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This paper presents an effective memetic algorithm (MA) for a hybrid flow shop
scheduling problem with multiprocessor tasks (HFSMT) to minimize the makespan.
The problem is modeled as deterministic by a mixed graph. This problem has at least
two production stages, each of which has several machines, operating in parallel.
Two sub-problems are considered for solving this problem: determining the
sequence of jobs in the first stage and reducing the idle time of the processors in the
next stages. The developed algorithm uses an operator called Bad Selection
Operator. This operator holds the worst chromosomes of each generation and uses
them to search in the space of other problems at predetermined timescales. Besides,
this algorithm uses a dynamic adjustment structure to improve the ratio of crossover
and mutation operators that could reduce the execution time. The efficiency of the
proposed MA is investigated by testing it on well-known benchmark instances and
also compared with other algorithms introduced in the literature. Computational
results show that this algorithm has a good performance on problems which have
more than two stages.
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1 Introduction

In manufacturing environments, the scheduling consists in assigning of limited resources to a
number of jobs required by the production processes. In these problems, some performance
goals such as makespan, tardiness, and lateness can be optimized (Pinedo, 2005). One of the
most well-known scheduling problems is flow shop problem in which n jobs are scheduled in
the sequential stage k, where each stage consists of only one machine (processor) (Abouei
Ardakan et al., 2013).

An extension of the flow shop problem is called hybrid flow shop scheduling problem (HFSP)
or flexible flow shop scheduling one (FFSP) which combines the flow shop and the parallel
machine scheduling problem. In HFSP, a set of jobs flow in the same order through multiple
stages, where each stage contains one or more machines in parallel (Ruiz and Vézquez-
Rodriguez, 2010).

The literature survey shows that current available research on HFSPs considered these
problems at three categories: two stages, three stages and multistage (m-stage, where m is more
than 3). Some stages may have only one machine, but at least one stage must have multiple
machines. There are exact algorithms such as branch and bound (B&B) (Ruiz and Vazquez-
Rodriguez, 2010), approximation ones such as constructive heuristics based on rules (Gupta
and Tunc, 1994; Guinet et al., 1996; Riane et al., 1998) or iterative heuristics based on meta-
heuristics such as genetic algorithm (GA) (Oguz and Ercan, 2005; Jin et al. 2002; Besbes et al.
2010; Bathrinath et al. 2016), harmony search (HS) (Bathrinath et al., 2016), particle swarm
optimization (PSO) (Bathrinath et al., 2016; Geem et al., 2001; Singh et al., 2016), artificial
bee colony (ABC) (Peng et al., 2018), tabu search (TS) algorithm (Chen et al., 2007), and
memetic algorithm (MA) (Tavakkoli-Moghaddam et al., 2009), to solve HFSP.

The hybrid flow shop scheduling with multiprocessor task (HFSMT) is a relatively new type
of HFSP, where, at each stage, each job needs one or more processors simultaneously. This
problem is extremely difficult in combinatorial optimization which is considered as an NP-
hard problem (Lenstra et al., 1977). Various applications of HFSMT are in several industrial
settings such as airplane engine production, electronics industries, textile manufacturing,
petrochemical industry, distributed systems, real-time machine vision systems and parallel
computing (Behnamian and Zandieh, 2011).

There are solution approaches based on heuristics to solve the HFSMT problem. Oguz et al.
(2003) proposed heuristic algorithms which considered simple priority rules for sequencing the
tasks. They derived some lower bounds to measure the performance analysis of the heuristic
algorithms. Ying (2009) presented a simple and effective iterated greedy (IG) heuristic which
is an effective stochastic local search algorithm. This algorithm consists of two main phases,
called destruction and construction. Some elements of a current candidate solution are
eliminated in the destruction phase and the construction phase, and other elements are inserted
into a partial solution until a complete solution is reconstructed again. Kahraman et al. (2010)
proposed an effective parallel greedy algorithm (PGA) which applies two phases: destruction
and construction. Lahimer et al. (2013) presented a discrepancy search (DS) heuristic that is
based on the new concept of adjacent discrepancies and describes a new lower bound based on
the concept of dual feasible functions.

There are meta-heuristics to solve the HFSMT problem. Ying and Lin (2007) proposed an ant
colony system (ACS) approach based on the notion of corresponding the heuristic desirability
to the jobs ranking indexes of the selected constructive heuristic at the first stage. Hence, the
selected constrictive heuristic was chosen from five of constructive heuristics to optimize the
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makespan. Kurdi (2019) proposed an ACS with a novel Non-Daemon Actions procedure for
this problem with the objective of makespan minimization. Oguz and Ercan (2005) introduced
a new crossover operator for their proposed GA to solve the HFSMT problem by providing the
new crossover operator which minimizes the idle time on the processors. Serifoglu and Ulusoy
(2004) proposed a GA and showed that the best chromosome of each population does not lead
to any statistically significant improvement. Engin et al. (2011) proposed a new mutation
operator for their proposed GA to improve available solutions by refining the most promising
individuals of each generation. Wang et al. (2011) presented a neighborhood generation
mechanism in simulated annealing (SA). They also provided a method for reducing processor’s
idle time in stages after stage #1. Tseng and Liao (2008) proposed PSO which is debatable in
terms of four features: determining the absolute position of the job j for the particle i in the
encoding phase, providing three velocity equations in update of velocity, using three topologies
for neighborhood and incorporating a local search scheme based on reduced variable
neighborhood search (RVNS). Chou (2013) used PSO in which a new lower bound has been
presented. They also used five algorithms in stages after stage #1. Lin et al. (2013) developed
a hybrid artificial bee colony (HABC) algorithm with bi-directional planning. In this research,
an SA-based rule was used to avoid local optimization. Xu et al. (2013) presented an effective
immune algorithm (1A) that used the dispatching rules to decide the order of job processing
and machine assignment in stages after stage #1 and also used rules to reduce useless searches
to find optimal localization. Jouglet et al. (2009) combined B&B algorithm with GA to improve
the quality of the provided solution so that B&B improves an offspring and acts as a local
search. Ying (2012) proposed a new hybrid immune algorithm based on the features of artificial
immune systems and iterated greedy algorithms to minimize the makespan of this problem.
Rani and Zoraida (2016) tried to reduce the makespan value in the HFSMT problem using a
discrete firefly algorithm (FA). Ying and Lin (2018) also used a self-tuning 1G to minimize the
makespan in distributed HFSMT. They used an adaptive decoding method to improve the
quality of their algorithm results. Cai et al. (2020) presented a dynamic shuffled frog-leaping
algorithm and a lower bound for distributed HFSMT. Their algorithm is composed of
population division, dynamic search process, a new destruction-construction process and
population shuffling based on the evolution that led to better results than previous algorithms.

The problem addressed in this paper is the scheduling of multiprocessor jobs on a hybrid flow
shop for minimizing the makespan. To achieve this aim, the study is presented in the following
three major contributions:

e A method for dynamically determining the crossover and mutation rates. This method
is based on evaluating the results of each generation of GA.

e Using an operator named Bad Selection Operator to escape local optima and search in
the problem space.

e Presenting an irregular neighborhood search method,; that is, after defining a structure
called the Block Search, the block moves along the chromosome to achieve a proper
sequence.

The rest of this paper is organized as follows: Section 2 states the HFSMT problem, consists
of its definition, assumptions and the used notations, and then presents a mixed graph model.
To solve this problem, the details of the proposed algorithm, its parameters, and the newly
developed operator are presented in Section 3. The computational results are given in Section
4, and finally, the conclusions and future research directions are made clear in Section 5.
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2 Problem statement

In this section, after defining the problem under study, the assumptions and notations used will
be introduced. A mixed graph is also modeled for the HFSMT and its aspects are discussed by
giving an example. The HFSMT s stated as follows: A set of jobs j € {1,2,..,n} with
multiprocessor tasks is to be processed in i = 1,2, ..., k stages. In stage it", there are m; parallel
and identical processors (machines), with a minimum number of processors per step of 1. Job
j €] in stage i", takes size;; identical processors for p;; units of time. Not allowing for
preemption, the simultaneously operating processors might process at most, one job at a time.
The objective is to minimize the maximum completion time (makespan) of all the jobs in the
last stage. This problem can be denoted by Fk(Pmy, ..., Pmy)|size;;|Cnmq, USing the popular
three-field notations where Fk(Pmy, ..., Pm;) denotes machine environment, size;; refers to
processing characteristics and C,,,, represents performance criterion (Graham et al, 1979). In
the literature, various researches proposed heuristic approaches and meta-heuristic approaches
for the problem (Pmy,...,Pmy)|size;;|Cinq, that concentrated on providing near-optimal
solutions.

2.1 Assumptions and notations
The following assumptions are invoked for the investigated HFSMT problem.

All jobs and all processors are available at the beginning of the scheduling period.
The ready time of each job is zero.

Preemption of jobs is not allowed.

All jobs arrive dynamically and have no precedence constraints.

Each processor processes only one task at a time.

Processors that are used at each stage cannot be used at other stages.

The setup times of tasks are included in the processing times.

The number of jobs and their processing time are fixed.

The number of stages and the number of processors available in each stage is
constant.

For the convenience of description, the notations used in this study are as follows:

Parameters
n number of jobs
k number of stages
m; number of identical parallel processors at stage i(i = 1,2, ..., k)
TT; job processing order sequence at stage i
Dij processing time of job j at stage i

size;; number of parallel processors required to process job j at stage i
Decision Variables

Sij starting processing time of job j at stage i
Cij completion time of job j at stage i
CcP critical path

Crnax Makespan

To give a better understanding of the problem in this paper, an example is presented.

Example: Consider the following HFSMT that consists of five jobs, two stages, and three
parallel processors in each stage. The processing time and the number of processors required
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to process jobs are given in Table 1. A feasible schedule is illustrated in Fig. 1, where ©; =
Ul']Z ']3 ']4- ']5]-

Table 1. Processing data of the example

J1 J2 VE Ja Is
sizey;j 1 2 1 2 2
sizey; 2 1 3 2 1
’ Pracessor 1 Q,, | 04
Stage 1 ’ Processor 2 .01_} 0 0
I Processor 3 [ g, 0
Processor 1 0y 0y 014
Stage 2 Processor 2 0, ‘ . ‘03_«1. ‘ 02.4‘
Pracessor 3 0y ‘ 0y 0y;

01 2 3 4 5 6 7 8 0 10 11 12 13 14 15 Time

Fig. 1. Gantt chart for the example

2.2 A mixed graph model

The problem Fk(Pm,, ..., Pmy)|size;;|Cpq, described in section 2 can be modeled using a
weighted mixed graph G = {0, A, £}, Where 0, A, and £ represent the set of operations, the set
of arcs and the set of edges, respectively (Tanaev, 1994). Here, O denotes the set of operations
0i;,j €{1,2,..,n},i € {1,2,..,k} which should be processed by m; processors. In other words,
the processing of a job j; € J includes a set 0; of j; ordered operations where 0; =
{01,,].,02,,]., ...,Ok,,].}. There are two dummy operations 0y, and Oy, Which indicate the
beginning of the scheduling and the completion of the processing of all jobs, respectively. The
arc (0;-1,0; ;) € A where j € J indicates that the starting time of job j in stage i*" is after the
completion time of job j in stage (i — 1)*" (precedence constraint). p;;is the weight of the arc
(0;-1, 0;;), this is while the weight of the (0, ;, 0, ;) is zero. Suppose that m, = 1, size,; =
size,, = 1 where [, k € J and each of the two 0,,; € 0 and 0, € 0 operations will be processed
on the m, processor. These two operations cannot use the processor at the same time (resource
constraint). This restriction is represented by [0,;,0,x] € €.

Two consecutive operations 0; ; and 0,4 ; of the same job J; € J are connected with an arc
(01, 0141,) € A, Where 1 < i < k — 1. At stage i*", the operations 0;; and 0; , are connected
with an arc (0;;,0;) € A. Since an operation preemption is not allowed, the sequence of
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operations performed at the stage i*" can be y; = [0;,,0; , ..., 0; ] Which is based on the start
time of each operation, where S;; < S;, < - <S;,. For all operations 0, the conjunctive
constraint S,,,,, — S;; = p;; is satisfied for each arc (0;, 0,,,) € A and the disjunctive constraint
either S, — Sij = pij OF Sij — Smn = Pmn IS satisfied for each edge [0y, 0] € €. For the
dummy operation 0y, € O, the arc (0, 0,,;) for each job j; € J has zero weight. For the
dummy operation 0.1 € O, py; is considered as the (Oy j, Ox+1,0) arc weight.

In the weighted mixed graph G ={0,4,£}, to make decisions, arcs (0O;j, Omy) € A OF
(Omn, 0;j) € A are replaced with p;; or p,,,,, and/or the edge (0;;, O,ny) € €, respectively. Note
that there is no cycle at each stage. In graph G, the objective function is to have arcs in order to
minimize the longest path from 0, , to 0., Which is called the critical path. The Example is
used to make possible coming up with more intuitions.

Given the order of processing the jobs in the first stage in the Example, which is n; =
U1.]2.)3,]a ,Js], the job scheduling table is set to the first stage shown in Table 2. Since jobs
are available from the initial moment in this stage, the arrival time is zero.

Table 2. Job scheduling table in stage #1

Operation Arrival Time D1j size,;
014 0 4 1
01, 0 3 2
013 0 3 1
01,4 0 4 2
O15 0 2 2

At the beginning of the scheduling, 0,, begins with the acquisition of one processor.
Furthermore, 0, , needs two processors to start its process, so it will be able to start processing
at time zero with the two remaining processors. 0; ; also takes one of the processors after the
0, is finished and then starts its process, since S;3 < C;, (Fig 2(C)). 04 4, Which is waiting at
time zero to take up the required processors and starts to process, takes one processor at time =
3, but size;, = 2. The processor dedicated to 0, 4, is assigned to 0, 4. It should be noted that
S14 = max(Cy4, Cy2) (Fig 2(d)). The 0,5 waits for time =0, at time = 6 takes a required
processor but still cannot start. At time = 8 when the process of 0, , was completed, the
processor of 0, 5 was supplied and the O, 5 starts up (Fig 2(e)). Obviously, the completion time
of 0,5 is calculated as follows: C;5 = max(Cy3, C14) + p1s-

Assume u; = [01,,014,013,014,015]. At stages after stage #1, the start time of operations
depends on their completion time at stage #1, i.e. S,; = C;,. Accordingly, Table 3 is presented
a job scheduler at stage #2. In stage #2, as in stage #1, the processor allocation process is
performed to get all operations to 05 ,. After performing the operations in stage #2, one can
conclude that C,, < Cyq < Cy3 < Cy5 < Cyy.

Fig. 3 illustrates how processors are assigned to operations and the sequence of executing the
tasks using modeling by the mixed graph. Clearly, in the example given, if n; =
U1J2:J3:J4,J5], CP =[0132,011,043,013,021,01,4,015,023,035 054] and Crg, Will be 15.
The scheduling length will be shorter if proper arcs between the operations are selected. In such
case, the minimum makespan over the digraph that is generated by the mixed graph will be
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obtained. Note that the order of running operations in stage #1 is very important and the order
of running operations in stages after stage #1 is dependent on it.

S O (@) (@) () ()
on 0i2 on 012

m 031
b =0
® “ 10 212 un wz
m [0-3] [3-61
=1
(c) My 1;1 1l1 Illﬂ
/ [0-4] [0-3] [3-61 148
d ~o
(d) 1;1 1l1 212

[3-6] [4-8] [8-10]

[0-3]
e 212 10" e 22 202

Fig. 2. The process of assigning processors to operations of mixed graph G at first stage.

02

e e
B =

2

e
B

Table 3. Job scheduling table in stage #2

Operation Arrival Time 2% sizey;
0,4 4 3 2
0;, 3 2 1
0,3 6 5 3
034 8 3 2
0,5 10 1 1

Fig. 3. The mixed graph ¢ = {0, A, €} for modeling the example
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3 The Memetic Algorithm

Genetic algorithm (GA) as an evolutionary algorithm is a search method based on the structure
of chromosomes and has been widely used to solve optimization problems (Goldberg, 1986;
Hamadani et al, 2013). The definition of the solution to the problem is carried out in the form
of a chromosomal structure. The quality of each solution represented by the chromosome is
expressed by the fitness function. In GAs, the predefined number of chromosomes is produced
as random or quasi-random, the set of chromosomes is known as initial population (first
generation). There are always many solutions for the problem that they have mostly low
quality. By crossover and mutation operators, the next generation which usually improves the
quality of solutions is produced. In fact, each of these operators led to the formation of one or
several new chromosomes which are added to the population. The generation creation process
ends when the convergence is observed in the produced chromosomes or the stopping condition
of the algorithm happens.

Memetic Algorithm (MA) combines local searches with a stochastic search to achieve better
results in less time. In this method, the result of the evolution process is improved by using
various local search methods designed for the problem. Accordingly, the proposed MA is a
combination of GA and the local search. So, the concepts and the evolutionary process of the
GA are described and then the types of local searches which are used in the proposed algorithm
are briefly explained.

3.1 Representation of chromosome

The performance of algorithms which solve HFSMT problems depends on the scheduling of
the jobs and how processors are assigned to the jobs. Therefore, having a proper framework
for each of these two tasks is important. Hence, each gene of this chromosome at first stage is
represented by 0, ;. Consider the example: [0, 5, 01 1,01 3,014, 01 5] is @ chromosome, and 0; 4
is considered as a gene as well. This chromosome represents a scheduler that starts from 0, ,
and ends with 0,1 . The length of the chromosome mentioned above is 5.

3.2 Fitness of chromosome

In this study, the fitness function is the makespan (C,,..)- The chromosomes are compared on
the basis of their fitness functions.

3.3 Initial Population

The proposed algorithm in this paper creates the initial population in two ways. In the first way,
operations of the first stage are randomly selected to build each chromosome so that 7, is
completed. This way generates diverse individuals. In the second way, using size;; and p;;, an
appropriate population is produced by creating priority rules. The rules are for assigning the
unscheduled jobs in the first stage. This way, which includes the famous rules of the allocation
of the processors to the jobs, is as follows (Xu et al, 2013):

e Shortest processing time first (SP), in which jobs are sorted in ascending order based on
pjVj= 1,2,..,n.

e Longest processing time first (LP), in which jobs are sorted in descending order based on
pyjVji=12..,n.

e Smallest processor requirement (SPR), in which jobs are sorted in ascending order based
Onsize;Vj=1,2,..,n
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e Largest processor requirement (LPR), in which jobs are sorted in descending order based
on size ;Vj = 1,2, ..,n

e Shortest total processing time first (STP), in which jobs are sorted in ascending order based
ontotal p;; Vi=1,2,..,k j=1,2,..,n

e Longest total processing time first (LTP), in which jobs are sorted in descending order
based ontotal p;; Vi=1,2,..,k, j=1,2,..,n

e Smallest total processor requirement (STPR), in which jobs are sorted in ascending order
based on total size;; Vi=1,2,..,k, j =1,2,..,n.

e Largest total processor requirement (LTPR), in which jobs are sorted in descending order
based on total size;; Vi =1,2,..,k, j =1,2,..,n

e Smallest occupied capacity (SOC), in which jobs are sorted in ascending order based on
p1j X size,jVji=1,2,..,n

e Largest occupied capacity (LOC), in which jobs are sorted in descending order based on
p1j X sizelj Vi=12,..,n

e Smallest total occupied capacity (STOC), in which jobs are sorted in ascending order based
on total p;; x size;; Vi=1,2,..,k, j=1,2,..,n

e Largest total occupied capacity (LTOC), in which jobs are sorted in descending order based
ontotal p;; x size;; Vi=1,2,...,k, j=1,2,..,n

For stages after the first stage, the first-come-first-served (FCFS) rule is used to determine the
sequence of operations, so that neither the processor requirement nor the flowshop constraints
are violated. To complete =; where i is larger than one, two below-mentioned methods are
used. One method is LS. In this method, the jobs are scheduled in ascending order, according
to the completion time in the previous stage. For example, if C;, < €14 < Cy5,then S,, < S5, <
S,5. Another method is BF. In this method, the jobs are firstly scheduled by LS; then
rescheduling occurs whenever the below conditions are satisfied: the processing time for
unassigned operations is smaller than processing time of the running operation, while the idle
amount of processors is greater than or equal to the number of processors required for
unassigned operations.

The BF method is based on the fact that makespan will be better if one can reduce the idle time
of the processors. The completion time of the jobs in terms of LS and BF is calculated as the
one with a smaller C,,,, IS selected as C,,,, Of chromosome. In other words, Cpq.. =
min{cmax(l‘s)' Cmax(BF)}'

3.4 Crossover

A kind of operation like a compound that extensively affects chromosome encoding is a
crossover. The crossover types can be different based on the encoding type. In this paper, there
are two types of crossover operators that are based on the One Parent-Two Point Crossover
method, sequentially, One Parent-Two Point Crossover (SOTC) and Randomly One Parent-
Two Point Crossover (ROTC). In these methods, two points of a selected chromosome are
randomly chosen. The operations inside these two points are called part #1, and other
operations are called part #2. Afterward, from numbers 0 and 1, a number is randomly selected.
If the number is equal to O, then part #1 will be transferred to the first part of the child's
chromosome, and if the number is 1, then the part #2 will go. Part #2 is also the opposite of
part #1 in the child's chromosome. In SOTC, operations are in part #2 in the same order as the
parent. But in ROTC, the operations are randomly assigned to part #2. The crossover operator
for example 1 is shown in Fig.4.
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01.5 I Parent

1
l 01..! ] 01,_’ E O.E.J [ 01,.'

l 01.3 1 01.-' I 01,1 I 01.3 l 01.5 I SOTC method

L0, 10, 10,1050, ] ROTC method

Fig. 4. Representation of crossover operators
3.5 Mutation

The mutation operator causes minor changes in the chromosome and creates a greater variety
of new locations to discover better solutions. Three traditional mutations are examined in the
MA to minimize the makespan: swap mutation, inversion mutation and scramble mutation
(Goldberg, 1986; Hamadani et al, 2013). For example 1, the types of mutation operators are
shown in Fig.5.

Swap l 0, l 9, I 0, l 0,4 l Oy ] - l 0 1 0, l 0 l 04 I O l

Seramble l 0y ] 0, [ 0, ] 0, ] Oy ] - l 0 1 0, ] 0, ] 0 [ O l

Inversion l 0y, l 0 [ 0, l 04 l 05 ] - ’ 0y, I 04 l 0 l 0 [ 05

Fig 5. Representation of mutation operators.
3.6 Selection operator

The selection operator chooses the best chromosomes to speed up and also selects the best
parents for crossover and the mutation in subsequent periods. The selection operator has
different types that can be referred to as Tournament Selection and Elitism Selection (Sharma
and Wadhwa, 2014). In the Tournament Selection method, a subset of chromosomes is selected
and members of that set compete. After the competition, only one chromosome is transferred
to the new generation. Of course, the best previous generation solutions for the new generation
will likely be lost in the Tournament Selection method. Therefore, the Elitism Selection method
is also used in this paper. In this method, the best solutions produced in the previous generation
are transferred directly to the next generation without comparison. So, the advantages of both
methods are used.

3.7 Bad selection operator

The evolution algorithms face the problem of premature convergence. To avoid this problem,
an operator named Bad Selection Operator (BSO) is used in the proposed algorithm so that the
algorithm does not get trapped in the local optimality as much as possible. The BSO moves
chromosomes of any generation which do not have an acceptable fitness to a list called Bad
List. If the solution does not improve in several generations, the BSO uses them. The
chromosomes available in the bad list are used as follows. When the algorithm is trapped in
the local optimal, the chromosomes with the best fitness and the ones in the bad list are used
as parents for the two parent-one point crossover. This operator increases the diversity of genes
in chromosomes. Besides, solutions with fewer similarities are generated by the algorithm (see
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Fig. 6). Suppose Parent (a) is a chromosome selected from bad list and Parent (b) is the
chromosome that has the best fitness. A point on both parents' chromosomes is picked
randomly, and designated as a crossover point. The crossover point is represented by a red long
dash line. According to Fig. 6, this crossover produces two children. Thus, the first part of
Parent (a) is transferred directly to the Offspring (a). Subsequently, to construct the second part
of Offspring (a), the operations of the second part of Parent (b) are scrolled in sequence, and
the operations seen in the first part of Offspring (a) are not added to Offspring (a). After the
second part of Parent (b) scrolling is completed, if the second part of Offspring (a) is not
completed and there are vacancies, operations that are not yet in the Offspring (a) will be
randomly assigned to the remaining locations of Offspring (a).

(a) ‘ 0, I O | O l 014 I 0y |
Parent I
(b) ‘ 0,; I 0510, ] 04 I 04 |

|

(a) ‘ 0, I 0, I 0, l 0,; I 0,5 |

Offspring

m|o,]o

1,5 I Ol.J l 01._5 I 01.1 |

Fig. 6. Two Parent-One Point crossover operator

In the BSO, there is a parameter called Same Fitness Repetition (SFR), which indicates the
number of generations that have failed to achieve better makespan. After SFR has exceeded a
predefined number, the BSO starts up the crossover operator and adds offspring which
produced to the next generation to make diversity in the population. The parameter SFR is
determined based on error and trial method that in the proposed algorithm is considered 20.
Fig. 7 shows the performance of the BSO. In this figure, the red lines indicate where the BSO
improves the fitness function. In fact, the algorithm in iteration 21 to 40 could not improve the
fitness function. Hence, BSO began to produce offspring from iteration 41 and succeeded in
improving makespan in iteration 52. After success in improving the fitness function, the bad
list becomes empty and from iteration 53, the chromosomes with an unacceptable makespan
will be added to the bad list. The activity of this operator improves the makespan as shown in
Fig. 7.

3.8 Stopping criteria

In the proposed algorithm, two stopping criteria are considered. Limitation on the maximum
number of iterations is the first one. The second stopping criterion is the situation in which the
makespan reaches the specified value in the lower bound, then the specified number cannot be
fulfilled before it can be predefined.

3.9 Neighborhood solution

Tabu search (TS) is a local search algorithm that has memory (Glover, 1989). This algorithm
keeps a list of neighbors that have been previously searched in a list called tabu list. The
memory feature causes the algorithm to not be cycled. In this algorithm, a solution is first
selected (chromosome), then a list of its neighbors is created as X. Neighbors' fitness is
examined in the list of X. If a neighbor is better than the best solution ever found, it will be
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accepted, otherwise, it will be added to the tabu list and the list will be updated. In this method,
TS is modified as follows: Initially, a block of operations is selected. As the block moves along
the chromosome, a neighbor is produced. The neighbor will be checked, and the search will
finish if it satisfies the ending condition of the search. Otherwise, the neighbor will be in the
tabu list and the list will be updated, and again by moving the block, another neighbor will be
found. This method is called Block Search in this paper.
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Fig. 7. Performance of Bad Selection Operator

In the Block Search, the length of the block is about one to a quarter of the length of the
chromosome. In other words, the block size is in the interval [1 - (chromosome length / 4)],
which is selected at random. Then a number is selected as the starting point of block, which
can be between one and chroLen — blockSize. By moving block between operations, a new
chromosome is obtained. This chromosome can be the best solution or a member of the tabu
list. If the solution is ever found, neighborhood search will stop. Otherwise, this operation
related to Block Search continues until the block returns to the starting point.

For example, consider a chromosome that has 20 genes; i.e. chroLen = 20. As mentioned
above, a number is chosen as the block size from 1 to 5. Assume that blockSize = 2. Here, the
starting point of the block is 1 to 18. Assume that 0, ,5 and 0, ,, are selected as a block (Fig.8-
a). Then the block between operations is moved (Fig. 8-b). The fitness of the new chromosome
is calculated and if it's better than the best solution ever found, it replaces the best solution;
otherwise, it will be placed in the tabu list. The list is updated and the block is repositioned
again (Fig. 8-c).

(a) l 01,9 01.3 01..’5 01.." OI.H 01.13 01.5 01.29]
(b) l 01,9 [ 01.3 [ OI.H [ 01..’5 01.." l 01.13 [ 01.5 [ [ 01.29]
©) l 01,9 [ 01.3 [ OI.H [ 01.13 01._’.\' l 01.." [ 01.5 [ [ 01.29]

Fig. 8. Representation of Block Search
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3.10 Dynamic adjustment of the ratio of crossover and mutation operator

Mutation and crossover operators are key operators in the proposed MA whose ratio is
determined before the algorithm is executed. In this case, their ratios are constant and they
perform their respective operations for each iteration at the number of times specified in the
ratio. If each operator fails to perform its intended function, it must be executed at the ratio
specified. Executives that do not lead to better results can increase execution time without any
improvement. On the other hand, one of the operators may have a greater impact on the
improvement of the objective function, and if the ratio increases, the process of improving the
results by that particular operator may continue. Therefore, the dynamic determination of
operator ratios is the topic discussed in this section. For this purpose, the percentage of the
effect of the operators on the improvement of the solution is calculated and if the efficiency is
increased, the ratio of that operator will increase for the next iteration. Increasing the ratio in
an operator will result in the decrease of ratio in the other operator. For example, as the ratio
of the crossover operator increases, the ratio of the mutation operator decreases, and
conversely, as the ratio of mutation operator decreases, the ratio of the crossover operator
decreases. It is worth noting that decreasing or increasing the value of the ratio will not be rapid
and it will be gently done. Besides to avoid reaching zero in searching the problem space,
minimum ratios for each of the operators is intended or considered. Since the increase in the
ratio of each operator has an opposite effect on the other operator, the maximum ratio is also
set for each operator. The pseudo-code of the dynamic adjusting ratio of the crossover operator
is presented in Algorithm 1.

Algorithm 1: The pseudo-code of improving the ratio of crossover operator
For 1 to crossoverCount:
Do crossoverOperator()
sumOPT += amount of offspring's optimum
sumFit += offspring’s fitness
End For
coefficient = (SumOPT * 100) / sumFit
If (coefficient >lastCoeff):
pc++ // suitability of the operator
mc -= (mc/2) // unsuitability of the operator
crossoverCount += pc

Else:
mc ++
pc -= (pc/2)
crossoverCount -= mc
End If

lastCoeff = coefficient

/' limiting min and max of crossover ratio:

If (crossoverCount<minCrossover):
crossoverCount = minCrossover

End If

If (crossoverCount>maxCrossover):
crossoverCount = maxCrossover

End If

In this paper, the minimum and maximum ratios for an operator are calculated as follows:
suppose crossover is the desired operator, then, maximum ratio: crossover ratio, and minimum
ratio: (crossover ratio / 4).
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4 Computational experiments

In this section, the findings of the MA implementation on the HFSMT problem are discussed,
and the obtained results will be compared with the algorithms presented in the literature. The
performance of the proposed algorithm was tested on the benchmark generated by Oguz et al.
(2004), which can be accessed from the http://home.ku.edu.tr/~coguz/.

The generated benchmark has the following conditions: p;; and size;; are [1,100] and [1,5],
respectively. The number of jobs are 10, 20, 50 and 100. Also, the number of stages are 2, 5
and 8. In fact, the benchmark has two types of problems: type I and type II. In the type I, the
number of processors varies in different stages, but in the type I1, the number of processors is
fixed as 5 at all stages. In both types of problems, ten problem instances were generated for
each combination of n and k. Thus, the test bed was composed of 240 benchmark instances.
The proposed MA has been coded in Java 8, and the settings of the parameters in the MA are
as follows: initial population: 50, 80, 100, selection ratio: 0.2, 0.6, 0.8, crossover ratio: 0.5, 0.7,
0.8, 0.9, mutation ratio: 1-crossover ratio, max iteration: 80, 100, 120. For each instance, a
combination of parameter values triggered MA. Any combination of execution that has a
smaller makespan was selected as the makespan of that instance. The lower bound presented
in Oguz et al. (2004) is used as the performance measure.

Table 4. LS and BF performance on makespan

Type | Type I1
K N LS BF LS BF
5 0 2 1 1
10 1 0 1 1
2 20 0 3 0 2
50 0 4 0 5
100 0 4 0 8
5 0 0 0 2
10 1 3 0 8
5 20 1 5 2 7
50 0 6 0 10
100 0 9 0 10
5 2 2 0 1
10 1 4 3 6
8 20 2 6 2 8
50 1 7 0 10
100 0 10 0 10

To evaluate the effects of the LS and BF methods described in the previous section, the STP
rule is used to compare the performance of each of the methods in terms of C,,,,. Each problem
instance is independently run two times for the SPR rule; once based on the LS method, and
one time based on the BF method. For each run, the makespan is obtained and evaluated in
three ways: LS. = BF,,LSc,  <BFc, andLS. > BF; . The obtained results are
presented in Table 4. These results indicate that BF has a better performance in reducing
makespan. For example, in type II, k = 5, n = 20, the number of times that the LS, <
BFc, . is 7, in contrast to the case where the LS. > BF.__, which is 2 times. There is only
one case where LS. = BF;__ . To evaluate the performance of the proposed algorithm, the
computational results of the average makespan (Ave. C,,,,) for the benchmark problems were
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compared with the algorithms GA (Oguz and Ercan, 2005), ACS (Ying and Lin, 2007), SA (Wang
etal., 2011), HABC (Lin et al., 2013), MA (Jouglet et al., 2009), HIA (Ying, 2012), DFA (Rani,
and Zoraida, 2016), and ACSNDP (Kurdi, 2019). The obtained results are shown in Table 5.

Table 5. Computational results of the previous algorithms presented and the proposed MA.

Type K n GA ACS SA HABC MA HIA  DFA  ACSNDP prc;g:)ied
MA

10 4511 4511 4511 4511 4511 4511 4441 451.1 451.1

, 20 8767 8771 8753 8759 8777 8759 8701 875.9 874.2

50  2049.4 20521 20385 2038.6 2046.1 20423 20384 20450  2029.2

100 43550 4363.8 4349.2 4346.8 43486 43490 43461 43482 43479

10 6391 6451 6430 6413 6378 6414 6396 644.1 638.3

| s 20 10721 10747 10649 10666 10703 10665 10674 10703 10607
50 26040 25772 2566.6 2564.2 25717 2564.6 26040 25730  2563.9

100 47550 4697.1 4670.7 46640 47469 4696.7 4689.8 46826  4665.8

10 8369 8524 8478 8513 8403 8430 8346 848.7 837.5

g 20 13193 13156 13032 13024 13152 13053 13158 13098 12956

50  2669.6 26448 2609.3 2599.1 2623.1 2609.7 2599.1 26238  2599.1

100 5327.7 52313 52064 51914 52672 52291 51689 52133  5196.6

10 4095 4237 4228 4220 4221 4222 4027 422.9 420.7

, 20 7574 8083 8060 8061 8076 8063  747.9 806.7 805.6

50 16711 17368 17156 17160 17222 17199 16560 17208  1702.7

100 32053 32683 3191.6 3166.6 32150 32150 31666 31945  3186.7

10 6163 6003 5988 599.9 5949 5951  600.3 599.5 591.8

. g 20 9485 943 9269 9245 9453 9282 9311 937.7 918.8
50 20746 19781 19125 1850.5 1960.7 18849 18505 19406  1898.3

100 41453 36355 3530.0 34157 3802.0 3616.1 34273  3599.8  3516.7

10 8131 8422 8299 8271 8240 8283 8163 832.7 817.9

g 20 11480 11340 10956 10994 11334 11003 10468 11198 10428

50 2321.8 22685 21944 21280 23157 21755 21280 22106 = 21297

100 42166 40786 3992.8 38557 43307 4067.6 38557 40257  3855.1

Results clearly reveal that among the nine approaches, the proposed MA was able to obtain
37.5% of the problems with the lowest value of Ave. C,,,,. FOr the entire 24 cases, it can be
seen from this table that the proposed MA vyields better results on 22 cases and the same result
on case #1, and worse result on one case in comparison with HIA. In comparison with HABC,
the proposed MA vyields better results on 15 cases and the same results on cases #1 and #11
and also worse results in 7 cases. In comparison with DFA, the proposed MA vyields better
results on 10 cases and the same result on case #11 and also worse results on 13 cases; however,
in stages after stage #2, the proposed algorithm yields the better results on 9 cases and the
worse results on 6 cases. Although the number of cases with better results obtained from the
DFA is slightly higher than that of the proposed MA, the proposed algorithm yields better
results in stages after stage #2. The results of the proposed MA are better than the ones of ACS,
SA, and ACSNDRP in all of the cases except one case. In comparison with GA, the proposed
MA yields better results on 18 cases, the same result on case #1, and worse results in 5 cases.
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In order to make sure that the proposed MA is good and efficient for the benchmark problems,
the average percentage deviation (PD) is computed as follows:
PD = (CAWOTthm®) _ 1By /LB x 100

max

where cAoT™™ jg the makespan obtained by each one of algorithms included GA, ACS, SA,
HABC, MA, HIA, DFA, and ACSNDP. Besides, LB is the lower bound presented in Oguz et
al. (2004). The computational results are summarized in Table 6. Based on results of this Table,

one can conclude that the proposed MA is efficient for problem Type I and Type II.

Table 6. Computational results of PD.

The
Type K n GA ACS SA HABC MA HIA DFA  ACSNDP proposed
MA
10 241 241 241 241 241 241 0.82 241 241
9 20 2.04 2.08 1.87 1.94 2.15 1.94 1.27 1.94 1.75
50 1.93 2.07 1.39 1.40 1.77 1.58 1.39 1.72 0.93
100 0.54 0.74 0.40 0.35 0.39 0.40 0.33 0.38 0.37
10 8.69 9.71 9.35 9.06 8.47 9.08 8.78 9.54 8.55
[ 5 20 5.07 5.32 4.36 4.53 4.89 4.52 4.61 4.89 3.95
50 3.22 2.16 1.74 1.65 1.94 1.66 3.22 1.99 1.63
100 2.30 1.05 0.49 0.34 2.13 1.05 0.90 0.74 0.38
10 19.06 21.27 20.61 21.11 19.55 19.93 18.74 20.74 19.15
8 20 14.58 1426 13.18 13.11 14.23 13.37 14.28 13.76 12.52
50 5.63 4.65 3.24 2.84 3.79 3.26 2.84 3.82 2.84
100 3.66 1.78 1.30 1.00 2.48 1.74 0.57 1.43 1.11
10 9.49 1329 1305 1283 1286 12.89 7.67 13.07 12.49
20 4.21 11.21 1090 1091 1112 10.94 2.90 10.99 10.84
2 50 4.16 8.26 6.94 6.96 7.35 7.21 3.22 7.26 6.13
100 3.68 5.72 3.24 2.43 4.00 4.00 2.43 3.34 3.08
10 3291 2946 29.14 2937 2829 2834 29.46 29.29 27.63
20 1762 1710 1494 1465 1722 1510 15.46 16.28 13.94
1 > 50 18.98 13.44 9.68 6.12 12.44 8.10 6.12 11.29 8.87
100 2823 1246 920 566 1761 11.86 6.02 11.36 8.79
10 2071  25.03 2320 2279 2333 2297 21.18 23.62 21.42
8 20 2698 2543 2118 2160 2536 21.70 15.78 23.86 15.32

50 2476 2190 1792 1435 2443 1690 1435 18.79 14.44
100 20.67 16.72 1426 1034 2393 1640 10.34 15.20 10.32

5 Conclusion and future research

In this paper, an effective memetic algorithm was proposed to solve the problem
Fk(Pmy, ..., Pmy)|size;;| Cinqy- This algorithm is a neighborhood search based on tabu search
which selects the operations inside the block. It attempts to find the appropriate neighborhood
for each solution by moving the block among other operations. A new operator called the bad
selection operator, which is attempting to improve the makespan through the makespan
observed at specified intervals. To minimize the execution time of the algorithm, a method to
improve the ratio of the crossover was introduced. The experimental results clearly indicate



International Journal of Industrial Engineering & Management Science, Vol. 7, Issue 1, (2020) 127-145

that for problems that have more than two stages, the proposed algorithm could yield better
performance than most of the existing algorithms.

Future research should be focused on studying this problem in uncertain environments where
the operation processing time is not deterministic but stochastic, which makes the HFSMT
model more practical. Some other crossover techniques should be added to the proposed MA
and then the investigation of the solution quality should be carried out.
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