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Abstract

This paper addresses a bi-objective dynamic multiprocessor open shop scheduling problem in which the simultaneous objectives of
minimizing both the mean weighted flow time and the makespan are considered. This problem is commonly encountered in mainte-
nance and healthcare diagnostic systems. Since it is NP-hard for both objectives, efficient heuristics are needed to quickly generate
a set of non-dominated solutions that a decision maker wouldchoose from. For this sake, two metaheuristic approaches based
on the non-dominated sorting genetic algorithm (NSGA-II) and the multi-objective grey wolf optimizer (MOGWO) are developed
in this paper. Both metaheuristics are hybridized with simulated annealing (SA) local search. Parameter tuning computational
experiments are conducted first on a set of 30 small instancesfrom the literature for which Pareto optimal solutions are known.
Then, computational experiments on large randomly generated instances are conducted. Computational results for small instances
show that the NSGA-II is capable of generating non-dominated solutions that are very close to the optimal Pareto front. Results
also reveal that the performance of the NSGA-II is better in most of the cases compared to the MOGWO under different settings of
the studied problem for both small and large instances. However, for large instances with large number of workstations and jobs,
low loading level and high percentage of busy machines at thebeginning of the schedule, the difference in performance between
both metaheuristics is minor.

Keywords: Dynamic multiprocessor open shop scheduling, Bi-objective combinatorial optimization, Non-dominated sorting
genetic algorithm (MSGA-II), Multi-objective grey wolf optimizer, Simulated annealing

1. Introduction

Maintenance and healthcare diagnostic systems are charac-
terized by dynamic job arrivals, meaning that during the exe-
cution of a schedule, arriving jobs can be admitted. Therefore,
quick and efficient rescheduling decisions need to be taken in
order to ensure smooth execution of the schedule while main-
taining a high level of performance. As indicated by Li, Li,
Sambandam, Sethi & Zhang (2018), dynamic scheduling prob-
lems are specifically important to deal with the dynamic nature
of job arrivals in modern lean production systems. Furthermore,
Uhlmann & Frazzon (2018) emphasized that the integration of
the fourth industrial revolution in industrial or service systems
requires the development of quick and efficient rescheduling
algorithms. This paper addresses the dynamic multiprocessor
open shop scheduling problem (DMOSP) which commonly ap-
pears in maintenance and healthcare diagnostic systems.

The DMOSP is defined as follows. We consider a system that
consists of a set of workstationsW, and dynamically receives
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a set of jobsJ over a short planning horizon. Workstations are
dissimilar as they perform different types of tasks. Each work-
stationw ∈ W contains a set of one or more unrelated parallel
machines, denotedMw. A machine is used here as a generic
term to refer to an inconsumable resource. The setWj ⊆ W

denotes the subset of workstations which jobj ∈ J requires to
visit. There is no imposed sequence by which a job must visit
workstations inWj . For instance, in auto maintenance shops,
there is no specific order for checking and adjusting tires pres-
sure, checking the air conditioner, and checking the starting
and charging system for an automobile. The scheduling task
in these systems aims to determine the sequence by which each
job will visit its required workstations, the job’s selected ma-
chine in each required workstation, and the time interval during
which each operation will be conducted.

A job j ∈ J arriving at timer j has a priority, denotedp j ,
which represents its level of importance or emergency with re-
spect to the other jobs. For instance, in emergency departments’
diagnostic laboratories, patients are prioritized according to
their critical condition represented by the triage factor (Azadeh,
Hosseinabadi Farahani, Torabzadeh & Baghersad, 2014). In the
studied DMOSP, it is assumed that all machines have the capac-
ity to process only one job at any time, and a job can only be
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processed on one machine at a time. Operations interruption
and preemption are not allowed.

Based on a given schedule, completion times of the jobs
(c j ∀ j ∈ J) are determined. Accordingly, two performance
measures are considered. The first measure is the maximum
completion time among the jobs (makespan) which is denoted
and evaluated asCmax = maxj∈Jc j . The second measure is
the mean weighted flow time of the jobs which is denoted and
evaluated asMWFT =

∑

j∈J p j

(

c j − r j

)/

|J|. Minimizing the
makespan increases the machines utilization; meanwhile, the
improvement of the customer satisfaction level is directlypro-
portional to minimizing the mean weighted flow time. This pa-
per considers both objectives simultaneously. It follows apos-
teriori approach for solving multi-objective optimization prob-
lems (Hwang & Masud, 1979). That is the decision maker will
be supplied with a set of non-dominated solutions from which
one solution will be chosen to be implemented.

Schedules are generated in a rolling horizon basis (Abdel-
maguid, 2020a). That is during the execution of a schedule,
when the information of the arrival times and the processingre-
quirements of a set of arriving jobs is revealed, a new reschedul-
ing phase starts in which both existing and arriving jobs are
considered. As illustrated in Fig. 1, the time at which a set of
arriving jobs are planned to be admitted to the system is de-
fined as their arrival time. At that time, if an existing job has
an operation that is not yet finished, it is assigned an arrival
time that equals the completion time of its unfinished opera-
tion and its remaining not-yet started operations are considered
in the new schedule. Otherwise, the release time of the exist-
ing job is set equal to the arrival time of the new arriving jobs.
This paper considers a deterministic case of the DMOSP. This
means that the arrival times of the jobs and the processing times
of the operations on all machines are known and certain. At
the beginning of a rescheduling phase, a machine may be busy
with unfinished operation from the previous phase. The time
at which machinem ∈ M = ∪w∈WMw is ready for processing
jobs, denotedam, is assumed to be known and certain as well.

According to the three-field notation of Graham, Lawler,
Lenstra & Rinnooy Kan (1979) with the extension of Vig-
nier, Billaut & Proust (1999) which is used for designating
the scheduling problems, the studied DMOSP is denoted as
O(R) | am, r j | Cmax,

∑

p jF j/ |J|, whereO(R) refers to the mul-
tiprocessor open shop with unrelated parallel machines andF j

= c j − r j is the flow time of job j. It is a generalization of
the traditional static, deterministic open shop scheduling prob-
lem (OSP) in which each workstation contains one machine
and all jobs arrive prior to the beginning of the schedule. The
OSP with more than two machines is known to be NP-hard for
the objective of minimizing the makespan (Gonzalez & Sahni,
1976). For the objective of minimizing the total weighted com-
pletion time, it is also proven to be NP-hard by Achugbue &
Chin (1982). It is known that the total weighted completion
time is equivalent to theMWFT when r j = 0 ∀ j ∈ J . This
leads to the proof of the NP-hardness of the DMOSP for both
objectives since additional machine selection decision inwork-
stations is added to the OSP structure in addition to the release

times of the jobs and the ready times of the machines. There-
fore, efficient heuristic approaches are needed to be able to pro-
vide efficient non-dominated solutions in practically acceptable
computational times.

Even though the considered bi-objective DMOSP commonly
occurs in real-life applications, to the best of our knowledge,
there is only one paper that addressed it in the literature. Abdel-
maguid (2020a) developed a mixed-integer linear programming
(MILP) model for it along with an exact algorithm based on the
ε-constraint method (Hwang & Masud, 1979). That algorithm
can generate optimal Pareto front solutions for small instances;
nevertheless, its computational time is prohibitive for interme-
diate and large size instances. Therefore, the main contributions
of this paper are:

• The development of two multi-objective metaheuristic ap-
proaches based on the non-dominated sorting genetic al-
gorithm (NSGA-II) (Deb, Pratap, Agrawal & Meyari-
van, 2002) and the multi-objective grey wolf optimizer
(MOGWO) (Mirjalili, Saremi, Mirjalili & dos S. Coelho,
2016) for providing efficient non-dominated solutions to
large-size instances of the studied DMOSP in practically
acceptable computational time. For both metaheuristics,
exact solutions obtained by the exact algorithm of Abdel-
maguid (2020a) are used to fine-tune their parameters.

• The development of a novel bi-objective stochastic local
search algorithm based on simulated annealing for im-
proving solutions generated by both metaheuristics.

• New large-size DMOSP instances are designed and used to
compare the performance of the developed metaheuristics.

The rest of this paper is organized as follows. A literature re-
view on the various specializations of the studied problem and
their corresponding algorithmic approaches is provided inSec-
tion 2. Descriptions of the developed metaheuristics are pre-
sented in Section 3. Computational experiments, results and
analysis are presented in Section 4. Finally, the conclusions
and future work suggestions are provided in Section 5.

2. Literature review

In this section, we firstly provide a literature review on the
main contributions for the basic OSP structure for the two
studied objectives both separately and simultaneously. Spe-
cial cases of the OSP such as sequence restrictions on a subset
of machines, sequence-dependent setup times and machine un-
availability restrictions due to preventive maintenance activities
are avoided since they are not considered in the structure ofthe
studied DMOSP. This is followed by a literature review on the
DMOSP and its variants.

For the objective of makespan minimization, exact methods
for solving the OSP to optimality include a branch and bound
algorithm by Dorndorf, Pesch & Phan-Huy (2001). Recently,
a dynamic programming algorithm is developed by Ozolins
(2021). Recent heuristic approaches include four constructive
heuristics by Naderi, Fatemi Ghomi, Aminnayeri & Zandieh
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Figure 1: The rescheduling scheme

(2010) based on insertion/reinsertion of operations in permuta-
tions. Several metaheuristic approaches are recently developed
including particle swarm optimization (Sha & Hsu, 2008), sim-
ulated annealing (Harmanani & Ghosn, 2016), hybrid genetic
algorithm (Rahmani Hosseinabadi, Vahidi, Saemi, Sangaiah&
Elhoseny, 2018), cuckoo search and ant colony optimization
(Marrouche & Harmanani, 2018).

For the mean flow time or equivalently the total completion
time minimization objective, fewer approaches have been pro-
posed in the literature of the OSP. For the static OSP, Bräsel,
Herms, M̈orig, Tautenhahn, Tusch & Werner (2008) developed
different variants of two constructive heuristics and analyzed
their performances experimentally. Later, Andresen, Bräsel,
Mörig, Tusch, Werner & Willenius (2008) proposed simulated
annealing and genetic algorithm approaches for the problem
which utilize the previously developed constructive algorithm
for generating initial solutions. Tang & Bai (2010) presented
another constructive heuristic called shortest processing time
block (SPTB) for a special case of the problem in which the
number of jobs is an integer multiple of the number of ma-
chines. The heuristic is proven to be asymptotically optimal
when the number of jobs to the number of machines is infinite.
The SPTB heuristic was extended later by Bai, Zhang, Zhang
& Tang (2017) for the total weighted completion time mini-
mization objective. They asserted that the SPTB heuristic is not
effective for moderate size instances; therefore, they developed
a hybrid discrete differential evolution algorithm.

A few work has addressed the multi-objective OSP. Sha,
Lin & Hsu (2010) presented the sole work found to propose
a metaheuristic based on particle swarm optimization for the
multi-objective OSP in which the objectives of minimizing
the makespan and minimizing the total completion time are
considered, along with the minimization of the total machine
idle time. As a matter of fact, the latter objective can be
shown to have a high correlation with the minimization of the
makespan. In general, it is found that the minimization of due
date related objectives received more attention in the literature,
which is combined with other completion time-based objec-

tives. The bi-objective OSP with the objectives of minimizing
the makespan and minimizing the total tardiness is addressed by
Tavakkoli-Moghaddam, Panahi & Heydar (2008) and Panahi &
Tavakkoli-Moghaddam (2011). An ant colony optimization ap-
proach is developed which is hybridized with simulated anneal-
ing. They provided computational comparisons with the non-
dominated sorting genetic algorithm (NSGA-II). Meanwhile,
the bi-objective OSP in which the objectives of minimizing
the mean completion time and minimizing the total tardiness
is addressed by Seraj, Tavakkoli-Moghaddam & Jolai (2009).
A fuzzy programming method is proposed for finding efficient
solutions. They provided a comparison with a tabu search ap-
proach. Naderi, Mousakhani & Khalili (2013) proposed later
a hybrid immune algorithm for the bi-objective OSP consider-
ing the objectives of minimizing the total completion time and
minimizing the total tardiness.

Recent scheduling literature witnessed a growing interestin
studying different types of scheduling problems in which paral-
lel machines exist. As a generalization of the OSP, the multipro-
cessor open shop scheduling problem (MOSP) is addressed in
the literature. The MOSP can be seen as a specialization of the
DMOSP as all jobs arrive prior to the beginning of the sched-
ule and each workstation contains identical parallel machines.
For the objective of minimizing the makespan, linear-time ap-
proximation heuristics were developed (Sevastianov & Woeg-
inger, 2001). The total completion time minimization objec-
tive was considered by Naderi, Fatemi Ghomi, Aminnayeri &
Zandieh (2011) who developed a mixed integer linear program-
ming (MILP) model along with a metaheuristic approach based
on memetic algorithm and simulated annealing. Later, Abdel-
maguid (2020b) considered a generalization of the MOSP in
which non-identical machines can exist in the workstations. An
MILP model was developed for the objective of minimizing the
makespan and a metaheuristic approach based on scatter search
with path relinking is proposed which shows competitive re-
sults.

As a specialization of the MOSP, the proportionate multi-
processor open shop scheduling problem (PMOSP) is consid-
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ered in the literature. In the PMOSP, the processing times for
jobs are fixed at a given workstation. Matta (2009) studied
the PMOSP with the objective of minimizing the makespan,
and developed a genetic algorithm (GA) approach. Later, a
tabu search approach was proposed by Abdelmaguid, Shalaby
& Awwad (2014), followed by a metaheuristic approach based
on particle swarm optimization by Abdelmaguid (2014). Later,
Abdelmaguid (2020b) showed that better results can be ob-
tained by a metaheuristic approach based on the scatter search
with path relinking. The PMOSP with the objective of minimiz-
ing the total completion time was considered by Zhang, Wang
& Xing (2019). They presented three metaheuristic approaches
based on simulated annealing, hybrid particle swarm optimiza-
tion and genetic algorithm.

A few papers addressed the DMOSP considering only a spe-
cial case in which each workstation contains parallel identical
machines. For the single objective of minimizing the makespan,
Bai, Zhang & Zhang (2016) proved the asymptotic optimal-
ity of the general dense scheduling algorithm. They devel-
oped a metaheuristic approach based on differential evolution.
angWANG & Chou (2017) considered a special case of the
DMOSP having only four workstations which is encountered in
chip sorting in light emitting diode (LED) manufacturing. Two
objectives were considered simultaneously, they are minimiz-
ing the total weighted tardiness and minimizing the makespan.
They proposed two simulated annealing approaches and pro-
vided minor computational experiments for them.

This paper attempts to fill in the gap in the literature for
the multi-objective optimization of the general DMOSP. A re-
cent attempt is made by Abdelmaguid (2020a) for developing
an exact algorithm, which is guaranteed to generate the op-
timal Pareto front solutions but only for small size instances.
For large instances of more than 10 machines and 10 jobs, the
computational time will be restrictive. Therefore, heuristic ap-
proaches that can generate efficient solutions that are as close
as possible to the optimal Pareto front solutions in a practically
acceptable computational time are needed. This paper provides
a specially designed multi-objective metaheuristic approaches
based on both the NSGA-II and the MOGWO for providing ef-
ficient Pareto front solutions. The developed approaches form
an expert system to assist the decision maker in taking appro-
priate rescheduling decisions in a practically acceptablecom-
putational time.

3. Metaheuristic approaches

In this section, two state-of-the-art metaheuristic approaches
which have shown competitive results for continuous multi-
objective optimization problems are adapted for the DMOSP.
These approaches are the non-dominated sorting genetic algo-
rithm (NSGA-II) (Deb et al., 2002) and the multi-objective grey
wolf optimizer (MOGWO) (Mirjalili et al., 2016). The for-
mer is an evolutionary algorithm; while the latter is based on
swarm intelligence. They follow the Pareto-dominance con-
cepts in handling multi-objective optimization problems.They
are both population-based metaheuristics that depend on ran-
dom search operators applied to a population of solutions. This

section presents the elements and the search structure for both
metaheuristic approaches.

3.1. Solution representations

The application of the metaheuristic approaches that are
based on either simulating evolutionary processes or swarmin-
telligence to a combinatorial optimization problem requires the
development a suitable solution representation scheme or chro-
mosome structure. Its role is to enable converting a given solu-
tion into a format that can be used within the search operators
of the metaheuristics, and converting the formats resulting from
such operators to the solution space to evaluate their objective
functions. For the scheduling problems, various chromosome
structures can be found in the literature (Cheng, Gen & Tsu-
jimura, 1996).

For the evolutionary metaheuristics, like the genetic algo-
rithm, the operations-based (OB) representation is mostlyused,
which appears in the form of an ordered list of the operations.
For the special cases of the studied DMOSP, this representation
is used for the OSP (Liaw, 2000; Low & Yeh, 2009), for the
PMOSP (Matta, 2009) and for the multiprocessor open shop
scheduling problem with parallel identical machines (Naderi
et al., 2011).

For the studied DMOSP, using the OB representation is not
straightforward. In most of the previous implementations for
the special cases of the DMOSP, the OB representation is inter-
preted to a feasible schedule using a semi-active schedule con-
struction algorithm that assigns the earliest start time for each
operation in the given order (Adak, AroÅlu Akan & Bulkan,
2020). This approach is assured to result in the minimum reg-
ular objective function value (either the makespan or the total
completion time) for the given ordered list of operations. For
the DMOSP, since the machines in a workstation are not neces-
sarily identical and there are non-zero release and ready times,
that semi-active algorithm may not result in the best objective
function values for a given order of operations. Therefore,
this paper proposes an additional dimension to the operation-
based representation scheme that defines the selected machine
for each operation in the ordered list. Similar representation
has been successfully used for the flexible job shop scheduling
problem which is characterized by alternative processing ma-
chines for the a subset of the operations (Wang, Gao, Zhang &
Shao, 2010; Ding & Gu, 2020).

To demonstrate the proposed solution representation scheme
consider a sample DMOSP instance in which there are five
workstations and five jobs. The instance data including the
number of machines in each workstation, the workstations to
be visited by each job, the jobs’ release times, the machines’
ready times and the processing times are listed in Table 1. The
priorities of the jobs in their given order are 5, 2, 10, 6 and 8.

Fig. 2 demonstrates a sample chromosome for the sample
DMOSP instance along with its corresponding schedule repre-
sented by a Gantt chart. The proposed solution representation is
an ordered list of genes; where each gene is constituted of a pair
of references. The first reference is for an operation and thesec-
ond is for the operation’s selected machine. For the given sam-
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Table 1: Data for the sample DMOSP instance
Jobs Workstations

1 2 3 4 5
m1,1 m2,1 m2,2 m3,1 m3,2 m4,1 m5,1

r j\am 20 36 25 30 23 30 22
A 26 54 60 72
B 35 74 69
C 24 33 73 79
D 28 82 76 31
E 15 38 61 67 43

(E1,m1,1) (D4, m4,1) (A3, m3,1) (B2, m2,2) (E5, m5,1) (C1, m1,1) (D2, m2,1) (C3, m3,1) (A5, m5,1) (E3, m3,2)
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Figure 2: Operations-based solution representation for the DMOSP: (a) Sample chromosome for the sample DMOSP instance, (b)Gantt chart for the corresponding
generated schedule

ple instance, operations are represented by the job letter given
in Table 1, followed by the workstation number.

The schedule represented by the Gantt chart in Fig. 2(b) is
generated using a semi-active schedule construction algorithm
applied to the given solution representation. Starting at the left-
most gene, this algorithm assigns the earliest start time for each
operation on the stated machine in the given sequence in the
chromosome. It can be easily shown that this algorithm will al-
ways result in a feasible semi-active schedule for the DMOSP.
By definition, the set of semi-active schedules include the opti-
mal solutions for regular measures of performance such as the
makespan and theMWFT (Pinedo, 2012).

A shortcoming of the OB representation scheme is that there
is a many-to-one relationship from the solution representation
space to the problem solution space. For instance, the chro-
mosome〈(B2,m2,2) → (E1,m1,1) → (A3,m3,1) → (E5,m5,1)
→ (D4,m4,1) → (C1,m1,1) → (C3,m3,1) → (D2,m2,1) →
(E3,m3,2) → (A5,m5,1)〉 is interpreted to the same schedule
represented by the Gantt chart in Fig. 2(b) despite its dissim-
ilarity with the chromosome shown in Fig. 2(a). As pointed
out by Gen & Cheng (2000), this characteristic may result in
wasted, ineffective search processes that do not change the re-
sultant schedule; yet it benefits the random search operators of
those algorithms by providing more variability in the search tra-
jectories along the solution space.

Random keys (RK) representation (Bean, 1994) is another

scheme that is often used for the evolutionary metaheuristics.
For the metaheuristics that simulate swarm intelligence, this
representation is essential as it suits the vectors of continuous
variables used therein to represent the position of a swarm.Its
idea is based on using continuous variables in the solution rep-
resentation and converting them into orders of operations sim-
ilar to that in the OB representation. Fig. 3 demonstrates how
this conversion is conducted for the sample DMOSP instance
presented earlier. In the proposed RK representation, the chro-
mosome is a sequence of 2×

∑

j∈J

∣

∣

∣O j

∣

∣

∣ numbers in the range
from 0 to 1, whereO j is the set of operations that belong to job
j. In a fixed, arbitrary order of the operations, each operation
is allocated two random numbers in the chromosome. The first
number is used to determine its position in the ordered list of
operations; while the second number is used to determine its
assigned machine.

As shown in Fig. 3, the first, shaded, numbers assigned to the
operations are sorted in a non-increasing order which is used to
assign position values for the operations. Meanwhile, the sec-
ond assigned number of each operation is used to determine the
number of the machine that processes it. This is done by divid-
ing the range from 0 to 1 into equally sized sub-ranges, where
each sub-range corresponds to an arbitrary assigned machine
in the processing workstation. If the assigned number is found
to lie within a machine’s sub-range, the machine’s number in
its workstation will be assigned to the corresponding operation.
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(B2, m2,2) (E1,m1,1) (A3, m3,1) (E5, m5,1) (D4, m4,1) (C1, m1,1) (C3, m3,1) (D2, m2,1) (E3, m3,2) (A5, m5,1)

0.74 0.08 0.06 0.50 0.87 0.94 0.50 0.55 0.38 0.18 0.25 0.48 0.55 0.69 0.82 0.28 0.08 0.94 0.58 0.98

A3 A5 B2 C1 C3 D2 D4 E1 E3 E5

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

Figure 3: Random keys solution representation for the sampleDMOSP instance and its decoding process

Accordingly, the position and machine numbers are then inter-
preted into the equivalent OB representation. As indicatedear-
lier, the generated OB representation shown in Fig. 3 will result
in the same schedule shown by the Gantt chart in Fig. 2(b).

Chromosome encoding, or converting a feasible solution into
either OB or RK representation is done by first sorting the
scheduled operations in a non-decreasing order of their start
times. The resulting order is then used as the sequence of op-
erations that appears in the OB representation, along with the
operations’ assigned machines as given in the feasible sched-
ule. For the RK representation, that same sequence is used for
assigning random numbers. This is done by dividing the range
from 0 to 1 into equally sized sub-ranges for the number of op-
erations given in the DMOSP instance. Random numbers are
then generated between each sub-range’s lower and upper lim-
its which are chosen for each operation to eventually resultin
the given sequence of operations. Similarly, random numbers
are generated for the sub-ranges defined for the machines in
the processing workstation to assign the random keys that de-
fine the selected machine. A similar approach can be used for
converting an OB representation into a RK one.

3.2. Constructing solutions

It was shown by Bai & Tang (2013) that a dense schedule
constructive algorithm (DSCA) is capable of generating tight
makespan results for the dynamic OSP. The DSCA is based on
the principle that no machine is left idle unless there is no job
that can be processed on it. For theMWFT minimization ob-
jective, Bai et al. (2017) showed that a constructive heuristic
based on ordering jobs using the weighted shortest processing
time (WSPT) rule has relatively good asymptotic optimality
results. Building on those previous results, solutions arecon-
structed in the current metaheuristics using an active schedule
construction algorithm which is based on the DSCA with the in-
tegration of the scheduling rules that are favored for the studied
two objectives.

The pseudo code shown in Algorithm 1 outlines the main
steps of the proposed constructive algorithm. In each iteration,

Algorithm 1 Solution Constructor for DMOSP
1: function Constructor
2: Input: DMOSP instance, JSR and MSR
3: Output: Feasible scheduleS
4: U = set of unscheduled operations
5: ām = am ∀m ∈ M
6: r̄ j = r j ∀ j ∈ J
7: S = empty schedule
8: whileU , ∅ do
9: t = min

m∈M
{ām}

10: Rt = {m ∈ M : ām = t}
11: For everym ∈ Rt,
12: J(t,m) = { j ∈ J : r̄ j ≤ t and j has an operation inU

that needs processing in the workstation ofm}
13: For everym ∈ Rt, select jobĵ(t,m) from J(t,m) using JSR
14: For everym1 andm2 ∈ Rt

15: If ĵ(t,m1) = ĵ(t,m2) then
16: Select a machine from{m1,m2} using MSR
17: Remove the unselected machine from setRt

18: End If
19: For everym ∈ Rt,
20: Add operation of job̂j(t,m) on machinem toS
21: Updateām andr̄ ĵ(t,m)

22: Remove scheduled operation from setU
23: end while
24: return S
25: end function
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the minimum time at which at least one machine is free and
ready for processing is determined and labeledt. Then, the set
Rt ⊆ M is determined which contains all machines that are
ready for processing at timet. For each machinem ∈ Rt, the
algorithm determines the setJ(t,m) which includes the jobs that
are not being processed on any other machine at timet and re-
quire one machine from the workstation that contains machine
m. Then, a job in setJ(t,m) is selected by a job selection rule
(JSR). If a given job is selected to be processed by more than
one machine, one machine is selected for it using a machine se-
lection rule (MSR). Afterwards, all selected jobs are scheduled
on their selected machines and their start and finish times are
updated. Accordingly, the schedule timet is updated and this
procedure is repeatedly applied until all jobs are scheduled.

For the JSR, four rules are used: random (RAND) which se-
lects a job randomly, minimum completion time (MCT) which
selects the job that will result in the minimum completion time,
weighted shortest processing time (WSPT) which orders jobs
in a non-decreasing order of their processing time on the given
machine divided by the priority value, and weighted least work
remaining (WLWR) which orders jobs in a non-decreasing or-
der of their total shortest processing time of unscheduled opera-
tions divided by the priority value. For the MSR, three rulesare
used: random (RAND), minimum completion time (MCT) and
minimum workload (MWL) which selects the machine that has
the minimum sum of processing times of scheduled operations
up to the schedule timet.

Chromosomes, either OB or RK, are constructed by first gen-
erating a feasible schedule using the proposed constructive al-
gorithm. The generated solution is then encoded into the chro-
mosome structure using the approach described in Section 3.1.
Every time it is called, one of the JSRs and one of the MSRs
are chosen randomly to be applied during job and machine se-
lection decisions within the algorithm. This ensures both the
quality and the diversity of the constructed solutions.

3.3. Random search operators for NSGA-II
Metaheuristics that simulate evolutionary processes depend

on a set of search operators that aim to exploit the characteris-
tics of the chromosomes that demonstrate the best performance
throughout iterations as in natural evolution. These operators
include (1) selection of two chromosomes form the current pop-
ulation, (2) reproduction or crossover, which exchanges the val-
ues assign to genes from both selected chromosomes to pro-
duce two new child chromosomes, and (3) mutation, which
alters the values assigned to some genes in the child chromo-
somes. The mechanisms by which these operators are designed
involve some random decisions to maintain some level of diver-
sification in the search directions within the solution space. For
more details about these search operators, the reader may refer
to Ashlock (2006).

In the NSGA-II, the objective functions of the solutions of a
given population are evaluated and used to determine their fit-
ness values, non-dominance ranks and crowding distances (Deb
et al., 2002). In the current implementation, a tournament se-
lection operator uses these values to randomly select two chro-
mosomes for each application of the crossover operator. That

is each selected chromosome is the best among two randomly
selected candidates based on the crowding comparison operator
as defined in (Deb et al., 2002). For the sake of brevity, the de-
tails of the NSGA-II are not included in this paper as the reader
can refer to Deb et al. (2002) who provided full description of
the steps and the calculations involved.

The used crossover operators are selected from the literature.
They include five commonly used operators for the OB repre-
sentation. The first three crossover operators are based on the
order crossover (OX) operator, originally proposed by Davis
(1985). In the OX operator, a number of genes from one par-
ent chromosome are inherited by a child chromosome in their
original positions, while the rest of the genes are inherited from
the other parent chromosome in their respective order as found
therein. Three versions of the OX operator are considered in
this paper, namely single-point (OX-1pt), two-point (OX-2pt)
and multiple-point or uniform (OX-u). Illustrations of thedif-
ferent versions of the OX operator can be found in Abdel-
maguid, Nassef, Kamal & Hassan (2004).

The fourth crossover operator considered in this study is
the generalized position crossover (GPX) presented in Mattfeld
(1996). The fifth crossover operator is the Similar Block 2-
Point Order Crossover (SB2OX) proposed by Ruiz, Maroto &
Alcaraz (2006), which demonstrated competitive results for the
flow shop scheduling problem. In the applied crossover oper-
ators, assigned machines in the operation-machine pairs ina
given chromosome are exchanged along with their associated
operations without alteration.

Two mutation operators that are commonly used in
operation-based representations of the scheduling problems are
adopted here. They are the swap and the shift mutation oper-
ators (Abdelmaguid et al., 2004; Ruiz et al., 2006). Both op-
erators change the positions of some randomly selected genes
without changing the assigned machines. A third mutation op-
erator is defined here to change the assigned machine of a ran-
domly selected gene. This operator is referred to as the random-
ized load shuffling (RLS) operator. It works as follows. First, a
workstation containing more than one machine is selected ran-
domly. Then, the summations of the processing times of the
assigned operations in the current chromosome along with the
machine’s ready time are evaluated for each machine in the
workstation. For the machine that is found to have the high-
est summation, an operation assigned to it is selected randomly.
The assigned machine of the selected operation is changed to
the machine that is associated with the lowest total summation
in the same workstation. Tie-breaking is done randomly. The
RLS operator is applied separately from the shift and the swap
mutation operators with different probability.

As indicated by previous studies, the success of a crossover
operator in a specific combinatorial optimization problem does
not guarantee similar performance on other problems having
similar chromosome representation (Starkweather, Mcdaniel,
Mathias & Darrell, 1991). Furthermore, the performance of a
crossover operator can be affected by the type of the mutation
operator. Therefore, tuning experiments are needed to guide the
selection of the best performing combination of crossover and
mutation operators for the studied DMOSP.
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In addition to the type of crossover and mutation opera-
tors, the main parameters that govern the performance of the
NSGA-II include: (1) the population size (popsizeGA), (2) the
crossover probability (probGA

xover), (3) the mutation probability
(probGA

mut) and (4) the probability of applying the proposed RLS
operator (probGA

RLS).

3.4. Random search mechanism for MOGWO
Metaheuristics that simulate swarm intelligence depend on

updating a position vector for each individual solution using
some guiding rules. As indicated earlier, the position vec-
tor in the current study is represented by the numerical val-
ues assigned in the RK chromosome structure. As demon-
strated by Mirjalili et al. (2016), the update mechanism in the
MOGWO randomly determines first three individual “leader”
solutions from the so-far found non-dominated ones and labels
them as alpha, beta and delta wolves. Then, the chromosomes
(position vectors) of those wolves are used to update the posi-
tion vectors of all other solutions in the population which has
a fixed size denotedpopsizeGWO. This is done for each so-
lution by determining three random positions that are within
some proximity to the positions of the alpha, beta and delta
wolves. This involves the use of randomly generated distance
vectors that depend on the current wolf’s position and some
randomly generated parameters. These random parameters are
updated throughout iterations considering both exploration and
exploitation effects. Then, the new position of the wolf is taken
as the average position vector of those three. For more detailed
description of the steps of the MOGWO, the reader may refer
to Mirjalili et al. (2016).

A set of non-dominated solutions, labeled as the archive set,
is updated throughout iterations. This is done by combiningthe
solutions that are included in the archive set in the previous it-
eration and the newly generated solutions whose positions are
updated in the current iteration. Then, the non-dominated solu-
tions in the combined set are determined and used to update the
archive set. Meanwhile, the archive set is restricted by a fixed
size denotedarchivesizeGWO. If this size is exceeded, some so-
lutions are randomly selected and consequently excluded from
the archive set. The selection of the excluded solutions utilizes
a roulette wheel selector with probabilities of selection that are
higher for crowded areas in the current non-dominated front.

The selection of the alpha, beta and delta wolves in each it-
eration is done using a roulette wheel selector as well. Each
solution in the archive set is assigned a selection probability
that is lower for solutions that exist in crowded areas in thecur-
rent non-dominated front. The selection mechanism makes sure
that no repetition occurs among selected wolves so long as the
archive set has a sufficient number of wolves.

The selection procedure from the archive set involves parti-
tioning a bounding area that envelopes the included solutions
into equally sized rectangles. The bounding area is determined
based on the maximum and the minimum values of both ob-
jectives in addition to some space that is calculated using the
grid inflation parameter (αGWO). The number of rectangles
in the partitioned area is referred to as the number of grids
(nGridGWO). Meanwhile, the selection probability of a leader

wolf is determined by raising the inverse of the number of solu-
tions found in a rectangle to the power of the parameterβGWO.
On the other hand, the selection of a solution to be removed
from the archive set when its size is exceeded is determined
by raising the number of solutions found in a rectangle to the
power of the parameterγGWO.

3.5. Local search using simulated annealing

Hybridizing population-based metaheuristics with stochastic
local search (SLS) heuristics is common in the literature (Ruiz
et al., 2006; Naderi et al., 2011; Shao, Pi & Shao, 2018). They
provide improvement mechanisms that extend beyond the ran-
dom search operators. This helps in escaping entrapment in
local optimal solutions that are sometimes inevitable due to the
selection rules that tend to favor individuals demonstrating bet-
ter performance in population-based metaheuristics.

To avoid excessive computational time as a result of apply-
ing the SLS heuristic to often large number of solutions in the
population, the selected SLS heuristic needs to be efficient.
This can be achieved by choosing local search operators that
are applicable to the solution representation structure utilized
by the population-based metaheuristic. Furthermore, the cho-
sen SLS heuristic needs to follow a simple search mechanism.
For the current computational study, the metaheuristics used in
the comparison are hybridized with simulated annealing (SA)
which satisfies the aforementioned considerations.

The pseudo code of the developed SA approach is outlined
in Algorithm 2. The algorithm receives an initial chromosome
(C0) along with the initial temperature (T0), the allowable max-
imum number of iterations (itr max

S A ), and the cooling rate (α). At
each iteration, the selected mutation operator is applied to the
current solution (C1), resulting in a neighbor solution (C2). If
C2 is found to dominate or at least has the same quality of the
best found solutionC∗, it replaces it. ThenC2 is compared to
C1. Similarly, if it is found to have better or at least the same
quality, it replaces it. Otherwise, the percentage deviation of
both objectives are evaluated. If their summation is found to be
non-positive, a replacement is made with a probability of 0.5.
Here, the functionflip(p) generates a uniform random number
in the range from 0 to 1. If that random number is found to be
less than or equal the parameterp, the resultant statement will
be true, and it will be false otherwise.

If the summation of the objectives percentage deviation is
found to be positive, this indicates that the new solutionC2 is
worse than the current one (C1). In this case, the replacement
criterion is based on the SA strategy which is based on calcu-
lating a probability value that depends on both the evaluated
summation and the current temperature. Since the temperature
is decreasing throughout iterations, the probability of accepting
the replacement of a worse solution is non-increasing. Finally,
Algorithm 2 returns the best found solution throughout itera-
tions.

The presented SA local search heuristic is applied to a subset
of individuals in the population at each iteration. The propor-
tion of individuals to which this is done is denotedpS A. The
maximum number of SA iterations (itr max

S A ) is fixed at 1000. The
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Algorithm 2 Simulated Annealing for bi-objective DMOSP
1: function SA(C0, T0, itr max

S A , α)
2: Input: ChromosomeC
3: Output: ChromosomeC∗

4: C1 = C
∗ = C0; T = T0; itr = 0

5: while itr < itr max
S A do

6: C2 =Mutate(C1)
7: if Cmax(C2) ≤ Cmax(C∗) and

MWFT(C2) ≤ MWFT(C∗) then C∗ = C2

8: ∆(Cmax) = Cmax(C2) −Cmax(C1)
9: ∆(MWFT) = MWFT(C2) − MWFT(C1)

10: if ∆(Cmax) ≤ 0 and∆(MWFT) ≤ 0 then C1 = C2

11: else
12: δCmax = 100× ∆(Cmax)/Cmax(C1)
13: δMWFT = 100× ∆(MWFT)/MWFT(C1)
14: δ = δCmax + δMWFT

15: if δ ≤ 0 then
16: if flip(0.5) then C1 = C2

17: else
18: if flip(e(−δ/T)) then C1 = C2

19: end if
20: end if
21: T = α × T; itr = itr + 1
22: end while
23: return C∗

24: end function

initial temperature (T0) is set at 100, and the cooling rate (α) is
0.95.

For the NSGA-II metaheuristic, the “Mutate” function in
line 6 involves the application of either the swap or the shift
mutation operator, whichever is selected for a specific imple-
mentation. Then, it involves the application of the RLS muta-
tion operator described in Section 3.3. The latter is applied with
a probability that equals the same probability assigned forthe
specific NSGA-II implementation.

For the MOGWO metaheuristic, both the swap and the shift
mutation operators are used for conducting local search moves
by the developed simulated annealing approach. However, they
operate on the RK chromosome structure. The mechanism by
which these operators are applied is similar to the OB chromo-
some, except that exchanges are performed on the key values
randomly either on the operation definition locus or on the ma-
chine selection locus. This provides alterations to both opera-
tions sequences and the assigned machines simultaneously.

4. Computational experiments and results

In this section, computational results are reported. Both
metaheuristics are programmed using the C++ programming
language and compiled using Embarcadero C++ compiler ver-
sion 6.2. All computations are conducted using a personal
computer having Intel Core i3-7100 central processing unitat
3.90GHz 3.91GHz, and 8 GB physical memory under Windows
10 professional operating system.

4.1. Tuning metaheuristics parameters

In order to ensure the best performance of the developed
metaheuristic approaches for the DMOSP, their main param-
eters need to be appropriately selected. For this sake, compu-
tational experiments are conducted in this section. A testbed
of 30 small instances of the DMOSP was randomly generated
by Abdelmaguid (2020a) for which the optimal Pareto front so-
lutions are found using theε-constraint method. Solutions ob-
tained by the metaheuristics are compared to the optimal Pareto
front solutions of a subset of instances of this testbed to guide
the appropriate selection of their parameters.

In the literature of the multi-objective optimization, various
performance metrics have been proposed (Li & Yao, 2019).
Since the optimal Pareto fronts for the test instances used in this
section are known, the main concern is to assess the quality of
the non-dominated solutions obtained by each of the developed
metaheuristic approaches. The inverted generational distance
(IGD) (Coello & Sierra, 2004) provides an overall average as-
sessment of how distant the optimal Pareto front solutions are
from the generated solutions by a metaheuristic. For a givenin-
stance, ifP is the set of optimal Pareto front solutions andD is
the set of generated non-dominated solutions by a metaheuris-
tic, theIGD measure is evaluated as in Eq. (1).

IGD(D) =
1
|P|

√

∑

q∈P

min
s∈D
{∆OF(s,q)} (1)

Where,

∆OF(s,q) = (Cmax(s) −Cmax(q))2 + (MWFT(s) − MWFT(q))2

The IGD measure is found to suit the requirements of the
current investigation since it captures combined quality char-
acteristics of convergence, spread and cardinality of the gener-
ated solutions in setD as indicated by Li & Yao (2019). It is
important to note here that as demonstrated by Abdelmaguid
(2020b), the Pareto front solutions for the DMOSP are not uni-
formly spread along the maximum and minimum values of both
objectives. Therefore, measuring the uniformity of the non-
dominated solutions for that discrete optimization problem is
irrelevant.

In addition to the aforementioned parameters of both meta-
heuristics in Sections 3.3 and 3.4, the number of optimal Pareto
front solutions (|P|) is also taken into consideration as a repre-
sentative of the problem structure, so that its impact on theper-
formance of the developed metaheuristics is not neglected.The
optimal Pareto front results reported in Abdelmaguid (2020a)
show that the value of|P| is generally small and ranges from
1 to 23 for the randomly generated instances. Accordingly, six
levels of|P| are selected based on six different instances gener-
ated in Abdelmaguid (2020a). The selected levels for|P| are 2,
5, 8, 11, 14 and 17.

4.1.1. Tuning the parameters of NSGA-II
The parameters of NSGA-II and their chosen levels are listed

in Table 2. For the selected levels of the seven factors and the
six different instances representing levels for|P|, there is a total
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Table 2: Factors considered in the parameter tuning experiments and their levels
for NSGA-II

Parameter Selected levels
popsizeGA 50, 100, 200
Crossover operator (XOp) OX1p, OX2p, OX-u, GPX, SB2OX
Mutation operator (MOp) Swap, Shift
probGA

xover 0.2, 0.5, 0.8
probGA

mut 0.1, 0.3, 0.5
probGA

RLS 0.1, 0.3, 0.5
pS A 0.0, 0.5, 1.0
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Figure 4: Interval plots forIGD computational results of NSGA-II at 95%
confidence level for different probability values

of 14580 independent runs. Each run of NSGA-II is performed
with a maximum number of generations of 300 with no com-
putational time limit. Runs are performed in a random order
and the values of theIGDGA and computational time in seconds
(CTGA) are recorded for each run.

Based on the interval plots shown in Fig. 4, we can conclude
that a low value for the probability of applying the RLS mu-
tation operator (probGA

RLS) generally produces betterIGD val-
ues. Furthermore, there is a clear improvement of theIGD with
increasing the probabilities of mutation and crossover. Mean-
while, the interval plots shown in Fig. 5 indicate that the swap
mutation operator generally has better performance compared
to the shift mutation operator. This is valid for any crossover
operator. The crossover operators OX1p, GPX and SB2OX
demonstrate very close performance which is on average bet-
ter than the other three crossover operators.

The significance of of the SA local search is demonstrated by
the interval plots shown in Fig. 6. When the SA local search is
not used (i.e.pS A = 0), the NSGA-II demonstrates very poor
performance. Meanwhile, there is a slight improvement from
pS A= 0.5 to pS A= 1.0. On the other hand, the value ofpS Ahas
a significant effect on the computational time as shown in the
main effects plots of Fig. 7. Other factors that are found to have
significant effect on the computational time are the mutation
operator, the population size and the probability of applying the
RLS mutation operator. For the latter, lower values are associ-
ated with both low computational time and betterIGD values.
Similarly, the swap mutation operator has lower computational
time on average compared to the shift mutation as well as better
IGD results.
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Figure 5: Interval plots forIGD computational results of NSGA-II at 95%
confidence level for different combinations of crossover and mutation operators
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Figure 6: Interval plots forIGD computational results of NSGA-II at 95% con-
fidence level for different application percentage of simulated annealing local
search and population size
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tic at different levels of the factors having significant effect
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Table 3: Factors considered in the parameter tuning experiments and their levels
for MOGWO

Parameter Selected levels
popsizeGWO 50, 100, 200
nGridGWO 5, 10, 20
αGWO 0.2, 0.5, 0.8
βGWO 2, 4, 8
γGWO 1, 2, 4
pS A 0.0, 0.5, 1.0
Mutation operator (MOp) Swap, Shift
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Figure 8: Interval plots forIGD computational results of MOGWO at 95% con-
fidence level for different application percentage of simulated annealing local
search, population size and mutation operators

Based on the demonstrated results, the recommended param-
eters for the NSGA-II in the current implementation are to use
the swap mutation operator combined with the OX1p crossover
operator, a low value of 0.1 for the probability of the RLS muta-
tion operator, high values for the mutation and crossover proba-
bilities at 0.5 and 0.8 respectively and high values for bothpS A

and the population size (popsize) at 1.0 and 200 respectively.

4.1.2. Tuning the parameters of MOGWO
The parameters of MOGWO and their chosen levels are

listed in Table 3. The archive size (archivesizeGWO) is fixed at
100 which is sufficient for the limited number of optimal Pareto
front solutions for the test instances considered. For the se-
lected levels of the seven factors and the six different instances
representing levels for|P|, there is a total of 8748 indepen-
dent runs. Each run of MOGWO is performed with a maxi-
mum number of iterations of 300 with no computational time
limit. Runs are performed in a random order and the values of
the IGDGWO and computational time in seconds (CTGWO) are
recorded for each run.

The analysis of variance of theIGDGWO results provides evi-
dence that the parametersnGridGWO, αGWO, βGWOandγGWOdo
not have any significant effect. For the other three factors, the
interval plots shown in Fig. 8 clearly show that the swap muta-
tion operator which is used within the SA local search has better
performance at high values ofpS A and popsizeGWO compared
to the shift mutation operator.

The main effects plots of the significant factors on the com-
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Figure 9: Average computational time in seconds for the MOGWO metaheuris-
tic at different levels of the factors having significant effect

putational time, shown in Fig. 9, indicate that the computational
time of MOGWO is mostly governed by the local search oper-
ations. WhenpS A = 0, the main MOGWO operations requires
low average computational time which increases linearly with
increasingpS A. Meanwhile, doublingpopsizeGWO almost dou-
bles the average computational time. For the mutation operator,
swap mutation has a lower average computational time com-
pared to shift mutation.

Based on the demonstrated results, the recommended levels
for the MOGWO in the current implementation are to use the
swap mutation operator for SA local search, a population size of
200 andpS A of 1.0. This setting ensures the best quality of the
generated non-dominated solutions. Even though the resulting
computational time will be the highest, it remains acceptable
for such small size instances. The other MOGWO parameters
can be set at any appropriate level without having a significant
effect on the solution quality or the computational time.

4.2. Calculating hypervolume performance metric

Hypervolume (HV), introduced by Zitzler & Thiele (1999),
is a commonly used performance metric for comparing meta-
heuristic approaches applied to multi-objective optimization
problems when the optimal non-dominated solutions are un-
known. As indicated by Li & Yao (2019), HV can provide
a collective assessment for both spread and cardinality of the
generated set of non-dominated solutions. For the current bi-
objective optimization problem in which both objectives are to
be minimized, the value ofHV is evaluated as in Eq. (2).

HV(D) = λ















⋃

s∈D

As















(2)

Whereλ(.) is the Lebesgue measure andAs is the set of
points included in the rectangular region defined by the ver-
texes (Cmax(s),MWFT(s)) of a non-dominated solutions ∈ D
and a reference point (Cmax,MWFT). For the DMOSP, the ref-
erence point is selected atCmax = 1.5× LBCmax andMWFT =
1.8×LBMWFT, whereLBCmaxandLBMWFT are the lower bounds
of the makespan and the MWFT objectives respectively. These
two limits are empirically determined by investigating non-
dominated solutions generated by the two metaheuristics for
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some selected small and large randomly generated instances.
They are chosen such that they encompass all generated non-
dominated solutions by both metaheuristics. If in any case a
solution is found to have eitherCmax or MWFT values outside
the defined limits, it will be excluded from the calculation of
theHV measure.

The higher the value ofHV(D) is, the better the solutions
generated by a metaheuristic are. However, the value ofHV(D)
is dependent on the magnitudes of the parameters and struc-
ture of a given instance. It does not provide a unified as-
sessment about the quality of generated solutions among dif-
ferent instances. Alternatively, we propose a relative mea-
sure in which the value ofHV(D) is divided by the area of
the rectangle defined by the two vertexes (Cmax,MWFT) and
(LBCmax, LBMWFT) as expressed by Eq. (3).

HV%(D) =
HV(D)

0.5LBCmax× 0.8LBMWFT
× 100 (3)

It is important to note here that the coefficients 0.5 and 0.8
in the denominator of Eq. (3) are derived from the two limits
(Cmax) and (MWFT) which are chosen respectively at 1.5 ×
LBCmaxand 1.8× LBMWFT as indicated earlier.

When the set of optimal Pareto front solutionsP is known,
the value ofHV%(D) can be compared toHV%(P) to provide
an assessment of the quality of generated solutions with respect
to the optimal ones. This may lead to conclusions similar to
those that can be reached by comparing theIGD values. This
will be investigated in the computational experiments on small
benchmark instances.

The calculations of the lower bounds are done as follows.
The lower bound for the makespan objective is calculated by
Eq. (4).

LBCmax= max
{

LB1
Cmax, LB2

Cmax

}

(4)

Where,

LB1
Cmax= max

j∈J
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āw = max

{
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j∈Jw

{
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}

, min
m∈Mw

{am}

}

(8)

Here, LB1
Cmax is defined based on the release and process-

ing times of each job. It calculates the shortest length of time
needed to finish each job and then selects the maximum value
among all jobs. Meanwhile, the value ofLB2

Cmax is based on a
relaxation of the parallel machine scheduling sub-problems for
each workstation as provided by (Pinedo, 2012). It is based on
calculating the maximum of the makespan lower bounds cal-
culated for each workstation’s parallel machines sub-problems
independently.

Meanwhile, the lower bound for theMWFT objective is
evaluated as follows.

LBMWFT =

∑

j∈J
p j
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− r j













|J|
(9)

4.3. Computational results for small benchmark instances

The computational results on the 30 benchmark instances
provided by Abdelmaguid (2020a) are presented in this sec-
tion. Those benchmark instances are small in size constituting
5 workstations and 10 jobs each. The number of machines in
each workstation is randomly generated using a uniform distri-
bution between 1 and 2. The operations processing times, job
release times and machine ready times are randomly generated
by varying some parameters related to the problem structure.
The optimal Pareto front solutions of those instances provided
by Abdelmaguid (2020a) are used herein to assess the perfor-
mance of the developed metaheuristics and provide a fair com-
parison between them.

For each instance and metaheuristic, 30 independent runs are
conducted. The computational time is restricted to 30 seconds
for each run. The metaheuristic parameters determined in the
tuning experiments are used in these experiments. Table 4 re-
ports some statistics on the computational results. First,the
number of the optimal Pareto front solutions (|P|) is provided
along with the value ofHV%(P). The latter is the relative hy-
pervolume evaluated using the set of optimal Pareto front solu-
tions. It provides the maximum value that can be achieved for
that performance metric. Next, for each metaheuristic, Table 4
reports some statistics on the computational results of the30 in-
dependent runs including the mode of the number of generated
non-dominated solutions, the averageIGD and the averageHV.

It is important to note here that the setD includes only non-
dominated solutions with distinct pair ofCmax andMWFT val-
ues. Often, there are multiple non-dominated solutions with the
same objective values and in such cases, only one of them is
included in setD. The value of|D| provides an assessment of
the capability of the metaheuristic of generating alternative dis-
tinct non-dominated solutions. The modes of the 30 indepen-
dent runs by each metaheuristic for each instance are reported
in Table 4. As shown, the values of|P| are small, and so are
the values of|D| for both metaheuristics. This suggests that the
discrete structure of the DMOSP results in a limited number of
non-dominated solutions.

Both IGD and HV% are measures of the quality of gener-
ated non-dominated solutions by both metaheuristics. Their av-
erage values for the 30 independent runs of both metaheuris-
tics are reported in Table 4 for each instance. For both mea-
sures, the performance of the NSGA-II is dominantly better
than the MOGWO. This is affirmed by the interval plots shown
in Fig. 10 which take into consideration the variability in the
results for the overall 900 independent runs conducted for each
metaheuristic.

An investigation is done on the correlation betweenHV%
and IGD measures. The correlation coefficient calculated for
HV% andIGD based on the 900 independent runs conducted
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for each metaheuristic separately are found to be−0.085 and
−0.132 based on the NSGA-II and the MOGWO results re-
spectively. Meanwhile, the correlation coefficients calculated
for the values ofHV% divided byHV%(P) and theIGD val-
ues are found to be−0.567 and−0.415 based on the NSGA-II
and the MOGWO results respectively. This means that there
is no direct correlation betweenHV% andIGD, yet there is a
moderate negative correlation betweenHV%(D)/HV%(P) and
IGD for both metaheuristics. This result is plausible since the
value of HV% does not depend on the set of optimal Pareto
front solutions (P) unlike the ratioHV%(D)/HV%(P) and
IGD. Accordingly, for large instances in which the setP is un-
known, when two metaheuristics are experimentally compared,
the value ofHV%(D) is sufficient to draw reliable conclusions
about the relative quality of solutions since for both metaheuris-
tics when the value ofHV(P) is known, the calculated ratios
HV%(D)/HV%(P) for them use the same denominator. Such
a relative quality conclusion would have been to an acceptable
extent reached by theIGD measure.

4.4. Computational results for large instances

In this section, computational experiments and results for
large instances are presented. The main objective of these
experiments is to compare the performance of the developed
metaheuristics under different settings of some problem param-
eters that are related to the structure of the DMOSP. The design
of the large instances follows the same approach of the designed
small experiments in Abdelmaguid (2020a). Here, the number
of workstations is selected at two levels of 10 and 20 worksta-
tions. Two levels are selected for the ratio of the number of
jobs to the number of workstations (|J| / |W|), they are 2 and
4. Each workstation contains a number of machines that is ran-
domly generated using a uniform distribution between 1 and 5.
The values of the jobs’ priorities are randomly generated us-
ing a uniform distribution between 1 and 10. Two levels are
selected for the loading level (LL), they are 0.5 and 0.9. The
value ofLL represents the percentage of time that a job visits
a workstation when an instance is generated. This parameter
is necessary to take into consideration the condition that ajob
may not visit all workstations in the DMOSP.

The processing times of jobs on machines, jobs’ release times
and machines’ ready times are randomly generated as described
in Abdelmaguid (2020a). Two levels are selected for the per-
centage of late jobs (PLJ), they are 30% and 50%. Same values
are used to define the levels selected for the percentage of busy
machines (PBM) at the beginning or the rescheduling phase.
Table 5 summarizes the factors considered in the experimental
design of large instances and their selected levels.

For five parameters representing the structure of the DMOSP,
a 25−1

V fractional factorial design is used. This design is suit-
able for the current investigation since we are concerned with
studying the the main effects along with the two-factor inter-
actions and higher level interactions are not of concern. Five
replicates are used at each treatment combination, leadingto a
total of 80 randomly generated test instances. For each instance,
30 independent runs are conducted by each metaheuristic and
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Figure 11: Main effects plot for∆HV%

the values ofHV% are recorded for each run. Then, the aver-
ages of the 30HV% values are evaluated which are denoted as
HV%(NSGA− II ) for the NSGA-II andHV%(MOGWO) for
the MOGWO. The difference of the average values for each in-
stance, denoted and evaluated as∆HV% = HV%(NSGA− II )
− HV%(MOGWO) is evaluated. The value of∆HV% is used
as the response in the analysis of the experimental results.The
computational time limit in seconds for each run of any meta-
heuristic is defined as 3 times the number of jobs.

The analysis of variance (ANOVA) results at 95% confidence
level show that the main effective factors are|J| / |W| and
PBM. As showin in Fig. 11, increasing both values results in
decreasing the gap between both metaheuristics based on their
HV% values. Even though in most of the cases, the perfor-
mance of NSGA-II is better than MOGWO, it is evident that
higher number of jobs which is represented by high values of
the |J| / |W| factor leads to a very close performance for both
metaheuristics.

Furthermore, based on the ANOVA results at 95% confi-
dence level, it is found that three two-factor interactionsare
sifnificant, they are|W| andLL, |W| andPBM, and|J| / |W|
and PBM. The interaction plots shown in Fig. 12 show that
increasing the number of workstations (|W|) reduces the gap
between both metaheuristics at low loading level (LL) values;
meanwhile at highLL values, the gap will not be affected at
different levels of|W|. Similar behavior can be noticed for
the effect of |W| combined with the percent of busy machines
(PBM). Furthermore, the effect ofPBM on the response is sub-
dued at low level of the|J| / |W| factor.

Table 5: Factors considered in the designed large instancesand their selected
levels

Factor Selected levels
|W| 10, 20
|J| / |W| 2, 4
LL 0.5, 0.9
PLJ 30%, 50%
PBM 30%, 50%
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Table 4: Summary of computational results statistics for small benchmark instances

Instance |P| HV%(P)
NSGA-II MOGWO

mode|D| avg. IGD avg. HV% mode|D| avg. IGD avg. HV%
DMOSP-S-1 8 64.66 4 3.884 63.37 5 8.146 59.56
DMOSP-S-2 4 87.41 3 4.692 86.43 3 15.143 81.47
DMOSP-S-3 4 73.90 3 2.360 73.39 3 13.387 68.21
DMOSP-S-4 14 68.45 7 7.294 64.82 8 9.663 61.01
DMOSP-S-5 1 50.85 1 0.000 50.85 1 1.667 50.38
DMOSP-S-6 4 61.64 2 16.690 58.43 3 39.875 54.18
DMOSP-S-7 2 62.35 2 20.771 58.06 2 35.920 55.13
DMOSP-S-8 7 27.05 4 1.028 27.00 3 6.722 25.72
DMOSP-S-9 7 88.42 6 15.768 82.71 5 27.497 79.00
DMOSP-S-10 4 48.97 3 21.715 45.01 4 41.596 41.58
DMOSP-S-11 10 60.05 4 5.273 57.19 6 11.853 52.30
DMOSP-S-12 7 74.91 3 13.817 69.58 3 22.432 66.46
DMOSP-S-13 16 45.03 6 4.669 43.20 6 14.849 37.84
DMOSP-S-14 8 61.48 2 8.646 56.40 3 15.625 52.63
DMOSP-S-15 17 60.08 10 4.616 55.22 11 8.099 52.24
DMOSP-S-16 3 56.52 1 15.593 52.32 1 36.344 47.16
DMOSP-S-17 11 44.01 8 9.935 41.12 5 18.805 37.81
DMOSP-S-18 6 81.37 2 5.037 79.57 2 9.022 76.82
DMOSP-S-19 3 17.89 3 5.180 17.42 3 13.798 16.42
DMOSP-S-20 2 95.26 2 2.252 94.73 3 15.837 92.04
DMOSP-S-21 11 74.69 7 6.987 68.96 8 14.599 63.29
DMOSP-S-22 23 72.09 9 6.807 66.13 8 11.392 60.12
DMOSP-S-23 1 59.50 1 7.846 58.41 1 43.060 53.54
DMOSP-S-24 8 57.47 3 6.751 52.27 1 17.880 45.95
DMOSP-S-25 5 64.32 4 7.512 60.45 4 19.241 54.61
DMOSP-S-26 5 62.65 2 3.172 60.86 1 7.822 58.53
DMOSP-S-27 2 93.03 2 17.740 91.36 3 33.158 87.70
DMOSP-S-28 2 72.14 3 12.428 70.10 4 29.384 66.01
DMOSP-S-29 2 96.87 2 0.936 96.72 3 5.798 95.35
DMOSP-S-30 1 47.76 1 26.415 44.80 1 63.047 40.69
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5. Conclusions and future work

The dynamic job arrival nature in maintenance and
healthcare diagnostic systems necessitates quickly optimized
rescheduling decisions that assist the decision maker on tak-
ing appropriate actions that improve both customer satisfac-
tion level and the overall efficiency of the system. This
paper developed two metaheuristic approaches based on the
non-dominated sorting genetic algorithm (NSGA-II) and the
multi-objective grey wolf optimizer (MOGWO) for the stud-
ied dynamic multiprocessor open shop scheduling problem
(DMOSP), which naturally exists in such diagnostic systems.
Both the objectives of minimizing the makespan and minimiz-
ing the mean weighted flow time are considered simultaneously.
A novel stochastic bi-objective local search algorithm based on
simulated annealing (SA) is developed and used to improve the
generated solutions in each iteration of both metaheuristics.

Using a sub-set of previously developed small benchmark
instances, the search parameters of both metaheuristics are
fine-tuned. Then, they are both used to solve the previously
developed 30 small benchmark instances for which the opti-
mal Pareto front solutions are known. The performance of a
metaheuristic is measured by two well-known measures from
the literature of multi-objective optimization, they are the in-
verse gravitational distance (IGD) and a relative hypervolume
(HV%). Computational results show that the performance of
the NSGA-II is better than the performance of the MOGWO
for all 30 instances, and the NSGA-II is capable of generating a
non-dominated set of solutions that are very close to the optimal
Pareto front.

To investigate the performance of both metaheuristics at dif-
ferent settings of the problem parameters, additional large-size
instances are designed. The relative hypervolume measure is
used as a performance measure in the comparison. Computa-
tional results show that the NSGA-II can still produce better re-
sults compared to the MOGWO in most of the cases under dif-
ferent settings of the DMOSP. However, for large instances with
large number of workstations and jobs, low loading level and
high percentage of busy machines at the beginning of the sched-
ule, the difference in performance between both metaheuristics
is minor.

This paper considered two different metaheuristic ap-
proaches that are based on two different lines of research,
namely simulating evolutionary processes and simulating
swarm intelligence. Results for the studied bi-objective
DMOSP suggest that the former line can produce better results
under different settings of such a discrete optimization prob-
lem as opposed to the latter line. However, hybrid techniques
that may combine some characteristics of both lines may pro-
vide more improvements which can be an interesting subject
of future research. The specific design or solution representa-
tions for both metaheuristics can provide guidance for future
researchers on adopting features that produce good resultsand
avoiding features that result in inferior ones. Future research
may also consider the development of more sophisticated local
search approaches. Another direction of extending this work
is to consider other generalizations in the problem structure in-
cluding sequence-dependent setup times that may exist in some
real life applications. Another generalization that can have an
impact on the performance measures is the consideration of the
effect of the limited material handling and transportation equip-
ment.
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