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Abstract

This research addresses the mixed-model assemidy (MMAL) by considering
various constraints. In MMALSs, several types of garots which their similarity is so
high are made on an assembly line. As a consequénsepossible to assemble and
make several types of products simultaneously witlspending any additional time.
The proposed multi-objective model considers tHartmang and sequencing problems,
simultaneously. Based on the assembly problem,vdr@us tasks of models are
assigned to the workstations, while in the sequreenpiroblem, a sequence of models for
production is determined. The two meta-heuristigoathms, namely MOPSO and
NSGA-II are used to solve the developed model dffdrdnt comparison metrics are
applied to compare these two proposed meta-hasisheveral test problems based on
empirical data is used to illustrate the perforneantour proposed model. The results
show that NSGA-II outperforms the MOPSO algorithmniost metrics used in this
paper. Moreover, the results indicate that our psed model is more effective and
efficient to assignment of tasks and sequencingetsotthan manual strategy. Finally,
conclusion remarks and future research are provided

Keywords: mixed-model assembly line, sequencing; balananiged-integer linear
programming, meta-heuristic algorithms

1- Introduction

Today, the modern industries try to provide higlalgu products and enhance the satisfactory lefel o
customers and service level in the competitive etarkhe just-in-time (JIT) approach as the new tegu
production systems is implemented in wide rangéndfistries (Rabbani, Siadatian, Farrokhi-Asl, and
Manavizadeh 2016). The mixed-model assembly lihd&l&IALs) are applied as one of the wildly-used
approaches in JIT systems. In the MMAL, common-tggeducts that is called models with various in
size, color, material or equipment is assemblecki@keand Delchambre 2006). There are two main
problems namely; balancing and sequencing prob&msonsidered in the MMAL to determine the best
strategy for planning of MMAL. Assembly line balamg as a mid-term period problem allocates the
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various tasks of models to the workstations, winlethe sequencing problem as short-term period
problem, a sequence of models for production ierddghed. There are various studies address both
problems. Thomopoulos (1967), Dar-El and Nadivi8l)9 Sawik (2002) investigated these problems
hierarchically. In these researches, initially thedancing models is solve to find the best stratiegy
assignment of task to the workstations and theadaas the result of this model, the sequencinglprb
formulates the problem to determine the best semuehthe models. Kim et al. (2000, 2006), Milterdou
(2002), Sawik (2002), Bock et al. (2006) determinied best strategic for balancing and sequencing
MMAL, simultaneously. In spite of these researchesst of them is investigated two aspects of the
MMAL problem, separately. Boysen et al. (2009) pded a comprehensive review for the sequencing
problem and classified them. On the other handk&eeand Scholl (2006) and Boysen et al. (2007)
reviewed and classified the studies addressingrddgdine balancing problem.

Boysen et al. (2009) developed a simultaneoysoagh for the MMAL problem and compared the
proposed approach with the hierarchical approadteirTresult showed the superior performance of
simultaneous approach than the hierarchical approespecially when the assignment of tasks to the
workstations does not require more expenditure saglsetup costs. Hwang and Katayama (2010)
proposed hierarchical models for balancing and eegjng problems. They applied a priority-based
multi-chromosome GA to minimize the number of waak®ns as the static criterion and variance of
workload as the dynamic criterion. Hyun et al. @@9Mansouri (2005), Tavakkoli-Moghaddam and
Rahimi-Vahed (2006) and O zcan and Toklu (200@ppsed the multi-objective model to investigate
the best assignment and sequencing in the MALL IprobRabbani, Mousavi and Farrokhi-As| (2016)
also proposed multi objective model to balance ticbmixed model assembly lines. Bukchin and
Rabinowitch (2006), Roberts and Villa (1970) andkéhin et al. (2002) assigned the tasks to
workstations in a way that the minimal workstaticer® equipped with flexible tools, workers and
machinery. The utility work is defined as the unpbeted amount of work within the given length of
workstation. The minimizing the utility works anget most important objective investigated by Kinalet
(2000), Boysen et al. (2009), Hyun et al. (199&&iT(1995), Tavakkoli-Moghaddam and Rahimi-Vahed
(2006). The balancing and sequencing of the MMA&Qbem are the independently NP-hard (Gutjahr
and Nemhauser 1964, Tsai 1995), so the combinafitrem imposes an additional level of complexity.

To the best of our knowledge, this researchésfirst study that proposes the integrated mooel f
balancing and sequencing with three objective fonstincluding minimization of utility work, variitn
in the actual and required production capacityh#f kine, and the setup time. The assembly problem
assigns the various tasks of models to the woikstat Meanwhile, the sequencing problem determines
the sequence of models for production. The two hetaistic algorithms namely MOPSO and NSGA-II
are applied to solve the developed model. To eréhéime performance of the algorithms, parameters of
the two meta-heuristics are tuned by Taguchi methadious comparison metrics are used to compare
these two proposed meta-heuristics. Several tasilgmns based on empirical data is conducted to
illustrate the performance of our proposed model.

The rest of this paper is organized as follo8&ction 2 describes some characteristics of thielgmo
and mathematical model of the problem is presentedhis section. In section 3, the solution
methodology is explained to tackle the proposedehadd the calibration of the applied meta-hewnssti
are done by using a Taguchi experiment design.id®ecet presents numerical experiments and
comparison of the algorithms. Finally, conclusioemarks and recommendations for future studies are
provided in Section 5.

2-Problem description

According to the literature review, there are thkéeds of products assembled in the line such as,
single-model, mixed-model, and multi-model assentiplgs. On a single-model assembly line, just one
product is produced with identical workstation. W4ses, in the assembling several products in ome lin
the sequence of the products is the most impontatier that influences the efficiency of the lilrethe
mixed-model assembly line, the basis of productsame and the differences between models are
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optional (e.g. manual or electric, sunroof for atoaobile and etc.). In this research, a cyclicdpiation
strategy represented by minimum part set (MPS)rafittes the sequence of models. Therefore, the
greatest common divisor of demand values of planhirizon is represented Bg, (m=1, 2, ... , N, and

the MPS is defined as the vectbr(d;, &, ... , dy) whered..=D./h (Kim et al. 2000). When the greatest
common divisor of demand values does not exist,défmands of models must be rounded up to the
nearest number to clarify the existence of thetggtacommon divisor. For instance, if the demarfds o
models are considered as 50, 37 and 40, the maddiéenands are considered as 50, 40 and 40 instead.
Therefore, the MPS vector is presentediab, 4, 4). The multi-model assembly line is defined when
the products have difference in the basis and eatithese models, the sequence of batches oflsnisde
the most important factor, because there is coraditfe setup time between two consecutive batches. |
this paper, both problems, i.e. balancing and serjng problems are considered simultaneously teesol
the mixed-model assembly line. There are some gssams in this research as follows.

2-1-Assumptions

» There is no buffer space in the line;

» There is a conveyor moving within the workstations;

» The launching rate of each model is fixed;

» The speed of the conveyor is constant;

» The number of workstations is predetermined:;

» All workstations are closed type;

» The uncompleted tasks are passed to the utilitkever

» The tasks of models are assigned to various wdititaby considering their precedence constraints;

2-2-Mathematical model

In MMAL, minimizing the total utility work is defied as the most important objective function in the
literature (Hyun et al. 1998). On the other haheé, workload smoothness (Simaria and Vilarinho 2004)
and total setup cost (TavakkoliMoghaddam and Rakiatied 2006) are considered as other important
objective function. The proposed models are dewlopy considering these objective functions. The
indices, parameters and variables of the MILP madelas follows:

Notations:

Sets:

S Number of sequencesl] S
N Number of stations [ N

M Number of modelsn, m' 0 M

O,,  Number of tasks that belong to modeb,0'JO,,
Pre, Set of immediate precedent tasks for task
Parameters:

v.,, Capacity of the station for modelmin sequencs
D,, Assembly time of tas& of modelm

d, Demand of modehin the MPS

A Rate of producing each model in required capacity
L, Fixed line length of station

—

mmn S€tup time required when the model type is chaufigen mtom at statiom
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v, Speed of the conveyor in statinimcluding the main line and sub-line
4 Launch interval time

Variables:
U Amount of the utility work required r performing the assigned tasks to stan at sequencs

sn

EP Ending position of operator for last model in thatisnn

n

SP. Starting positions of the work sequels in stationn

mm's

X N Binary variable, it is 1 imodel typesm andm’ are assigned sequentially at stain; otherwise
0

yn Binary variable, it is 1 if taso of modelm at sequencs is assigned to staticn, otherwise

mos

M athematical for mulation:

minz, => O U, +EPR,) 1)

nON &3S

minz, =% 3 3 Yiu(vin-Ad,) @

nON sO0S M M @ Q

minz; =% > > > Xpustnmn (3)

nON sOS nd M nid M

S.t.
Z Zles_ OsdS (4)
nON mOM
22 Y ms=dy, OmOM (5)
nON sOS
Do =D Yoo, OmOM,sOS dl Q, 60Pre, (6)
nON nON
SR, +(DX D DpYadVim Ugs L OnON,sO S )
mOM ol1Q,
SF;n+(Z Z DmoYr?logVn_ Usn_yvnS SE)& OnON,s=1,...,S-1 (8)
mOM o0Q,,
SR, *(DX. Y DpYndVi Usryvs EP N 9)
mOM 00O,
Ymos YMO,S‘l_lSXr?]m’S Dm,m’D M, m# m, aJ q, o] Q., o N sli.. S: (10)
U,.SP,20 OnON,sOS (11)
EP, >0 OnON (12)
X" ={0,1} Om,mOM, mz M, d Q, 60 Q, Nsi..,S: (13
Y ={0,1 UmOM,o0Q,,nO0N, &7 £ (14)
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Equation (1) is the objective function of the moiebrder to minimize the total utility work andeth
ending position of each operator in each statiaquafion (2) calculates the variation in the actuad
required production capacity of the line. Equati8ncalculates the total setup time and aims tdmae
it. Constraint (4) enforces that in each sequeneetly one model must be completed. Constraint (5)
emphasizes that the demand of each model in the MB8 be satisfied. Precedence constraints are
considered in Constraint (8Jonstraint (7) calculates the utility work required each sequence at each
station. Constraints (8) and (9) are pertaininghto starting position of the operator after finighieach
model and the ending position of the operator,eetigely. The sequencing of the models are detexthin
by Constraint (10). Constraints (11) and (12) iathcthat the positive variables. Also, Constra{t®)
and (14) represent the range of the variables.

3- Solution M ethodology

In this section, we present two solution apphescincluding two multi-objective evolutionary
algorithms; that is, non-dominated sorting genetigorithm (NSGA-II) and multi-objective particle
swarm optimization (MOPSO).

3-1-Solution representation

We design chromosomes or particles to present saakion. In this research, the continuous solution
representations are considered as chromosomedirdthehromosome contain some genes that is equal t
sum of the elements of MPS vector with random numide the range of e [0, 1]. The models are
sequenced based on the value of corresponding gettes chromosome from large to small as shown in
Figure 1. This chromosome represents the permaotaficnodels based on the MPS vector. For example,
consider the MPS vector ds(2, 1, 2) Figure 1 represents this chromosome as follow:

model:
1 2 3 4 5
Sequence
of 0.89| 0.27| 0.79 0.7% o.9§> A2 | G | B G4
models

Fig 1. The illustrative example for the first Chromosome

The second chromosome represents the assighitig @peration of the models to the stations. The
number of the components in the second chromossregual to the number of the models (five in the
previous example). Each component has some genésh vid equal to number of the tasks of
corresponding model with random numbers in the@asfd0, 1]. Then, all genes of the components are
multiplied by the number of stations and then radhdp. For example, if the number of task for irst f
model is equal to the four and the number of tlaiast is three, the representation of the second
chromosome is as follows:

Tasls of the firstmode

1 2 3 4 1 2 3 4
0.3 |06 | 0.3 | 0.79 I:> 1 2 1 3

Assigned
station

Fig 2. The structure of the first component of the seadmdmosome
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3-2- NSGA-II

Genetic Algorithm (GA) was developed by John lalwd, which is inspired from inheriting the
characteristics of species. Because of being a lgtipu based methodology, the GA approach is
appropriate for solving the multi-objective optimion problems (Rabbani, Farrokhi-Asl and Ameli
2016). Indian scholars Srinivas and Deb (1994) psed a Non-dominated Sorting Genetic Algorithm
(NSGA). Focusing on population classification lay®gy layer is the NSGA approach to solve the
problem. Prior to the operation of selection, sbe non-inferiority of all individuals of the pomtion,
represent the value of their non-dominated soréing allot larger value to superior individuals batt
they can be inherited with higher probability. Teek up the population differences the sharing fanct
and niche technology are additionally embraced. dpimal solutions are distributed evenly that are
advantages of NSGA. The computational efficiencypas good enough and the imparting parameter is
artificially set as the elitist strategy is not eaed in the algorithm, these are the impedimeftdhis
algorithm. Deb et al. (2000) altered NSGA and pegatbNSGA-II to make up for the shortcomings of
NSGA. To lessen the computational complexity tlgwathm adopts fast sorting of the non-inferiority
all individuals and to abstain setting the impaytparameter artificially uses congestion. What'send
adopts elite strategy to make superior individiralgarent generation compete with superior ondiidh
generation, thus, the new generation could be rmgperior. Several researches have demonstrated that
NSGA-II with elitist strategy has the ability of tjeg evenly distributed Pareto optimal, and it has
indicated strong advantage in multi-objective ojtation area.
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| Generate Initialized population |

v

Calculate the functions value and fine non-domidatution

Calculate crowding-distance
v <
Select parents

2

Crossover operation

v

Mutation operation

v

Generate offspring population

v

Combine the offspring and parents populatiorj

v

Sort the combined population

v

Select the best solution from the combined popedati

v

Update the new generation by Sending rank 1 solsitio the archive
and eliminating dominated and duplicated solution

v

No

Are any stop
conditions satisfied?

Fig 3. The flow chart of the NSGA-II

3-2-1-Crossover and mutation operators

For doing crossover operator, two individuals selected randomly from the populations. We select
two genes from selected chromosome and we chamgpldlbe of these genes with each other. For the
second chromosome, two selected individuals froenpbpulations replace the assignment of the same
models with each other to generate offspring.

For mutation operator, an individual will be estbd randomly. We choose two genes of the
chromosome randomly and change the place theses gatieeach other. For the second chromosome,
we chose one gene randomly. Then, one model istedl@nd the new assignment for its operation is
done.
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3-3- MOPSO

The essential goal of each multi-objective ojtation method is to find not only one, howeveetaaf
rational solutions, called Pareto optimal set. tlreo words, the fundamental aim is to recognizeact
Pareto optimal set of answers that are globally-ecmminated and are well-distributed along the Raret
front (Rabbani, Farrokhi-Asl et al. 2016). The iddalomination and Pareto optimality are totallgaried
up in the literature. Particle swarm optimizatiena meta-heuristic strategy which is inspired by th
developments of a group of feathered creaturesloes who look for food. This technique is a proenin
optimization approach due to its relative straigitfardness in contrast with other evolutionary
algorithms and is a suitable applying for multietijve optimization issues. Notwithstanding the way
that no improvement technique is suitable for déffe sorts of problems that could promise discomgri
the ideal solution, MOPSO has showed a superiocutia contrasted with other evolutionary multi-
objective optimization algorithms in the literatwkthis field (Rabbani, Mousavi et al. 2016). Henthis
fact motivates us to utilize MOPSO as a part o gtudy to improve the objectives defined. Moord an
Chapman (1999) were the first persons who propbBeB SO in an unpublished composition.

The MOPSO utilized as a part of this articleipredominance based technique proposed by Cdello e
al (2004). In this method, the best non-dominatadt®ns that have ever been found by algorithm are
put away in a repository. Speed and position ofreyearticle are figured through the accompanying
following relations:

vt=wy+gR[ p- X[+ ¢ B rép- Y (15)

Xit+1 - )gt + Vt+1 (16)
Where v} represents the current velocity ieth particle andxf shows the current position ofth
particle.R; andR; are uniform random numbers between [0, 1]. A pasktearning coefficient is shown
asc; andc;, represents a global learning coefficient. Inenteght is considered ag Also, pf is the best

experience of theth particle and the best nominated repository negrtiat are chosen by roulette wheel
selection method is indicated zep),. The general structure of the MOPSO is represeagedllow:
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Generate Initialized particl

\ 4
Initialize repositor «—

v

Evaluatea fitness value ¢

v

Choose leader of repositc
v

Update velocity and location

v
Update repository

v

Update memory of particl

No

Check termination
conditior

Fig4. The flow chart of the MOPSO

3-4- Parameter tuning

NSGA-Il parameters that we tune consist of numbesalution in the initial populationnpop,
crossover ratepf) and mutation parametergnf). To outline of the experiment, we utilize Taguchi
method. The experiment’s factors are npop, pc, @ndWe consider 4 levels for each factor and use
Minitab software to design experiment and analy®erésult. We solve the medium-size problem
according to the design of experiment method narffaduchi method for tuning parameters. The
consequences of experiments and analyzing aboangders are shown as follow:
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Table 1. The Taguchi design of experiment and results foGNSI

Taguchi Parametel Number
design npop Pc pm Of Pareto
solutior
1 17& 0.4 0.3 10C
2 20C 0.4 0.4 94
3 22F 0.4 0.t 10C
4 25C 0.4 0.€ 10C
5 20C 0.5 0.3 a0
6 17E 0.5 0.4 92
7 25C 0.5 0.t 98
8 22F 0.5 0.€ 99
9 22F 0.€ 0.3 10C
1C 25C 0.€ 0.4 10C
11 17E 0.€ 0.5 97
12 20C 0.€ 0.€ 98
13 25C 0.7 0.3 10C
14 22F 0.7 0.4 10C
15 20C 0.7 0.5 96
16 17E 0.7 0.€ 10C
Main Effects Plot for Means
Data Means
RN R

90

80

70

\

N

125

150 175 200 0.4

Mean of Means

pm

J—

/

801

70

0.5

0.6 0.7

T T T T
0.3 0.4 0.5 0.6

Fig 5. The analysis of Taguchi design for NSGA-Il parangete

We can understand which amount of parameteuitalde and has a better result from analyzing
Diagrams. Abstract of diagrams and results are sanaed in Table 2.

Table 2. The result of parameters tuning for NSGA-II
Paramete npof Pc Prr
Best valu 17t 0.4 0.€

MOPSO parameters that we tune consist of pefrsesraing coefficient,), global learning coefficient
(c2), Inertia weight ), Repository sizenRep, and damping rate for inertia weightdep. We utilize
Taguchi method to outline of the experiment. Westder four levels for each factor and use Minitab
software to design experiment and analyze its teBok tuning parameters we solve the medium-size
problem according to the design of experiment nubtballed Taguchi method. The consequences of
experiments and analyzing about parameters arerstmoWable 3.
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Table 3. The Taguchi design of experiment and results for\ 80

. parametel Number
Experiment

number cl c2 W  nRep wdamp ©Of Pareto

solution
1 0.7 0.7 0.2 25 0.9¢ 99
2 0.7 0.7 0.2 25 0.97 97
3 0.7 0.7 0.2 25 0.9t 10C
4 0.7 1.C 04 30 0.9¢ 97
5 0.7 1.C 04 30 0.97 97
6 0.7 1.C 04 30 0.9t 10C
7 0.7 1.2 0.t 35 0.9¢ 98
8 0.7 1.2 0k 35 0.97 98
9 0.7 1.2 0k 35 0.9t 99
1C 1.C 0.7 04 35 0.9¢ 96
11 1.C 0.7 04 35 0.97 99
12 1.C 0.7 04 35 0.9t 99
13 1.C 1.C 0.k 25 0.9¢ 98
14 1.C 1.C 0k 25 0.97 10C
15 1.C 1.C 0.k 25 0.9t 98
16 1.C 1.2 0.2 30 0.9¢ 99
17 1.C 1.2 .3 30 0.97 98
18 1.C 1.2 .3 30 0.9t 98
19 s 0.7 0.t 30 0.9¢ 97
20 Z 0.7 0.t 30 0.97 96
21 s 0.7 0.t 30 0.9t 97
22 Z 1.C 0.2 35 0.9¢ 97
23 Z 1.C 0.2 35 0.97 10C
24 s 1.C .3 35 0.9t 97
25 Z 1.2 04 25 0.9¢ 96
26 s 1.2 04 25 0.97 99
27 K 1.2 04 25 0.9t 97

Main Effects Plot for Means
Data Means

cl c2 w

1 |

—
3l \/o
2
H 20
]
= T T T T T T T T T
"6 0.7 1.0 13 0.7 1.0 13 0.3 0.4 0.5
c nrep wdep
3 26
=

2 '\

—
21 \o\.

20-

T T T T T T
25 30 35 0.95 0.97 0.99

Fig 6. The analysis of Taguchi design for MOPSO pararseter
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We can understand which amount of parameteuitalde and has a better result from analyzing
Diagrams. Abstract of diagrams and results are sanmed in Table 4.

Table 4. The results of parameters tuning for MOPSO
Parameters cl c2 w nRep wdamp
Bestvalue 0.7 1 05 25 0.97

4- Numerical results

As it is explained, tuned NSGA-Il and MOPSO aldaris are applied to tackle the proposed
mathematical model. These calculations actualizedrointel Core i3 2.67 GHz PC with 2GB RAM and
have been coded in MATLAB R2014a to validate theceition of these two algorithm. The performance
metrics used for evaluating multi-objective algumis are different from criteria used to evaluatgylsi-
objective algorithms. In this paper, some quali@mtand quantitative metrics are used to tune the
parameters, assess and compare the performanc®BSM and NSGA-II (Asefi et al. 2014; Karimi,
Zandieh, and Karamooz, 2010; Behnamian, GhomiZamdlieh, 2009).

Number of Pareto solutions (NPS):
This performance metric is introduced as thentjtyaof non-dominated solutions that each alganith
can obtain. Larger number of Pareto solutions tegulbetter performance.

Spread of non-dominated solutions:
This criterion is known as an indicator diveysltarger values of this metric represent highealigy of
solutions. This metric is computed by:
MID -,
SNS= L a7
n-1
wheren is the number of non-dominated solution, afild shows the mean distance from ideal point.
Since all objective functions in this paper are imimation, the origin point is considered as analde
point. ¢; denotes the distance betweéelution from ideal point.

Diverdification matrix (DM): The diversity of solutions that each algorithm cédntain is calculated by
this performance criterion. The value of this ¢idg is calculated by:

DM =./(maxf, - minf, § + (maxf, - minf, j+ (max, - mirf, 9 (18)

Mean ideal distance (MID): The value of this criterion indicates the closenestween the ideal point
and Pareto solutions. The lower value represeptbeist performance of the algorithm.

2. C
MID = o (19)
n
G =y T2+ f2+ f2 0i0n (20)

wheref;; denotes the value 6th objective for solution.

Each test problem is solved for five times ameldverages of these results are reported in Balideie
to illustrate the performance of these algorithmSGA-Il and MOPSO are implemented in various size
problems. We compare this two algorithm in terma oumber of Pareto solutions (NPS), diversificatio
metric (DM), spread of non-dominance solutions (ENfean ideal distance (MID) and computational
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time. According to the results obtained from a#ittproblems, the comparison of metrics and ressilts
illustrated in Table 5.

Table 5. Considered test problems for two algorithms

MOPSO algorithm
No

NPS SNS DM MID CPU time(S)
1 97 0.893 0.9731 1.084 6.37
2 100 0.059 2.250 24033 8.20
3 99 0.162 1561 13437 19.24
4 99 0.103 2.044 15.625 39.75
5 97 0.033 5367 27781 57.30
NSGA-II algorithm
No NPS SNS DM MID (CPU
time(m)
1 100 0.821 1.385 0918 9.06
2 100 0.189 1915 12.078 13.08
3 98 0.198 1154 20.291 26.06
4 99 0.060 2.654 11318 40.07
5 99 0.086 3.098 26364 78.98

The results can be summarized as follows:

1. MOPSO can obtain better results in terms of themdational time than NSGA-Il. NSGA-Il can
search more solution space than MOPSO, so thihigimning time is logical.

2. NSGA-II can achieve a greater number of Paretotisols (NPS) than MOPSO.

3. The average value of the diversification metric (Dist NSGA-II is less than MOPSO. However, it is
not much difference between these algorithms andotiprefer one over another from the perspective
of the DM.

4. Based on the spread of non-dominance solutions \8NISSGA-II indicates the superiority than the
SNS in MOPSO. Since the larger value of this metjresents the highest quality of the solutioa, th
guality of the solutions in NSGA-II is better thtre quality of solutions in MOPSO.

5. The closeness between the ideal point and Par&ttoss represents the mean ideal distance (MID).
According to the results, NSGA-II represents adrgerformance than MOPSO because of the low
value of the MID.

Generally, NSGA-Il almost in all factors of ttesst problem has a better performance than MOPS©O. W
can find out from Tables 5 that NSGA-II outperforM©®PSO in planning and scheduling, especially in
problems considered in this paper.

5-Conclusion

In this research, the mixed-model assembly [(W®MAL) was investigated. Two most important
challenges in the MMAL problem are the balancind aequencing products in the assembly line. We
proposed integrated model to balance and sequbagaréducts, simultaneously. Based on the assembly
problem, the various tasks of models were assigm#éte workstations, while in the sequencing prothle
a sequence of models for production was determifiedsolve the proposed model, the MOPSO and
NSGA-II algorithms were developed. The Taguchi rodtivas applied to enhance the performance of the
proposed algorithms by tuning their parameterse@&g\est problems based on historical data wezd us
to show the performance of our proposed model. fEsalts showed that NSGA-II outperforms the
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MOPSO algorithm in most metrics used in this papased on the results, our proposed model is more
effective and efficient to assignment of tasks aeguencing models than manual strategy. We sutmgest
interested readers in this field to formulate thiebem based on other uncertain approach such as,
stochastic programming approach, robust approauth, fazzy-stochastic approach. Appling the other
exact solution methodologies to solve the propasedel in the future researches can be interesting
challenge. As another proposed research areaathe theory can be used to formulate the problem.
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