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Abstract: Inspired by a real industrial case, this study deals with the problem of scheduling jobs on uniform parallel
machines with past-sequence-dependent setup times to minimize the total earliness and tardiness costs. The paper
contributes to the existing literature of uniform parallel machines problems by the novel idea of considering position-
based learning effects along with processing set restrictions. The presented problem is formulated as a Mixed Integer
linear programming (MILP) model. Then, an exact method is introduced to calculate the accurate objective function
in the just-in-time (JIT) environments for a given sequence of jobs. Furthermore, three meta-heuristic approaches, (1)
a genetic algorithm (GA), (2) a simulated annealing algorithm (SA), and (3) a particle swarm optimization algorithm
(PSO) are proposed to solve large size problems in reasonable computational time. Finally, computational results of the
proposed meta-heuristic algorithms are evaluated through extensive experiments and tested using ANOVA followed by
t-tests to identify the most effective meta-heuristic.

Keywords: earliness-tardiness scheduling, uniform parallel machine, heuristic algorithm, setup time, learning effect,
processing set restrictions

1. Introduction

Production scheduling is one of the main sectors of supply chain management and has always been one of the
most important issues for manufacturers, especially in the Just-In-Time (JIT) production system [1]. Considering setup
time usually happens in industrial settings when various types of jobs are processed on machines. There are two types
of setup time: sequence-independent and sequence-dependent. In the first type, the setup time is usually added to the
job processing time while in the second type, the setup time depends not only on the job currently being scheduled
but also on the last scheduled job. Allahverdi et al. provided an extensive review of scheduling problems with setup
times, including the parallel machines cases [2]. Considering sequence-dependent setup times, Ying et al. investigated
unrelated machine scheduling problems. They presented a restricted simulated annealing (RSA) algorithm to minimize
makespan [3]. Rezaeian et al. dealt with unrelated parallel machine scheduling problems with sequence-dependent setup
times under a fully fuzzy environment to minimize total weighted fuzzy earliness and tardiness penalties [4]. Ramezani
et al. studied a no-wait scheduling problem in a flexible flow shop environment with uniform parallel machines
considering anticipatory sequence-dependent setup times to minimize makespan and developed a hybrid meta-heuristic
to tackle the problem [5]. Cota et al. investigated unrelated parallel machine scheduling problems with sequence-
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dependent setup times to minimize makespan and total consumption of electricity [6]. They considered independent and
non-preemptible jobs and employed a novel meta-heuristic algorithm, named multi-objective smart pool search meta-
heuristic to find near-Pareto solutions. Ahmadizar et al. dealt with an unrelated parallel machine scheduling problem
with machine eligibility to minimize the total earliness and tardiness [7]. Setup times are both sequence-dependent and
machine-dependent. Vallada and Ruiz proposed a Mixed Integer Programming (MIP) model formulation and a genetic
algorithm to minimize makespan on unrelated parallel machine scheduling problems with sequence-dependent setup
times [8]. Rezacian et al. studied unrelated parallel machine scheduling problems with sequence-dependent setup time
to minimize the sum of weighted earliness and tardiness costs and developed a mathematical formulation and a Pareto-
based algorithm for the regarded problem [9]. Kim and Lee addressed a uniform parallel dedicated machine scheduling
problem with machine eligibility, job splitting, sequence-dependent setup times, and limited setup servers and proposed
a heuristic algorithm to tackle the problem [10].

During the last two decades, the topic of learning effects which is very popular in scheduling problems has been
occasionally studied together with the topic of setup time. Biskup prepared a comprehensive review of scheduling
problems with learning effects [11]. He categorized the models in the literature into two diverse classes: (1) the position-
based learning problems, and (2) the sum of processing-time-based learning problems. Azzouz et al. employed an
adaptive genetic algorithm to solve a flexible job-shop problem with sequence-dependent setup times and the learning
effects to minimize makespan [12]. Shokoufi et al. addressed uniform parallel machine scheduling problems with
time-dependent learning effect, release date, and allowable preemption to minimize the total weighted of earliness
and tardiness penalties [13]. Azadeh et al. studied stochastic flexible flow shop with sequence-dependent setup times,
job deterioration, and learning effects [14]. They presented an integrated approach based on artificial neural network
(ANN), genetic algorithm (GA), and computer simulation to minimize the total tardiness of jobs in the sequences. Kuo
et al. considered the total absolute deviation of job completion times and the total load on all machines as scheduling
measures [15]. They studied unrelated parallel machine problems with past-sequence-dependent setup time and learning
effects; showed that the proposed problem remains polynomial solvable. Liao et al. dealt with a two-competing group
scheduling problem on serial-batching machines to minimize the makespan with some specific considerations [16].
Setup times and truncated job-dependent learning effects are taken into account, some structural properties and a greedy
algorithm were proposed.

In addition to the above, many manufacturing constraints are caused by situations where machines have different
capabilities and proficiency levels when facing tasks to be processed. These constraints may be due to limited speed, and
lack of specific constituents which only some of the machines are equipped with. Li et al. proposed a hybrid differential
evolution (HDE) algorithm embedded with chaos theory and two local search algorithms to minimize the total tardiness
of a parallel machine scheduling problem with different color families, sequence-dependent setup times, and machine
eligibility restriction [17]. Huo and Leung considered a scheduling problem of parallel machines in which each job
can only be scheduled on a subset of machines [18]. They proposed an improved algorithm to minimize the makespan.
Gokhale and Mathirajan addressed parallel machines with sequence-dependent setup times, unequal release times, and
machine eligibility restrictions to minimize total weighted flow time [19]. Perez-Gonzalez et al. modeled unrelated
parallel machines with machine eligibility and sequence-dependent setup times to minimize the total tardiness [20].
They selected and adapted some existing heuristics and a metaheuristic from related problems, as well as proposed a set
of heuristics with novel repair and improvement phases as solution approaches.

One of the important objective functions in the literature is to minimize the sum of earliness and tardiness (E/T).
JIT scheduling has emerged as a response to the necessity of fulfilling each customer’s order at their most desired time
[21]. In a JIT scheduling environment, the objective is to complete each job as close to its due date as possible [22].
Many research papers on scheduling problems have been published with both earliness and tardiness penalties. Based on
the study of the literature, and to the best of the authors’ knowledge, the uniform parallel machines scheduling problem
which considers scheduling problem which considers, position-based learning effect, and processing set restrictions
have not yet been investigated. Hence, this problem is addressed in this study to minimize the sum of earliness and
tardiness. Following the notation system introduced by Graham et al. [23], the proposed problem is denoted as Q\Mj, Sip
LEXE, + T; that is known to be strongly NP-hard because the simpler case of the E/T problem is an NP-hard problem [24].
To obtain the exact solution of the problem, a mathematical programming model is proposed. Also, three meta-heuristic
algorithms for solving large-sized problems are presented. Furthermore, a heuristic algorithm is proposed to compute
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the objective function of a given sequence.

The rest of the study is organized as follows: In Section 2, the problem under study is defined. The proposed
mathematical model is presented in Section 3. In Section 4, a heuristic algorithm and three meta-heuristic algorithms
are proposed and used to solve the sample problems. The experimental results and evaluations are given in Section 5.
Finally, Section 6 provides conclusions of the study and suggests some directions for future researches.

2. Problem definitions

The automobile brake system industry is a real example of the considered problem. The brake system is the most
important safety measure for cars. Drivers can safely stop or slow down the vehicle by repetitively actuating the system.
Most brake systems make use of the hydraulic principle to convert pedal movement into braking force. Master cylinder
is a critically important component in the conversion of pedal movement into hydraulic pressure. Master cylinder
assembly is composed of four main parts; a cylinder body, a fluid reservoir, a primary piston, and a secondary piston
made of steel or aluminum alloys. In the manufacturing process of master cylinder assembly, a set of n jobs J,, j =
1,..., n are available at time zero. Pistons are processed by a set of similar machines M = {M|, M,, ..., M,} which are
used in parallel. These parallel machines are categorized as either identical or uniform. Here, we considered uniform
parallel machines for generality. This means that the processing time P of any job j on machine £ is equal to pj/vk.
These machines are assumed to be continuously available and breakdown does not occur. Each machine can handle at
most one job at a time, and each job can be processed on at most one machine at a time. Once the piston manufacturing
process begins, the process cannot be stopped and resumed later. So, preemption is not allowed in this process, but idle
time between two jobs is permitted.

Also, there are setup times between two consecutive parts that should be considered. S, denotes past-sequence-
dependent setup time when job j follows job i. Besides, setup times are entirely separate from the processing times.
On the other hand, parallel machines are mostly semi-automatic in this process, so, operator’s skill affects the number
of products. In this research, Biskup’s position-based learning effect is employed [25]. The learning effects are just
considered on the processing times. The learning effects on setup times are neglected because of short setup times. In
addition, each job J; can only be processed on a certain subset M, M of the machines called its processing set.

The ultimate goal is to achieve just-in-time (JIT) production, The tardiness of job j is defined as T, = max(0, C]. -
dj) and the earliness is defined as E = max(0, dj - Cj), where G and d] denote the completion time and the due date of
job j, respectively. The objective function is to minimize the sum of earliness/tardiness costs for all jobs.

3. The proposed mathematical model
3.1 Indices

i,j index for jobs
r index for positions
k  index for machines

3.2 Parameters

n  number of jobs and number of positions

m  number of machines

d;  due date of job J;

p; processing time of job J;

V, speed of machine k

a  learning index

F alarge positive number

S, past-sequence-dependent setup time of job j if job i precedes job j

=
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3.3 Decision variables

C. completion time of job J;

- processing time of job j when it is processed on machine £ in position

P

J
E;  carliness of job J, E; =max(0, d; - C))
T, tardiness of job Jj, I,= max(0, C] - d/.)

<

1 if machine k is eligible to process job j
Jk .
0 otherwise

{1 if job j is scheduled on machine k in position r
jrk

0 otherwise

3.4 The proposed mixed-integer linear programming model

Objective function:

n
MinZ =Y (E;+T;)

j=1
Subject to:
Py QN

Py ——j=L ..,n k=1 ...,mr=1 ...,n

z Y;'rk 2er+1k’j:1’ e, Ny k:L e, M, }"21,

i ji=1
Mjk Zerk,j=1, o k=1 ... omr=1, ....n

C; 2Py + S0 jtr J =1 s ma k=1, coym, r=1

Cj—C[+F(2—Yirk _er+1k)2Pjr+1k +Sij’ izl, . n,j:L

E] Zd]—cj,j=l, e, R

T] ZC]_d],j:L . )
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E;T;,C;20,j=1,..,n (10)

Yo €{0, 1}, i=1, ..,mn k=L m r=1 ..,n (11)

The objective function seeks to minimize the sum of E/T costs over all jobs. Constraint (1) is used to calculate the
actual processing time of a job j if it is scheduled on machine k& in position 7. Constraint (2) ensures that each job can
only take one position on one machine. Constraint (3) guarantees that each position on each machine can be assigned
to at most one job. Constraint (4) ensures that there are no empty positions before a filled position. If a given job j is
processed on a given machine k in position 7 + 1, a predecessor i must be processed on the same machine in position
r. If job j is assigned to machine k in any position, constraint (5) guarantees machine k£ should be able to process job ;.
Constraint (6) ensures that completion time of job j is greater than or equal to the processing time of job j on machine
in the first position.

Constraint (7) establishes the relationship between the completion times of jobs i and j as long as both jobs are
assigned to the same machine. Using the binary variables Y, , and Yo and the large number F, this constraint enforces
that there is sufficient time between the completion of jobs i and j based on the order of job precedence. Also, this
restriction can consider the machine idle time if jobs i and ; are assigned to machine & in positions 7and » + 1, i.e., ¥, = 1,
Vir=1 the completion time of job j(Ci) must be greater than or equal to the completion time of job i plus the setup
time between jobs i and j and the processing time of job j in position » + 1. Constraints (8) and (9) calculate earliness
and tardiness costs for each job, respectively. Finally, constraints (10) and (11) specify the range of decision variables.

4. Heuristic algorithms

Due to the NP-hardness of the proposed problem, developing efficient heuristic algorithms would be a good
approach to achieve near-optimal solutions in a reasonable computational time. Hence, three meta-heuristics are
employed in this paper; namely, genetic algorithm (GA), simulated annealing (SA), and particle swarm optimization
(PSO).

The reason for using these algorithms is because of their special and strong features which made them become
popular algorithms in scheduling problems. GA is a powerful and extensive applicable stochastic search and
optimization technique guided by the principles of evolution and natural genetics. GA is an efficient, adaptive, and
robust search process. Similar to GA, PSO is also a population-based optimizer. Although PSO does not use the
crossover and mutation operators as GA does, it finds the optimum solution through individual improvement plus
population cooperation and competition to form robust exploration and exploitation of the solution space in a short
time. Finally, SA is an intelligent method that uses a repetitive improvement approach, but it probabilistically permits
deteriorating movements to escape from local optimum solutions. This algorithm is fast and very easy to code. In
addition, to find the minimum objective function for a given sequence, a heuristic algorithm named the ‘JIT objective
heuristic algorithm’ is proposed which is used by the three proposed meta-heuristic algorithms as an objective calculator.

4.1 JIT objective heuristic algorithm

An algorithm is introduced here for the calculation of the total weighted earliness and tardiness penalties. The
objective function of the proposed model (sum of earliness and tardiness penalties) is a subclass of the presented
algorithm. The steps of the proposed heuristic algorithm are as follows:

1. At first, process jobs without any idle time based on the given sequence.

2. Calculate the E/T value of each job. Consider the E/T penalty of each job by the following conditions.

2.1 If a processed job has earliness, regard its earliness penalty as a positive number.

2.2 If a processed job has tardiness, regard its tardiness penalty as a negative number.

2.3 If a job is processed at its due date, regard its tardiness penalty as a negative number.

Therefore, until now, the procedures of steps 1, 2, and 3 are shown in the following table:
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Table 1. The primitive calculations and positions of values

Sequence J, Js J J; Jy
Status Vs Vs 2] 73 Vs
Penalty B, B B B By

Where the ‘sequence’ row shows a given sequence of jobs (here, this sequence is hypothetical); the ‘status’ row
indicates the E/T value of jobs, and the ‘penalty’ row demonstrates the E/T penalty of jobs.

In step 1, calculate the completion time of each job for the given sequence without considering any idle time
between jobs using the following equation:

G =2 R Vik (12)
k
In step 2, calculate the E/T value for each job using the following equation:
vi=di=2 Riy V ik (13)
k

Where p;y denotes the normal processing time of the job scheduled in the kzh position in the sequence and d
denotes the due date of job i. For example, ys = ds — (p, + ps), v, =d, — (p, + ps + p,), and y; =d; — (p, + ps + p, + p3).

3. Validation test: In the status row of the remained jobs, select the first job with earliness value and add its penalty
to the penalty of the next jobs. This procedure continues until the summation reaches the first zero value or the first
negative value. If at any stage of the summation operation, the sum of penalties remains positive until the last job, this
set is a valid set, then go to step 3.2; otherwise, it is called ‘invalid set’, then go to step 3.1. Therefore, an invalid set
starts with a first selected job having earliness value and ends with a job that sum of the E/T penalties of jobs until then
reaches the first zero value or the first negative value.

3.1 Exclude the invalid set from algorithm calculation. If any job with earliness value exists after the invalid set,
then go to step 3; otherwise, go to step 4.

3.2 In the condition row of the valid set, select the minimum earliness value and then subtract this value from all
the values of the valid set. Then, update the penalty row for each job by rules of 2.1, 2.2, and 2.3. If another earliness
value still exists in the remained jobs, then go to step 3; otherwise, go to step 4.

4. Calculate the completion time of each job and the total cost using the following equations.

Ci = di _7/1' (14)
Total cost = z:’:l ¥ X B (15)

Where n, C,, and y, refer to the number of jobs, the completion time of each job, and E/T of each job, respectively.
5. End of the algorithm
The proposed heuristic algorithm is depicted in Figure 1.
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Calculate the E/T Validation test Eliminate the

A given sequence

for each job invalid set
Valid
Yes

Select the minimum Whether any earliness
earliness value in the value exists after the

validate set invalid set?

No
Subtract the selected Calculate the
alue from all numberg completion times and
of the validate set the objective function
Yes Whether any earliness No

value exists after the End of the algorithm

invalid set?

Figure 1. The proposed JIT objective heuristic algorithm

For clarification, an instance is investigated. Assume that a given sequence of 6 jobs is selected by a selection

strategy which a meta-heuristic may apply in iterations. The selected sequence of jobs is equal to J5, Jg, J,, J,, J;, Js.
Also, the values of the parameters are shown in Table 2. Furthermore, Figure 2 shows the scheduling of the given
sequence based on the proposed heuristic algorithm.

Table 2. Problem parameters

Job, b; d; %; B;
J, 6 29 2 |
J, 7 1 2 3
A 2 4 4 3
J, 3 23 4 2
J 4 30 1 1
Jq 8 9 3 2

Step 1.
Based on the given sequence, jobs are processed without any idle time.
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0 2 10 17 20 26 30

Figure 2. Jobs scheduled without any idle time

Step 2.
Based on the jobs processed at the previous step, the E/T is calculated for each job and the results are listed in
Table 3.

Table 3. Results of jobs scheduled in step 1

Jobs J; Jg J, Jy J, Js
Condition 2 -1 -6 2 3 0
Penalty 4 -2 -3 4 2 -1

In Table 3, it can be seen that for example, J, has 2 units of earliness with the weight of 4; or for J,, the number
(-6) shows that J, has 6 units of tardiness and (-3) is the weight of its tardiness that is denoted as a negative value as
mentioned in step 2.2. Also, the value of the condition row of J; is equal to zero which means this job is processed on its
due date, and the tardiness weight for it is considered as mentioned in step 2.3.

Step 3.

The first job with earliness is J;. So, the sum of the penalties of J; to J; is calculated. As shown in Table 4, it can be
observed that the sum of the penalties of J;, J;, and J, are equal to 4 — 2 — 3 = —1 which means this set is invalid. Thus,
go to step 3.1.

Step 3.1.

The invalid set is excluded from the algorithm because this set doesn’t assure to improve the objective function.

Thus, as displayed in Table 5, the remaining jobs are J,, J|, andJ;. Also, there is at least one job with earliness. So, go to
step 3 again.

Table 4. The first invalid set

Jobs A Jg J,
Condition 2 -1 -6
Penalty 4 -2 -3

Table 5. Remained jobs

Jobs J, J Js
Condition 2 3 0
Penalty 4 2 -1
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Step 3.
J, is the first job with earliness. So, the sum of the penalties of J, to J; is calculated. The sum of the penalties of J,,
J,, and Js is equal to 4 + 2 — 1 = 5 which means this set is valid (see Table 6). Thus, go to step 3.2.

Table 6. The first valid set

Jobs Jy J; Js
Condition 2 3 0
Penalty 4 2 -1

Step 3.2.

In the valid set as it can be seen in Table 7, the minimum positive value is 2 that belongs to J,. So, this value is
subtracted from all of the condition values of the valid set. With regards to the changes of the condition value for each
job, the earliness or tardiness penalty is returned. The Table 7 is updated as follows:

Table 7. The updated first valid set

Jobs J, J, Js
Condition 0 1 -2
Penalty -2 2 -1

Since at least a positive value still exists, return to step 3.

Step 3.

Here, the first and only positive value is 1 that belongs to J,. So, the validation of the set of J, to J; is examined.
The sum of the penalties of J; and J; is equal to 2 — 1 = 1 which means this set is valid (see Table 8). Thus, go to step 3.2.
Furthermore, the value of the condition row of J, is equal to zero. So, this job is also excluded from the algorithm (see
Table 9). Because this job doesn’t improve the objective value anymore.

Table 8. The second valid set

Jobs J, Js
Condition 1 -2
Penalty 2 -1

Table 9. The excluded job

Jobs Jy
Condition 0
Penalty -2
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Step 3.2
So, this value is subtracted from all of the condition values of the valid set. Thus, the updated valid set is shown in
Table 10.

Table 10. The second updated valid set

Jobs J, Js
Condition 0 -3
Penalty -1 -1

It can be seen, there is no more positive value. So, we go to step 4. In this step, the completion time of each job and
the total cost are calculated. Also, the final values are shown in Table 11. The final table is composed of Tables 4, 9, and
10.

Table 11. The final results

Jobs J; Jg J, Jy J, Js
Condition 2 -1 -6 0 0 -3
Penalty 4 -2 -3 -2 -1 -1

Step 4.
According to formulas (14) and (15), the completion time of each job and total cost are calculated.

Cy=4-2=2,C,=9—-(-1)=10,C,=11 - (=6)= 17, C,=23 - 0=23, C; =29 — 0 =29 and C, = 30 — (-3) = 33
Total coast =2 x 4 + (=1) x (=2) + (=6) X (=3) + 0 x (=2) + 0 x (~1) + (=3) x (=1) = 31

Step 5.

End of the algorithm

In section 5, 24 small size test problems are defined in Table 12 to validate the presented JIT objective heuristic
algorithm in obtaining optimum solutions.

4.2 Genetic algorithm

GAs are intelligent random search strategies with the ability to find near-optimal solutions in complex search
spaces without derivative information. The basic concepts of GA have been described by the investigation carried out by
Holland [26]. The components of the GA applied to solve the proposed problem are described as follows.

4.2.1 Chromosome representation and the initial population

Chromosome representation has a crucial impact on GA’s performance. A good representation scheme is necessary
to describe the specific characteristics of a given problem in detail. Here, each chromosome is a matrix with (m, n)
dimensions which m and » refer to the number of machines and the number of jobs, respectively. So, each chromosome
is divided into n x m positions. An example is presented to illustrate the procedure. Four jobs on 2 machines are
considered. The processing set of J, is {M,}, for J, is {M,} and the processing set of J; and J, are {M|, M,}. Figure
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3 shows several feasible chromosomes. The empty positions are shown by a value of zero. Furthermore, according
to constraints (4) and (5) in the proposed mathematical model, chromosome representation in Figures 4 and 5 is not

correct. The GA is formed by a population of P,
n columns (jobs).

ize

Figure 3. Feasible chromosomes

Figure 4. Infeasible chromosome

Figure 5. Infeasible chromosome

individuals, where each individual consists of m rows (machines) and

In a genetic algorithm, it is also common to randomly generate the initial population. The same way is employed in

this study to generate individual chromosomes.

4.2.2 Fitness function

The objective here is to minimize the sum of E/T. By calculating the completion time, earliness and tardiness of

each job are obtained applying equations (16) and (17), respectively.
Ei = maX(O, dl _Ci)

T; =max(0, ¢; —d;)

Thus, the fitness function of each chromosome can be calculated as follows:
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4.2.3 Selection strategies

In selection strategies, it is important to prevent the algorithm from converging quickly to a local minimum. The
roulette-wheel method uses a probability distribution for selection in which the selection probability of a given string is
proportional to its fitness. Thus, a more fitted string is more likely to be selected, but a bad string still has its chance. In
this paper, the roulette-wheel method is applied to select the parents for crossover and mutation. The probability p; of
selecting a particular individual i in the minimization problem is given by:

pi=—— (19)
N 1
zj:l?j

Where f; is the fitness of individual i and N is the size of the population.

4.2.4 Crossover

The crossover operator is an important component of GA. A crossover operation is employed to generate new
offspring from randomly selected pairs of parents by uniting them. One of the most used crossover operators is the
One Point Order Crossover adapted to the parallel machine case; such that, for each machine, one-point p is randomly
selected from parent 1, and jobs from the Ist position to the pth position are copied to the offspring. In Figure 6, an
example of 8 jobs and two machines is given. Two parents are shown and for each machine, a point p is selected. Point
p, (machine 1) is set to 2 and point p, (machine 2) is set to 3. At first, the offspring is formed with the genes (jobs) of
parent A from position 1 to 2 on machine 1, and from position 1 to 3 on machine 2. Then, the genes of parent B which
do not exist in the offspring, are inserted in the next positions of the offspring on the same machine. If a position with
the value of zero is selected for point p, then another selection must be done until a non-zero position is found.

0 0 0 0 0
Parent A

5 8 0 0 0

P> 3

0 0 0
Parent B

0 0 0 0 0

0 0 0 0
Offspring

0 0 0 0

Figure 6. Crossover operator

4.2.5 Mutation and reproduction

The purpose of the mutation is to ensure that diversity is maintained in the population. It creates a new
chromosome by altering the place of the genes. The mutation operator is applied individually to each chromosome. In
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this paper, the swapping method is used. In this method, two random genes are selected and their positions are swapped.
The procedure is as follows. Searching space for selecting the first gene is the interval [1, n] on each machine that n
refers to the number of jobs scheduled on that machine, and the second gene is selected from [1, n + 1]. These rules
improve the performance of the mutation operator by searching the effective space. Also, the searching spaces of the
first gene and the second gene are shown in Figure 7 and Figure 8, respectively. Therefore, based on the defined rule,
one random gene is selected and is kept as a first gene, then another gene is selected randomly. If two genes are capable
of being exchanged under processing set restrictions, then these two genes are swapped; otherwise, another second
gene is selected randomly. This procedure will continue until the first selected gene can swap with another gene. Figure
9 shows this procedure. In this method, if the second gene is a filled position by a job, then the mutated chromosome
remains feasible. But, if the second gene is in an empty position, then the mutated chromosome is infeasible. So, in the
second case, the procedure is as follows. The first gene is inserted in the second gene’s position. The jobs after the first
gene will be shifted one position to the left at the same machine and the second gene will be inserted after the scheduled
jobs on that machine. This procedure is depicted by two examples in Figure 10.

6 3 5
2 4 7
8 1

Figure 8. Searching space for the second gene

Before mutation

First gene

_ > 5 0 0 0 0 0
7 0 0 0 0 0

_> 0 0 0 0 0 0

Second gene

After mutation

Figure 9. The first case of the mutation operator

Reproduction plays an important role in the successful convergence of the algorithm. It is performed by the
elitism procedure. In this strategy, the best individuals which have minimum fitness are kept and passed on to the next
generation. Here, the number of best individuals kept is a parameter of the algorithm.
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Before mutation
Second gene

SN 5-0 o] oo

2 7 0 0 0 0 5
_— 8 6 0 0 0 0 0 5
First gene
After mutation
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8 1 0 0 0

Figure 10. The second case of the mutation operator

4.3 Simulated annealing (SA) algorithm

Simulated annealing (SA) provides a mechanism to escape from local optima by allowing hill-climbing moves. Its
ease of implementation and convergence properties have made it a popular approach over the past two decades [27].
A standard SA begins with an initial random solution and an appropriate high temperature (7;,). This temperature is
periodically reduced by some temperature functions until the temperature becomes near to zero as the method progress
(7}). The main components of SA for implementation are as follows.

4.3.1 Creating the initial answer and neighborhood search

Based on the given explanation in section 4.2.1, a random answer is created. To generate a neighborhood of the
current solution, one machine is randomly selected, then the scheduled job with the worsening E/T is selected at the
same machine and then swapped with a random place under defined considerations in section 4.2.5. The randomly
generated neighbor solution becomes a new solution if it improves the objective function; else, the neighborhood

~AE
solution becomes a new solution with an appropriate probability based on p=exp T ', where AE is a measure to
which neighbor solution becomes worse than the current solution, and 7 is the temperature parameter of the current
iteration. A random number between 0 and 1 is generated through a uniform distribution. If p > rand (0, 1), then the
answer has deteriorated. Otherwise, another neighborhood will be chosen.
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4.3.2 Initial and final temperature

Temperature as a parameter plays an important role in rejecting or accepting the objective function. It should be
high enough to make an equal chance for all points of the search space and simultaneously, it should not be very too
high to avoid carrying out a lot of unnecessary searches in high temperatures. In this paper, the initial temperature is
determined experimentally and the final temperature is obtained by T, = BT,

4.3.3 Cooling ratio

The fundamental purpose of employing the annealing schedule is to control the behavior of SA. There are
distinctive cooling ratios used in the SA literature. In this paper, the annealing schedule is calculated as follows:

_ (T -Ty)NV+D

4 (20)
N
B=(Ty - A) (1)
T; I (22)
i+1

Where N is the number of iterations to meet the final temperature, 7 is the temperature in the final iteration that is
equal to 7yand 7; is the temperature in iteration i.

4.4 Particle swarm optimization (PSO)

Introduced by Kennedy and Eberhart [28], PSO is a stochastic global optimization technique inspired by the social
behavior of bird flocking. In PSO, every single solution is a particle in the search space and the set of particles forms the
swarm. The position of ith particle in d-dimensional search space is represented by a d-dimensional vector X, = (x;, X5, ...,
x,)(@=1,2,...,m). Also, the ith particle’s velocity is a d-dimensional vector, denoted by V.= (v;;, vy, ..., v, )i =1,2, ...,
m). The best position of the particle i obtained up to iteration ¢ is denoted by P, = (p,,(?), p,(?), ..., p;(t)), and the best
position of the swarm in iteration ¢ is denoted by Py = (0g1(0), Do), .., P 1)), respectively. In any iteration, positions
and velocities are updated by the equations (23) and (24):

Via(t+1) =WViq () + R (Bg (1) = Xjg (1)) + Co Ry (Pyy (1) = X4 (1)) (23)
Xig (t+1) = Xiq () +Vig (t+1) 24)

Where W is the inertia weight that controls the influence of the previous velocity of the particle. C, and C, are
acceleration constants that drive particles towards local and global best positions. R, and R, are two random numbers
within the range of [0, 1]. Eq. (23) is used to calculate the new velocities for particles and Eq. (24) updates each
particle’s position in the search space. This process is repeated until a user-defined stopping criterion is reached. In this
paper, a linear function is used to set the inertia weight. This function is as follows:

W =W ——Wma’; ~Pimin., (25)

max

Where W, . and W, are set to 1 and 0, respectively. In addition, ¢ shows the current iteration number and 7,
shows the maximum iteration number.
Generally, to control the excessive roaming of particles outside the search space, the velocity of each particle
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can be restricted to the interval [

V.V

min’ max.

]. Within the scope of this paper, the V. and the

14

max

are equal to 0 and 1,

respectively. Also, random particles are generated based on the given explanation in section 4.2.1. The overall structure
of the proposed algorithm is shown in Algorithm 1.
Algorithm 1. The process of particle swarm optimization
Initialize a population of particles with random positions and velocities

Begin
repeat
for each particle i do

Update the position and the velocity of particle i

Evaluate the fitness value of particle i

If the current value of particle i is better than the p,,

Then set p,, to the current value

If p,, is better than the global best position

Then set p,, to the current particle value

end for

until a termination criterion is met

5. Experimental results

Table 12. Name of generated test problems

- 5 t=0.2 t=04
R=0.6 R=038 R= R=0.6 R=0.8 R=

6 2 NumO1 Num02 Num03 Num04 Num05 Num06
6 4 Num07 Num08 Num09 Num10 Numl1 Num12

8 2 Numl3 Numl14 Numl5 Numl6 Numl7 Numl8

8 4 Num19 Num20 Num21 Num22 Num23 Num?24
14 4 Num25 Num26 Num27 Num28 Num29 Num30
14 5 Num31 Num32 Num33 Num34 Num35 Num36
16 4 Num37 Num38 Num39 Num40 Num41 Num42
16 5 Num43 Num44 Num45 Num46 Num47 Num48
30 5 Num49 Num50 Num51 Num52 Num53 Num54
30 6 Num55 Num56 Num57 Num58 Num59 Num60
40 5 Numé61 Num62 Num63 Num64 Num65 Num66
40 6 Num67 Num68 Num69 Num?70 Num?71 Num?72

. b .
n = number of jobs, m” = number of machines

The objective of the computational experiments described in this section is to evaluate the performance of the
proposed algorithms. Therefore, a set of test problems is needed for comparing the results of the proposed meta-
heuristic algorithms. To present the efficiency of the proposed approaches, problems with different sizes are considered.
Small, medium and large size problems consist of 6, 8 jobs on 2, 4 machines, 14, 16 jobs on 4, 5 machines, and 30, 40

jobs on 5, 6 machines, respectively. Each job j(i = 1, 2, ..., n) has a randomly set of machines b, = U(1, m) to which
it can be assigned. Speeds of machines are selected from the set {1, 0.6, 0.8}. Processing times are generated from the
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discrete uniform distribution [1, 25] and setup times are uniformly distributed, ranging from 20% to 40% of the mean
of the processing times. Setup time matrices are asymmetric. It is seen that in manufacturing systems and especially in
assembly lines, the learning rate fits the 80% learning curve. In this paper, the same rate is also used as a learning rate.

. . C R R
Due dates of jobs are generated from a uniform distribution [C,,,, (1 —t—E), Crax 1 —t+5)] as suggested by Potts and

Wassenhove [29], where C

P+ns . . .
max — P= z;;l p;, n and m refer to the number of jobs and machines, respectively. s

Smin T Smax
) S

is the average setup time and S, . are equal to the lower and upper bound of the setup times interval,

respectively. This method is controlled by two parameters, ¢ and R. ¢ is the priority factor that takes the values {0.2,
0.4}, and R is the due date range factor that takes the values {0.6, 0.8, 1}. So, there are six instances considered for
each problem size. Each problem runs 10 times. Thus, for each meta-heuristic, there are 720 runs in total. The name of
generated test problems with variable parameters is given in Table 12. The mathematical formulation (MILP) is solved
using the global solver of LINGO 9.0. The proposed meta-heuristic algorithms are coded and run using MATLAB 7.11.
All experimental tests are carried out on a computer Intel (R) core i5 (2.67 GHz CPU) with 512 MB RAM.

Table 13. The computational results of the proposed algorithms for small-sized problems

LINGO GA SA PSO
Num
OPT B M W B M w B M w
01 19.08 19.08 19.08 19.08 19.08 19.08 19.08 19.08 19.08 19.08
02 10.44 10.44 10.44 10.44 10.44 10.44 10.44 10.44 10.44 10.44
03 16.72 16.72 16.72 16.72 16.72 16.72 16.72 16.72 16.72 16.72
04 3333 3333 33.33 33.33 33.33 3333 3333 33.33 33.33 33.33
05 30.84 30.84 30.84 30.84 30.84 30.84 30.84 30.84 30.84 30.84
06 16.63 16.63 16.63 16.63 16.63 16.63 16.63 16.63 16.63 16.63
07 6.36 6.36 7.56 9.36 6.36 8.62 12.03 6.36 6.96 9.36
08 9.76 9.76 11.82 12.91 9.76 13.06 13.96 9.76 11.50 13.96
09 22.76 22.76 23.09 26.11 22.76 2332 26.11 22.76 23.32 26.11
10 0.00 0.00 0.37 0.83 0.00 0.28 0.56 0.00 0.34 0.56
11 4.56 4.56 7.38 16.31 4.56 6.16 16.55 4.56 5.88 16.55
12 15.96 15.96 18.01 22.72 15.96 15.96 15.96 15.96 16.66 19.48
13 46.16 46.16 47.50 49.75 46.16 49.85 56.17 46.16 47.11 49.75
14 54.91 54.91 54.91 5491 5491 55.56 57.48 54.91 54.91 5491
15 34.16 34.16 39.01 51.20 34.16 39.32 46.13 34.16 38.39 46.13
16 32.92 32.92 35.19 38.96 32.92 37.45 40.23 32.92 34.76 38.96
17 23.28 23.28 26.30 26.73 23.28 23.71 26.73 23.28 25.87 26.73
18 74.62 74.62 74.62 74.62 74.62 82.51 94.62 74.62 74.62 74.62
19 8.40 8.40 11.60 19.55 8.40 12.93 21.12 8.40 11.40 19.55
20 10.52 10.52 12.51 2243 10.52 13.82 23.92 10.52 12.64 22.05
21 0.99 0.99 1.95 4.72 0.99 2.45 12.48 0.99 1.83 7.70
22 13.24 13.24 14.79 18.20 13.24 14.23 16.70 13.24 14.01 16.25
23 8.99 8.99 11.16 19.18 8.99 10.21 17.07 8.99 10.01 17.49
24 10.44 10.44 11.36 16.94 10.44 11.61 18.31 10.44 11.23 15.36
mean 21.04 21.04 22.34 25.52 21.04 22.84 26.80 21.04 22.02 25.10
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The results of the small, medium and large size problems solved by the proposed methods are presented in Tables
13, 14, and 15, respectively. For each test case, the best, mean, and worst solutions of the proposed meta-heuristics are
given, where B denotes the best solution, M represents the mean solutions and W indicates the worst solutions.

Table 14.The computational results of the proposed algorithms for medium-sized problems

LINGO GA SA PSO
Num
OPT B M W B M W B M W
25 - 25.04 30.17 43.22 25.04 29.66 34.53 25.04 27.26 31.35
26 - 25.24 30.16 46.46 26.16 29.24 40.48 25.24 28.92 44.07
27 - 12.33 14.22 21.90 16.06 18.45 26.64 12.33 13.85 20.75
28 - 31.60 35.59 41.08 35.23 38.33 40.79 31.6 34.26 39.58
29 - 18.12 20.18 21.40 15.01 16.77 25.71 13.52 14.88 21.40
30 - 25.48 30.22 48.92 24.73 28.01 40.29 25.48 27.52 39.24
31 - 46.02 50.62 60.98 45.97 50.11 56.42 44.16 47.69 55.79
32 - 33.47 36.14 38.56 27.79 31.40 3833 22.63 24.44 34.26
33 - 10.32 11.62 15.66 11.99 13.64 17.32 12.38 12.93 14.13
34 - 34.23 45.60 57.49 29.89 34.07 51.39 31.05 35.71 48.86
35 - 18.54 20.02 25.97 18.26 21.36 31.88 17.25 18.63 23.92
36 - 32.02 34.58 37.76 32.02 37.78 42.61 32.02 34.90 38.55
37 - 64.90 70.74 74.01 69.20 78.19 82.21 51.19 54.77 62.21
38 - 35.47 39.01 42.22 38.27 43.63 50.89 35.00 37.80 42.22
39 - 24.40 26.59 33.24 24.70 27.66 38.42 21.76 23.72 31.25
40 - 44.12 46.32 48.25 42.00 46.62 51.33 38.94 42.44 47.36
41 - 42.81 46.23 58.31 40.07 44.18 50.07 41.26 45.79 55.74
42 - 48.70 52.10 59.62 50.94 56.04 63.25 51.28 55.89 60.03
43 - 63.57 69.29 75.53 66.49 74.47 80.79 63.57 67.38 72.19
44 - 53.78 55.39 56.53 56.55 61.90 64.09 53.78 55.93 57.10
45 - 30.59 34.57 40.48 30.59 36.71 50.23 30.59 33.65 38.06
46 - 53.75 57.51 73.47 47.29 53.43 66.94 47.29 52.42 63.61
47 - 45.43 49.06 68.72 45.74 50.77 65.29 45.43 49.97 63.29
48 - 20.00 22.06 31.49 20.00 24.01 36.41 20.00 22.20 28.44
mean - 35.00 38.67 46.72 35.00 39.43 47.76 33.03 35.96 43.06
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Table 15. The computational results of the proposed algorithms for large-sized problems

LINGO GA SA PSO
Num
OPT B M w B M w B M w
49 - 112.41 117.86 136.62 112.41 120.26 140.87 105.17 111.48 136.62
50 - 45.13 48.67 60.58 45.32 50.21 64.23 41.13 44.01 58.18
51 - 24.49 27.33 30.24 21.76 23.09 27.73 22.45 24.16 28.23
52 - 86.96 93.92 110.11 100.34 106.82 115.12 83.31 89.14 100.27
53 - 88.79 94.12 104.43 90.33 97.56 110.35 88.33 94.51 107.28
54 - 29.18 31.77 35.90 25.20 26.73 30.62 27.29 28.71 31.37
55 - 124.33 134.28 150.22 124.63 133.35 145.16 124.06 130.26 143.82
56 - 43.59 48.61 57.24 40.90 45.96 51.53 33.62 36.65 44.49
57 - 26.94 29.09 33.58 28.44 32.44 38.55 28.13 29.85 33.58
58 - 171.11 174.95 180.68 161.92 170.49 186.96 150.52 158.07 173.74
59 - 52.25 57.03 68.21 51.35 56.16 68.21 45.15 48.76 60.15
60 - 19.18 22.01 26.67 21.51 23.44 26.20 17.77 19.19 22.40
61 - 260.69 271.12 283.25 282.60 291.09 301.44 239.60 246.79 256.82
62 - 107.85 114.48 125.87 115.62 122.20 140.27 102.21 108.39 125.87
63 - 76.20 82.434 90.63 69.58 73.24 86.24 73.66 77.11 88.26
64 - 217.41 243.50 253.22 209.67 226.44 24491 191.41 202.89 236.92
65 - 53.55 56.44 64.63 51.68 54.93 60.62 53.86 56.61 65.02
66 - 84.36 92.80 98.54 81.63 87.34 94.22 79.62 85.43 100.87
67 - 198.02 211.36 230.24 193.62 203.24 218.10 200.12 207.37 225.18
68 - 87.57 98.08 115.37 87.57 95.45 120.47 80.81 86.47 115.37
69 - 51.86 55.49 68.23 53.18 57.08 72.26 53.44 56.87 68.23
70 - 163.66 180.03 198.95 139.64 155.00 175.44 130.47 136.83 151.88
71 - 78.13 86.72 87.91 63.32 68.39 75.14 63.83 68.04 75.14
72 - 26.04 28.38 33.42 27.57 32.19 36.73 25.01 25.98 27.11
mean - 92.90 100.02 110.19 91.65 98.04 109.64 85.87 90.56 103.2

5.1 Parameter setting

In this paper, the Taguchi method is utilized to determine the values of the parameters of GA, PSO, and SA. After
several pretests, each of these parameters is set at three levels. Test problems are made of a variable number of jobs
and machines. Each experiment is implemented five times. After completing the tests, Taguchi analysis is applied for
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different values of parameters. The best values of the parameters of GA, PSO, and SA are listed in Table 16.

Table 16. Parameter settings of GA, PSO, and SA

GA PSO SA
The iteration number is 85 The iteration number is 80 The maximum iteration number is 100
The population size is 80 The particle number is 50 The final temperature coefficient of determination (B) is 0.01

The cognition learning factor:

The crossover rate is 0.6 _ _
¢ =2,¢,=2

The iteration number in each temperature is 10

The mutation rate is 0.15 - The number of neighbors to determine the initial temperature is 90

5.2 Performance evaluation

According to Tables 13, 14, and 15, medium and large size problems cannot be solved using LINGO in a
reasonable computational time. In order to find optimum or near-optimal solutions for medium and large-size problems
in a reasonable time, heuristic algorithms are employed and two metrics are applied to evaluate the performance of the
proposed algorithms. Since small size problems can be solved optimally by LINGO, the percentage relative error (PRE)
is employed to assess the performance of the algorithms for small size problems. PRE is as follows:

PRE — Heuristic solution — Optimal solution

x100 (206)
Optimal solution

For medium and large size problems, the relative percentage deviation (RPD) is employed to compare the
efficiency of three proposed meta-heuristics. The RPD is computed as follows:

_ Heuristic solution — Best heuristic solution 5

RPD 100 27)

Best heuristic solution

The average errors of these meta-heuristic methods and their computational times for the small, medium, and large
size problems are given in Tables 17, 18, and 19, respectively. In addition, the average computational time, the average
PRE,,,,, and RPD,,, for each job group are summarized in Table 20. Furthermore, after computing RPD, in order to
make better comparisons between the proposed meta-heuristics, the analysis of variance (ANOVA) is conducted and
relative percentage deviation means plot with least significant difference (LSD) intervals at a 95% confidence level are
tested. Results are shown in Figurell. The LSD test consists of two phases. In the first phase, it uses the F statistic for
testing overall equality (H: u; = u;, for all i # ). If the null hypothesis (#) is not rejected (p — value > 0.05), then all
means are expressed to be equal and the LSD test is finished. If the null hypothesis () is rejected (p — value < 0.05),
then the experimenter proceeds to phase 2, where all pairs of means (#; and /zj) are separately tested for equality using
a-level t-tests. If any of these #-tests rejects the null hypothesis, then the two corresponding means are expressed to be
unequal.

Table 13 shows that the three proposed meta-heuristics are efficient and able to reach optimum solutions in small-
sized instances. Hence, results prove that the proposed JIT objective heuristic algorithm which is applied as an objective
calculator in GA, SA, and PSO is valid because in the first 24 test problems (small size problems), all the three proposed
meta-heuristics obtain the same optimum solutions calculated by LINGO. According to Table17, the average PRE, , of
PSO is 12.24% that is less than the other two algorithms. Also, the computational times of the proposed meta-heuristic
algorithms are so short that they can be neglected. Furthermore, according to the summarized results in Table 20, the
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comparison of the average RPD,,, of job groups between GA, SA, and PSO is illustrated in Figure 12.

Table 17. Average PRE errors and computational times of the proposed meta-heuristics for the small cases

GA SA PSO
Num
PRE, CPU,, PRE, CPU,, PRE, CPU,,

01 0.00 0.28 0.00 0.14 0.00 0.27
02 0.00 0.27 0.00 0.14 0.00 0.25
03 0.00 0.26 0.00 0.14 0.00 0.25
04 0.00 0.65 0.00 0.59 0.00 0.24
05 0.00 0.33 0.00 0.14 0.00 0.29
06 0.00 0.30 0.00 0.14 0.00 0.28
07 18.87 1.30 35.53 0.55 9.43 1.00
08 21.11 0.75 33.81 0.31 17.83 0.55
09 1.45 0.30 246 0.19 246 0.27
10 37.00 0.32 28.00 0.16 34.00 0.27
11 61.84 1.30 35.09 0.68 28.95 0.74
12 12.84 0.30 0.00 0.16 4.39 0.26
13 2.90 1.30 7.99 0.58 2.03 1.00
14 0.00 1.10 118 0.24 0.00 0.68
15 14.20 043 15.10 0.31 12.38 0.41
16 6.90 0.58 13.76 0.52 5.59 0.44
17 12.97 1.37 1.84 0.26 11.12 1.35
18 0.00 1.67 10.57 1.23 0.00 1.43
19 38.09 1.56 53.92 1.34 35.71 1.40
20 18.92 1.28 31.37 1.08 20.15 1.17
21 96.97 1.55 147.47 1.00 84.85 1.20
22 11.70 1.31 748 1.08 5.81 L12
23 24.14 1.63 13.57 0.63 11.35 1.72
24 8.81 1.70 11.21 0.90 7.57 1.52

mean 16.20 0.91 18.77 0.52 12.24 0.75

*Computational time (second).
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Table 18. Average RPD errors and computational times of the proposed meta-heuristics for the medium cases

GA SA PSO
Num
RPD,,, CPU,, RPD, CPU,, RPD, CPU,,

25 2049 9.97 18.45 5.01 8.87 9.32
26 19.49 8.80 15.85 5.11 14.58 8.55
27 15.33 8.84 49.64 5.28 12.33 8.31
28 12.63 8.51 21.30 4.92 8.42 8.01
29 49.26 8.50 24.04 4.98 10.06 7.83
30 22.20 8.57 13.26 5.75 11.28 7.84
31 14.63 8.59 13.47 5.47 7.99 7.16
32 59.67 8.43 38.75 4.99 8.00 7.88
33 12.60 7.74 32.17 5.32 25.29 7.05
34 52.56 7.07 13.98 5.21 19.47 6.26
35 16.07 6.84 23.83 5.01 8.00 6.29
36 7.99 7.45 17.99 4.81 8.99 6.42
37 38.19 11.53 52.74 5.20 6.99 10.26
38 11.48 12.01 24.66 5.10 8.00 11.10
39 22.20 12.00 27.11 5.22 9.01 8.00
40 18.95 13.25 19.72 591 8.9 10.01
41 15.37 12.50 10.26 5.44 14.27 9.66
42 6.98 12.19 15.07 5.32 14.76 10.75
43 8.99 9.86 17.15 5.71 5.99 8.68
44 2.99 11.00 15.10 5.98 3.99 9.11
45 13.01 10.55 20.01 5.94 10.00 9.38
46 21.61 10.30 12.98 5.81 10.84 9.57
47 7.75 9.55 11.51 5.89 9.75 9.02
48 10.30 10.76 20.05 5.60 11.00 8.66

mean 20.03 9.78 22.05 5.37 10.70 8.55

*Computational time (second).
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Table 19. Average RPD errors and computational times of the proposed meta-heuristics for the large cases

GA SA PSO
Num
RPD, CPU,, RPD, CPU,, RPD,,, CPU,,

49 12.07 23.97 14.35 9.24 5.99 19.74
50 17.84 24.05 21.57 9.08 6.56 15.96
51 25.60 21.12 6.11 9.47 11.03 17.45
52 12.73 20.61 28.22 9.81 6.99 15.71
53 6.56 20.65 10.45 9.11 6.99 1531
54 26.07 20.43 6.07 10.08 13.93 15.46
55 8.24 23.90 7.49 9.72 4.99 15.88
56 44.59 23.36 36.70 9.46 9.01 15.91
57 7.98 22.14 20.45 8.98 10.80 16.05
58 16.23 23.76 13.27 9.13 5.02 15.98
59 2631 22.38 2438 10.01 7.99 15.74
60 23.86 22.66 31.91 9.67 7.99 15.75
61 13.16 23.46 21.49 10.11 3.00 17.92
62 12.00 24.32 19.56 10.55 6.04 19.45
63 18.47 23.27 5.26 10.42 10.82 19.59
64 27.21 23.61 18.30 10.34 5.99 19.55
65 9.21 23.40 6.29 10.86 9.53 19.48
66 16.56 23.62 9.70 10.91 7.30 19.00
67 9.16 25.49 4.97 11.72 7.10 18.22
68 21.37 26.51 18.12 11.08 7.00 18.70
69 6.99 25.31 10.07 10.61 9.66 18.69
70 37.98 25.26 18.80 12.01 4.87 18.82
71 36.96 25.34 8.01 11.23 745 19.92
72 13.47 24.86 28.71 11.08 3.88 17.88

mean 18.78 23.48 16.26 10.20 7.50 17.59

*Computational time (second).
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Table 20. Average RPD v and PREan errors and computational times for each job group

Job GA SA PSO
group AvgPRE, . AvgRPD,, AvgCPU,, AvgPRE,, ~AvgRPD,, AvgCPU; AvgPRE,, AvgRPD . AvgCPU;
6 12.76 * 0.53 11.24 * 0.28 8.08 * 0.39
8 19.63 * 1.29 26.29 * 0.76 16.38 * 1.12
14 * 25.24 8.28 * 23.56 5.16 * 11.94 7.58
16 * 14.82 11.15 * 20.53 5.59 * 9.47 9.37
30 * 19.01 22.42 * 18.42 9.48 * 8.11 16.25
40 * 18.55 24.54 * 14.11 10.91 * 6.89 18.91

*Computational time (second).
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Figure 11. Relative percentage deviation means plot

It can be observed from Figure 12 that by increasing the number of jobs, the quality of PSO and SA solutions
enhance while GA does not follow such a constant improvement. Also, it is clear that in each job group, the obtained
solution by PSO is completely better than the SA and GA. PSO starts with nearly 12% average RPD,, and becomes
less and less until it ends at nearly 7%. In addition, from the obtained results presented in Figure 11, it can be seen that
PSO significantly outperforms GA and SA in terms of total E/T. Also, it can be stated that the SA and GA algorithms are
not statistically different which means the #-test does not reject the null hypothesis of the equality of SA and GA. So,
the results indicate that the performance of the proposed PSO is consistently better than the suggested GA and SA in all
conducted experimental tests. Thus, PSO is recommended for solving the proposed problem.
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Figure 12. The comparison of the average RPDavg for job groups

6. Conclusions and future work

This paper discussed the problem of scheduling uniform parallel machines with past-sequence-dependent setup
time, position-based learning effect, and processing set restrictions to minimize the total earliness/tardiness costs. The
idea of the considered problem has arisen from several industries such as the automotive brake systems industry. A new
mixed-integer linear programming has been presented to model this problem. Since the problem is strongly NP-hard, the
proposed mathematical model just finds optimal solutions for the small-sized problems in a reasonable computational
time. Therefore, to find the near-optimal solution for large-sized problems within reasonable times, three meta-heuristic
algorithms, genetic algorithm, simulated annealing, and particle swarm optimization algorithm are presented. Also,
a heuristic algorithm is proposed for calculating the best JIT objective function based on a given sequence of jobs.
The three proposed meta-heuristic algorithms benefit from this exact method. All the proposed algorithms can find
optimal solutions for small-sized instances in a very short time. Furthermore, through quite extensive computational
experiments, it has been found that the proposed PSO outperforms the other two algorithms, and thus it is recommended
as the best solution approach. Developing the model with other objective functions, considering the sum of processing-
time-based learning effect instead of position-based learning effect and release date instead of processing set restrictions
can be investigated for future research.
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