
A novel mathematical model for Integration of 
Production Planning and Maintenance Scheduling   

1. Introduction

A more challenging issue is the development to 
handle an integrated production planning and sched-
uling problem. Production planning and scheduling 
are two central, related, and interconnected levels of 
decision-making in production systems. Due to dif-
ferent deadlines and goals, planning and scheduling 
are often handled sequentially separately, which leads 
to infeasible or suboptimal solutions.

In the literature, various types of integration of de-
cision levels in a production environment have been 
studied. This article focuses on the coordination or 
integration of production and scheduling (see Fig. 1). 

Many companies manage these two operations in-
dependently with little or no integration which can 
result in missed opportunities for cost savings and im-
proved customer service through optimized produc-
tion and scheduling operations [1]. The integration 
of production and scheduling of a shop floor has re-
cently received attention in both practice and theory, 
and it is critical to achieve optimal operational per-
formance in production planning [2]. The common-
ly used planning and scheduling decision-making 
strategy generally follows a hierarchical approach, in 
which the planning problem is solved first to define 
the production targets, and the scheduling problem 
is solved next to meet these targets. The generated 
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planning decisions might cause infeasible schedul-
ing sub-problems. At the planning level, the effects 
of changeovers and daily inventories are neglected, 
which tends to produce optimistic estimates that can-
not be realized at the scheduling level (i.e., a solution 
determined at the planning level does not necessarily 
lead to feasible schedules). Furthermore, the opti-
mality of the planning solution cannot be ensured be-
cause the planning level problem might not provide 
an accurate estimation of the production cost, which 
should be calculated from detailed tasks determined 
by the scheduling problem. 

Therefore, the main two motivations of this study 
are the following:

•	 Developing efficient methods for the integra-
tion of production and scheduling problems, 
and

•	 Obtaining good solutions to production plan-
ning that considers tactical and operational 
planning, aligned with the corporate objectives 
of the company.

From the production scheduling point of view, 
most literature assumed that machines are always 
available during the planning time horizon. Howev-
er, in real manufacturing systems, this assumption is 
unreasonable. In recent decades, the relationship be-
tween production and maintenance has been identi-
fied as a conflict in management decisions, which has 
been examined in several recent studies [4]. How-
ever, if the production plan does not consider the 
expected maintenance period, interruptions resulting 

from maintenance interference or machine break-
down may lead to unsatisfied demand. This article 
considers an integrated multi-objective model with 
system availability for maintenance. The multi-ob-
jective model enables the decision-maker to obtain 
a compromise solution meeting at best two criteria: 
one related to maintenance activities, and the other 
to the production plan.

The production also involves various types of re-
sources, e.g., plastics production requiring injection 
machines and molds. Each of these resources re-
quires a specific set of maintenance activities. Failure 
to harmonize the maintenance schedules for these re-
sources can lead to significant disruptions in planned 
production due to the non-availability of resources. 
Herein, this article considers mold and machine 
maintenance as critical resources in production [5].

In this article, an integrated production planning 
and scheduling model is developed for a hybrid flow 
shop environment, taking maintenance constraints 
into consideration. The contributions of this article 
to the literature are as follows:

(1)	Strategic-Tactical-Operational Integration: The 
article proposes a new integrated production 
and scheduling mathematical model.

(2)	Maintenance Policies: two maintenance poli-
cies, imperfect and perfect maintenance activ-
ity are considered in the model

(3)	Metaheuristic Algorithm: The article presents a 
new metaheuristic algorithm to solve the prob-
lem and compares it with other multi-objective 
metaheuristic algorithms 

Figure 1. The supply chain matrix [3]
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Dauzere-Peres and Lasserre [6, 7] were among 
the pioneers in proposing an integrated planning 
and scheduling model that considers complex sched-
uling problems and the exact capacity of the shop 
floor. They propose a solution procedure that iter-
ates between planning and a scheduling module. In 
the scheduling module, an optimal schedule is de-
termined for fixed lot sizes, while, in the planning 
module, the best lot sizes are calculated for a fixed 
sequence of operations. This procedure allows a fea-
sible production plan to be determined. Zhou et al 
[8] concurrently considered planning and scheduling 
decisions. They presented a MILP formulation to in-
tegrate resource allocation and production planning 
in multiproduct batch plants. Yan et al [9] addressed 
the multi-period production planning and scheduling 
problem with setup time and mixed batches. They 
presented a non-linear mixed-integer programming 
model, and applied an alternant iterative GA to solve 
it. Chu et al [10] linked the planning and scheduling 
problems via service level constraints. To solve the 
integrated problem, a hybrid method is developed, 
which iterates between a mixed-integer linear pro-
gramming solver for the planning problem and an 
agent-based reactive scheduling method. 

Han et al [11] proposed a mathematical model of 
bi-level integration production planning and sched-
uling problem in the manufacturing system. A hy-
brid solution method was presented that consists of 
PSO to solve the production planning problem level 
and a new heuristic method to solve the schedul-
ing problem under fuzzy manufacturing conditions. 
In the integrated problem of production planning 
and scheduling, Bhosale and Pawar [12] developed 
the problem of operations allocation at the sched-
uling level with the assumption of waiting time in 
their model. They used the proposed GA to solve 
the problem. An integrated model of cell produc-
tion, group scheduling, production, and PM in a 
dynamic cell production system was put forward by 
Alimian et al. [13]. The maintenance problem in this 
model determines the time of perfect non-periodic 
maintenance in the form of corrective maintenance 
operations. To solve the model, the Benders de-
composition method was used in GAMS. Han et al. 
[11] developed an integrated two-level mathematical 
model of the problem of production planning and 
scheduling in the production system. They utilized 
the PSO optimization method to solve the problem 
at the production planning level and the new heu-
ristic method to solve the problem at the scheduling 
level under fuzzy production conditions. Based on 
the literature, it can be concluded that the integrated 

production planning and scheduling problem with a 
maintenance strategy in hybrid flow-shop environ-
ments is a crucial topic in academia and industry. To 
the best of our knowledge, no research has yet fo-
cused on this area. 

The remainder of the article is organized as fol-
lows: The mathematical formulation of the problem 
is presented in Section 2. In Section 3, the proposed 
algorithm, data generation, and parameter tuning are 
described in more detail. The experimental study 
conducted is explained in detail in Section 4. Finally, 
Section 5 concludes the paper.

2. Problem formulation 

2.1 Problem description

We proposed a MIP model for the integrated 
production and scheduling problem in a hybrid 
flow shop with maintenance constraints, in a multi-
product, multi-period production system. The si-
multaneous production and scheduling problem in 
a hybrid flow shop S-stage involves determining the 
production quantity and sequence of n jobs in the se-
ries systems that require more than one machine for 
processing at least in one stage. The hybrid flow shop 
system is defined by processing stages. At each stage 
s, s ∈ S, has a set M = 1 of Ms Machines. The set J 
= 1 of n independent jobs must undergo processing 
on the machines. Each job j, j ∈ J, has its processing 
time and a due date dj. 

The assumptions, parameters, decision variables, 
and processing restrictions of the jobs considered in 
this article are as follows:

•	 Each machine can process only one job at a 
time, implying that no machine can perform 
more than one operation simultaneously.

•	 In the HFS problem, each stage has at least one 
machine, and at least one stage must have more 
than one machine.

•	 The model considers the time required to pre-
pare a maintenance facility, as well as the dura-
tion of maintenance activities. 

•	 The problem is both multi-product and multi-
period. Each product has a specific delivery 
time.

•	 All jobs are available for processing at time 
zero.

•	 Each job can only be performed on one ma-
chine with one mold.
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•	 Each job will be processed in a serial batch ac-
cording to its order quantity, with the possibility 
of splitting the batch.

•	 Two maintenance policies for machines are 
considered: imperfect and perfect mainte-
nance activity.

•	 Every job is processed independently of others 
and every machine operates independently of 
the other machines. 

•	 When a maintenance activity is carried out on 
a machine or mold, processing operations are 
halted on that machine.

•	 The maintenance policy for the job molds 
is based on preventive replacement; which 
means that each time a job begins processing; 
the mold will be replaced with a new one.

•	 Each operation requires one machine that is 
selected from a set of available machines.

•	 The processing time of an operation on ma-
chine k is pre-determined.

•	 Preemption is permitted, i.e., Once an opera-
tion is commenced, it can be interrupted.

•	 Problem parameters are deterministic.

2.2 Mathematical programming

The important notations used throughout this ar-
ticle are defined as follows:

Index list

i, j Job

K The sequence position in the product's process 
schedule 

S Stage number

M Machine 

T Planning period

Variable list

xtsjm

hsm

gsm

Qtj Quantity of product j produced at period t

RFIsm
Imperfect maintenance reliability of machine m 
at stage s

RFPsm
Perfect maintenance reliability of machine m at 
stage s

Re lsm Reliability of machine m at stage s

btj Backorder of product j at period t

Itj Inventory of product j at period t

Maximum completion time of job j at period t

Lateness of the jth job at period t

End time of machine m in stage s in period t

Parameter list

Dtj External demand for the jth product in period t

ddtj Due date of product j at period t

costRFPsm
Cost of perfect maintenance of machine m at 
stage s

HCtj Holding cost of product j at period t

BCtj Backorder cost of product j at period t

PCtj Production cost of product j at period t

costRFIsm
Cost of imperfect maintenance the machine m 
at stage s

Pjms Processing time of job j at machine m at stage s

Processing time of position k of job j on 
machine m at stage s

Sequence-dependent setup time of switch-
ing from position k/ job j to position k job i on 
machine m

zpsm
Perfect maintenance time of machine m at 
stage s 

zism
Imperfect maintenance time of machine m at 
stage s 

zmsjm
Mold replacement time of job j in machine m at 
stage s

zsjm Maximum time to use the jth mold of machine m

M A very large number

ztsm Repair time of machine m on stage s

prosm Probability of machine failure at stage s

UBRFIsm
Upper bound of imperfect maintenance 
reliability of machine m at stage s

LBRFPsm
Lower bound of perfect maintenance reliability 
of machine m at stage s

UBRFIsm
Upper bound of imperfect maintenance 
reliability of machine m at stage s

LBRFPsm
Lower bound of perfect maintenance reliability 
of machine m at stage s

capCmax Capacity of maximum time of production in all 
periods
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The mixed-integer linear formulation for the 
problem under study is presented below:

(1)

S.T:

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

(10)

(11)

(12)

(13)

(14)

(15)

(16)

(17)

(18)

(19)

(20)

(21)

(22)

(23)

(24)

(25)

(26)

(27)

(28)

(29)

(30)

(31)

The first objective function (F1) minimizes the 
sum of the maximum compellation time and late-
ness time of products. The second objective function 
(F2) minimizes the costs associated with imperfect 
and perfect maintenance, production, inventory, 
and backorder. Eqs. 2-8 determine the completion 
time of jobs. Eq. 2 determines the completion time 
of a first job at the first stage. Eq. 3 computes the 
completion time of a job if there should be only one 
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machine at each station. Eq. 4 calculates the comple-
tion time of a job from one stage to the next stage. 
Eqs. 8 and 9 ensure that perfect maintenance reli-
ability of machines and imperfect maintenance reli-
ability of machines are considered lower bound and 
upper bound. Eq. 11 expresses the reliability of ma-
chines. Eq. 12 ensures that the maintenance activity 
is performed on one machine at a time, either perfect 
maintenance or imperfect maintenance. Eqs. 13-20 
determine the sequence of products in a production 
environment in the hybrid flow shop. Eq. 13 guar-
antees that each job is processed on at least one ma-
chine. Eq. 14 shows that the second position of the 
job does not start earlier than the first position. Eqs. 
21-25 compute the completion time of job j of ma-
chine m in stage s. Eqs. 26-28 determine the lateness 
of each job. Eq. 29 expresses the final reliability of 
machines while considering the volume of jobs pro-
cessed on the machine. Finally, Eq. 30 is the usual 
flow balance constraint to satisfy the demand for each 
product in each period.

3. Proposed optimization algorithms

A major issue regarding integrated production 
and scheduling problems is selecting the solution 
method. Due to the complexity of problems, in most 
studies, different heuristic and metaheuristic meth-
ods are applied to find solutions. Since the respec-
tive problem is NP-hard, to solve a problem with 
larger dimensions by exact procedures such as sim-
plex, dynamic programming, or branch and bound, 
one may not be able to reach the optimum answer 
within a reasonable time. Hence, due to the intrinsic 
complexity of discrete optimization problems, par-
ticularly PS problems, metaheuristic methods yield 
better performance in solving the problem and pro-
viding an acceptable solution within an acceptable 
time [14]. Multi-objective problems are another type 
of operations research problem that includes a vector 
of objectives instead of a single objective. The main 
goal of multi-objective optimization techniques is to 
determine a set of optimal solutions, especially when 
the objectives are conflicting. 

3.1 ԑ-constraint‌ method

Exact solution methods are used to solve small-
scale problems. One of the most important exact 
solution methods is the Epsilon constraint method, 
which is frequently employed to solve multi-objective 
problems.

In this method, one of the objectives is optimized 
at each stage, while the other objectives are consid-
ered as constraints‌ with the upper bound of Epsilon 
(ԑ). this method converts the multi-objective optimi-
zation problem into a single-objective one.

(32)

(33)

The steps of the Epsilon constraint method are:

(1)	In each step, one of the objective functions is 
selected as the main objective; the problem is 
solved with this objective; and the optimal val-
ue for this objective function is obtained.

(2)	Other objective functions become sub-objec-
tives; the distances between the optimal values 
of the sub-objectives are divided into a prede-
termined number; and a table for these values 
is created.

(3)	Other objective functions become extraneous 
objectives; intervals between optimum values 
of extraneous objectives are divided into a pre-
specified number; and ԑ2,..., ԑn values are de-
tected.

(4)	At any given time, the major objective function 
is solved for each value ԑ2,..., ԑn to yield Pareto 
solutions [15].

3.2 NSGA-II

NSGA-II is the latter version of the popular “non-
dominated sorting GA” developed in [16] to solve 
non-convex and non-smooth single and multi-objec-
tive optimization problems. Compared to NSGA, 
it is a useful algorithm that has an improved mating 
mechanism dependent upon the crowding distance. 
In the NSGAII algorithm, there are some parameters, 
including population size (Npop), mutation rate (Pm), 
crossover rate (Pc), and maximum iteration (maxit). 
Population initialization is conducted as before. Ini-
tially, a zero level is allocated to all non-dominated 
individuals. During the elimination of the individu-
als from the population, the primary non-dominated 
solutions are allocated to level one. This procedure 
continues until all solutions are allocated to a non-
domination level. The parent's selection process is 
carried out using binary tournament selection based 
on a less rank and greater crowding distance. The 
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next step includes off-spring generating from the se-
lected population using crossover and mutation op-
erators, which will be discussed subsequently. Finally, 
the present off-springs and population are once again 
sorted based on the non-domination rule, and only 
the best individuals remain as the population size (P).

3.3 MOPSO

Swarm intelligence (SI) is mainly defined as the 
behavior of natural/artificial self-organized, decentral-
ized systems. Swarms interact locally with each other 
or with external agents, i.e., the environment, and 
can be in the form of bird flocks, ants, bees, etc. The 
PSO algorithm, Introduced by Srinivas and Deb [17] 
to optimize continuous nonlinear functions, the PSO 
algorithm is an optimization technique based on the 
bird migration pattern. Moreover, the best bird (with 
the smallest distance from the food) is called the glob-
al best (Gbest), and the best position of a bird ever is 
called the particle best (Pbest)[18]. MOPSO was pro-
posed by Moore et al [19] to optimize more than one 
objective function. In MOPSO, instead of a single so-
lution, a set of solutions are determined, also known 
as the Pareto optimal set. There are five parameters 
explained as follows: 1) The number of iterations, 
which is the maximum number of iterations before 
the best Pareto frontier is achieved; 2) the number of 
particles, which is the number of initial solutions for 
the next iteration (similar to the population size in the 
NSGA-II); 3) W, which is known as the inertia weight 
and determines the willingness of a particle to keep 
its velocity from the previous iteration; 4) C1, which 
is known as the personal influence weight and deter-
mines the willingness of a particle to move to one of 
its best positions; and 5) C2, known as the social influ-
ence weight, determining the willingness of a particle 
to move to one of the Pareto frontier solutions.

3.4 Harmony search algorithm

The harmony search algorithm (HS) is consid-
ered to be one of the simplest metaheuristic meth-
ods. The optimal responding search process in opti-
mization problems is inspired by the playing process 
of an orchestra. This solution method has been pre-
sented by [20]. This algorithm is composed of three 
stages: (1) providing the algorithm parameters and 
harmony memory with initial values, (2) generating a 
New Harmony vector, and (3) updating the algorithm 
memory. A new harmony vector can be generated by 
one of the following methods:

(1)	Considering solutions available in the memory: 
This method ensures that the best solutions 
remain in the memory during the optimiza-
tion process. This operator is controlled by the 
harmony memory consideration rate (HMCR). 
The smaller this rate, the slower the algorithm's 
convergence due to the existence of few se-
lected harmonies; the larger this rate, the more 
available harmony in the memory is selected, 
and the algorithm is entrapped in the local op-
timum. The application of this operator is simi-
lar to the elite operator in a GA.

(2)	Step adjustment (or pitch adjustment): Pitch 
adjustment means a change in the structure 
of frequencies, in which a rate, namely pitch 
adjustment rate, is used to control this opera-
tor. The larger this rate, the greater the diver-
sity in the algorithm; this increase makes the 
algorithm operate as a random search method. 
Using this operator is equivalent to the neigh-
borhood solutions generation in optimization 
algorithms and similar to a mutation in a GA.

(3)	Random selection: It randomly generates solu-
tions and adds them to the population.

3.4.1 Multi-objective harmony search algorithm 
(MOHS)

The steps for implementing the MOHS are:

(1)	Set the initial values of the problem and the pa-
rameters of the algorithm.

(2)	Create a harmonic memory and set its initial 
values. All the variables must be randomly 
quantified in their maximum and minimum 
ranges.

(3)	Evaluate the objective functions for each solu-
tion vector in the harmony memory.

(4)	Create a new harmonic memory according to 
the previously mentioned description.

(5)	Update the harmonic memory and select the 
best harmonic memory from the combination 
vectors.

(6)	Repeat the fourth and fifth steps until the end 
condition is met or the repetitions are com-
pleted. 

Harmony memory upgrades in HS for multi-ob-
jective problems differ from simple HS. In this study, 
Pareto optimal solutions are determined using the 
idea of the NSGA method. The new harmony mem-
ory described above and the existing harmony mem-
ory comprise two HMS solution vectors (integrated 



129 Rastgar et al.

International Journal of Industrial Engineering and Management Vol 14 No 2 (2023)

harmony memory). Then, the non-dominated rank-
ing and sorting approach is used for it. When ranking 
is performed for all solution vectors in the integrated 
harmony memory, a diversity rank is devoted to solu-
tion vectors and used for a non-dominated batch of 
a crowded distance. The crowded distance expresses 
the distance among solution vectors surrounded by a 
specific solution vector. Its scale is the mean distance 
between two solution vectors on the two sides of a 
solution vector according to each objective function. 
Therefore, the best harmony memory (equivalent to 
HMS) is selected from the integrated harmony mem-
ory [21].

3.4.2 Improved multi-objective harmony search 
algorithm (IMOHS)

This algorithm was proposed after extensive re-
search on the methods reviewed in the literature on 
the HS method. In this method, innovations in pa-
rameter setting and changes in the trend of HMCR 
and PAR parameter values during algorithm itera-
tions are presented compared to the basic HS.

Searching for optimal solutions is a more effi-
cient way to consider the diversity of the entire solu-
tion space at the beginning of the search (explora-
tion), that is, to identify the entire solution space and 
move more toward the spaces that are most likely 
to be optimized. Then, two types of optimization 
may be encountered: local optimization and global 
optimization. If the algorithm becomes trapped in 
the local optimum, it may be separated from that 
area through local search techniques. The solutions 
reach the objective value faster. Accordingly, the HS 
algorithm may identify the high functional areas in 
the solution space within an appropriate time, but it 
is not efficient in the implementation of local search 
in the hybrid optimization problems, and such cas-
es are situated in the local optimum. A technique 
used for controlling this problem is a restart phase. 
This technique involves applying a shock to the lo-
cation where the algorithm is presently situated in 
the problem-solving space, increasing its dispersal. 
In this method, when the best value is not improved 
after some iterations, it acts as follows: (1) The har-
mony memory is sorted in ascending order based 
on the best objective function value. (2) The first 
memory list solutions are sorted and stored equal 
to the restart phase consideration rate%; then, for 
(1– (Restart phase consideration rate)) of the re-
maining memory, it selects a half by a one-point 
mutation operator on the regenerate restart phase 
rate and determines the other half randomly based 

on the range of each solution. In IMOHS, there 
are some parameters, including the number of algo-
rithm memory vectors (HMS), minimum pitch ad-
justment rate (PARmin), maximum pitch adjustment 
rate (PARmax), minimum memory consideration rate 
(hmcrmin), and maximum memory consideration rate 
(hmcrmax). In the proposed algorithm, there are two 
types of parameter adjustment: dynamic adjustment 
and sequential adjustment based on the Taguchi 
method. Pitch adjustment rate parameters (PAR) 
and the HMCR are varied linearly and dynamically 
during the search process presented by a mathemati-
cal formula in Eqs. (34), (35). In these parameters, 
different values of parameters are appropriate dur-
ing the search process.

(34)

(35)

3.5 Sample problems

To evaluate and compare the performance of 
the metaheuristic algorithms, 10 problems with vary-
ing numbers of jobs, machines, stages, and periods 
are considered. Table 1 presents the dimensions of 
the instances. Parameters were randomly generated 
within the ranges defined in Table 2. The sample 
problems were designed according to the reference 
provided [22]. 

3.6 Solution representation

One of the most important decisions in the cod-
ing of the metaheuristic method is how to represent 
problem solutions and how to transform them into 
real solutions available in the problem structure. The 
solution presentation must be such that it decreases 
the costs and time of using the algorithm. In this ar-
ticle, the vector is composed of four sections (Fig. 
2). The first section is related to the part sequence 
jobs on the machines available in site one at stage 
one. The second section is related to the machine se-
quence. The third section of the chromosome shows 
the stage sequence, and the fourth section belongs to 
the part sequence jobs. Each component is obtained 
according to random values in [0, 1],

The chromosome is encoded from the permuta-
tion of jobs by the largest position value (LPV) rule 
(Fig. 3).
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3.7 Design of Experiments (DoE)

Since the parameters of an optimization algo-
rithm play a key role in the quality of the solution, 
the Taguchi method is used for tuning. An opti-
mum DoE provides the data required for analysis 
and achievement of optimal conditions with the 
least number of experiments. to determine the sig-
nificant factors affecting a response (here, the solu-
tion), Taguchi developed a special type of fractional 
factorial experiment to reduce the large number of 

experiments required in a full factorial experiment 
[23]. 

As there are three candidate levels of each pa-
rameter, altogether there are 81 parameter hybrids 
for implementation of each problem. Considering 
the sample number of problems (10) and three it-
erations for each experiment, the total number of 
experiments will be 30×3×81 = 7290. Specifying the 
best hybrid by this number of experiments requires 
a lot of time and is not reasonable. Thus, the Tagu-
chi DoE technique is used.

Number of instances

1 2 3 4 5 6 7 8 9 10

Indices m Number of machines 2 3 4 5 6 6 7 7 10 15

s Number of stages 2 2 2 2 2 3 3 3 4 6

i, j Number of jobs 3 20 40 50 80 100 120 150 200 500

t Number of periods 1 2 3 3 3 5 5 5 5 5

Table 1. Dimensions of each instance

Parameter Parameter range Parameter Parameter range Parameter Parameter range

Dtj ~ U[1,5] BCtj ~ U[4000,5000] zmsjm ~ U[1,6]

ddtj ~ U[400,800] PCtj ~ U[12,40] zsjm ~ U[1,5]

costRFPsm ~ U[12000,13000] costRFIsm ~ U[8000,12000] ztsm ~ U[2,4]

HCtj ~ U[20,24] Pjms ~ U[20,35] prosm ~ U[0.4,.09]

~ U[20,35] zpsm ~ U[1,5] UBRFIsm ~ U[0.8,0.85]

~ U[10,15] zism ~ U[1,5] LBRFPsm ~ U[0.6,0.7]

UBRFPsm ~ U[0.8,0.9] LBRFIsm ~ U[0.5,0.65] capCmax 1000

Table 2. Ranges of parameters for generating random instances

Figure 2. Chromosome representation

Figure 3. Chromosome representation after applying the LPV rule

Job(i) Machine(m) Stage(s) Job(j)

0.3 0.2 0.5 0.8 0.1 0.4 0.1 0.8 0.4 0.6 0.1 0.6 0.4 0.2 0.3 0.1 0.5

Job(i) Machine(m) Stage(s) Job(j)

4 3 6 1 2 5 2 3 1 1 2 1 6 2 4 3 5
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3.7.1 Adjustment of factors and levels of each 
factor of the model-solving algorithm

In the first step, to implement the Taguchi method 
and adapt the appropriate orthogonal array, it is nec-
essary to compute the required degrees of freedom. 
In this problem, one degree of freedom for the total 
mean and two degrees of freedom for three-level fac-
tors are required. Thus, an array that includes at least 
seven lines must be selected. Considering the stan-
dard orthogonal Taguchi arrays, it is concluded that 
these conditions are applicable in orthogonal array 
L9, and considering the level of the factor, array L9 is 
selected. The total number of problem implementa-
tions using the Taguchi method will be 30×3×9=810 
times, whereas utilizing the full factorial DoE would 
require 7290 implementations. This means that 6480 
experiments have been saved in terms of time and 
cost.

In the IMOHS, there are four two-level factors 
(minimum pitch adjustment rate, maximum pitch 
adjustment rate, minimum algorithm memory consid-
eration rate, and maximum algorithm consideration 
rate) and a three-level factor (harmony memory size). 
The factors and their levels are listed in Table 3. In 
this problem, one degree of freedom for the total 
mean, 2 degrees of freedom for the three-level factor, 

and 1 degree of freedom for each two-level factor are 
required. Therefore, the total required degree of free-
dom would be equal to 1+ (1×4) +2=7. Thus, an array 
that includes at least seven lines must be selected. 

Considering the standard orthogonal Taguchi ar-
rays, it is concluded that these conditions are applica-
ble in orthogonal array L12, and array L12 is selected 
based on the level of the factors.

3.7.2 Selection of optimum factors of solution 
algorithms

In each experiment implementation, the objective 
function obtained must be converted according to 
the Taguchi method and proportional to the signal-
to-noise ratio, and analyzed based on the S/N ratio 
variations. The objective of each implementation is 
to minimize the objective function; thus, the signal-
to-noise type is selected for Eq. (36).

(36)

In this study, considering the selected S/N ratio, 
proportional to the nature of this problem, the lowest 
S/N ratio for each factor in each algorithm is selected 
as the optimum factor. All the results of solution algo-

Algorithm Parameter Description of each parameter
Levels

Number Size of each level

MOPSO

Npar Number of particles 3 10 20 30

W Inertia weight 3 0.2 0.5 0.75

C1 Personal influence coefficient 3 0.5 0.75 0.9

C2 Social influence coefficient 3 0.2 0.5 0.75

Itm Maximum iteration 1 100

NSGAII

Npop The population size 3 15 30 50

Pm Mutation rate 3 0.2 0.3 0.4

Pc Crossover rate 3 0.5 0.75 0.95

Itn Maximum iteration 1 100

MOHS

HMS Harmony memory size 3 5 10 15

HMCR Harmony memory consideration rate 3 50% 80% 99%

PAR Pitch adjustment rate 3 10% 50% 90%

BW Band width 3 0.2 0.5 0.99

IMOHS

HMS Harmony memory size 3 5 10 15

HMCRmin Minimum of harmony memory consideration rate 2 20% 50%

HMCRmax Maximum of harmony memory consideration rate 2 80% 99%

PARmin Minimum of pitch adjustment rate 2 20% 40%

PARmax Maximum of pitch adjustment rate 2 50% 90%

Table 3. Factors and their levels in the model-solving algorithm
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rithms implemented by Taguchi DoE for parameters' 
adjustment are presented as the S/N ratio in Figure 4.

Table 4 lists the best factors for the final imple-
mentation of algorithms to solve the model.

Figure 4. Mean S/N diagram for each level of the algorithms' factors
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4. Experimental study

To evaluate the algorithms' performance against 
the exact solution, the problems were solved using 
the GAMS commercial program (CPLEX solver). 
To this end, GAMS is executed for small instanc-
es and the outputs are presented in Table 5. The 
GAMS found the optimal solution for the first test 
problem; however, due to the multitude of decision 
variables and problem complexity, it could not solve 
large instances even after 32400000 seconds of com-
putational time. Therefore, algorithms that can solve 
the model rapidly and with reasonable costs are pro-
posed to tackle the large-sized problem since it is NP-
hard. Initially, the sample problems generated were 
solved multiple times by each algorithm, utilizing the 
optimum parameter values obtained through the Ta-
guchi method.

There are some measures defined for evaluating 
multi-objective metaheuristics algorithms. to com-
pare the results achieved by the algorithms. some 
comparison metrics of metaheuristic algorithms were 
introduced by Tavakkoli-Moghaddam, R et al. [24]. 
Herein, four performance metrics were considered:

•	 The number of Pareto solutions (NPS): This 
measure presents the number of Pareto opti-
mal solutions in each algorithm. The higher the 
NPS of an algorithm, the more utility it shows.

•	 Mean ideal distance (MID): The mean of Pa-
reto solutions' distance from the coordinate 
origin (zero) is calculated by this metric. Algo-
rithms with a smaller MID index are more ef-
fective. 

(37)

(38)

 f1i: First objective function f2i: Second objective 
function 

•	 Spacing metric (SNS): This metric presented 
enables us to measure the uniformity of the 
point spread within the solution set. A smaller 
value for this metric indicates a better algo-
rithm. This metric is given by Eq. (39):

(39)

•	 Quality index (QM): This index compares 
the quality of the Pareto solutions obtained by 
each algorithm. It ranks all Pareto solutions ob-
tained by each algorithm and determines what 
percentage of the best solutions belong to each 
algorithm. The higher the percentage, the bet-
ter the algorithm quality.

Optimum level Parameter Algorithm

MOPSO

30 Npar

0.2 W
0.5 C1

0.2 C2

100 Itm

NSGAII

15 Npop

0.3 Pm

0.9 Pc

100 Itn

MOHS

5 HMS
0.8 HMCR
0.1 PAR
0.2 BW

IMOHS

15 HMS
0.2 HMCRmin

0.8 HMCRmax

0.2 PARmin

0.9 PARmax

Table 4. Optimum operators of the algorithms

Test 
problems

      

∈-c MOHS IMOHS MOSPO NSGA-II

NPS MID SNS T(s) NPS MID SNS T(s) NPS MID SNS T(s) NPS MID SNS T(s) NPS MID SNS T(s)

1 2 6881 716 4.4 2 6881 716 2.9 2 6881 716 2.6 2 6881 716 2.9 2 6881 716 2.4

2 - - - - 7 51235 4205 8 12 49856 4158 9 7 63288 11364 8 12 60189 4267.8 7

3 - - - - 12 63479 51284 18 9 60125 36542 21 9 93471 87551 15 15 86522 63401 12

Table 5. Result of different approaches for test problems in the small test problem
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The metrics of the proposed algorithms were 
compared to compare their results. 

4.1 Computational time complexity

Computational time is an important characteris-
tic of an optimization algorithm. The graph of con-
vergence of meta-heuristic algorithms over time is as 
follows. According to Figure 5, the time to obtain a 
good solution increases exponentially with increasing 
problem size, which can be roughly considered close 
to an exponential distribution. Regarding the whole 
processing time (from the initial solution to the final 
solution), the comparisons have revealed a faster run 
in IMOHS.

4.2 Implementation of algorithms

To implement the experiments, sample problems 
were devised, and the problem dimensions were 
changed, such as the number of jobs and machines. 
The algorithms were compared using the relative 
percentage deviation (RPD) rate because the objec-
tive function values were of different and unequal 
scales. This comparison was made [25].

(40)

ALGsol is the algorithm solution and Minsol is the 
minimum value of the solutions. In this ratio, the 
lower the RPD, the high the solution's quality, and 
the better the algorithm's performance. In the Results 
section, the performance of the algorithms is com-
pared in terms of the problem size, which is varied 
based on the increased number of jobs, machines, 
and stages. The RPD results obtained from the algo-
rithms' implementation are given in Table 6.

As mentioned before, the SNS metric is the most 
important metric for comparing multi-objective opti-
mization algorithms. In 40% of all test problems, the 
IMOHS performed better in terms of the diversity 
metric. The MID metric of the NSGA-II algorithm Figure 5. Computational time complexity

Test problems

1 2 3 4 5 6 7 8 9 10

MOHS

MID 0 0.0536 0.0785 0.0665 0.1152 0.0711 0.0945 0.1342 0.2652 0.2169

NPS 0 0.0514 0.0846 0.1025 0.0485 0.0254 0.0107 0.0165 0.0314 0.0125

SNS 0 0.1124 0.1412 0.1139 0.1854 0.1574 0.2173 0.221 0.2245 0.1923

QM 0.25 0.28 0.27 0.19 0.23 0.28 0.34 0.22 0.18 0.12

IMOHS

MID 0 0.0263 0.0652 0.0747 0.1547 0.0262 0.0751 0.7469 0.1867 0.1625

NPS 0 0 0 0 0 0 0 0 0 0

SNS 0 0.0942 0.0592 0.1443 0.1237 0.2147 0.0589 0.1418 0.1685 0.2457

QM 0.25 0.30 0.26 0.31 0.27 0.35 0.24 0.38 0.45 0.48

MOPSO

MID 0 0.04352 0.08136 0.09482 0.15524 0.05912 0.08055 0.07942 0.18333 0.23658

NPS 0 0 0 0 0 0 0 0 0 0

SNS 0 0.1355 0.16771 0.18506 0.07026 0.15967 0.03713 0.24132 0.20485 0.25431

QM 0.25 0.23 0.18 0.23 0.25 0.12 0.16 0.14 0.21 0.23

NSGA-II

MID 0 0.03115 0.07073 0.08467 0.11497 0.01623 0.11011 0.04692 0.21367 0.21021

NPS 0 0.07107 0.09572 0.13714 0.05688 0.01739 0.02069 0.02354 0.02143 0.01084

SNS 0 0.11232 0.15954 0.07679 0.08373 0.13462 0.09839 0.15424 0.18985 0.26882

QM 0.25 0.19 0.29 0.27 0.25 0.25 0.26 0.26 0.16 0.17

Table 6. The normalized outputs of different approaches for test problems
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was better than the MOPSO in all test problems, 
while in 80% of the test problems, the MOPSO out-
performed a number of Pareto solutions. As shown 
in Table 6 and Figure 6, in 70% of the test problems, 
the response quality generated by the IMOHS algo-
rithm was higher than the other algorithms.

To avoid redundant figures, only one test prob-
lem has been selected. Figure 7 illustrates sample Pa-
reto frontiers achieved by metaheuristic algorithms in 
test problem 4, in which there are seven solutions for 
MOHS, fourteen solutions for IMOHS, seven solu-

tions for MOPSO, and eleven solutions for NSGA-
II. The Pareto fronts of the optimal solutions in Fig-
ure 7 present the proper diversity of the generated 
solutions for algorithms.

Based on Table 6 and Figure 6, the best perfor-
mance belonged to the IMOHS, MOHS, MOPSO, 
and NSGA-II, respectively, in terms of the SNS in-
dex. Furthermore, the IMOHS, NSGA-II, MOHS, 
and MOPSO, respectively, had the best performance 
in terms of the MID index. According to the quality 
index, the IMOHS, NSGA-II, MOHS, and MOP-

Figure 6. Performance measures of the algorithms

Figure 7. Pareto frontiers achieved by metaheuristic algorithms in test problem 4
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SO respectively had the best performance. Regarding 
the dispersion and uniformity indices, in all cases, the 
IMOHS algorithm displayed the greatest potential to 
search the response space and obtained the best and 
near-optimal solutions. As for the three algorithms, 
the NSGA-II had the highest potential to achieve Pa-
reto solutions.

5. Conclusions

This article presents a new model for integrating 
production planning and scheduling in a hybrid flow 
shop to simultaneously minimize two conflicting ob-
jectives: the time function, including makespan and 
lateness, and the cost function, including production, 
backorder, inventory, and maintenance. This model 
can be applied to most industries. In the proposed 
model, maintenance constraints were considered to 
obtain maintenance activities. This problem is also 
applicable in industries that deal with multi-source 
maintenance. Besides the machine as the main 
source of maintenance, molds were considered an-
other source. Another novelty of this problem is 
its approximation to real-life situations by using the 
maintenance activity type as perfect or imperfect ac-
tivity. 

The literature attests to the difficulty of this 
problem; thus, the presented model is solved using 
GAMS. However, for larger problems, GAMS may 
increase the computational time. Therefore, a me-
taheuristic could be more effective. To address this, 
a multi-objective algorithm is proposed to solve the 
proposed model. To compare the results in terms 
of different comparison metrics, four well-known 
multi-objective algorithms, namely improved multi-
objective harmony search (IMOHS), multi-objective 
harmony search (MOHS), multi-objective particle 
swarm optimization (MOPSO), and NSGA-II were 
applied. Due to the sensitivity of these metaheuristics 
to their parameters, the Taguchi method is employed 
to set the algorithms' parameters and find the best 
level for each parameter. Instances are randomly 
generated to compare the capability of the four algo-
rithms. To compare the four algorithms, MID, NPS, 
SNS, and QM were utilized as measures. Based on 
these criteria, IMOHS outperformed the other algo-
rithms. The computational results show that the me-
taheuristic algorithms produce good solutions within 
a reasonable computational time.

As a topic for future research, other objective 
functions could be added to the present objective 
functions to cover real-world problems. Foreseeing 

the uncertainty of real-world problems can be help-
ful for this purpose. Novel metaheuristic algorithms 
and the model can also be executed in a job-shop 
environment by researchers interested in this field.
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