, while table 4 shows the parameters of the 

task, and table 5 indicates the setup parameters. 

Table 2. Benchmark data test results 
Benchmark dataset Result 

Name of the 

dataset 

Number of 
jobs 

Number of 
machines 

Number of 
created jobs 

(average) 

Number of 
machines 
(average) 

20_02_02_0
6_001 

20 2 18.7 2 

20_06_02_0
8_002 

20 6 20 6 

 

 

 

Fig. 9. The test result of the 20_02_02_06_001 dataset 
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Table 3. Machine parameters 
Machine Capacity 

M1 5000 

M2 4000 

M3 5000 

M4 5500 

M5 4500 

M6 5000 

M7 5000 

Table 4. Task parameters 
Task Start time window End time window Processing time 

T1 275 3340 520 

T2 362 4780 520 

T3 1256 4700 84 

T4 1000 3200 120 

T5 452 4500 54 

T6 0 5500 325 

T7 1000 4300 200 

T8 2563 3210 420 

T9 1000 5000 810 

T10 1200 5500 810 

T11 3200 4500 410 

T12 2300 4200 630 

T13 12 4800 1200 

T14 2400 5500 850 

T15 3400 4200 500 

T16 1122 4900 412 

T17 2120 5000 560 

T18 1500 5000 250 

 

 

  

Table 5. The setup parameters 
 T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 T13 T14 T15 T16 T17 T18 M1 M2 M3 M4 M5 M6 M7 

T1 - 15 12 25 14 13 14 22 23 29 10 8 17 14 12 24 17 13 23 15 25 14 32 12 22 

T2 12 - 11 10 14 18 25 24 27 23 11 20 22 21 23 24 22 21 25 12 12 25 20 25 22 

T3 10 13 - 20 24 21 20 15 17 15 23 14 22 30 34 15 4 18 20 24 26 17 12 22 30 

T4 34 31 12 - 24 20 14 15 22 27 30 21 22 18 15 10 14 18 25 34 24 25 22 22 21 

T5 21 14 15 22 - 4 12 25 32 34 28 15 21 28 19 24 25 18 23 34 30 21 28 26 27 

T6 27 25 23 24 35 - 32 25 24 28 27 26 35 28 29 34 26 28 34 29 28 29 24 22 29 

T7 8 35 33 39 34 15 - 19 33 22 27 29 22 27 29 22 20 23 34 32 5 10 11 19 29 

T8 15 22 29 28 35 15 22 - 24 29 27 25 26 24 32 25 37 24 26 28 35 22 28 24 33 

T9 28 22 21 15 12 9 29 33 - 24 20 37 36 34 31 25 29 20 24 26 37 12 15 19 20 

T10 35 32 26 20 18 9 17 22 25 - 38 21 15 20 15 20 16 20 22 29 36 34 35 22 25 

T11 22 24 25 20 15 20 18 25 32 41 - 22 10 19 9 18 10 16 14 29 34 12 10 15 12 

T12 25 12 5 16 19 20 22 24 32 12 22 - 16 20 12 22 24 26 30 34 16 22 27 29 35 

T13 25 24 5 12 19 20 24 26 15 20 35 15 - 21 24 12 15 23 25 35 37 20 22 21 15 

T14 21 20 13 15 25 12 16 22 25 35 33 31 21 - 22 25 26 32 34 39 16 25 22 26 22 

T15 23 22 25 15 26 20 24 22 28 29 24 26 23 25 - 26 22 24 25 20 21 22 26 23 20 

T16 20 21 22 24 28 26 25 24 26 22 24 25 12 12 13 - 11 10 7 9 12 22 25 23 24 

T17 35 33 31 26 24 25 26 22 26 12 5 23 28 33 34 7 - 32 15 16 19 12 29 25 22 

T18 15 24 25 10 12 13 19 35 34 25 26 20 24 26 24 27 22 - 24 25 20 21 23 25 22 

M1 25 21 25 20 23 25 21 25 20 22 23 10 25 26 24 25 32 25 - - - - - - - 

M2 22 21 25 22 23 28 35 36 33 34 26 35 32 33 39 13 15 2 - - - - - - - 

M3 10 20 23 24 25 26 20 21 26 12 13 15 12 24 26 23 22 36 - - - - - - - 

M4 12 20 22 23 15 10 12 14 20 26 20 23 24 25 10 5 23 24 - - - - - - - 

M5 10 23 10 22 23 24 23 5 15 24 23 26 29 23 24 23 22 25 - - - - - - - 

M6 10 23 20 15 26 22 23 25 22 25 27 35 34 33 26 12 25 20 - - - - - - - 

M7 24 25 10 20 25 26 23 24 25 26 33 34 35 28 22 26 11 15 - - - - - - - 

 

 

Fig. 10. The test result of our dataset 

 

 

Based the benchmark dataset and our dataset the 

presented algorithm is efficient for solving Parallel 

Machines Scheduling Problem. Table 2 indicates 

that, the first benchmark data set is almost perfectly 

solved and the second dataset is perfectly solved. 

For our test data is also proved its effectiveness. 
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6 CONCLUSION 

Parallel Machines Scheduling Problem is an 

important production optimization task. Many types 

have evolved over the years, which we have 

presented in the study. In this paper we presented a 

specific solution for the “Unrelated Parallel 

Machines Problem with Job-Sequence Dependent 

Setup Time, Availability Constraints and Time 

Windows” type of problem. In this case machines 

of different capacities are required to complete the 

jobs. The job has processing times and time 

windows. Moving from one task to another requires 

setup times. The objective function is the 

minimization of the setup time with all the 

restrictions. In this article, we introduced a genetic 

algorithm to solve this problem. The efficiency of 

the algorithm was proved with benchmark test 

results. 
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8 NOTATIONS 

Table 6. symbols used in this paper 

Symbol 
Explanation of the 

symbol 

      Number of jobs 

              
  Jobs 

                 
  Processing time of each 

jobs 

          Number of machines 

                  
  Machines 

                  
  Production capacity of 

machines 

                 
  The time windows of the 

jobs, where     
 

    
    

  

                     
  Setup times of the jobs, 

where 0 indicates the 

reset state of the machine. 

     

  Decision variable. 

1 if the     job and     job 

belongs to the    
machine, and after the     
job the machine performs 

the     job.  

0 else 

    Starting time of the     
job  

 

https://sites.google.com/site/shunjitanaka/pmtt

