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A Hybrid Firefly Algorithm with Fuzzy
Movement for Solving the Flexible Job

Shop Scheduling Problem

Ajchara Phu-ang!

ABSTRACT: This paper proposes a hybrid algorithm that applies the firefly
algorithm with the new concepts labeled as the self-adaptive roulette wheel selec-
tion and the fuzzy movement method for solving the flexible job shop scheduling
problem. The steps of the proposed algorithm are similar to the original firefly
algorithm, which is based on the concepts of flashing behavior to attract other
fireflies. In order to improve the efficiency of the firefly algorithm for the flexible
job shop scheduling problem, the proposed algorithm introduces two new ideas. In
the first idea, the incorporation of a self-adaptive roulette wheel selection method
is embedded with a genetic algorithm to increase the diversity in the machine se-
lection process. In the second idea, a fuzzy movement method is introduced to
help enhance the work balancing ability between the high workload machines and
the low workload machines. In this study, the benchmark data sets used to test
the performance of the proposed algorithm were obtained from the flexible job
shop scheduling problem library. The performance of all algorithms is measured
in terms of the average percentage deviation from the lower bound. When con-
sidering the average over the number of experiments carried out for each data set,
the proposed algorithm outperformed the comparison algorithms for the Hurink
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1. INTRODUCTION

Finding the optimal scheduling solution is an im-
portant key to success in the manufacturing indus-
try. Nowadays, every business has a lot of com-
petitors. Each business uses various strategies in
order to reach new customers and keep their exist-
ing customers. The aforementioned factors depend
mainly on customer satisfaction. Any business needs
to quickly respond to customers. Hence, the manufac-
turer manages the schedule to able to deliver products
and services to the customer immediately. The flexi-
ble job shop scheduling problem (FJSP) is one of the
complex scheduling problems in the combinatorial op-
timization field which appears while a manufacturer
is unable to find the balance between their machines
and manufacturing activities. Some machines work
very hard, but at the same time, some machines are
not fully used. When job scheduling is inefficient,
the delivery time to the customer is also delayed.

Therefore, to achieve a balance between activity and
machines, many industries apply optimization algo-
rithms in their scheduling process. In recent years,
many researchers have attempted to solve the FJSP
by employing a swarm intelligence algorithm which
is one class of the biologically inspired metaheuristic
algorithms. Some intelligence techniques for solving
the scheduling problem are reviewed in the following
paragraphs.

Tung-Kuan Liu et al. [1] refined the genetic algo-
rithm (GA) for solving a distributed FJSP (DFJSPs).
The DFJSPs correspond to situations where produc-
tion activities are carried out in manufacturing units
located within a single building. In the proposed al-
gorithm, they improved two steps of the original ge-
netic algorithm by utilizing a simple encoding method
and an evolutionary combination method. In the re-
fined GA, the initial population generated integrates
probability concepts into a real-parameter encoding
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method which can substantially reduce the length
of chromosomes, thereby saving computation space.
Moreover, two types of crossover and two types of
mutation are used to enhance the effectiveness of the
GA for solving DFJSPs. In the empirical results, two-
stage validation is conducted by adopting an algo-
rithm with a classical DFJSP and a real-world prob-
lem. The results indicate that their proposed algo-
rithm could effectively overcome the conflicts caused
by GA encoding algorithms.

Tianhua Jiang and Chao Zhang [2] employed a
swarm intelligence algorithm, the grey wolf optimiza-
tion (GWO), for solving job shop and FJSP. The grey
wolf optimization is a novel swarm-based intelligence
algorithm based the social behavior of natural grey
wolves. In their paper, a two-point crossover oper-
ation is designed to exchange elements of parent in-
dividuals which maintain the algorithm working di-
rectly in a discrete domain. An adaptive mutation
method is used to increase the population diversity.
Moreover, they employed a variable neighborhood
search to enhance the exploration efficacy. In this
process, the optimal solution is identified by changing
the neighborhood structures. To evaluate the effec-
tiveness, the discrete GWO algorithm was compared
with other published algorithms for two scheduling
cases. The experimental results demonstrated that
the discrete GWO algorithm has some potential and
outperformed some existing published algorithms.

Yuan Yuan and Hua Xu [3] proposed new memetic
algorithms for multi-objective FJSP, including the
nondominated sorting genetic algorithm IT (NSGA-
II) adapted in the encoding and decoding process.
Then, they applied a selection mechanism to screen
the offspring population and transferred it to a novel
local search. A novel local search algorithm was em-
bedded into the adapted NSGA-II. Moreover, a hier-
archical strategy was incorporated into a novel local
search to give varying degrees of consideration to each
objective. The novel local search was divided into 2
steps period Neighbor Generation in Local Search is
the first step, and Acceptance Rules in Local Search is
the second step. Then, the critical operations consid-
ered moves. In the experimental studies, they classi-
fied the experiment into three types as follows. First,
the influence of two alternative acceptance rules was
examined. Then, the effectiveness of key components
was verified, including genetic search, local search,
and the hierarchical. Finally, extensive comparisons
were carried out with the state-of-the-art methods
on well-known benchmark instances. The results in-
dicated that the proposed MAs outperformed all the
other state-of-the-art algorithms.

Hao-Chin Chang et al. [4] used a genetic algo-
rithm for solving the FJSP. In this algorithm, they
embedded the Taguchi Optimization Method in the
evolution phase to facilitate obtaining high-quality
solutions, reducing computational time and increas-

ing convergence speed. In addition, for the mutation
methods, random selection and neighborhood search
were employed to enhance the search space of the so-
lution. The examination of this paper was divided
into two experiments. The first experiment was con-
ducted to state the difference between the conver-
gence speeds obtained using the standard GA and
their algorithm. The second experiment was per-
formed to measure the proposed algorithm with the
Brandimarte benchmark data set. Moreover, various
algorithms were compared. The results show that
embedding the Taguchi method in the proposed algo-
rithm can increase the opportunity to discover near-
optimal or optimal solutions. Therefore, their algo-
rithm successfully solved the FJSP and produced a
feasible solution.

Thitipong Jamrus et al. [5] developed a hybrid
approach which combined a particle swarm optimiza-
tion algorithm with a Cauchy distribution and ge-
netic operators. They solved a FJSP under uncer-
tain processing time for semiconductor manufactur-
ing, which has a complicated of combinatorial com-
plexity. This paper used the particle swarm as a core.
In the initial step, the population was created by a
randomized population-based optimization method.
Then the position of the solution was updated ac-
cording to the Cauchy distribution for effective par-
ticle movement. Thereafter, the particles were ex-
changed by a genetic, crossover, and mutation op-
erators. In the experiment, the performance of the
proposed algorithm was evaluated by using six prob-
lems. They compared the proposed algorithm with
the conventional approaches. The results showed that
some waiting time is eliminated, short make-span was
achieved, and resources were used efficiently.

Yi Lu et al. [6] solved an energy-conscious flexible
job shop scheduling by using a new population-based
intelligence algorithm named the discrete water wave
optimization (DWWO) algorithm. At the beginning,
the population was randomly created according to
the encoding method. In their paper, a perturbation
procedure was presented based on three mutation op-
erations: Machine Assignment, Speed-level Selection,
and Operation Permutation. The perturbation proce-
dure was randomly performed to obtain a new wave.
Because a random perturbation may result in a poor
solution, the seeking memory pool (SMP) mechanism
was adopted as neighbor search method for each cur-
rent wave. When a new wave X was not improved
after several propagation operations, a crossover op-
eration was conducted to a new wave X. In the per-
formance tests, they evaluated the performance of the
proposed algorithm with the three comparison algo-
rithms. The results showed that their algorithm has
advantages in solving the energy conscious FJSP.

Lu Sun et al [7] proposed an effective hybrid co-

operative co-evolution algorithm (hCEA) for solving
fuzzy flexible job shop scheduling. The framework of
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this algorithm is based on the structure of the coop-
erative co-evolution algorithm. They hybrid the par-
ticle swarm optimization with the genetic algorithm
into the cooperative co-evolution algorithm. For so-
lution representation, they applied the random key-
based representation and the multi-stage represen-
tation to ensure that the operation sequence string
and the machine assignment string are feasible. For
the genetic operators, precedence operation crossover
(POX) and job-based order crossover (JOX) were ap-
plied to the operation sequence string to pass a good
feature to the offspring. Moreover, swapping muta-
tion and one-bit mutation were utilized for the op-
eration sequence string and the machine assignment
string respectively. Thereafter, they adopted both
ranking selection and tournament selection to select
survival of the fittest solution. For the PSO oper-
ator, the set-based random grouping strategy was
used to enhance the performance of the CEA. The
update component and a critical path based local
search strategy help this algorithm find better solu-
tions. This paper proposed the self-adaptive parame-
ter mechanism for adjusting the parameters automat-
ically instead of using fixed parameters. The results
showed that the hCEA outperformed the comparison
algorithms.

Rylan H. Caldeira and A. Gnanavelbabu [8] solved
the FJSP by using an improved Jaya algorithm (JA).
They intended to improve the algorithm to prevent
getting trapped in the local optimum and needing
specific tuning parameters to obtain an optimal so-
lution. They utilized the JA with a Neighborhood-
based local search technique to perform deep explo-
ration and exploitation of the search space. In the
initial step, the multiple initialization rules were ap-
plied to create an effective initial solution. Then, they
employed the JA to move towards a better solution
and away from a worse solution. Finally, they used
the critical path concept for reducing the neighbor-
hood size and improving the rate of convergence. The
performance of the improved Jaya algorithm demon-
strated that the IJA was effective for solving the
FJSP.

Zhenwei Zhu and Xionghui Zhou [9] proposed the
grey wolf optimizer for solving the multi-objective
FJSP. The grey wolf optimizer algorithm is inspired
from the social hierarchy and the hunting mechanism
of grey wolves in nature. This algorithm started by
presenting two different encoding schemes named dis-
crete encoding and continuous encoding. Next, they
generated the population by using a random method
and divided the population into different sets. The
binary tournament selection method was used to se-
lect the leading wolf. An operator of searching for
prey, called the crossover operator, was applied to the
job sequencing part, operation sequencing part, and
machine assignment part. Moreover, they employed
the swap mutation operator to exchange a pair of the

different elements at various positions. The mutation
contributed to prevent the premature convergence to
the local optimum area. The elitist preservation was
presented to select the population for the next itera-
tion. The experiments demonstrated that this algo-
rithm overwhelms other competing algorithms on the
majority of test instances.

Alejandro Vital-Soto et al. [10] presented the
Mathematical modeling and the hybridized bacterial
foraging optimization algorithm (HBFOA) for solv-
ing the FJSP with sequencing flexibility. The steps
of the bacterial foraging optimization algorithm are
based on the food foraging behavior of E. coli bac-
teria. They enhanced local search capability by em-
bedding the simulated annealing (SA) algorithm. At
the first step, a new dispatching rule called the mini-
mum number of operations is presented to create the
initial swarm population. Then, the modified swarm-
ing process designed to explore new other population
by guiding the bacterium to a most promising area
was applied. Then, they used the reproduction tech-
nique to sort the bacteria based on their objective
value. The comparative results show that the HB-
FOA outperformed all classical instances presented
in this paper.

Jie Gao et al [11] developed a hybrid genetic algo-
rithm (hGA) for the multi objective FJSP. In their
algorithm, a variable neighborhood descent (VND)
works under the framework of the GA. The VND
consists of two local search procedures, local search of
moving one operation and local search of moving two
operations. The VND is present to up speed the con-
vergence rate of the simple GA. In addition, the VND
is employed to identify and break the existent critical
paths one by one in order to get a new schedule with a
smaller makespan. Moreover, in the crossover stage,
they applied an order crossover method to generate
the offspring solution. The results showed that, their
study found 38 new better solutions.

Yuan Yuan and Hua Xu [12] presented the discrete
differential evolution (HDE) algorithms for solving
the FJSP. In this algorithm, they enhanced the local
searching ability by incorporating a critical path lo-
cal search algorithm in the DE framework to balance
the exploration and exploitation. In their study, two
neighborhood structures are presented, HDE-N1 and
HDE-N2. The experimental results demonstrated
that HDE- N2 obtained higher quality solutions than
HDE- N1. A performance comparison demonstrated
that their algorithm outperformed several recently
proposed algorithms.

A.E. Eiben et al. [13] presents a new approach
to selection in Genetic Algorithms (GAs) called the
Self-adaptation of tournament size. This is used as
a mechanism for regulating EA parameters. These
parameters are updated during the search. The de-
tails of the result shown that their work can increase
performance in terms of speed.
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This paper aims to develop a hybrid meta-heuristic
algorithm based on the concept of the discrete firefly
algorithm for solving the complex scheduling problem
named FJSP. Within our framework, a genetic algo-
rithm (GA) is as the initial process to keep a good
quality of the initial population. The new ideas are
called the self-adaptive roulette wheel and the fuzzy
movement mechanism. They are used to enhance ma-
chine selection diversity and to create activity bal-
ance, respectively.

The remainder of this paper is organized as follows.
Section 2 presents the background theories. Section
3 presents the steps of the proposed algorithm. The
experimental results are given in Section 4. Finally,
Section 5 is the conclusion.

2. RELATED WORK

The framework of the proposed algorithm involves
several theories. Details of each theory are explained
next.

2.1 The flexible job shop scheduling problem

The flexible job shop scheduling problem (FJSP)
involves a problem where it is hard to find a polyno-
mial algorithm to solve it in polynomial time. The
problem is well known as being non-deterministic
polynomial-time hard (NP-Hard). Details of the
FJSP are described next.

The FJSP is one of the problems in the combinato-
rial optimization field. The objective of this problem
is to arrange a sequence of operations according to a
precedence constraint, including assigning each oper-
ation to a limited number of machines. In the FJSP,
there is a set of R jobs: {J1, Ja,..., Jr}. Each job
may have a different number of operations N (N €
R): {Og, Oyi,...,Orn}. Each operation can be pro-
cessed by any of the feasible machines: {M;, Ma,.. .,
Mxk}. Processing time of one operation may vary
when running on different machines. However, there
are several rules that must be considered:

e Each job R is autonomous from the others.

e The precedence relation between the operations
of job R must also be taken into account.

e Only one machine can perform an operation in
one unit of processing time.

e The objective function of the FJSP is to mini-
mize the completion time (C) stated as equation
1.

e The Tjjx denotes the processing time of the Oj;
on the machine K.

min Crae = (Zil Zjv:l Tijk) (1)

Table 1: An example of FJSP.

Job/Operation NI Maﬁ/l{gncs N3
Job 1/ Operation 1: O1; 3 2 2
Job 1/ Operation 2: O12 - - 4
Job 1/ Operation 3: O13 2 1 3
Job 2/ Operation 1: O2 5 5 5
Job 2/ Operation 2: Oaa 2 3 4
Job 3/ Operation 1: O3y 1 1 3
Job 3/ Operation 2: Ogzz - 2 2

Table 1 shows an example of FJSP. Job 1 consists
of three operations. The first operation is represented
by Oq1, the second and the third operations are Oq4
and O3 respectively. O1; can be processed by three
machines as follows. When running O;; on machine
M, the processing time (T) is 3 units. In the same
way, both machine My and machine M3 complete op-
eration O11 in 2 units of processing time.

M; 4

M1,3 Mz,l

Fig.1: An example of the schedule node.

In figure 1, each node represents an operation. A
node represents a chosen machine and corresponding
processing time: (Machine, Processing time). A set
of Disjunctive arcs (— — — — — ) represent a sequence
of operations which show processing on similar ma-
chines. A set of Conjunctive arcs (—) indicate a se-
quence of operations on each job.

We can explain ordering each of arc in terms of
machine constraints. Node O1; and Os; can start
anytime when machine M; is available. Node Ooq
and O13 are able to start anytime when machine My is
free. However, in this example, Node O3 could begin
after node Os; finished, because the waiting time of
node Oi3 is more than node Os;. According to the
waiting time constraints, Node O3; could start first
and then followed by node O15 and Oss respectively.

Because of a precedence relation, node Oq5 is able
to start when node Oq; is completed and Operation
013 can begin after node Oq5 is finished. Node Ooq
must be processed before node Ogo. Finally, node
032 can start after node Oz is processed.

In addition, the critical path is the longest
path from the starting node to the ending
node. In figure 1, there exist two critical paths.
First: Start—03;—035—010—025—Stop. Second:
StarthufOlszngStop.
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2.2 The Firefly Algorithm

The Firefly algorithm (FA) belongs to a class of
biologically inspired algorithms proposed by Xin-She
Yang [14]. The aim of the FA is to solve modern nu-
merical optimization and NP-hard problems such as
the travelling salesman problem. The FA attempts
to imitate the flashing behavior and the light inten-
sity of fireflies. Fundamental functions of such flashes
exist to attract other fireflies, and to allure potential
prey. In addition, attractiveness is proportional to
their brightness. For any two flashing fireflies, the
firefly whose flash is less bright will move towards to
the brighter one. Moreover, light intensity decreases
while the distance increases. In the FA, each firefly
represents one solution. The light intensity and the
attractiveness are the objective function. The follow-
ing are the steps of the FA algorithm:

e Initial population of fireflies X; is randomly gen-

erated.

e The light intensity and attractiveness values are
calculated.

e Firefly X; moves towards firefly X5 when the
fitness value of firefly X5 is better. This step is
reached when all fireflies are chosen.

e Light intensity and the attractiveness value are
updated, then the fireflies are ranked according
to their fitness value. The firefly whose best fit-
ness value is answer.

2.3 The Genetic Algorithm

The genetic algorithm (GA) is an evolutionary al-
gorithm presented by John Holland. The idea be-
hind the GA is to imitate the genetic process of life.
The GA is commonly used to generate high-quality
solutions to optimization. The GA consists of four
important processes as follows:

1) GA starts with a randomly created initial pop-
ulation which contains a number of chromosomes.
Each chromosome represents a solution of the prob-
lem [15]. Thereafter, the fitness value of each chro-
mosome is evaluated.

2) Parent selection is the process that pairs the ini-
tial chromosome. The chromosomes which have high
fitness values have a high likelihood of being chosen
to be parent chromosomes.

3) The crossover operation is the operator used to
exchange some portion of two parent chromosomes.
In the crossover process, when the random number
is lower than the crossover probability (Pc), two new
chromosomes called offspring are created by swapping
a genome of two parent chromosomes.

4) The mutation operation is the sequence alter-
ation process of the genome used to alter the offspring
chromosome. This operator protects the algorithm
from becoming stuck in a local optimum area.

5) In the selection process, the chromosome which
has a high fitness value will survive to be included in
the next generation.

2.4 Fuzzy Theory

Fuzzy theory was initiated by Lotfi A. Zadeh in
1965. The idea of fuzzy logic allows flexible thinking
by a computer, by applying a more human-like way
of thinking in the programming of computers [16].
The difference between classical and fuzzy sets is es-
tablished by introducing a membership function [17].
The membership function is used to determine which
element should be a member of which subset. Figure
2 shows an example of classical sets. It consists of
three sets: Light, Medium and Heavy. A degree of
membership is only a binary value: True (1) or False
(0). If the v element is lower than 50, it is defined
as Light. If the v element is more than 50 and lower
than 100, it is assigned as Medium. When the v ele-
ment is more than 100, it is set as Heavy. However,
the membership degree of fuzzy set varies from 1 to 0.
Figure 3 shows an example of a fuzzy set. When the
element v is lower than 50, it belongs to Light. Nev-
ertheless, if the v element is 75, it can be a member
of Light or Medium depending on the membership
function.

Medium

A Light Heavy

True (1)

False (0)

v

50 100 150

Fig.2: An example of a classical set.

Light Medium Heavy

Fig.3: An example of a fuzzy set.

3. HYBRID FIREFLY ALGORITHM WITH
FUZZY MOVEMENT

This paper proposes a new algorithm based on
the firefly algorithm for solving FJSP. The steps of
the proposed algorithm are explained in the follow-
ing subsections.

3.1 Encoding and Decoding Method

According to Section 2.1, the FJSP consists of two
sub-problems that need to be figured out. Hence, the
solution of this article is divided into two parts. First
part represents the sequence of the operation and the
second part shows the machines that are allocated
to each operation in the first part. In the first part
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of figure 4, the Ji, represents the first operation of
joby (O11). At the same time, the Jo, represents the
first operation of joby (O21). Ji1, displays the second
operation of joby (O12). Ji. displays the third oper-
ation of job; (O13). J3, represents the first operation
of jobs (Os1). Jap represents the second operation of
joba (Og2) and Jsp, displays the second operation of
jobs (Os2). For the second part of figure 4, consider
from left to right, My represents machine which is as-
signed to run the Ji,, M3 is the machine allocated to
run Jip,, Mo displays machine used to run Ji. and is
similar to the others.

For the decoding method, the computation time
of the solution was first computed according figure 5.
Then, the quality of each solution was evaluated by
the fitness value which is stated in expression 2.

1

(2)

fitness value =
max

First Part: Operation Sequence

J1a J2a I Jic J3a T2 T3

==< N’ 1
S -
- % -
.

>~~<. . . Il

Mz M3 M> M M M3 Mz

Y Y Y
I I Js

Second Part: Machine assigned

Fig.4: An example of solution representation.

Machine

Make-span
>

0 1 2 3 4 5 6 7 8 9 10 1II

Fig.5: An example of computation time calculation.

3.2 Initialization

The GA is widely applied to generate high-quality
solutions to optimization problems. To achieve a
good quality for the initial population, this article
utilized the GA to generate an initial population. At
the beginning, N solutions which consist of the op-
eration sequence part and the machine assigned part
are randomly generated. They are called the random
solutions.

Now a new idea named The Self-Adaptive Roulette
Wheel Selection will be presented. The main con-
cept of the self-adaptive roulette wheel is to select
the pairs of chromosomes for the crossover operation.
This stage uses the fitness value and the standard
deviation (S.D.) to determine the distribution of the
machines. This means that when any solution has
high the fitness value and the S.D. value is low, we
assume that the workload of all machines in the above
solution is well balanced. As a result, the slot bound-
ary of the above solution in a roulette wheel is big. In
contrast, when the fitness value is low and the S.D.
value is high, the slot size of the above solution in the
roulette wheel slot is small. This gives a solution in
which good balancing has a higher chance of being
chosen.

To complete the adaptive roulette selection, the
following steps are performed:

First Step: Calculate the Prob.(S) value as shown
in equation 3. Then a roulette wheel is created, where
the boundary of the roulette wheel will be chosen
according the Prob.(S) value. So that Prob.(s) is the
probability of selection, n is the total frequency of
selection of all machines and X is the frequency of
selection of machine number j.

Prob.(S); = Ajf‘ztness value; - 3)
Y iy fitness value; =
X2 _ X2
5D, =Pt ) (4)

nin—1)

Second step: Pick the random number between
zero and one. Thereafter, determine which slot of
the roulette wheel the random value falls within.

Third step: Choose a solution that is representa-
tive of the above slot, then call it the father solution.

Fourth step: This article uses a Sampling Without
Replacement Method (SWRM). For the SWRM, once
the solution is sampled, that solution is not placed
back for re-sampling. Hence, the slot which is a rep-
resentative of the father solution is removed from a
roulette wheel.

Fifth step: To choose the mother solution, repeat
steps one to step three.

Sixth step: After the father and mother solutions
are selected, put a slot which is a representation of
the father solution back on the roulette wheel.

Step Seven: Repeat steps one through six until the
desired number of parent solutions has been obtained.

When the number of the parent solutions is equal
to the defined number, the next process is the
crossover operation.

For the crossover operation process, we picked a
random number between zero and one. If the random
number is less than the crossover probability (P.),
the one-point crossover and the uniform crossover are
employed to create the operation sequence and ma-
chine assignment parts of the offspring solution as
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shown in figures 6 and 7 respectively. In figure 6,
we randomly select a crossover point on both par-
ent solutions. Then, an element in the first half of
the offspring; solution is inherited from the father
solution. At the same time, the second part of the
offspring; solution is carried on with elements of the
mother solution if those elements are not shown in
the first half of the offspringl solution. In the op-
posite direction, the offsprings solution is created by
copying the first part of mother solution to the first
half of the offsprings solution, then scanning the fa-
ther solution from left to right and filling the second
half of the offspring, solution with elements of fa-
ther solution which do not appear in the first half
of offsprings solution. In Figure 7, the uniform solu-
tion is randomly generated. To create the machine
assignment part of the offspringl solution, when the
element of the uniform solution is number 1, the gene
of the father solution is copied. Meanwhile, if the ele-
ment of the uniform solution is number 0, the gene of
the mother solution is inherited. On the other hand,
when the element of the uniform solution is number
1, the gene in the mother solution is copied to pro-
create the machine assignment part of the offspring?2
solution. Simultaneously, the gene of the father is in-
herited when the element of the uniform solution is
number 0.

When all of the crossover process has been com-
pleted, the mutation process is started. For each of
the offspring solutions, a number between zero and
one is randomly generated. If the random number is
less than the mutation probability (Pm), the swap
method is implemented in the operation sequence
part and the random selection method is employed
in the machine assignment part.

After that, the begin solution and the offspring
solution are combined. In this paper, the GA algo-
rithm is terminated after 50 iterations. The best N
number of the combined solutions which are arranged
in descending order according to their fitness value is
selected and defined as the initial population.

Operation Sequence Part

Point;

Father ‘ Jia ‘ J2a ‘ Tib Jie

J3a ‘ Tob ‘ T3p ‘

Mother Joa Jsa Jia RE Job Jib Jie

s

‘ Top

Jia ‘ J2a ‘ Tip

Offspring; J3a ‘ Jic ‘ J3p ‘

Joa ‘ Jsa ‘ Jia ‘ Iib

Offspring, Jop ‘ Jic ‘ J3p ‘

Fig.6: An example of the one-point crossover oper-
ation..

Machine Assignment Part

Father | Ma | Ms | My | M, | My | My Mz‘
Uniform‘ 1 0 0 1 1 1 0

Fig.7: An example of the uniform crossover opera-
tion..

3.3 Attractiveness Values Calculation

After the initial population has been completely
created, the attractiveness value of each machine is
calculated. In this stage, the attractiveness value (A)
is calculated by using the machine load statistics. The
first statistic is the number of times that each is ma-
chine chosen (Freq.), with the purpose of knowing
the selected frequency of each machine. The second
statistic is the summation workload of each machine
(SLoad), in order to know which machine is over-
loaded. The attractiveness value is computed with
equation (5), where M is the number of machines.

Ay = Freqys * SLoadyy (5)

When any machine has a high frequency of selec-
tion including a high workload, as a result, the above
machine has a high attractiveness value. Therefore,
the likelihood that the above machines being moved
will also increase. In this paper, the attractiveness
value is used to manage the workload balance of the
machines. Figure 8 shows the computation of Avg.
Freq and Avg. SLoad.

The initial solution

Time part 2 4 2 5 2 3 2

Offspring; SLoad; =2+5+2 =9
Offspring; SLoad, =2 =2
i Offspring; SLoad; =4+3+2=9

Machine
assignment
part

M2 M3 M1 M1 M1 M3 M3

Offspring; Freq; =3
Offspring; Freq, =1
Offspring; Freqs =3

Fig.8: An example of machine load calculation.
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3.4 Fuzzy Movement Method

After generating the initial population and defin-
ing the attractiveness value of each machine com-
pletely, the fuzzy movement method is employed for
each member of the initial population. The fuzzy
movement method is used here to enhance the work
balancing ability between the high and low work-
load machines. The procedure of the fuzzy movement
method is as follows:

e Create fuzzy sets: In the proposed algorithm,
each machine is represented by a trapezoidal and
triangular fuzzy set. The support size of the
fuzzy set depends on the attractiveness value of
each machine. If the attractiveness value of the
machine is high, the support size of the fuzzy set
is wide. Whereas, if the attractiveness value of
the machine is low, the support size of the fuzzy
set is small. In addition, the overlapping size of
the fuzzy set is adjusted by the value. Tables 2
and 3 show the instances involved in the fuzzy
set. An example of a fuzzy set is illustrated in
figure 9.

e Pick a random number between zero and the
right corner position of the rightmost fuzzy set
areas. Then, the membership degree of each ma-
chine is computed. Table 4 shows an example of
membership degree calculation. When the ran-
dom number is equal to 0.62, the membership
degree of machine number 3 is higher than the
others. Therefore machine number 3 is selected.

e Next, the operation sequence part of the initial
solution; is explored. Thereafter, determine the
operation that executed on machine number 3.
Then randomly choose 40% of the specified oper-
ation and call it the chosen operation. For each
of the chosen operations, we replace the ma-
chine number 3 by randomly choosing another
machine from the candidate set. In detail, the
candidate machine which has the lowest work-
load is first priority to be selected. An example
of this step is shown in figure 10.

e At the same time, to enhance the diversity capa-
bility, the element in the operation sequence part
is moved by applying the insertion technique.
The procedure of the insertion technique is as
follows: (a) Randomly select the swap points on
the solution, then (b) Move the element on the
operation sequence part as shown in Figure 11.

3.5 End Stage

In the final step, the termination criterion is
checked. If the predefined number of iterations has
not been reached, the best N number of the resultant
solutions is selected as the new population for the
next generation. Then, the algorithm branches back
to stage 3.2

Table 2: Fuzzy set support size calculation.

Machine Aitaﬁiztl(\:;c)ss Support size
M1 3*9 = 21 21/44 = 0.477
M3 3*9 = 21 21/44 = 0.477
M2 1*2 = 2 2/44 = 0.046

=44 =1

Table 3: The support corners of fuzzy set.

Machine Left Center | Right
M1 0 0.248 0.477
M3 0.273 0.512 0.750
M2 0.643 0.666 0.689

Table 4: Membership degree calculation.

Random value; X = 0.62
Machine Condition Me(rlnbershlp
egree
M X > 0.47 0 0
M3 0.51 < X < 0.75 ((067755'_00‘6521))/ 0.54
Ma X < 0.64 0 0
Left, = Right,_; — (Right Fred;
eIt = Righty_ — (RIghty X Sy — .~
' ' ' Y, Freg;
nghtl — Lefti
Center; = Left; + ——
. A M M;, M. 2
0 v v N

027 047 051064 0.68A 075

Right; = Left; + Supporf size;

Fig.9: An example of a Fuzzy Set.

Candidate: M>

Machine :
assignment | My | {M3 ‘ M, ‘ M, ‘ M, ‘ M; | ‘@
Part — ——
The chosen operations
Operation . . ?
sequence |y, ‘ J2a ‘ Jiv ‘ Jap ‘ Jsa ‘ Jiv ‘@‘
Part L L
The Result solution
Machine
assignment | M> ‘ M; ‘ M, ‘ M | M, ‘ M; ‘ M, ‘
Part

Fig.10: An example of the machine moving method.
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Operation

sequence Ja | T sz‘ Jaa | Jie | Tm ‘
Part

o . The Result solution

peration

seduence |-y ’ Jop ‘ Ba | Jie | Ja | Ty ‘ T ‘
Part

Fig.11: An example of the operation moving

method.

4. EXPERIMENTAL RESULTS
4.1 Test sets

This article tests the performance of the proposed
algorithm by using the three benchmark data sets
obtained from the FJSP library [18]. The descriptions
of the data sets are given below:

e The Hurink V data set consists of 40 test prob-
lems where all operations may be assigned to
several machines.

e The Chambers and Barnes data set consists of
21 test problems. Each problem can be assigned
to many different machines. The number of ma-
chines ranges from 11 to 18.

e The Brandimarte data set consists of 10 test
problems. Each problem has a different num-
ber of jobs which range from 10 to 20. It has a
number of machines ranging from 6 to 15.

4.2 Results and discussion

The performance of the proposed algorithm is com-
pared to those of the current state-of-the-art meta-
heuristic algorithms in terms of the number of best
solutions achieved and the average percentage devi-
ation (Avg. PD) from the lower bound (Avg. PD.
LB). The comparison is carried out in terms of the
ability to obtain the optimal solution.

Table 5 shows the performance of the proposed
algorithm. This test set is categorized into 8 groups
according to a number of jobs and machines. For this
data set, the model is run multiple times. Therefore,
the average value (Avg) is the optimal choice to use
to evaluate the performance of all algorithms.

All four algorithms found the lower bound solu-
tion for the La06-La20 and La 36-La40 test sets. The
proposed algorithm, the hGA, and the IJA can obtain
the best result for the La01-La05 test sets. For the
La31-La35 test sets, only the hGA reached the opti-
mal solution. For the La21-La25 and the La26-La30,
the proposed algorithm came in first place and was
followed by the hGA. When considering all test sets
of the Hurink V data set, the proposed algorithm suc-
cessfully found the solutions that deviated the least
from their corresponding lower bounds, at 0.250 per-
centage.

Table 6 shows the comparative results of the pro-
posed algorithm with other algorithms on the Cham-
bers and Barnes data set. The table demonstrates
that all of the compared algorithms perform almost
equally well for the mt10x and mtl0xxx test sets.
The proposed algorithm is in line with the hGA and
the IJA for the mt10xx, mt10xy and setbdxxx test
sets. For the setb4c9, the proposed algorithm and
the hGA obtained the best results. The proposed al-
gorithm and the IJA are winning with the setb4x and
setbdxx test sets. The IJA obtained the best result
in the mt10cl, mt10xyz, setb4xy, setb4xyz, setibcl2,
setibce, setibx, setibxx, setibxxx, setibxy, and setibxyz
test sets. Then second best was our proposed algo-
rithm. In addition, the proposed algorithm found the
best result for the setb4cc and mt10cc test sets. To
be more specific, the proposed algorithm can obtain
the answer which is not achieved by the other algo-
rithms in 2 out of 21 problems, and the IJA is the
best performer in 11 out of 21 problems. The IJA
has the smallest mean percentage deviation from the
lower bound at 22.37. The proposed algorithm came
in second place by obtaining solutions that deviated
the least from their corresponding lower bounds, at
22.46 percentage mean relative error. Regarding the
computational time, the IJA takes the least time, fol-
lowed by the proposed algorithm and then the hGA.

Table 7 illustrates the comparative results of the
proposed algorithm and four of the metaheuristic al-
gorithms on the Brandimarte data set. By the way,
the Avg. value is not present in the hCEA. There-
fore, the Best value is used to evaluate the perfor-
mance of all compared algorithm instead. This table
shows that all algorithms successfully found the lower
bound of the MK03 and MKO0S8. All four methods tie
for first place for the MK01 MK04 and MK09. For the
MKO02, the proposed algorithm, hGA, HDE-N2, and
hCEA obtained the best results. The proposed algo-
rithm is in line with the hGA, HDE-N2, and IJA for
the MKO05. Likewise, with the MKO06, the proposed
algorithm, HDE-N2, and IJA obtain better results
than the hGA and hCEA. Moreover, the proposed
algorithm can obtain the answer which has not been
achieved by other algorithms with the MKO07. For the
MK10, the proposed algorithm, hGA, and IJA are the
closest to the lower bound. When considering all the
test sets together, the average percentage deviation
from the lower bound of the proposed algorithm is
better than those of other algorithms at 18.88, fol-
lowed by the HDE-N2 at 19.10. As for the compu-
tational time, the hGA is the winner. The proposed
algorithm is slightly slower than that of the IJA, but
much quicker than that of the HDE-N2.

Table 8 illustrates the performance between using
the fuzzy movement method and not using the fuzzy
movement method. The results show that the fuzzy
movement method helps enhance the performance of
the proposed algorithm and causes the algorithm to
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Table 5:
data set.

Table 6: The results of the proposed algorithm with other algorithms on the Chambers and Barnes data set.

The comparative performance of the proposed algorithm with other algorithms on the Hurink V

[\V]

Test Set Proposed hGA [11] HDE-N2 [12] IJA [g]

Best (Avg) Best (Avg) Best (Avg) Best (Avg)

La01-La05 0.00 (0.00) | 0.00 (0.00) | 0.00 (0.01) | 0.00 (0.00)
La06-Lal0 0.00 (0.00) | 0.00 (0.00) | 0.00 (0.00) | 0.00 (0.00)
Lall-Lal5 0.00 (0.00) | 0.00 (0.00) | 0.00 (0.00) | 0.00 (0.00)
Lal6-La20 0.00 (0.00) | 0.00 (0.00) | 0.00 (0.00) | 0.00 (0.00)
La2l-La2s 0.59 (0.64) | 0.60 (0.68) | 0.57 (0.96) | 0.77 (0.84)
La26-La30 0.10 (0.11) 0.11 (0.13) 0.10 (0.19) 0.13 (0.15)
La31-La3b 0.01 (0.03) 0.00 (0.00) 0.03 (0.03) 0.01 (0.01)
La36-Lad0 0.00 (0.00) | 0.00 (0.00) | 0.00 (0.00) | 0.00 (0.00)
% Avg. PD. LB | 0.233 (0.250) | 0.237 (0.270) | 0.233 (0.393) | 0.303 (0.333)

Proposed hGA [11] HDE-N2 [12] 1JA [§]
Test Set Job/ Lower QPU QPU QPU QPU
Machine | Bound | Best Avg. time Avg. time Avg. time Avg. time
(5) (s) (5) (s)
mt10cl 10/11 655 927 927.20 26.21 927.20 12.87 927.72 174.19 927.10 11.80
mt10cc 10/12 655 908 908.00 19.57 910.00 12.24 910.60 165.61 908.03 12.39
mt10x 10/11 655 918 918.00 18.60 918.00 12.69 918.58 179.22 918.00 13.80
mt10xx 10/12 655 918 918.00 20.27 918.00 11.70 918.38 179.84 918.00 10.70
mt10xxx 10/13 655 918 918.00 22.05 918.00 11.52 918.00 179.39 918.00 9.11
mt10xy 10/12 655 905 905.00 21.48 905.00 12.24 905.56 169.77 905.00 11.39
mt10xyz 10/13 655 847 847.40 20.53 849.00 10.71 851.14 160.24 847.03 20.70
setb4c9 15/11 857 914 914.00 23.59 914.00 45.99 917.12 313.02 914.06 17.21
setbdcc 15/12 857 907 907.00 21.91 914.00 38.79 909.58 316.89 907.20 15.89
setbdx 15/13 846 925 925.00 20.02 931.00 43.20 925.82 338.30 925.00 10.63
setbdxx 15/12 846 925 925.00 20.88 925.00 42.57 925.64 336.24 925.00 16.12
setb4xxx 15/13 846 925 925.00 20.51 925.00 36.09 925.48 353.55 925.00 18.84
setbdxy 15/12 845 910 911.00 31.03 916.00 41.49 914.00 330.18 910.00 12.45
setb4dxyz 15/13 838 903 903.80 21.34 905.00 39.15 905.28 314.64 903.30 22.90
setibcl2 15/16 1027 1173 | 1173.80 | 24.90 | 1175.00 | 72.27 | 1175.42 1141.43 | 1170.90 | 26.70
setibcc 15/17 955 1137 | 1137.40 | 22.31 1138.00 | 63.00 | 1137.76 1222.53 | 1136.50 | 24.20
setibx 15/16 955 1204 | 1204.00 | 41.09 | 1204.00 | 66.78 | 1205.64 | 1112.77 | 1198.20 | 32.80
setibxx 15/17 955 1199 | 1199.40 | 39.11 1203.00 | 63.72 | 1202.68 | 1078.60 | 1197.10 | 44.50
setibxxx 15/18 955 1197 1198.20 | 33.56 1204.00 | 63.36 1202.26 1087.12 1194.80 20.78
setibxy 15/17 955 1136 1137.00 | 38.22 1136.50 | 63.18 1137.98 1250.62 1135.70 19.80
setibxyz 15/18 955 1125 1125.80 | 35.00 1126.00 | 57.96 1129.76 1244.22 1125.10 39.10
% Avg. PD. LB 22.46 22.65 22.67 22.377
Table 7: The comparative performance of the proposed algorithm with other algorithms on the Brandimarte
data set.
Proposed hGA [11] HDE-N2 [12] 1JA [8] hCEA [7]
Test Job/ Lower CPU CPU CPU CPU CPU
Set Machine | Bound | Best | Avg. time Best | time | Best time Best | time | Best | time
(s) (s) (s) (s) (5)
MKO1 10/6 36 40 40.0 2.14 40 1.47 40 4.01 40 0.15 40 -
MKO02 10/6 24 26 26.0 3.35 26 3.44 26 6.09 27 2.41 26 -
MKO03 15/8 204 204 204.0 2.02 204 17.47 204 30.70 204 1.19 204 -
MKO04 15/8 48 60 60.1 2.76 60 3.42 60 12.58 60 3.82 60 -
MEKO05 15/4 168 172 172.0 19.11 172 6.82 172 37.89 172 3.08 173 -
MKO06 10/15 33 57 57.2 40.22 58 5.30 57 98.32 57 37.13 59 -
MKO07 20/5 133 137 137.8 38.03 139 6.23 139 26.38 139 25.56 140 -
MKO08 20/10 523 523 523.0 30.62 523 8.44 523 189.41 523 0.51 523 -
MKO09 20/10 209 307 307.2 42.00 307 18.71 307 122.87 307 19.83 307 -
MK10 20/10 165 197 197.0 110.01 197 19.36 198 265.80 197 60.62 200 -
% Avg. PD. LB 18.88 19.34 19.10 19.45 19.96
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Table 8: The comparative performance between using and not using the fuzzy movement method.

Proposed with the fuzzy | Proposed without the fuzzy

Tost Job, Lower movement method movement method
Set Machine | Bound CPU CPU
Best | Avg. time Best | Avg. time

(s) (s)

MKO1 10/6 36 40 40.0 2.14 43 43.0 2.74
MKO02 10/6 24 26 26.0 3.35 27 27.5 3.30
MKO03 15/8 204 204 | 204.0 2.02 204 | 204.0 3.01
MKO04 15/8 48 60 60.1 2.76 60 60.5 3.45
MKO05 15/4 168 172 | 172.0 19.11 174 | 175.8 22.31
MKO06 10/15 33 57 57.2 40.22 60 61.5 40.01
MKO07 20/5 133 137 | 137.8 38.03 139 | 139.0 40.23
MKO08 20/10 523 523 | 523.0 30.62 523 | 523.0 29.55
MKO09 20/10 209 307 | 307.2 42.00 309 | 310.5 48.92
MK10 20/10 165 197 | 197.0 110.01 202 | 203.3 152.22

% Avg. PD. LB 18.88 21.71

converge on the optimal results rapidly.

In summary, our proposed algorithm is the clear
winner. It outperformed the comparison algorithms
in most cases on small to medium-sized problems.
Although the proposed algorithm shows the greatest
advantage over the comparison algorithms, it is not
guaranteed that the proposed algorithm will be bet-
ter on large and highly complex data sets. Hence, in
further study, other methods such as local search al-
gorithms should be tried to enhance the deep search
capability.

5. CONCLUSION

This paper presents a hybrid firefly algorithm with
fuzzy movement for solving the FJSP. To improve the
quality of the initial population at the starting point,
the GA is embedded in the initial stage. In improved
GA, a new method called adaptive roulette wheel
selection is proposed to enhance the diversity capa-
bility. In addition, one-point and uniform crossover
are employed in the crossover stage. In the pro-
posed algorithm framework, the introduction of at-
tractiveness values calculation and a new selection
operator called the fuzzy movement technique are
used to help improve balancing between the activi-
ties and the machines. This algorithm was tested on
3 sets of standard benchmarks, the Hurink V data set,
the Chambers and Barnes data set, and the Brandi-
marte data set. The results demonstrate that the
proposed algorithm outperforms the compared algo-
rithms in terms of the ability to achieve the optimal
solution for all benchmark data sets except the Cham-
bers and Barnes data set. In future work, we plan to
develop multi-objective proposed algorithms for the
multi-objective FJSP and employ the proposed algo-
rithm to solve other kinds of discrete optimization
problems.
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