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Abstract

We propose an enhanced multi-objective harmony search (EMOHS) algorithm and a Gaussian mutation to solve the flexible
flow shop scheduling problems with sequence-based setup time, transportation time, and probable rework. A constructive
heuristic is used to generate the initial solution, and clustering is applied to improve the solution. The proposed algorithm uses
response surface methodology to minimize both maximum completion time and mean tardiness, concurrently. We evaluate the
efficacy of the proposed algorithm using computational experiments based on five measures of diversity metric, simultaneous
rate of achievement for two objectives, mean ideal distance, quality metric, and coverage. The experimental results demonstrate
the effectiveness of the proposed EMOHS compared with the existing algorithms for solving multi-objective problems.
c⃝ 2020 International Association for Mathematics and Computers in Simulation (IMACS). Published by Elsevier B.V. All rights

reserved.

Keywords: Flexible flow shop scheduling; multi-objective harmony search; Gaussian mutation; Simulation and computational experiments;
equence-dependent setup times; Response surface methodology

1. Introduction

Developing efficient scheduling systems is an essential factor for the productivity of the manufacturing systems
in today’s competitive marketplace. The flexible flow line environment is a relatively common scheduling system
appearing in the flow industries such as steel, petroleum, chemical processing, and packaging [1]. However, the
current scheduling models do not consider the transportation time, probable rework, and sequence-dependent setup
times in multi-objective scheduling problems. The classical flow shop problems involve only one machine at
each stage. More than one machine at least at each stage turns the problem into a flexible flow-shop problem.
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ence, the flexible flow shops are the generalized forms of simple flow shops. Chang and Liao [8] called the
cheduling jobs in the flexible flow shops NP-complete problems. The focus of most research in the flow shop
iterature has been on the single-objective optimization. Kurz and Askin [34] proposed an integer-programming

odel for a hybrid flow shop (HFS) with sequence-dependent setup times (SDST), which is one of the studies
hat use a meta-heuristic approach. They developed a random key genetic algorithm to solve the problem against
ther heuristic rules due to the difficulty in developing a direct solution to the integer programming model. The
uthors introduced a genetic algorithm to resolve the problem. Lin et al. [37] provided a simulated annealing-based
eta-heuristic for reducing the make-span in a flow-shop manufacturing cell with sequence-dependent family setup

imes. The algorithm proposed was compared in terms of effectiveness and efficiency with available heuristics on a
enchmark problem dataset previously used in other studies. An efficient hybrid metaheuristic for scheduling jobs
as presented by Behnamian et al. [4] in a hybrid flow-shop with sequence-dependent setup times. Their goal was

o develop a schedule capable of minimizing the sum of the earliness and tardiness of jobs. Tardiness has a direct
mpact on customer satisfaction and profitability. In addition, there is an inverse relationship between makespan
nd throughput since minimizing makespan results in maximizing throughput. Naderi et al. [48] proposed hybrid
ow shops where the setup times are sequence-dependent to minimize makespan and maximum tardiness. They

ntroduced a novel simulated annealing with a migration mechanism and compared their algorithm with several
igh-performing metaheuristics. Readers can refer to Wang [63] for a comprehensive review of the scheduling
roblems with a flexible flow shop.

Recent studies have focused on the problem inherent in the single-machine scheduling with sequence-dependent
etup times aimed at minimizing the total weighted tardiness of jobs. Chen [9] presented an iterated population-based
ariable neighborhood descent search algorithm designed to address a single machine with sequence-dependent setup
imes. This algorithm provided initial population solutions followed by the neighborhood descent search algorithm
enerated for each iteration. Subsequently, the solutions were enhanced by a greedy local search. Cheng et al. [12]
eveloped a mixed-integer linear programming model for a no-wait flow shop scheduling problem with SDST and
roposed a pairwise iterated greedy algorithm to solve the large size problems. Da Silva et al. [14] studied an online
ingle machine scheduling problem with SDST. They proposed a mixed-integer linear programming formulation
or the problem along with some heuristic algorithms. [31] proposed three metaheuristic algorithms (hybrid squirrel
earch algorithm, opposition based whale optimization algorithm, and discrete gray wolf optimization algorithm)
o solve bi-criteria SDST hybrid flow shop scheduling problems. Appendix A presents a comprehensive list of all
cronyms and abbreviations used in this paper.

Naderi et al. [47] reviewed the drawbacks of available models in the literature. Their work led to the development
f four mixed-integer linear programming models, which were compared with each other in terms of size and
omputational complexity. Additionally, they proposed a novel hybrid particle swarm optimization algorithm. The
esearch by Ribas et al. [56] and Ruiz and Vázquez-Rodrı́guez [57] can be used for further information and a better
nderstanding of the hybrid flow shop scheduling problem. Hwang and Lin [27] proposed a two-stage flexible flow
hop with four standard performance measures, namely, total completion time, maximum lateness, total tardiness,
nd the number of tardy jobs. They specified an optimum interleaving processing sequence of all the jobs associated
ith their starting times on the stage-2 bottleneck machine. Sioud and Gagné [59] proposed an enhanced migrating
irds optimization algorithm to solve the flow shop problem with sequence-dependent setup times. They aimed to
inimize the makespan using a novel approach based on the setup times and the new enhanced migrating birds

ptimization algorithm, namely a new heuristic based on setup times for the permutation flow shop with SDST,
nd an enhanced migrating birds optimization algorithm, respectively. Zhang et al. [69] proposed a multi-objective
ptimization model to solve the hybrid flow shop scheduling problems by minimizing total energy consumption
nd makespan. They proposed a decomposition-based metaheuristic algorithm for solving large-scale problems.
ernandez-Viagas et al. [21] examined the efficiency of different solution representations for solving hybrid flow
hop scheduling problems. They found a trade-off between the ability to conduct an efficient search in this reduced
olution space and the solution space reduction. Bargaoui and Driss [3] proposed a multi-stage model using the
abu search for solving the permutation flow shop scheduling problems. They used two multi-agent classes of
upervisor and scheduler agents. The supervisor agent generates the initial solution with the tabu search core,
nd the scheduler agents are responsible for the evaluation of all neighborhood solutions and satisfaction of the
onstraints. Computational experiments on different benchmarks showed that their proposed model reaches a high-
uality solution. The model proposed in this study is devised to minimize the makespan or the total duration of the
chedule.
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There have also been numerous studies in the scheduling literature focusing on multi-objective and hybrid flow
shop scheduling problems. However, most of them have merely followed a single dimension pattern, i.e., either
single objective hybrid flow shops, or a multi-objective optimization in scheduling such as single-machine or
classical flow shops. Another study by Tran and Ng [62] resulted in a hybrid water flow algorithm for multi-
objective flexible flow shop scheduling problems. It was designed to minimize the completion time of jobs and the
total tardiness time of the jobs. According to Meng et al. [45], during the optimization, the lot-splitting is suitable in
advance and fixed in the flexible flow shop problem. They used the lot-streaming flow shop scheduling problems and
an improved migrating birds optimization for minimizing the maximum completion time or the make-span. They
also presented a mathematical model to solve the n-job m-machine lot-streaming flow shop scheduling problem with
eparable sequence-independent setup times and equal-size sub-lots. A hybrid metaheuristic algorithm was proposed
y Behnamian and Ghomi [5] designed to address a hybrid flow shop scheduling with the machine and resource-
ependent processing times. The result of Yagmahan and Yenisey [65] was a multi-objective ant colony system
lgorithm, featured with combining the ant colony optimization approach and a local search strategy to resolve this
cheduling problem. This was the first use of an ant colony optimization metaheuristic regarding multi-objective
-machine flow shop scheduling problems aimed at both objectives of make-span and total flow time. A hybrid
ulti-objective backtracking search algorithm to solve an energy-efficient permutation flow shop scheduling problem
ith controllable transportation time was developed by Lu et al. [38]. Behnamian et al. [6] described a multi-phase

lgorithm covering the Pareto optimal front hybrid metaheuristic to minimize the make-span and the sum of the
arliness and tardiness of jobs. Yagmahan and Yenisey [64] investigated the flow shop scheduling problem with
focus on minimizing the make-span, total flow time, and total machine idle time. The ant colony optimization

lgorithm was employed to solve this problem. A limited monkey algorithm proposed by Marichelvam et al. [42]
as used to solve the flow shop scheduling problem. It was demonstrated that the monkey algorithm is useful due to

ts simple structure and strong robustness. Recently, Nouri et al. [52] studied flexible job shop scheduling problems
ith transportation times and a single robot. They employed a new metaheuristic hybridization approach based on

lustered holonic multi-agent models, and they used a local search with a set of cluster agents to improve the quality
f the final population. Nouri et al. [51] presented a neighborhood-based genetic algorithm for a flexible job-shop
cheduling problem with transportation time and multiple robots. They introduced a new metaheuristic hybridization
pproach based on a clustered holonic multiagent model. Nouri et al. [49] reviewed the job shop scheduling problems
ith transportation resources according to seven criteria, including transportation resource number, transportation

esource type, job complexity, routing flexibility, recirculation constraint, optimization criteria, and the implemented
pproaches. Nouri et al. [50] proposed another interesting model for the simultaneous scheduling of jobs and robots
n job shop scheduling.

Li et al. [36] presented a multi-stage HFS with single and batch processing machines to minimize the maximum
ompletion time and the total weighted tardiness by developing a heuristic-search genetic algorithm. More recently,
ios et al. [17] compared the hybrid flow shop scheduling with missing operations (HFSMO) with the traditional
FS problems. The proposed algorithm turned out to be more effective in solving the HFSMO problem than the

xisting heuristics.
A Lorenz dominance based on the non-dominated sorting genetic algorithm (NSGAII) was presented by Dugardin

t al. [18] to address a reentrant hybrid flow shop scheduling problem by maximizing the utilization rate of the
ottleneck and minimizing the maximum completion time. According to the results, the Lorenz NSGAII can provide
etter solutions than the NSGAII and the strength Pareto evolutionary algorithm 2. Ebrahimi et al. [19] suggested a
cheduling problem in an HFS environment, using a sequence-dependent family setup time to minimize the make-
pan and total tardiness. They used a normal data distribution and assumed uncertain due date in their model.
hey presented two metaheuristic algorithms (NSGAII and multi-objective genetic algorithm) and compared the
uantitative and qualitative results of these two algorithms with a multi-phase genetic algorithm. Gholami-Zanjani
t al. [24] considered a flow shop scheduling problem with sequence-dependent set-up times using robust and fuzzy
ptimization in an uncertain environment aimed at minimizing the weighted mean completion time. Considering
branch-and-bound algorithm for two-machine flow-shop scheduling problems with batch delivery costs, Mazdeh

nd Rostami [43] managed to minimize the maximum tardiness plus the sum of delivery costs. A mixed-integer
inear programming model and a branch and bound algorithm were also developed to solve the problem.

Marichelvam and Geetha [41] used a harmony search algorithm with a real-industrial scheduling problem and

roposed and analyzed a multistage HFS scheduling problem. Jabbarizadeh et al. [28] developed hybrid flexible flow
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hops with sequence-dependent setup times and machine availability constraints caused by preventive maintenance.
he optimization criterion included the minimization of the make-span. Sokolov et al. [61] focused on a flexible
ow shop problem for continuous production. Using uniform alternative machines, they analyzed the theories of

he optimal scheduling approach. The proposed method can be used in the mathematics of functional spaces,
ncluding stability, robustness, controllability, adaptability. A multi-phase genetic algorithm developed by Karimi
t al. [29] addresses the bi-objective group scheduling in a hybrid flexible flow shop. By incorporating flexible
nd diverse maintenance activities to minimize the total tardiness and maintenance costs, a permutation flow shop
cheduling problem was proposed by Yu and Seif [66] as a mixed-integer linear program. A lower-bound-based
enetic algorithm was presented that initially examines the parameters using a factorial experiment to identify the
tatistically significant ones. Zandieh and Karimi [68] employed a multi-objective group scheduling problem in a
ybrid flexible flow-shop with sequence-dependent setup times by simultaneously minimizing the total weighted
ardiness and maximum completion time. A multi-population genetic algorithm was proposed by them to search for

Pareto optimal solution, which was compared with two well-established benchmarks, a multi-objective genetic
lgorithm and NSGAII using three sizes of test problems, including small, medium and large to evaluate the
erformance of the proposed multi-population genetic algorithm.

Considering the literature reviewed above and to the best of our knowledge, the flexible flow shop scheduling
roblem with SDST, transportation time by conveyor, ready time, and probable rework have not been studied with
wo concurrent objectives. Thus, this research appears to be the first attempt in applying a new multi-objective
lgorithm called the novel harmony search algorithm with the Gaussian mutation. We chose five measures to assess
he performance of our proposed algorithms. We used the performance measures to compare the results of the

ulti-objective algorithms quantitatively, followed by the normalization of both objective functions. The rest of the
aper was organized as follows. In Section 2, the problem description was provided, and the assumptions were
ntroduced in detail in Section 3. The multi-objective novel harmony search algorithm with the Gaussian mutation,
enerating an initial solution with the MCH algorithm, and the data-mining approach was described in Section 4.
ection 5 focused on how to generate the test data, parameter tuning, and analyses of computational experiments.
inally, in Section 6, we presented the conclusions and some promising directions for future research in the area.

. Problem definition

The flexible flow shop is an example of a machine scheduling problem. There are n jobs to be processed.
Job j, ( j = 1, 2, . . . , n) is processed at each stage i, (i = 1, 2, . . . , s) in the series. There are mi identical parallel

achines at the stage i . The processing times of job j at the i th stage is represented by pi j . The sequence-dependent
etup time between job j and job k at the i th stage is depicted by si

jk . For the transportation of the job j between
tage i and l, we define three terms as loading time, traveling time, and unloading time, which are denoted by
t j
il , t til and ut j

il , respectively. After processing each job at each stage on each machine, an inspection procedure
as considered. The inspection time is a segment of the processing time. After inspection, with predetermined
robability (r pi

j ), each job may be needed for the reworking procedure defined by the rework time (r t i
j ). Fig. 1

llustrates the problem.
The problem was divided into three sub-problems: finding the best sequence for jobs, assignment of jobs to

achines for processing by using the first available machine [25,53] and designing a strategy for jobs in the
ransportation step employing the first-in-first-out and sequence priority. We conducted some preliminary runs to
elect the rule where the sequence priority rule was chosen due to better performance compared to first-in-first-out
ased on the following assumptions: We conducted some preliminary runs to select a sequence priority rule that
erformed better than the first-in-first-out rule, based upon the following:

• No preemption,
• Processing each job once,
• Processing times are independent of the schedule and different at different stages,
• No machine can process more than one job simultaneously,
• Machines may be idle, waiting for the next job,
• Machines never breakdown,
• The system has no buffers between stages,

• All jobs go through all production stages in the same order,
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Fig. 1. A graphical representation of the problem.

• Processing time is equal in all processors of each stage,
• Each stage contains at least one processor. With more than one processor, they are identical, and
• Transportation time is job independent and is related to the distance between two consecutive stages.

3. Mathematical formulation

The following notations, variables, and an optimization model are used to formulate the flexible flow shop
scheduling problem.
Notations:

n The number of jobs
s The number of stages
j, k Index for jobs {1, 2, . . . , n}
, l Index for stages {1, 2, . . . s}

Index for process or rework {2, 3, . . . , Q}, where Q is a big number.
Index for machine {1, 2, . . . s}

S j The last stage for job j
Mi The number of machines at stage i
Pi j The processing time of job j at the stage i
Pi jb The processing time of job j at stage i related to the process or rework
P j

r i The probability of reworking job j at the stage i
d j The due date of the job j
Si

jk The sequence-dependent setup time of job j, k at the stage i

t j
tl The load time of job j at the stage lon the machine t

t t j
il The transportation time betweeni, l, i = {1, 2, . . . , n − 1} , p = {2, 3, . . . , n}
t j
tl The unload time of job j at the stage i on the machine t

Variables:
i
j The completion time of job j at the stage i
j The completion time of job j , which is equal to Max(C i

j )∀i = 1, . . . , s

T j The tardiness of job j
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O

x i
jk =

{
1 if Job j is scheduled afte Job k in the stage i
0 otherwise

Maximizing production line utilization and minimizing work-in-progress inventories are two common concerns
in manufacturing systems. The following two common objectives are used to address these two concerns:

• Minimization of maximum completion time or makespan (min (Cmax))
• Minimization of average completion time or total completion time (min (

∑
C j ))

ptimization model:

Min z = (Z1, Z2) (1)

s.t.
n∑

j=1

x i
0 j = mi , i = 1, 2, . . . , s (2)∑

k∈{sl ,n+1}

x i
jk = 1, j = 1, . . . , n, j ∈ e j (3)

∑
j∈(0,sl )

x i
jk = 1, k = 1, . . . , n, i ∈ e j (4)

C i
j − C i

k + M i (1− x i
jk) ≥ Pi jb + Si

jk, k = 0, . . . n, j = 1, . . . , n (5)

C i
j − C i−1

j + M i
j (1− x i

jk) ≥ Pi jb + Si
jk, k = 0, . . . , n, j = 1, . . . , n, i ∈ e j − {1}, b = 2, . . . , Q (6)

C i
j ≥ C i

0, j = 1, . . . , n, i = 1, . . . , s (7)

Pi jb = Pi j + Pi j (b − 1)P j
r i , i = 1, . . . , s, j = 1, . . . , n, b = 2, . . . , Q (8)

C l+1
j + ut j

tl ≥ C l
j + t t j

l,l+1 + lt j
tl (9)

Z1 ≥ C s j
j , j = 1, 2, . . . , n (10)

T j ≥ C s j
j − d j , j = 1, . . . , n (11)

T j ≥ 0, j = 1, . . . , n (12)

Z2 = 1/n
n∑

j=1

T j , j = 1, . . . , n (13)

⎧⎪⎨⎪⎩
x i

jk ∈ {0, 1}, j, k = {1, . . . , n, n + 1}, i = 1, . . . , s

x i
jk = 0, j = k, i = 1, . . . , s

C i
j ≥ 0, j = 0, 1, . . . , n, i = 1, 2, . . . , s

(14)

Constraint 1 calculates min Z . Z1 = max(C sl
j ), and Z2 = T j = Max(0,C j − d j ). Constraint 2 indicates that the

mi machines are timed at each stage. t i
0 j reveals that the first job processed in every i Stage in Job j . Constraints 3

and 4 guarantee the performing timing of each job on only a single machine at every stage. Constraint 5 guarantees
that Job k is timed right after Job j is timed with the least waiting time. Also, Constraint 6 indicates that the time
spent on performing Job j at Stage i equals its processing time at Stage i−1 plus its processing time at Stage i . mi

j
is computed by mi

j = Pi, j . Constraints 5 and 6 suggest that no preparation time can be considered for Job j unless
it can be accessed at Stage i . Constraint 7 guarantees that the completion time of a job which has not yet been
assigned to Stage i equals its completion time at Stage i −1. Constraint 8 shows the possibility of reworking Job j
at Stage i . Constraint 9 guarantees that the completion time of Job j at Stage l+ 1 plus the collection time of job j
from Machine t at Stage l is greater than the completion time of Job j at Stage l plus the transportation time from
Stage l to Stage l + 1 and the uploading of Job j onto Machinet at Stage l. Constraint 10 shows the relationship
between C s j

j and Z1. Constraints 11 and 12 show the amount of delay and its positive value, respectively. Constraint

13 indicates the relationship between the total delay and Z2. Constraint 14 indicates the status of the variables.
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Fig. 2. Problem scenario at Diamond Glass Manufacturing Company.

Table 1
Processing time for each job in three stages.

i/j 1 2 3 4

1 3 3 8 5
2 7 4 2 6
3 5 7 6 2

3.1. Problem scenario

In this section, we present a case problem at Diamond Glass Manufacturing Company2 to demonstrate the
pplicability of the model proposed in this study. As shown in Fig. 2, the case involves processing four jobs.
ach job is processed in three stages of melting and refining, annealing, and cutting. In the melting and refining
tage, fine-grained ingredients are controlled for quality and mixed to make a batch flown into the furnace heated up
o 1500 ◦C for melting. In the annealing stage, the glass moves through the annealing lehr to remove internal stress
nd make the glass more prone to cutting. Finally, in the cutting stage, the diamond steels trim-off selvage, stressed
dges, and cut the ribbon to the job size. Two machines are available to complete the necessary work at each stage.
equence-dependent preparation (i.e., cleaning, tooling, etc.) is needed to get each machine ready for processing

he job at each stage. Once a job is processed on a machine, the product is inspected. If the product passes the
nspection, it moves to the next stage. Otherwise, the product goes through a secondary process (i.e., rework option).

orkers operate the conveyors between stages (loading and unloading) to cool or heat the product, depending on
he job.

As described above, there are four jobs, three stages, and two machines at each stage. Therefore, N = 4, M = 2,
nd S = 4 with the release times and due dates given as follows:

r1 = 0, r2 = 0, r3 = 0, and r4 = 0; d1 = 54, d2 = 45, d3 = 40, and d4 = 26

The processing times of jobs at each stage are given in Table 1, setup times in Table 2, and transportation times
n Table 3. The probability of rework and rework time are shown in Table 4.

Four random numbers were generated between 0 and 1 (0.34, 0.78, 0.12, 0.24) for four jobs (3, 4, 1, 2) where
he smallest random number is associated with Job 1, and the largest random number is associated with Job 4. The
emaining jobs are placed in between.

The machines were selected according to the first available machine. Job sequencing was determined based on
he processing time, setup time, and transportation time (Fig. 3). For example, a random number between 0 and 1
as generated for Job 3, and it was compared to the rework probability. If the value were smaller than the rework

2 The name is changed to protect the anonymity of the company.
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Table 2
Sequence-dependent setup times for each job at three stages.

k/j
Stage 1 Stage 2 Stage 3

1 2 3 4 1 2 3 4 1 2 3 4

1 2 2 1 4 1 2 4 5 1 6 4 2
2 5 4 6 2 3 3 4 2 2 2 1 5
3 6 2 1 4 5 4 2 3 1 3 3 6
4 2 4 1 2 2 1 3 2 4 4 3 1

Table 3
Load, transportation, and unload times.

(a) Between Stage 1 and Stage 2

Time
Job

1 2 3 4

Load time 3 4 4 2
Transportation time 2 4 3 5
Unload time 3 4 5 3

(b) Between Stage 2 and Stage 3

Time
Job

1 2 3 4

Load time 1 4 3 2
Transportation time 3 2 1 1
Unload time 1 2 3 1

Table 4
Probability of rework time and rework time for each job at three stages.

(a) Probability of rework time

i/j
Jobs

1 2 3 4

1 3
100

11
100

4
100

5
100

2 6
100

7
100

3
100

7
100

3 8
100

10
100

5
100

7
100

(c) Rework time

i/j
Jobs

1 2 3 4

1 2 2 3 3
2 4 2 1 3
3 2 3 4 1

probability, the rework process would be applied; otherwise, it was the same as in the previous case. In stage 3 for
job 3, the random number of 0.04 was obtained, which was smaller than 0.05, and the reworking was applied to
job 3. The time for this reworking was 0.04. Consequently, for job 1 in stage 1 and job 2 in stage 2, the reworking
was applied. According to Fig. 3, Cmax is defined as:

Cmax = max(36, 50, 40, 29) = 50,C j = (36, 50, 40, 29), T j = [(54− 36), (45− 50), (40− 40), (26− 29)]

= (5, 3), T =
5+ 3

4
= 2→ Cmax = 50, T = 2.
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Fig. 3. The job allocation procedure for the illustrated example.

Table 5
Processing time for each job at two stages.

i/j
Jobs

1 2 3

1 3 3 8
2 7 4 2

Table 6
Sequence-dependent setup times for each job at two stages.

k/j
Stage 1 Stage 2

1 2 3 1 2 3

1 2 2 1 1 2 4
2 5 4 6 3 3 4
3 6 2 1 5 4 2

3.2. The lower bound (LB)

In this section, we propose a lower bound to validate our results for the objective function. We assume all
machines are always available for processing jobs to simplify the calculation procedure. In other words, we assume
there is no waiting time for the jobs (no idle time for the machines). We further disregard the rework option since
it is a probabilistic event that cannot be incorporated in the lower bound calculation. Therefore, the lower bound
proposed here is applicable to deterministic cases similar to the relaxed version of the problem considered in this
study. The formula for calculating the lower bound is presented as Eq. (15):

LB = Max

{
S∑

i=1

Pi j + Min S1
jk +

S∑
i=1

(
lt j

il + t t j
il + ut j

il

)}
∀k, j ∈ 1, . . . , n, l ∈ 1, . . . , S (15)

here Pi j is the processing time of job j in Stage i , MinS1
jk is the minimum sequence-dependent setup time for

ach job in Stage 1. It is worth noting that the sequence-dependent setup times of the other stages are disregarded
ince we assume all machines are available right after transporting jobs to the next stage. lt j

il , t t j
il and ut j

il are the
oading, transportation, and unloading times for each job between two subsequent stages, respectively.

Let us consider the following numerical example with three jobs to show the calculation procedure. This is a
wo-stage flexible flow shop problem with two identical machines at each stage. There are 3! possible sequence for
hese three jobs as follows: 1-2-3, 1-3-2, 2-1-3, 2-3-1, 3-1-2 and 3-2-1. The inputs for this numerical example are
hown in Tables 5, 6, and 7. Table 5 shows the processing time of the three jobs in Stage 1 and Stage 2. Table 6
hows the sequence-dependent setup time for jobs in both stages, and finally, the loading time, transportation time,
nd unloading time are shown in Table 7.
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Table 7
Load, transportation, and unload times between Stage 1
and Stage 2.

Time
Jobs

1 2 3

Load time 3 4 4
Transportation time 2 4 3
Unload time 3 4 5

The following optimal Cmax is calculated for the six possible sequences:

Min Cmax = Min(28, 26, 28, 26, 33, 33) = 26

Appendix B shows the maximum completion time for all six job sequences. Next, we calculate Cmax for job
sequences composed of three jobs, two stages, and two machines. According to Eq. (15), a lower bound of 23 is
calculated for this problem as follows:

LB = Max {(10, 7, 10)+ (2, 2, 1)+ (8, 12, 12)} = Max {(20, 21, 23)} = 23

The closeness of 23 to 26 derived from the lower bound formula proposed here, confirms and validates our
results.

4. Enhanced multi-objective harmony search algorithm with Gaussian mutation (E-MOHS)

The meta-heuristics have been successfully applied to a variety of optimization problems such as short-term hydro
system scheduling [67], flexible job-shop scheduling problems [58], cost minimization of the butter-oil processing
plant [55], and global optimization [39]. Harmony search is one of the widely used metaheuristic algorithms that is
inspired by musical improvisation. There more advantages to the harmony search algorithm. The main advantage of
harmony search is in its ability to control a few decision variables, not requiring initial value settings, not depending
on differentiability and continuity as a mathematical characteristic, and ease of implementing and understanding
[32]. In addition, the harmony search algorithm has shown poor convergence and poor global search. Consequently,
the algorithm memory-based constructive heuristics is used to generate the initial solutions, and the proposed data
mining method in the algorithm is used for improving convergence. It has been employed for solving different
optimization problems [2,44,70]. Dai et al. [15] proposed the multi-objective version of this algorithm, known as
MOHS, and several important enhancements are included in the proposed harmony search algorithm with Gaussian
mutation (GMHS). First, each harmony stored in the harmony memory is selected with different probabilities to
improve the convergence of the harmony search algorithm. Second, in the pitch adjustment phase, a decreasing
bandwidth plus an adaptive bandwidth are designed to improve both the global and local search ability throughout
the search process. The third is the integration of chaotic maps with GMHS for parameter adaption. Finally, a
Gaussian mutation operator is utilized after improvisation in the GMHS to speed up the convergence rate and to
prevent the trapping of the algorithm in local optima.

4.1. The basic harmony search algorithm

We called each solution in the basic harmony search a “harmony” and described it by an n-dimension real
vector, which was introduced by Geem et al. [23]. In the beginning, an initial population of harmony vectors is
randomly generated and stored in a harmony memory (hm). In the case of the better fitness value of the newly
generated harmony than the worst one in the hm, the hm will be updated. In the following, the basic harmony
search algorithm procedure is presented:
Step 1: Initializing the problem and harmony search parameters
In this stage, the parameters of the harmony search algorithm are set: Harmony memory size, harmony memory
considering rate (HMCR), distance bandwidth (bw), pitch adjusting rate (PAR), and the number of improvisations.
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Step 2: Initializing the harmony memory

hm =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

X1
X2
...

X i
...

XHMS

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦
=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

x1,1 x1,2 . . . x1, j . . . x1,n
x2,1 x2,2 . . . x2, j . . . x2,n
...

... · · ·
... · · ·

...

xi,1 xi,2 · · · xi, j · · · xi,n
...

... · · ·
... · · ·

...

xHMS,1 xHMS,2 . . . xHMS, j · · · xHMS,n

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦
(16)

Step 3: Innovating a new harmony
Based on the three rules of (a) memory consideration, (b) pitch adjustment, and (c) random selection, we produced
a new harmony vector of Xnew = (Xnew,1, Xnew,2, . . . , Xnew,n). The generation of harmony is typically called
“Improvisation”, which was proposed by Lee and Geem [35]. In the memory consideration phase, we randomly
selected the value of each decision variable Xnew, j ( j ∈ {1, 2, . . . , n}) for the new harmony from any harmony
vector X i, j (i ∈ 1, 2, . . . ,HMS) with the probability of HMCR.

xnew, j ←

⎧⎪⎪⎨⎪⎪⎩
xnew, j ∈

[
x1, j , x2, j , . . . ., xHMS, j

]
;

wi th probabili t y HMCR
xnew, j = LB j + rand () .

(
UB j − LB j

)
;

wi th probabili t y 1− HMCR,

(17)

Using the pitch adjustment rule with the probability of PAR, we set each Xnew, j achieved by the memory
onsideration so that the proportion of 1 − PAR and the value of Xnew, j would remain unchanged. Under the
itch adjustment rule, Xnew, j was set as follows:

xnew, j =

{
xnew, j ± rand () · bw; wi th probabili t y PAR
xnew, j ; wi th probabili t y 1− PAR (18)

The memory-based constructive heuristic is used to generate an initial solution for the harmony search algorithm.
We use the MCH-12 algorithm [20] to obtain the lower-bound solutions to the problem (See Algorithm 1 in
Appendix C for the MCH-12 pseudo-code). A novel clustering approach is applied to the population in the harmony
search memory in each iteration to improve the quality and diversity of obtained solutions in the Pareto front. The
clustering approach enhances the exploration and exploitation of our proposed algorithm. The clustering structure
is originated from the k-means method with a subtle difference. The user defines the number of clusters (k) as an
input at the beginning of the algorithm. The following mathematical function is used for this purpose:

T otal WCV =
n∑

i=1

(Ei − x∗i )2 (19)

where k is the total number of clusters and Ei is the value of the ith element in each solution, x∗i is the solution
representation (i.e., permutation) of the optimal solution, and n is nth location in the solution representation. In the
k-means method, µ is replaced with x∗i in our proposed method.

This method calculates the distance from the optimal solution for all solutions in the pool. They are then sorted
based on their distance in descending order. Next, each solution is assigned to a predefined k cluster from the
nearest to the longest distance. Those with smaller distances from the optimal solution (the best cluster) will receive
a higher probability, and those with a longer distance from the optimal solution (the worst cluster) will receive a
lower probability. Finally, the MOHS will consider these probabilities in its exploration and exploitation procedures.
Since our problem is a multi-objective problem, this process is repeated twice in each iteration—one time based
on Cmax and one time for the mean tardiness.
Step 4: Updating the harmony memory
A better newly generated harmony Xnew than the worst harmony stored in the hm assessed by the objective function
value leads to updating the hm. In this case, we replaced the worst harmony with a new one.
Step 5: Evaluating the stop measure

If the stop measure is met, running the algorithm will be terminated. Otherwise, we continue to phase 3.
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.2. The suggested GMHS for the multi-objective optimization

Using the basic harmony search algorithm for solving multi-objective optimization problems (MOOPs), a weak
unction was revealed by the algorithm in escaping from the local Pareto front as well as a poor convergence rate.
hus, we suggested a GMHS solve the MOOPs.

.2.1. Modified memory consideration
Chen et al. [10,11] proposed a small value in the case of uni-objective optimization. As the i th harmony vector

as generated, its analogous harmony in hm would be assigned in the i th position of hm. In a modified memory
onsideration, the value of every decision variable Xnew, j for the new harmony is randomly produced within the
ossible range of values, with a probability 1− HMCR, while choosing the probability of HMCR, Xnew, j is from
ny harmony vector X i, j in the hm with varied probabilities instead of the identical probability.

xnew, j ←

⎧⎪⎪⎨⎪⎪⎩
x ′new, j ;

wi th probabili t y HMCR
xnew, j = LB j + rand () ·

(
UB j − LB j

)
;

wi th probabili t y 1− HMCR

(20)

x ′new, j ←

⎧⎪⎪⎨⎪⎪⎩
x ′new, j ∈ {x1, j, x2, j, . . . , xHMS, j}
wi th probabili t y PC

xcorresponding, j

wi th probabili t y 1− PC

(21)

According to the subscript, ‘new’ ofXnew, j , the Xnew, j is a newly produced harmony, new ∈ {1, 2, . . . ,HMS}.
n Eq. (21), the parameter Pc occurs in the range of [0, 1]. and the probability of all elements in the ith harmony
s stored in the hm chosen to generate the newth harmony as Eq. (22), but without Pc, this probability can be
ormulated as Eq. (23). PHS

i is not dependent on Pc, while PGMHS
i does. Also, PGMHS

i is almost equivalent to PHS
i

hile Pc has a value close to 1 and new ̸= i , the PGMHS
i is always much bigger than PHS

i when new = i .

PGMHS
i =

⎧⎪⎪⎨⎪⎪⎩
(

1− Pc +
P

HMS

)n

; new = i(
Pc

HMS

)n

; otherwise
(22)

PHS
i =

(
1

HMS

)n

, new = 1, 2, . . . .,HMS (23)

4.2.2. Chaotic map-based parameter adaption for PAR
Due to the dependence of parameter PAR on the problem features, an adaptive PAR is preferred. Two chaotic

maps were used in the pitch adjustment phase of GMHS for parameter matching as follows:
Iterative chaotic map with infinite collapses (ICMIC) map: the following equation defines the iterative chaotic

map with infinite collapses proposed by He et al. [26].

xn+1 = sin
(

a
xn

)
, a ∈ (0,∞) , xn ∈ (−1, 1) (24)

The ICMIC map produces chaotic sequences in (−1, 1). The value of α is set to 70 in the experiments. Logistic
map generates chaotic sequences in (0, 1) and is given by:

xn+1 = ψxn (1− xn) , 0 < ψ ≤ 4, xn ∈ (0, 1) (25)

4.2.3. Pitch adjustment with decreasing bandwidth and adaptive bandwidth
Due to the significant role of bwin the convergence rate and the search capability suggested by Mahdavi et al.
[40] and Zou et al. [71] in creating a balance between exploration and exploitation, a probability Pbw is introduced
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into GMHS. In the pitch adjustment, the first type bandwidth reduction is employed with the probability of Pbw,
while with the probability of 1− Pbw, the second kind of adaptive bandwidth is chosen.

bw (t)1, j = bw1, j,min +
(
bw1, j,max − bw1, j,min

)
×

(
T − t

T

)φ
(26)

bw1, j,max =
UB j − LB j

2.HMS
(27)

In algorithm 2 (see Appendix D), bw(t)1, j presents the first kind of bandwidth of the jth variable by the t repeat
given by Eq. (26). In Eq. (27), bwi, j,max is the maximum bandwidth value of the jth decision variable given by
Eq. (26), φ is a positive value, T is the maximal iteration number, and bwi, j,min is the minimum bandwidth value of
the jth decision variable. The bw(t)2, j represents the second kind of bandwidth of the jth decision variable in iteration
1 that changes adaptively, N (

⏐⏐Xr1, j − Xr2, j
⏐⏐), ⏐⏐⏐ Xr1, j−Xr2, j

10

⏐⏐⏐ is a value normally distributed with mean
⏐⏐xr1, j − xr2, j

⏐⏐
and standard deviation

⏐⏐xr1, j − xr2, j/10
⏐⏐. The decision variables xr1, j and xr2, j are randomly selected from different

harmonies stored in the hm.

4.2.4. Gaussian mutation operator
Although a harmony search algorithm can converge to a global optimum for single-objective optimization, such

a convergence may be interrupted in applying the algorithm to solve the MOOPs. This somehow improves the local
searchability and global ability. The procedure of the Gaussian mutation operator in the GMHS is described as
Algorithm 3 (see Appendix E).

σ =
UB j − LB j

kx
(28)

The N (Xnew, j,σ ) is a value in Algorithm 2, which is normally distributed with a mean Xnew, j and standard
deviation of σ . The σ usually is dependent on the length ∆x = UB j − LB j and is computed by Eq. (28). In

q. (28), kx is a coefficient to control the value of σ and is set equal to 20. According to algorithm 2, the value
xnew, j of the jth decision variable remains unchanged with the probability 1− Pgm , while Xew, j is updated by the

aussian mutation step with the probability pgm . In the Gaussian mutation step, a mutated value Xmut
new, j is generated

y a Gaussian function, and for the value of Xmut
new, j , j is limited in [LBi ,UB j ] and then Xew, j is displaced by the

utated value Xmut
new, j .

.2.5. Updating the hm
The updating of hm in the proposed GMHS algorithm is quite different from in the basic harmony search

lgorithm. Deb et al. [16] proposed a rapid non-dominant sorting and crowding distance method to be used in
pdating the hm studied by Sivasubramani and Swarup [60].

.2.6. Updating the external archive
Deb et al. [16] proposed a crowding distance method which is impractical for problems with more than two

bjectives. The updating procedure of the external archive is described as Algorithm 4 (see Appendix F) where
At is the external archive in the iteration t , and hmt+1 refers to the best hm for improvisation in the iteration +1.
N is the maximum size of the external archive. All the Pareto solutions will be retained in the archive At+1. The
rocedure of GMHS for MOOPs is described as Algorithm 5 (see Appendix G).

. Simulation and computational experiments

We evaluate the effectiveness and competitiveness of the EMOHS against four benchmark methods, including
SGAII, multi-objective particle swarm optimization (MOPSO), Pareto envelope-based selection algorithm 2

PESAII), and multi-objective invasive weed optimization (MOIWO). Deb et al. [16] proposed an upgraded elitist
lgorithm named NSGA II. In the NSGA II, there are several significant innovations, including a fast non-dominated
orting approach, a quick crowed distance estimation procedure, and a simple crowed comparison operator, which
lleviates these difficulties. The MOPSO proposed by Kennedy and Eberhart [30] simulates the flocking behavior of

irds. The PESA-II [13] is a classic evolutionary multi-objective optimization with a grid-based fitness assignment
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Table 8
The coding of experimental factors and levels.

Factors Symbol
Coded level

−1 0 1

HMCR X1 0.97 0.98 0.99
N X2 50 100 150
T X3 30000 40000 50000
PC X4 0.7 0.8 0.9
HMS X5 100 125 150
Pbw X6 0.6 0.7 0.8
PAR X7 0.1 0.15 0.2
Pgm X8 0.6 0.7 0.8

strategy in environmental selection. The MOIWO, introduced by Kundu et al. [33], simulates the colonizing behavior
of the weeds. This behavior is used to search the solution space by increasing the number of iterations and decreasing
the distance of the generated weeds from their parent. This competitive elimination process continues until better
weeds (solutions) are obtained. We ran the algorithms in the MATLAB 2011 application on a PC with an Intel core
i5 processor of 2.30 GHz and 4 GB of RAM memory.

The samples were produced using the following combinations of job number (n) and stage (s), where n =
{20, 40, 60, 80, 100} and s = {2, 4, 8). We also generated groups of samples by two parallel machines per stage and
a group with several parallel machines at each stage sampled from a discrete uniform distribution in the range [1, 6].
Using a discrete uniform distribution over the interval, we produced the processing times and anticipatory sequence-
dependent setup times ([1, 99] & [1.50]). In the case of readiness times, the integers are uniformly distributed
between 0 and 100. By uniform distribution in a range of [1, 15], we generated both loading and unloading times.
Using the uniform distribution in the range of [1, 30], the traveling times were generated between two subsequent
stages. The repeatability chance of every operation was predicted based on an exponential distribution (λe−λ) with
a mean of 0.1. In addition, the rework times of jobs requiring a reworking procedure were generated using a
processing time function related to the machine

(
Round(U (0.3, 0.6)× pi, j )

)
. The different rates of the factors led

to 30 different scenarios.

5.1. Parameter setting

We used the response surface methodology in this article to set the parameters. This methodology, proposed by
Box and Wilson [7], is designed to estimate the optimum value of various parameters with an influence on different
surfaces of parameters.

Thus, two levels were considered for each effective parameter. At a lower level, the parameters take a value of
−1 and +1 at an upper level. Eq. (29) shows the coding of the different levels of the parameters.

X i =
ri −

( h+L
2

)( h−L
2

) (29)

Mirhosseini et al. [46] generalized the response surface model to explain the changes in the response variables,
hich is given below.

y = β0 +

k∑
i=1

βi X i +

k∑
i=1

βi i X2
i +

∑
i< j

βi j X i X j + ε (30)

The eight factors (X1, X2, . . . , X8) were considered as the main variables, including HMCR, N , T, PC,HMS,
Pbw,PAR, and Pgm . The values of the high and low parameters are given in Table 8.

We ran each algorithm using different combinations of factors in Table 8 with ten replicates for each. The
est make-span was recorded for each implementation. The response variables of the experiment were then
omputed with the makespan obtained for each instance. The factors with a significant impact on the algorithm

2
re X1, X5, X7, X2 X3, X1 X4, X3 X4, and X2 . The mathematical model results are presented in Table 9.
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Table 9
Tuned values of the proposed algorithm parameters.

Factor HMCR N T Pc HMS Pbw PAR Pgm

Symbol X1 X2 X3 X4 X5 X6 X7 X8
Best value 0.987 123 40000 0.76 138 0.61 0.182 0.614

5.2. Performance measures

Performance indices were used to compare the results of the multi-objective algorithms quantitatively after
normalization of both objective functions. We proposed five indices described by Rabiee et al. [54] and Behnamian
et al. [6].

a. Quality metric (QM):
The quality metric is used to simultaneously consider all Pareto solutions obtained by each algorithm,
followed by a non-dominant operation. Finally, we defined the quality of each algorithm by a new set of
Pareto optimal solutions allocated to every algorithm.

b. Mean ideal distance (MID):
The following formula is used to compute the MID index:

MID =
∑n

i=1 ci

n
(31)

where n is the number of Pareto optimizations and ci =

√
f 2
1i + f 2

2i . It should be noted that the lower the
MID, the higher the quality of the algorithm is.

c. The rate of simultaneous outputs of the bi-objective functions (RAS):
Firstly, the ideal point was calculated. Then, the RAS was computed using the following equation:

RAS =

∑n
i=1

(
| f1i− f best

1 |

f best
1

+
| f2i− f best

2 |

f best
2

)
n

(32)

d. Diversification Metric (DM):
This metric can be computed by Eq. (32). In this metric, the algorithm with a higher value has a better
capability.

DM =
√

(max f1i −min f1i )2 + (max f2i −min f2i )2 (33)

e. Coverage (C)
The coverage metric proposed by Garcia and Trinh [22], determines the fraction of P F∗ captured by the
solution P F . This metric has a six-by-six matrix for each value. To find the score for the coverage metric,
the average for each row is calculated, and the column for all average scores is normalized as follows:

C =
|P F ∩ P F∗|
|P F∗|

=

⏐⏐⏐{k ∈ K : ∃i ∈ I such that P F∗k j = P Fi j f or all j ∈ J }
⏐⏐⏐

|K |
(34)

P F : = {F(x) : x ∈ P S}, P S : = {x ∈ X : ∃x ′ ∈ X, F(x ′) ≺ F(x)} (35)

5.3. Comparisons among algorithms

We implemented each algorithm according to the job number at different times, and then we compared the results
in Table 10.

After calculating the efficiency of the Pareto optimal solutions, we computed the efficiency of each algorithm in
terms of DM, MID, RAS, QM, and C.

As shown in Table 11, EMOHS outperforms the other approaches on MID, RAS, QM, and C in terms of mean

and number of optimal solutions. However, no significant difference was found among algorithms on DM.
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Fig. 4. Means and interval plot for algorithms for each performance measures.

As shown in Fig. 4(a), EMOHS outperforms all other algorithms on the QM (quality) metric since higher values
are preferred to lower values. The MOHS algorithm has the next best performance in comparison with the MOPSO,
MOIWO, and NSGAII algorithms according to the QM metric. However, there is no statistical significance between
MOHS and PESAII on QM. We also could not find any statistical difference among MOIWO, MOPSO, and NSGAII
with regards to the QM metric. Fig. 4(b) shows the EMOHS algorithm outperforms all other algorithms on the MID
(mean ideal distance) metric. However, this difference is not statistically significant compared with the MOHS
algorithm since their CIs overlap. Moreover, the MOHS and PESAII algorithms have the next best performance on
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Table 10
Job number and CPU time (second).

Job number CPU time

20 100
40 500
60 1000
80 2000

100 3000

the MID metric. However, there is no statistical difference between these two algorithms, according to the MID
metric.

Fig. 4(c) shows the EMOHS algorithm performs better than the other algorithms on the C (coverage) metric,
and this difference is statistically significant. The MOIWO and NSGAII algorithms have similar performance, and
there is no statistical difference between them. The MOPSO algorithm performs worse than the other algorithms
considering the average performance. Fig. 4(d) indicates the EMOHS algorithm has the best performance among all
algorithms. However, its difference with the MOHS algorithm is not statistically significant. The worst performance,
according to the RAS metric, belongs to the MOPSO algorithm, the same as the QM and MID metrics. According
to the DM (diversification) metric in Fig. 4(e), the MOIWO algorithm performs better than the other algorithms.
However, this difference is not statistically significant if we compare it with the MOPSO, NSGAII, and PESAII
algorithms. Finally, In contrast with the QM, MID, RAS, and C metrics, the EMOHS and MOHS algorithms have
not displayed their superiority according to the DM metric.

6. Conclusion and future research directions

The flexible flow shop scheduling problem is a well-known NP-hard problem composed of flow shops and parallel
machines. The transportation times, sequence-dependent setup times, and rework times have been long overlooked
in the flexible flow shop scheduling research. Transportation time is often an unavoidable time causing idle times
or waiting times in job scheduling. The sequence-dependent setup time plays a crucial role in many industries
(e.g., chemical manufacturing) where the cleaning process and intensity are highly dependent on the most recently
proceed product and the next product to be processed on that machine. Rework is the transformation of production
rejects into re-usable products of the same or lower quality. Rework can be very profitable, especially when disposal
costs are high and materials are expensive or limited in availability. The insufficient research on considering these
issues and the opportunity to work on a challenging real-world problem motivated us to develop and implement
the model proposed in this study. To tackle these concerns, we proposed an enhanced multi-objective algorithm
and designed a simulation–optimization framework for implementing the rework process. The proposed algorithm
has four attractive and distinctive features, including (i) generating the initial solution using a recently developed
constructive heuristics, (ii) employing a Gaussian mutation to enhance the exploration quality, (iii) utilizing a novel
K-means clustering approach for improving the quality and diversity of the obtained Pareto solutions, and (iv)
applying a response surface methodology for tuning all parameters and increasing reliability.

The EMOHS algorithm is compared with five well-known algorithms, including NSGAII, MOPSO, PESAII,
MOHS, and MOIWO. Five metrics of DM, MID, RAS, QM, and C are used for evaluation and comparison purposes.
The EMOHS algorithm outperformed all five competing algorithms in four of the five performance metrics except
for the DM metric. The MOHS algorithms performed better than the MOPSO, MOIWO, and NSGAII algorithms in
all performance metrics. It is worth mentioning that this difference was not significant in some cases. For example,
the MOHS and PESAII algorithms do not have significant differences, and the average performance of the MOHS
algorithm is slightly better than others. The EMOHS algorithms outperformed other algorithms on the RAS metric,
but this difference was not statistically significant. The MOIWO and NSGAII algorithms have similar performance
on all performance metrics, and there is no statistical difference among them. They are just different in terms of
their average performance. Finally, the MOPSO algorithm has worse performance in comparison with the other
algorithms on all metrics except for the DM metric. Possible lines of future research include flexible flow shop
scheduling systems with unrelated parallel machines, dedicated machines, and the non-resemble case for the rework
procedure and the hybridization of other meta-heuristic algorithms with the EMOHS algorithm. Additional future
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Coverage

NSGAII PESAII MOHS MOPSO EMOHS MOIWO NSGAII PESAII MOHS

2.75 0.715 0.449 0.03 0.5 0.07 0.11 0.11 0.18
3.35 0.82 0.583 0.05 0.36 0.13 0.08 0.19 0.19
0.09 1.66 0.11 0.06 0.51 0.05 0.11 0.13 0.14
0.231 0.65 0.51 0.09 0.25 0.18 0.12 0.18 0.18
0.34 3.3 0.5 0.1 0.2 0.12 0.12 0.15 0.31
2.31 0.605 0.112 0.13 0.32 0.14 0.08 0.14 0.19
0.085 0.382 0.38 0.04 0.61 0.05 0.06 0.11 0.13
0.07 0.74 0.077 0.1 0.38 0.09 0.18 0.11 0.14
0.191 1.74 0.12 0.07 0.35 0.06 0.07 0.07 0.38
0.34 0.34 0.322 0.17 0.32 0.1 0.06 0.14 0.21
0.14 0.6 0.604 0.3 0.19 0.09 0.11 0.11 0.2
0.32 0.92 0.224 0.12 0.15 0.21 0.19 0.16 0.17
0.49 0.559 0.078 0.05 0.23 0.14 0.28 0.14 0.16
0.267 0.578 0.47 0.07 0.14 0.09 0.09 0.35 0.26
0.572 0.428 0.42 0.19 0.12 0.29 0.08 0.09 0.23
0.503 0.605 0.371 0.15 0.23 0.18 0.16 0.13 0.15
0.112 2.447 0.2724 0.04 0.36 0.06 0.03 0.13 0.38
2.07 1.64 0.253 0.2 0.25 0.11 0.13 0.17 0.14
0.05 0.468 0.293 0.05 0.23 0.08 0.28 0.24 0.12
0.628 0.72 0.19 0.04 0.48 0.21 0.07 0.08 0.12
0.428 0.52 0.229 0.12 0.33 0.08 0.06 0.16 0.25
0.274 0.321 0.625 0.05 0.45 0.09 0.06 0.2 0.15
0.964 0.86 0.424 0.06 0.2 0.11 0.28 0.23 0.12
0.21 0.65 0.565 0.07 0.35 0.1 0.06 0.13 0.29
0.35 0.25 0.2 0.11 0.24 0.05 0.07 0.4 0.13
0.06 0.817 0.228 0.04 0.35 0.06 0.07 0.31 0.17
0.267 0.84 0.501 0.06 0.43 0.09 0.06 0.14 0.22
0.3671 0.355 0.31 0.06 0.37 0.1 0.08 0.17 0.22
0.552 0.855 0.691 0.12 0.31 0.06 0.08 0.17 0.26
0.064 0.77 0.489 0.05 0.29 0.06 0.1 0.16 0.34
Table 11
The results of performance measures (QM, DM, RAS, DM, and C).

Quality MID RAS DM

MOPSO EMOHS MOIWO NSGAII PESAII MOHS MOPSO EMOHS MOIWO NSGAII PESAII MOHS MOPSO EMOHS MOIWO NSGAII PESAII MOHS MOPSO EMOHS MOIWO

20-2-16 0 1 0 0 0 0 1.4142 0.0781 0.7733 0.3587 0.3587 0.214 2 0.0781 0.4193 0.3664 0.3664 0.2214 0 0.47 0.726
20-2-22 0 1 0 0 0 0 1.36 0.2268 0.5665 0.9523 0.4003 0.3846 1.76 0.242 0.7328 1.1705 0.5401 0.4559 0.56 0.377 0.192
20-4-16 0 1 0 0 0 0 1.0167 0.1316 1.2425 0.5921 0.472 0.4476 1.3964 0.1339 1.7375 0.7784 0.6118 0.5905 0 0.341 0.683
20-4-22 0 1 0 0 0 0 0.9939 0.3746 0.495 0.8902 0.495 0.495 1.327 0.4874 0.5772 1.2036 0.5772 0.5772 1.43 0.314 0.354
20-8-16 0 0.1667 0 0 0 0.8333 0.954 0.5299 0.7505 0.7505 0.6245 0.3138 1.2797 0.7297 0.9121 0.9121 0.826 0.3581 0.781 0.343 0.452
20-8-22 0 0.8333 0 0 0 0.1667 0.3685 0.1569 0.3292 0.5724 0.3292 0.2606 0.5027 0.1734 0.4229 0.7489 0.4229 0.2606 0.356 0.243 0.84
40-2-16 0 1 0 0 0 0 1.2625 0 0.9486 0.8314 0.4688 0.3951 1.7757 0 1.2141 1.158 0.6374 0.5043 0.123 0.223 0.44
40-2-22 0 0.3333 0 0.3333 0 0.3333 0.7236 0.208 0.8643 0.4703 0.6812 0.561 1.0334 0.3023 1.1964 0.6711 0.8414 0.7529 0.5618 0.704 0.651
40-4-16 0 0.6667 0 0 0 0.3333 0.6899 0.1485 0.8989 0.6899 0.686 0.1365 1.0703 0.234 1.2237 1.0703 0.9501 0.7174 0.37 0.467 2.97
40-4-22 0 0.5 0 0 0 0.5 0.5353 0.3023 0.8407 1.4142 0.6489 0.432 0.9741 0.6078 1.281 1.364 1.0433 0.826 0 0.634 0.761
40-8-16 0.25 0.5 0 0 0 0.25 0.228 0.361 0.8086 0.5811 0.6111 0.334 0.5908 0.7411 0.9225 0.8026 0.8181 0.6652 0 0.22 0.47
40-8-22 0 0.33 0.166667 0.166667 0.166667 0.166667 0.8026 0.5908 0.456 0.478 0.575 0.518 1.138 0.8374 0.675 0.744 0.783 0.791 0.225 0.315 0.062
60-2-16 0 0.6667 0 0.3333 0 0 1.4142 0.3282 0.5335 0.2676 0.5317 0.4679 1.561 0.3898 0.8327 0.3258 0.6842 0.576 1.148 0.543 3.2
60-2-22 0 0 0 0 0.5 0.5 0.9098 0.4925 0.741 0.648 0.1959 0.2632 1.2261 0.616 0.822 0.718 0.312 0.4963 0.351 0.327 0.32
60-4-16 0.2 0 0.2 0 0 0.6 0.412 0.5845 0.2693 0.8796 0.7875 0.3315 0.386 0.6291 0.3453 1.0924 0.8291 0.363 0.237 0.755 4.56
60-4-22 0 0.5 0.25 0 0 0.25 0.7867 0.5465 0.6601 0.7021 0.8917 0.7758 1.0384 0.6291 0.7586 0.8683 1.193 1.2286 0.492 0.5 4.916
60-8-16 0 1 0 0 0 0 0.79 0 0.56 1.02 0.272 0.095 0.8814 0 0.72 1.221 0.4605 0.2213 0.77 0.497 4.05
60-8-22 0.5 0.5 0 0 0 0 0.513 0.441 0.935 0.818 0.614 0.75 0.581 0.4605 1.54 1.203 0.6628 0.791 0.84 0.675 2.267
80-2-16 0 0.5 0 0.25 0.25 0 1.074 0.289 0.728 0.213 0.267 0.481 1.102 0.366 0.488 0.1091 0.288 0.452 0.543 0.183 0.471
80-2-22 0 0.5 0.5 0 0 0 1.15 0.103 0.307 0.6872 0.56 0.415 1.182 0.2102 0.332 0.7293 0.653 0.493 0 0.553 0.23
80-4-16 0 0.3334 0 0 0.5 0.1667 0.501 0.2047 0.8571 1.0441 0.389 0.246 0.648 0.245 0.7071 1.353 0.5673 0.381 0.972 0.579 0.226
80-4-22 0 0.6 0 0 0.1 0.3 1.2987 0.154 0.743 1.032 0.376 0.452 1.1559 0.193 0.532 0.9336 0.2378 0.276 1.678 0.167 0.249
80-8-16 0 0.25 0 0.25 0.5 0 0.7852 0.251 0.66 0.167 0.199 0.365 1.657 0.541 1.425 0.308 0.318 0.624 0.57 0.416 0.621
80-8-22 0 0 0 0 0 1 0.538 0.127 0.457 0.6345 0.325 0 0.618 0.3214 0.735 1.167 0.435 0 1.34 0.135 0.212
100-2-16 0 0 0 0 1 0 0.459 0.212 0.993 0.716 0 0.383 0.5729 0.3214 1.2043 0.834 0 0.435 0.455 0.121 0.343
100-2-22 0 0.6 0 0 0 0.4 1.0932 0.135 0.827 0.675 0.149 0.29 1.4673 0.273 1.228 0.997 0.441 0.761 0.437 0.337 0.269
100-4-16 0 1 0 0 0 0 0.863 0 0.658 0.796 0.392 0.256 1.461 0 0.983 1.272 0.6217 0.457 0.589 0.6404 0.249
100-4-22 0 0.7 0 0 0.1 0.2 0.926 0.161 0.578 0.742 0.343 0.272 1.691 0.2378 0.892 1.089 0.662 0.458 0 0.216 0.379
100-8-16 0 1 0 0 0 0 0.365 0 0.769 0.587 0.272 0.187 0.797 0 1.143 0.922 0.461 0.359 0.367 0.069 0.49
100-8-22 0 0.4 0 0 0 0.6 0.894 0.174 0.746 0.448 0.286 0.141 1.243 0.301 0.1.165 0.654 0.389 0.215 0.481 0.55 0.08

Note; v = machine distribution function is variable (between 1 and 6) and c = machine distribution function is constant (i.e. equal to 2).
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research opportunities include adding energy consumption to the current setting and see its effect on the optimal
solution and its interaction with other features of the model.

To the best of our knowledge, this research is the first study to consider loading, transportation, and unloading
times in flexible flow shop scheduling. However, we assumed adequate labor for loading and unloading products,
which can be relaxed in future research by considering a total available labor constraint for loading and unloading
jobs. In addition, developing a lower bound for the delivery date-related objective functions could be considered as
another stream of future research. Furthermore, testing different failure distribution types and rework times, along
with their impact on the production schedule, is another interesting topic for future research. Finally, developing new
algorithms with machine learning can enhance the search process and improve the solution quality in multi-objective
algorithms.
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Appendix A

A comprehensive list of all acronyms and abbreviations

bw Distance bandwidth
DM Diversification Metric
GMHS Harmony search algorithm with Gaussian mutation
HFS Hybrid flow shop
hm Harmony memory
HMCR Harmony memory considering a rate
ICMIC Iterative chaotic map with infinite collapses
MID Mean ideal distance
MOHS Multi-objective harmony search
MOIWO Multi-objective invasive weed optimization
MOOP Multi-objective optimization problems
MOPSO Multi-objective particle swarm optimization
NP Nondeterministic polynomial time
NSGAII Non-dominated Sorting Genetic Algorithm-II
PAR Pitch adjusting rate
PESAII Pareto envelope-based selection algorithm 2
QM Quality metric
RAS Rate of simultaneous outputs of the bi-objective functions
SDST Sequence-dependent setup times
SNS The spread of Pareto optimization
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A
ppendix B

See below.
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Appendix C

See Algorithm 1.
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A
ppendix D

See Algorithm 2.
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Appendix E

See Algorithm 3.

Appendix F

See Algorithm 4.
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A
ppendix G

See Algorithm 5.
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