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Abstract

In this paper, a Job shop scheduling problem withrallel assembly stage and Lot
Streaming (LS) is considered for the first timebioth machining and assembly
stages. Lot Streaming technique is a process ifisgljobs into smaller sub-jobs

such that successive operations can be overlagiedce, to solve job shop
scheduling problem with a parallel assembly stage Bt streaming, decision

makers not only need to determine the processiggesees on machines in first
stage, but also need to assign each product to chingaand determine the
assembly sequences of the products in second ataigihe sub-lot sizes of all jobs
and products to minimize the makespan. At firsis fhroblem is modeled as a
mixed integer linear programming and GAMS softwarepplied to solve small

problems. Since this problem is classified as NfekHaur hybrid algorithms based
on iterative procedures are suggested to solveptbielem in medium and large
dimensions. In order to verify the effectivenesstiodé proposed algorithms, a
statistical analysis is used along with RelativecBetage Deviation (RPD) factor.
Computational results revealed that the hybrid genand parallel simulated

annealing algorithm (HGAPSA) and the hybrid gendied parallel variable

neighborhood search algorithm (HGAPVNS) perform tdretthan the other

proposed algorithms with respect to the objectiwection. Also, considering lot

streaming for both stages instead of applying iy do the first stage leads to
achieve better solutions. Finally, the HGAPSA ailfpon is compared with a

hybrid genetic algorithm (HGA). Experimental resusthowed that the HGAPSA
outperforms the HGA in terms of solution quality.

Keywords: Job shop, Parallel Assembly, Lot streaming, HGAPSBAPVNS.

1- Introduction

Scheduling is one of the most important issuesigngianning of production systems (Cummings
and Egbelu, 1998). Because of strong competitiah lamitation of resources in our environment,
scheduling is a very important decision-making psscin production and service industry (Maleki-
Darounkolaei et al., 2012). The jobshop schedulmgblem (JSP) has been considered as a
notoriously stubborn combinatorial optimization lplem since the 1950s (Zhang and Cheng, 2011).
In the job shop scheduling problem, a finite sejobk is processed on a finite set of machineshEac
job is characterized by a fixed order of operatjogech of which is to be processed on a specific
machine for a specified duration. Each machinepraness at most one job at a time and once a job
initiates processing on a given machine it mustgleta processing uninterrupted.
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The objective of the JSP is to find a schedule diptitnizes a specified objective function such as
makespan.

Although scheduling for the parts machining anchpiag for the assembly operations have been
independently considered (Yokoyama and Santos,)2005 this may not lead to best results for the
total production system. Hence, scheduling for rvaol parts should be simultaneously with
planning for assembly operations. Adding an assgmstdge to the jobshop scheduling problem
makes it closer to the real environment. In thigard, the bill of material (BOM) needs to list the
components that must be used to assemble prodbdotghe other hand, in most manufacturing
systems according to increase factory producteuitgt efficiency (the number of products produced in
a given period of time), the assembly stage capalellel. A parallel assembly stage is able to cedu
bottlenecks and in case of a machine breakdowamitawoid assembly line stoppage. So, considering
the parallel stages of production simultaneouslyplanning and scheduling is very important.
Furthermore, in classic jobshop scheduling syst@os is usually invisible and the entire lot mbst
completed before being transferred to its successachine (chenand steiner, 1997). Firstly
introduced by Reiter (1966), LS technique is a mdttogy of splitting a job into a number of smaller
sub-jobs such that its successive operations cavérdapped on different stages which increases the
material flow between machines and so reduces #iespan. It is clear that under a condition when
more than one of each product is needed, detergnthmbatch sizes must be considered.

Lot streaming in jobshop scheduling problem is vesgful as many practical production systems
can be modeled as JSP. The researches about gh®pobcheduling problem with lot streaming in
the literature are not as extensive as the JSRor8icg to the studies around this problem, most of
them presented an iterative procedure to solvedhsidered problem. This procedure first computes
the sub-lot sizes and then determines the sequeEneab-lots on the machines. Dauzere-Peres and
Lasserre(1993) presented a model and an iteratdeegure in a general jobshop environment with
lot steaming in order to improve the makespanh#irtsuggested procedure, in a first step, optimal
sub-lot sizes computed and in the second stepjtaris=quence computed by solving a standard
jobshop scheduling problem with fixed sub-lot sizé&gner and Ragatz (1994) studied the jobshop
scheduling problem with lot splitting to minimizeet number of jobs tardy. They also considered the
impact of setup times and the size of the transéch on lot splitting performance. Jeong et al.
(1999) presented an iterative approach that mimmihe makespan of jobshop scheduling problem
with lot streaming. Their formulated problem refledt the real manufacturing environment by
considering setup times and due dates. Tireyposeda modified shifting bottleneck procedure to
solve the problem. Buscher and Shen (2009) focusedolving the lot streaming in a jobshop
environment. This research is one of the pionaetias that tried to solve this kind of problemshwit
meta-heuristic algorithms. They presented threes@ladgorithm incorporated the predetermination of
sub-lot sizes, determination of schedules and #Hréaton of sub-lot sizes based on tabu search.
Because iterative procedure is a common method imsextder to solve the jobshop scheduling
problem with lot streaming, they used an iterafprecedure in the first phase and a hierarchical
approach in the second and third phase. Lei and (@@b3) considered lot streaming problem in a
jobshop with consistent sub-lots and transportatddmodified artificial bee colony algorithm is
proposed to minimize makespan. They also applieeffaative two phase decoding procedure.Demir
and Isleyen (2014) presented a flexible jobshomdgling problem with overlapping in operations.
They developed a new mathematical model. Also @tgealgorithm with an effective chromosome
representation and new decoding methodology isqsexgh

The first paper about the two-stage schedulinglprob, published in less than 30 years ago by lee
et at. (1966). This problem has many applicationgdustry, and therefore has received increasing
attention from many researchers (Seyedi, MalekieDkolaei and Kalashi, 2012; Fattahi, Hosseini
and Jolai, 2013; Al-Anzi and Allahverdi, 2013; Navat al., 2014; Xiong, Xing and Wang, 2015).
Chan et al. (2008), for the first time, extended #pplication of lot streaming to assembly job shop
problem. In their model the objective function @asmiinimize inventory and lateness costs. Also they
presented an efficient algorithm based on the geadédorithm and simple dispatching rules. In the
other paper presented by Chan et al. (2009), theqars study of LS to AJSP extended by allowing
part sharing among distinct products. The objedtimetion of the proposed model is to minimize the
lateness cost. In addition to the use of simplgalihing rules, they proposed an evolutionary
approach with genetic algorithm to solve the probl®/ong et al. (2009) investigated a resource-
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constrained assembly jobshop scheduling problefn Mttstreaming technique. The objective of the
presented model is to minimize the total lateness of all final products. They also used common
part ratio and workload index to enhance the madefulness. Since the complexity of AJSSP is NP-
hard, an innovative approach with genetic algorithrsuggested in order to solve the problem. Wong
and Ngan (2013) studied the assembly jobshop sthgduith lot steaming. In this study, objective
function is to minimize the makespan time. Theyasnsidered part sharing ratio (PSR) and system
congestion index (SCI) to differentiate productesfie components from general components and
creating different starting conditions of the slilgor. In order to solve the problem, they proposed
hybrid genetic algorithm (HGA) and a hybrid paeicwarm optimization (HPSORaneshamoz et
al. (2013) proposed mixed integer linear programming mod@r jobshop scheduling with a
parallel assembly stage in order to minimize ma&msplso they suggested a particle swarm
optimization algorithm to solve problem. Their riksishowed that suggested algorithm can
reach to near optimal solutions in various dimemsi@f problem.Yao and Sarin (2014)
addressed a lot steaming problem for a two-stagenady system involving multiple lots with the
objective of minimizing the makespan. Thesoposeda branch and bound baset:thodology for
this problem that relies on effective lower bounds and dominameeperties. Mohammadi
(2016)addressed a multi-objective job shop schedytroblem with considering an assembly stage
and lot streaming. The objective function is to imize the makespan and total weighted earliness
and tardiness penalties. A mixed integer lineagamming model is presented in this research. Also,
a meta-heuristic algorithm based on a Harmony $earproposed to solve the problem. Nejati et al.
(2016) considered a two-stage assembly hybrid #fnep scheduling problem with a work shift
constraint and lot streaming to minimize the sumwvefghted completion times of products in each
shift. A mixed integer non-linear programming modgelintroduced to describe the problem. Also,
they used a genetic algorithm and simulated ammge#di determine the best sequence and scheduling
for the problem.

To the best of our knowledge according to theditere review, no one has considered a job shop
scheduling problem with lot streaming technique oth machining and assembly) and a parallel
assembly stage so far. Hence, the primary resegalhof this paper is to fill the gap. In this pape
mathematical model for the considered problem ies@nted with the objective function of
minimizing makespan. Since the JSSP is known tcal¥P-hard optimization problem (Garey,
Johnson and sethi, 1976), so this problem will lmeentomplex by adding a parallel assembly stage
and lot streaming technique to the classical jaipstheduling. Therefore, it is necessary to stiiee
medium and large size instances with effective rhetaristics to find the optimal or near optimal
solutions in a reasonable amount of time.GA has lskewn to perform well in mixed (continues and
discrete) combinatorial problems. But it easily drees trapped in local optima (Manar and Shameem
2011). So, this algorithm is used along with altjons like SA, VNS, PSA and PVNS in order to
avoid the local minima problem under iterative muares. These meta-heuristics enhance the
performance of GA by better local searches.

The paper is organized as follows. In section Reaature review of the problem is presented. In
section 3, the problem is described in detail amel assumptions and mathematical model are
presented. Section 4 describes the proposed dgwitComputational results are reported in section
5. Finally, conclusions and recommendations fauriresearch are described in Section.

2- Problem description

The jobshop scheduling problem with lot streaming a parallel assembly stage can be defined as
a problem which is consists of assignment, sequgremd determining lot sizes of jobs in a 2-stage
production system. At the first stage, a set obhk(J,/,, ---an) of P productgp,, P,, ..., P,)are
processed on a set of M mach{ié,, M,, ..., M,;,))in the Work Station, then they are stored in the
Inventory Station until all lots from the BOM ofdlsame product are completed and at least one unit
of the final product can be produced. Each job afheproduct has; ,, operations ans,, sub-lots
that must be processed with processing g, ,.Then the assembly operation will be started in a

Parallel Assembly Stage for final product asseniblgt least one machine is unemployed at the
second stage. Otherwise they will be sent to theritory Station. Each sub-lot of each product must
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be assembled with assembly tichgon a machine from set @1’ machinegM’ ,M’;,...,M'y,).
Figure 1 shows the layout of the considered pradnaystem.

Row
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material or Parts Work Inventory Assembly
4eceseccttsectttstcctssnscsssnnes > |:||:| ,
H[a[n M i
0]0) M,
000 *! AR ‘ 2|
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Figure 1. The layout of the considered problem

Basic assumptions of this problem are providedvelo
v There is no machine breakdown.
v" No preemption of operations (sub-lots) is allowed.
v" Each machine can process only one job (sub-lat)tiate.
v' Each job can be processed by only one machinetiatea Each job has a fixed processing
route which traverses all the machines in a preohéted order.
v" Demand for final products is specified and all jabbs available at time zero.
v" A typical BOM of a product defines the assemblatiehship between the root components
(jobs or lots) in the system.
v Time processing of jobs and assembly of produatgierministic.
v" When all lots from the BOM of the same product epsenpleted in the Work Station, the
assembly operation can be started for a product.
In this paper, the following notations are usetbtoulate the problem:
Parameters
P Total number of products
p Products indeXp = 1,2,...,P)
n Total number of parts
j Partindex(j = 1, 2,...,np)
Ny Number of sub-jobs of produpt
m Total number of machines at stage 1
i Machine index at stage(1 = 1,2,...,m)
m' Total number of machines at stage 2
i’ Machine index at stage @’ = 1,2,...,m')
s Sub-lots indexj = 1,2,...,5;,)
Os.jp.h Operatiom of sub-lots of productp’s job j
k; Number of operations dedicated to machiine
PSjph Processing time of operati@of job jof productp
A, Assembly time of produpt
Sip Number of sub-lots of jop of productp
Sp Number of sub-lots of produgt
Qjp Lot size of joly of producp
DM, Demand for produqgt
Rip Ratio of jobj to the producp
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L A large number

a;jph 1if Oy, ncan performed on machine i; 0 otherwise

Decision variables

Crnax Makespan

Fsjp Completion time of sub-lots of jgbof productp
F, Maximum completion time of sub-lots of prodgct
Cp Completion time of produgt

ts,joh Start time of the processing of operatigg,

Sty p Starting assembly time of sub-Igtof productp
Tm; Start of working time for machinién priority k

Smy i Start of working time for machingn priority k'

Xisjphk 1 if operationOg; 1, ispreformed on machineg in priority k ; O,otherwise

Zy g px Lifsub-lots’ of productp is assembled on machiiien priority k' ; 0, otherwise
Qsjph Size of sub-lot of jobj of productp

Vo' o Size of sub-los’ of productp

8siph 1if Qg;pn be more than zero(positive) ; 0, otherwise

Ys'p 1if V., be more than zero(positive) ; O, otherwise

M odel formulation

MinZ = (Cnax)

Subject to:

Cmax = Cp

ts,j,p,h + psj,p,h- Q;,j,p,h < ts,j,p,h+1
ts,j,p,h + psj,p,h- Q;,j,p,h < ts+1,j,p,h

!
Tmiy +DSjph-Qsjpn-Xisjphie < TMijr1

Tmg < tgjpn + (1= Xisjpnk) L

Tmj, + (1 - xi.s,j.p,h.k)-L = tsjph
2. 2.0 D Fisspni <1
p s h

Z Xisjphk = Qijph-Osjph
&

ts,j,p,h + PSjph- Q;,j,p,h < Fs,j,p

Fs,j,p = FSIIJ

Fs',p < Stsr’p

Sty p < Stgryqp

Ap. Vs’,p + Stsl_p < Cp

Smyr gt + Ap Ly gt 10 Vi p < SMyr g
Smyr o < Sty + (1 - Zi’,s’,p,k’)'L
Smyr o + (1 - Zi',s',p,k’)-L = Sty

Vp
vp,j,s;h=12,...,H—1
vp,j,h;s =1,2, e Sjp— 1

vp,j,s,hi; k=12,.. k-1

vp,j, s, hk,i
vp,j, s, hk,i

Vk,i

vp,j, hi,s

vp,j, s, h
vj,p,s
vp,s,s'
vp,s'
vp

Vp,i',s'; k'=1,23,.k'y =1

vp, k' i, s’
vp, k' i, s’
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Z 2 Zil'sl'p'kl = yS’,p VP, S’ (18)
i" Kk

Sjp
> Qpn = vp.j (19)
s=1
Qs jpn < Qjp-Osjpn vp,j,s, h (20)
Ssjph < Qs jpn vp,j,s, h (21)
Qjp = DMp.Rjp vp,j (22)
81jpn =1 Vp,j, h (23)
s+1]ph<651ph Vp,j,S,h (24)
z Ve, =DM, vp (25)
Vsrp <Yy p-DM, Vp,s' (26)
Ysip < Vsip vp,s' (27)
Q1jpn = Vip-Rip vp,j,s,s’ (28)
Z Qss,jpH — z Viieip -Rjp 2 Vs . Rj vp,j,s'=2,..,5,s" =s (29)
ss=1 ii=2
2 Q.;S—l,j,p,H - Z Vii—l,p 'Rj,p < VS',p'Rj.p Vp,j,S’ = 2, ...,Sz',,s' =S (30)
Yip=1 vp (31)
Ys'+1p S Vs'p vp,s' (32)
Xis,jphk » Zi’,s’,p,k’ '65,j,p,ths’,p € {0'1} (33)
C, =0 vp (34)

The objective function (1) indicates minimizatiohommpletion time for all products. Constraint
(2) expresses that the makespan is not smallertilgacompletion time of any product. Constraint (3)
enforces each job to follow a predefined processiagquence. Constraint (4) ensures precedence
relationship between sub-lots. Constraint (5) expes that a machine at stage one, is not able to
process an operation in priority k+1, before preg@sthe operation in priority k. Constraints (&da
(7) force each operation ;,, ,, can be start after its assigned machine is idtepevious operation
Os,jp,n—1 1S completed. Constraints (8) and (9) define #gusnce restrictions. Constraint (10) shows
the maximum processing time of each sub-lot of e#dgob for each product. Constraints (12) and
(13) define the earliest start time of assemblgestaConstraint (14) shows the completion time of
products. Constraint (15) expresses that a macdhitiee assembly stage, first assembles the parts of
product in priorit’, then it starts assembling the parts of produgtriarity k'+1.Constraints (16)
and (17) imply that assembling each sub-lot of @adpct in the second stage, can start when its
assigned machine is idle and previous product fispteted. Constraint (18) assigns each sub-lot of a
product to a priority at second stage. Constrai@) Ehows that, the total amounts dedicated to the
sub-lots of a product’s job, is equal to that jolds size Constraint (20) ensures that, while the
amount of Qg; , , is not zero, the binary variablg;, ,, will be equal to one. But if)g; ,, become
zero, the binary variabi®; ,;, will be equal to zero according to the constrgzif). Constraint (22)
defines the amount of each product's jobs (partgpring to the order and the number of jobs
needed in each product. Constraints (23) and (2#hel the presence of sub-lots in the first stage.
Constraint (25) shows that, the total amounts deeitto the sub-lots of a product, is equal to that
product’s demand. Constraint (26) forces the binanyabley ,to take the value 1 if the sublot size

Vg »is greater than zero. If the sublot $izg = 0, the binary variablg, , is forced to take the value

0 by the constraint in equation (27).Constrain&3R) also define the size of sub-lots in the asdem
stage. Constraints (31) and (32) define the presehsub-lots in the second stage. Constraint (33)
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enforces the binary requirements of the decisioialbbes. Constraint (34) implies that the completio
time of products must be positive. According to tbeastraints (5) and (15) this model is nonlindar.

these two constraints, a binary variable is mu#gplin a continuous variable. So a linearization
method is used as below.

Tmy + Visipnk < TMijks1 vp,j,s, hi; k=1.2,.., ki —1 (35)
Visjphk < PSjph-Qsjpn vp,j, s, h ik (36)
Visjphk < L-XisjpnikVD J,S M1, kK (37)

Vi,s,j,p,h,k = psj,p,h- Q;,j,p,h — L. (1 - xi,s,j,p,h,k) Vp,j, S, h' L, k (38)
Visjphk € {0,1}Vp,j,s,h, i,k (39)

3- Proposed Algorithms

According to the proposed model and its severasitaimts and also due to the complexity of this
type of problem, it requires much time to be sohNmdexact algorithms. So, utilization of new
approaches and meta-heuristics is necessary te $lé/ problem in medium to large scales.The
proposed algorithms are based on GA, SA,VNS, PSARAMNS to benefit from their advantages.The
iterative optimization procedure of the proposegbathms can be seen in Figure 2. According to this
procedure, the primary problem determines lot siaad the secondary problem specifies the

sequences.
v

| Initial Populatiol |
v
| Predetermination of s-lot size: |

v

| Evaluation offitnes |

A |

Determination of schedules based on GA

v
Determination of sub-lot sizE€SA, VNS, PSA, PVNS)

¥

Is the best fitness not
improved till T
iterations’

Determination of schedulE3A,
VNS, PSA,PVNS)

A

Update populatic

v NO
Termination critelon satisfiec

Figure 2.0ptimization procedure of the proposed algorithms.

3-1- Hybrid genetic algorithm and parallel variable neighborhood sear ch

Variable neighborhood search (VNS) is a recent +hetaistic which exploits systematically the
idea of neighborhood change, both in descent tal lminima and in escape from the valleys which
contain them. In order to reduce the computatidimaé or increase the exploration in the search
space, a parallelization strategy for VNS is agbl¥azdani, Amiri and Zandieh, 2010). Therefore,
according to the exploitation ability of genetigalithms and exploration capability of parallel
variable neighborhood search, a new hybrid algarita presented in this paper. In this proposed
algorithm, each member of the population must lmelypced as chromosomes in GA. Then, in each
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generation of GA after computing the fitness of slutions, a specified percentage of solutions
which have the best fithess function, will be savBukn they will be improved by PVNS. In the first
step of PVNS a set of neighborhood structures dmed sequence of their implementations are
determined. Also, the current solutipequals to the initial solution y. The main partlé algorithm

is comprised of internal and external loops. Therimal loop is responsible for searching the sofuti
space, whereas the external loop controls the staglition of algorithm. There are a number of
processors in the internal loop which are usecarch process. In each iteration of the internap,lo
every processor performs a single iteration of gueetial VNS method including shake and local
search procedures. After all processors complesetaof runs, one generation gets finished and
updating step is then commenced. In the updatieg, she best solutiony() is identified among

obtained solutions of processors:ifis better thay,y” replaces witi( ¥ — y ). And search process

begins again at the first iteration of the interlwalp (K — 1). Otherwise, one unit is added to the
iteration counter. On the condition that all itesas of internal loop are considered, one iteratbn

PVNS algorithm is accomplished. In this case, stopdition is checked by the external loop. Figure
3 shows the steps of the PVNS algorithm. The végiakighborhood search algorithm performs like

PVNS but it has only one processtr£1).
v

Initializati

v

¥ = gbest
v

h=h+1 [« > k=1
v

NO

h=npr h=1

v
Yes ,
Shaking Yy
Y = min (spr) v
l=1n=1
Yes NO +
y=y,k=1 0 k=k+1 Local Search (yP)
| NO Yes
g
I=1+1 { fo<f(y) y =ypl =1
NO |
" Termination =1

criteria satisfied

NO

Yes

spr=y

Figure 3. Flowchart of the proposed PVNS
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3-1-1- Solution representation

The solution representation has a critical rolehe performance of the algorithms to search the
different parts of solution space. The represamtati each member of population has two partst Firs
part represents the sequence of operations on negcim jobshop scheduling problem and the second
part represents the product assignments to theinescin assembly stage. Figure 4 illustrates this
representation.

According to the Figure 4, job 1 of product 1 has bperations and each operation has two sub-
lots. So, numbers 1 and 2 are dedicated to jobdlb@cause this job has 2 operations, they occur
exactly two times. So, the first and the secondlstbf the first operation of job 1 are in therthand
twelfth priority to be process and the first and gecond sub-lot of the second operation are in the
sixth and fifteenth priority. Also, in order to &gs the products to the machines, a string comgini
numbers betweerl, (P -S, + M' —1)] will be generated. P represents the total numder o
products§,the total number of sub-lots, am represents the number of assembly machines.When
the generated number is larger tfans,), itstands forthe assembly machine.According tdfithere
4, the first and the second sub-lots of productl2wei assembled in the first and third priority the
first assembly machine

wn|—

1
p |2(2|1|1|3 (1|22 |1(1|1(1|2|2|1]|3

| Stager |9 9[1]3|11][1]7]10[5[4]6|2]10]8]2]12]
Work Station

[Stage2/2[3[2[4]1]1]3]
Assembly Stage

Figure 4.Example of a solution representation

3-1-2- Initial solution

In order to generate the initial solutions a ranideeh procedure is used in the Work Station. Also
in the assembly stage, any product which it's aliresponding jobs is processed sooner, will be
assembled sooner. After selecting the product kigh priority, it will be assigned to a machine fwit
less workload. The machines workload will be updatfter each assignment.

3-1-3- Selection operator

In the current study, a roulette wheel is used aslection operator. Also a simulated annealing
algorithm is used in case of selecting chromosoarets copying them to new population. In this
method, each individual of new population and pgrasipopulation are compared to each other. If the
new individual’s fitness function be better or elgioethe previous one, it will be accepted. Otheeyi
it may have a chance to participate in the nexegaion. The approach of this selection operattw is
gradually move the selection criteria from explmmatto exploitation. In other words, selection
pressure increases by decreasing temperature.

3-1-4- Crossover operator

Spear and De Jong (1991) investigated differergstneers and indicated that uniform crossover
gives the best results. Based on their study, tii®mn crossover has more exploratory power than
the n-point crossover. Therefore, the uniform avesesis used in this paper. In the uniform crossove
a random vector containing numbers between [0,1deiserated. The offspring 1 is produced by
taking the bit from parent 1 if the correspondingsk bit is 1 or the bit from parent 2 if the
corresponding mask bit is 0 and the offspring 2satke bit from parent 1 if the corresponding mask
bit is 0.
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3-1-5- Mutation operator

In genetic algorithm, mutation is as a random dwufiron of genes with a certain
probability. The mutation operator preserves diWieedion in the search. In this study, two
random position of the string are chosen and tie dorresponding to those positions are
interchanged.

3-1-6- Neighborhood structure

Neighborhood structure is a mechanism which camiebhew neighborhood solutions. Each
neighbor solution is generated from a given sotutiy a move. A good neighborhood structure
should eliminate unnecessary moves. In this suiesethe neighborhood structures used in different
phases of the considered problem are defined.

1) Neighborhood structuresfor sequencing phase

In this paper, seven neighborhood structures agd.un the first neighborhood structure, one of
the critical blocks with more than one operatioiil] e chosen. If the first operation is selectid,
will be replaced by second or third operation. Alritie last operation is chosen, it will be replds
k-1 or k-2, operation. K represents the total number of opmratof the selected block. If the
selected block has only two operations, they wallrbplaced with each other. In the second type of
neighborhood structure, two operations will be @mosandomly and their values will be replaced. In
addition, it will interchange value of the geneswm®en these two selected operations. The third
neighborhood structure selects a gene randomlyresedts it in a randomly selected place. In the nex
structure two genes are randomly chosen. Then shéilots will be defined and replaced with each
other. As it is illustrated in figure 5, the fifteighborhood structure attempts to shift an opamati
within a critical block. The new position this opton in the block is determined as the most
distanced insert position that still yield feasiBthedule. Also, the operations inside a critidath
are only shifted to the first or last operationtleé block. In the next structure, additional to tve
operations at the beginning (or the end) of a aaitiblock, the directly preceding (or directly
succeeding) operations on a machine is also caesidéd new neighbor will be generated by
changing the order of three consecutive operaiimascondition that two operations at the beginning
(or at the end) are reversed. This neighborhoodctstre is illustrated in figure 6.The last
neighborhood structure moves each operation ofitewadrblock after the last or before the first
operation of the block. This neighborhood structarghown in figure 7.

/ Q Critical block \

T Last operation
Q{Y I
R A .‘B['— """ !
"4 ! i
First operation ¢ ! '
Moving the first operation to the internal operatio Lommmmmm- !

Moving an operation to
the end of the bloc

Figure5. The fifth neighborhood structure (Zhang et alQ20
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Figure 6. The sixth neighborhood structure (Zhang et al0720
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! 1
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Critical block ) _ Bom--o--- !
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Figure 7. The last neighborhood structure (Zhang et al.,7200

2) Neighborhood structuresfor assignment phase

In this algorithm, three neighborhood structurel g applied on assembly problem. In the first
structure, one of the products corresponding toagsembly machine with more workload will be
chosen randomly and will be added to a machine Veifis workload. The second neighborhood
structure selects an assembly machine randomlypendtizes its corresponding products based on
the best completion time. The last structure sglacproduct with the largest processing time and
assigns it to an assembly machine with less wodkloa

3) Neighborhood structuresfor sub-lot sizes

In the proposed algorithm, three neighborhood sires will be applied on sub-lot sizes. In the
first neighborhood structure a block is selectedrmgnall of the critical blocks and an operation
corresponding to that block will be chosen randoniligen the selected operation’s sub-lots are
randomly chosen and their values will be replacdte second neighborhood structure selects an
operation and one of its sub-lots randomly and thespecified percentage of that sub-lot’'s volume
(size) will be transferred to another sub-lot af gelected operation. The third neighborhood siract
is based on a procedure which is presented by Beusmd Shen (2009).

3-2- Hybrid genetic algorithm and simulated annealing

Simulated annealing algorithm was first proposediatropolis at 1953 and it was developed by
Kirkpatricket al. (1983). The algorithm simulatdsetcooling process by gradually lowering the
temperature of the system until it converges tdeady state. Simulated annealing is known as a
significant algorithm to solve the combinatorialtiopzation problems due to its simplicity and high
effectiveness. This algorithm avoids trapping inalooptima. Also, it is amongst the most powerful
neighborhood search techniques. Simulated annealgayithm, first founds a neighbor around the
initial solution. If the new neighbor solution hasmaller cost than the old solution, it will beresé
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as the base for its next generation. Otherwisealtperithm calculates an acceptance probabifly (
and then compares it to a uniform random numbevdst O and 1.

p =exp (— IA{—;) (40)

Afis the difference of objective values between tbée solution and the current one and T is current
temperature. If the calculated valyg) e more than the random number, then the newhbeig
solution should be accepted.

In this proposed algorithm, the fitness functiontbé individuals will be computed in each
iteration of genetic algorithm and finally the sabms obtained by GA, will be improved by SA. This
algorithm performs like the HGAPVNS in detalils.

3-3- Hybrid genetic algorithm and parallel smulated annealing

One of the main disadvantages of simulated anrgealgorithm is its slowness. Parallelism in SA
reduces computation times. There are different gggbres to parallelize SA algorithm. Since the
guality of SA’'s performance is usually affected thy starting solution (Onbasoglu et al, 2001), in
this paper PSA starts the search from a groupadsté a single initial solution. So it searches
multiple reigns in the solution space. PSA algonittounds a neighbor around each initial solution.
The neighbors will be compared with their corresfing initial solutions. And in case of improving
they will be replaced with the initials. But if improvement in solution is detected, the algorithm
will perform the same as simulated annealing. Tikighe only different between HGASA and
HGAPSA algorithms.

4- Computational Results

In this section, the performance and effectivernédbe proposed algorithms are investigated. The
mathematical model is solved by GAMS IDE (ver.23bjtware and the proposed algorithms are
coded with MATLAB R2013a software. In order to exate the performance of proposed algorithms,
20 instances are generated randomly. The instameesategorized into three groups (small, medium
and large-sized problems) based on the number @fatipns. For each instance the algorithms are
replicated 10 times. The random samples are gekefadm the distributions in table 1.Since the
parameters of meta-heuristic algorithms have atgrélmence on their effectiveness, choosing the
best parameters for them is important. In this papaguchi method has been used to determine the
appropriate values for key parameters of the preghadgorithms.

Table 1. Data for generating test problems

Parameters Ranges
{2,3,...,14}
{2,3,...,7}
{2,3,....7}
{2,3,4,5}
Uniform Distribution

Ay Uniform Distribution

For comparing the effectiveness of algorithms, ®edaPercentage Deviation (RPD) factor is
used. RPD factor is formulated as (41) and comptresperformance of each procedure to other
procedures for each instance:

333

=
95
-
<
>

Algsol - Minsol
RPD = —— % 100
Minsol * (41)
Also the improvement in initial solutions is measdirusing a well-known criterion.IMP factor is
computed as equation (42).

Alginitialsol - Algfinalsol
Imp = *

100 42
Algfinalsol ( )
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On the other hand, a factor nan‘l@dis used to determine the mean deviation of the fasition.
This factor iscomputed according to equati¢i3).

i=(fi—f)
n. f*
Where f*is the solution obtained by the mathematical mddekmall problems. Also for medium
and large problems it is the best solution obtalmethe algorithms.

4-1- Analysis

In order to validate the proposed model, the ogtso&utions for small problems are obtained by
GAMS and they are reported in table2.In small peotd according to the RPD factor, the algorithms
achieved the same results but the computational tifrthese algorithms are considerably lower than
the time obtained by GAMS. According to computatibtimes, the HGASA algorithm performs
better than the others. Furthermore, GAMS was bt # obtain the optimal solution for medium
and large problems, in an acceptable time. Forrddson, an upper bound of the optimal solution is
calculated for the medium size problems. It is wigtd from GAMS software and presented in table 2.

According to the RPD values with 95% confidencesiivél for medium and large problems in
Figures8 and 9, the HGAPSA gains the lowest avemgeng the other algorithms in all the
instances. Clearly, lower values of RPDs are preferTherefore, the HGAPSA performs better than
the other algorithms statistically. Also the HGAPSNoutperforms HGASA and HGAVNS.
Moreover, due to the figure 10, the HGAPVNS iniafitances needs more computing time than the
other algorithms.

Interval Plot of HGASA, HGAVNS, HGAPSA, HGAPVNS
95% Cl for the Mean

[ ]
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Figure 8. Interval plot of RPD value for medium problems
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Figure9. Interval plot of RPD value for large problems
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Figure 10.Computational time of HGASA, HGAVNS, HGAPSA and HB¥NS algorithms

A statistical test is proposed in this paper to pare the ability of algorithms at finding the best
solution. Since the size of the problems is diffiéneith each other and it will have some effects on
the results, it must be controlled by includingdiimg factor in the experiment. Due to the consder
problem, a randomized complete block design seenfseta proper test. First, the hypothesis of
normality should be checked for HGASA, HGAVNS, HG3® and HGAPVNS values. The test is
performed using Minitab software. Figures 11 andshi@w the result of normality test for HGASA,
HGAVNS, HGAPSA and HGAPVNS in medium and large peoflis respectively. These tests are
based on the ANDERSON-DARLING method with0.05 digance level. According to Figuresll
and 12the significance level is less than the peml So, all algorithms for medium and large
problems have normal distribution. Also, in orderselect a proper test, the variances of HGASA,
HGAVNS, HGAPSA and HGAPVNS are tested. The res@t®aled that the variances are equal and
so it is allowed to use the randomized completelbbesign.
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Figure 11. Normality test for medium problems
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Figure 12. Normality test for large problems

The considered randomized complete block desighdtdn medium and large problems is consist
of 4 treatments and 6 blocks. The blocks are sizgablems and the treatments are the algorithms.
Table 3 illustrates the results of the test for medand large problems. Since the p-value is lleas t
0.05, the null hypothesis is rejected. Thereforgwise comparisons must be applied on the
algorithms. The Least Significant Difference (LSt@ft performs the paired comparisons between
algorithms. The results of the LSD test in tabli®®dboth medium and large problems show that the
p-value between the HGASA and other algorithmseiss|than 0.05, so they have significant
differences. According to the means and standartiens, all of the algorithms perform better than
HGASA. Also, there is no convincing evidence tha HGAPVNS is different from the HGAVNS
and HGAPSA. Moreover with considering the compotadi times, means and standard deviations,
the HGAPSA is superior to the HGAPVNS. Also the HBANS achieves better solutions than the
HGAVNS. But it needs more computational time.
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Table 3. Results of blocking test for medium and large feois

Source Sum of Squares df Mean Square F P-value

factor 8641.125 3 2880.375 9.476 .001
g block 12816244.208 5 2563248.842 8432.433 .000
"g Error 4559.625 15 303.975
E Total 573409115.000 24

factor 79612.611 3 26537.537 7.198 .003
Q block 233005862.719 5 46601172.544 12640.038 .000
s Error 55301.856 15 3686.790
B Total 2450923323.290 24

Table 4. Results of pairwise comparisons on the algoritmesdium and large problems)

Algorithm Algorithms (n?e(\j/ﬁjjlrjr% (ﬁ’;/glé;e
HGAVNS .025 .035
HGASA HGAPSA .000 .000
HGAPVNS .001 .005
HGASA .025 .035
HGAVNS HGAPSA 023 .046
HGAPVNS 157 360
HGASA .000 .000
HGAPSA HGAVNS 023 .046
HGAPVNS 313 239
HGASA .001 .005
HGAPVNS HGAVNS 157 .360
HGAPSA 313 239

The improvement in the initial solutions is anotfestor which is used to analyze the performance
of the proposed algorithms. When the solution spacamall, it is predictable that good algorithms
can meet the optimal solution in the first iteratiout by increasing the size of the problem, the
probability of finding the best solution in thedfriteration is very low. So, more improvement is a
sign of a good algorithm. As it can be seen inriigli3, the IMP% of HGAVNS is more than the
other algorithms in medium problems. But by expagdhe search space, the improvement in initial
of HGAPSA increases. Also, lack of improvementsimall problems indicated that the algorithms
can meet the optimal solution in the first iteratioFurthermore, in order to analyze the
effectiveness and robustness of the proposed #digmj the means and standard deviations are
examined. Computational results in table 2 showwet, tthe scatter of the mean and standard
deviation of the HGAPSA algorithm is less than dtker algorithms. So, the HGAPSA has robust
performance.
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Figure 13. Improvements in initial solution obtained by tHgaaithms

For all of the algorithms, the summarized averagd3s-are shown in figures 14. It is concluded
that, increasing in the size of problems leadsnireias®;-.Figure 14 indicates that for small
problems, all of the algorithms are capable toirattiae optimal solution. According to figurel4 for
the medium and large problems, the HGAPSA algoritins better performance than the other
algorithms and the HGASA has a poor performanceth@rother hand, the convergence of HGASA,
HGAVNS, HGAPSA and HGAPVNS is shown in figure 150f the Figure, the best objective value
found by the algorithms was compared across geapsatThe results revealed that the convergence
of HGAPSA is relatively better than the other altfons.
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Figure 14. Averages oD-for all of the problems
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Figure 15. Convergence of the proposed algorithms

On the other hand, to investigate the impact ofstotaming on makespan, the results of this
problem were compared to the results of problentlsoui lot streaming and lot streaming only at the
first stage. As illustrated in Figure 16, the peshlwith lot streaming at both stages outperfornas th
problems under the other considered conditions.
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Figure 16. The HGAPVNS algorithm under different conditions

Finally in order to validate the performanof the HGAPSA algorithm, it is compared with a hyb

genetic algorithm (HGA) proposed tWong and Ngan (2013).In thialgorithm a 3D solution
representation is usedccordingto figure 17 by increasing the size the prob, the HGA achieves
poorer solutionsinder the same conditio
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Figure 17.Makespan of the HGAPSA and HGA

5- Conclusion

This paper addressegoshop scheduling problem with a parallel asserstdge and lot streami
at machining and assembly ste. A mixed integer linear programming model is presdrand i
attempts to minimize the makespan tirAccording to the complexity of this proble four hybrid
algorithmsbased on Genetic algorithm, Simulated Annealing)(SAariable Neighborhood Sear
(VNS), ParallelSimulated Annealing (PSA)and Parallel Variable Merhood Search (PVN were
used to solve the problem am iterative procedur The results revealed that for small problems,
HGASA algorithm has approximately the same perfarcaeawith the other algorithms but accord
to the computational times, the HGA has better performance. Themaadomized complete bloc
design considered comparitige ability of algorithms at finding the best sauat for medium anc
large problems. Computational results revealec for medium and large problenthe HGAPSA
algorithm outperforms thelGAVNS and HGASA algorithmand there is not a signiant difference
between HGAPSA and HGARMNS. However,with considering the computational ti, means and
standard deviations the H®&A is superior to the HGAPVN%-urthermore, in case of analyzing-
robustness of the proposed algorithms, the meadsstandard deviationsre examinedlt is
concluded that the HGAPSRAas robust performance for the problem. Also, atiogrto the RPL
values with 95% confidence interval for medium dade problems, the HG/SA performs better
than the other algorithms siically. On the other hand, determine the mean deviation of the t
solutions, a factonamed;-is usecThe results revealed that by increasing the sizprathlemD -
increases.For small problems, all of the algorittamescapable to attain 1 optimal solutions. But fc
medium and large problems, the HCSA algorithm outperforms the other algorithms and
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HGAPVNS algorithm cannot guarantee the best reshlis it is more suitable than HGASA and
HGAVNS. Also, the result of the HGAPSA with lot-sming at both stages was compared to the
results of this problem without LS and lot streagnonly at the first stage. The results indicateat th
the HGAPSA with lot-streaming at both stages penfobetter than the others. Finally in order to
validate the HGAPSA algorithm, it is compared wathybrid genetic algorithm. Results showed that
the HGAPSA performs better than the HGBonsidering setup times, intermediate buffer and
uncertainty for the parameters of the problem ggested as future researches. Also, the results can
be improved by developing the effective meta-héigrislgorithms and implementing more efficient
and better solution representations and neighbarstactures.

Table 2. Computational results

Cplex HGASA HGAVNS HGAPSA HGAPVNS
Problem CPU oo [ Mean Sd  CPU [ Mean Sd CPU | Mean Sd  CPU | Mean S CPU
time Crax Crnax time Crax Crax time Crax Crax time Crnax Crnax time
PL | 72 0 1825 0 213 | 1825 O 292 | 1825 0 441 | 1825 0 471
P2 | 1895 0 700 0 249 | 7001 0 337 | 701 0 488 | 701 0 524
P3 | 2174 0 1910 0 276 | 1910 O 359 | 1910 0 535 | 1910 0 587
T P4 | 339 0 1504 0 303 | 1504 O 408 | 1504 0 504 | 1504 0 633
@ P5 | 3983 0 3115 0 355 | 3115 0 460 | 3115 0 653 | 3115 0 722
P6 | 4456 O 3300 0 381 | 3300 0 53.8 | 3300 0 767 | 3300 0 856
P7 | 8651 0 350 0 464 | 3500 0 59.3 | 3500 0O 843 | 350 0 961
P8 | 1203 0 1501 0 641 | 1501 0O 80.1 | 1501 0 1072 | 1501 0 1229
PO | 7200 006 | 4410 8 1458 | 4406 6.1  162.4 | 4403 3.4 174 | 4403 56  203.8
P10 | 7200 017 | 3850 175 1749 | 3832 120 2187 | 3827 89 2319 | 3828 92 2394
E p11| 7200 o012 | 4726 214 1947 | 4676 304 2348 | 4654 51 2779 | 4669 9.3  306.8
g P12 | 7200 007 | 4694 123 2514 | 4686 17.9 2921 | 4650 65  317.6 | 4673 7.4 3341
P13 | 7200 019 | 5282 207 2729 | 5223 243 3115 | 5169 12.2 3658 | 5187 148 387.9
P14 | 7200 005 | 6209 341 2900 | 6198 268 3239 | 6165 107 3924 | 6171 136 4196
P15 | ---  --- | 5349 534 7739 | 5251 453 8130 | 4989 27.0 8434 | 5175 345 892.1
P16 | ---  --- | 10044 36 8275 | 10021 29.9 847.0 | 9989 14.9 9655 | 10002 19.2 1000.2
g P17| --- .- | 6620 494 9713 | 6438 313 9792 | 6387 56 11040 | 6407 99 11227
8 pi8| - - | 14725 103 11438| 14718 72 12033| 14704 35 13320 | 14705 36 13747
P19 | ---  --- | 10284 301 11735 10131 32 13187 | 10102 154 14116 | 10112 19.9 1440.0
P20 | ---  --- | 11175 471 13913 | 11160 425 1767.7| 11092 357 1920.6 | 11119 38.4 2043.9
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