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Abstract

This paper investigates the integration of strategid tactical decisions in the
supply chain network design (SCND) considering ade line balancing
(ALB) under demand uncertainty. Due to the decdimtrd decisions,a novel bi-
level stochastic programming (BLSP) model has leameloped in which SCND
problem has been considered in the upper-level modele the lower-level
model contains ALB problem as a tactical decisioithie assemblers of supply
chain network. To deal with demand uncertaintycenario generation algorithm
has been proposed within the stochastic optimizatiodel that combines time
series model, Latin hypercube sampling method anadkward scenario
reduction technique. In addition based on the gpetructure of the model, a
heuristic-based solution method is proposed toesthle developed BLSP model.
Finally, computational experiments on several pobinstances are presented to
show the performance of the model and its solutr@thod. The comparison
between the stochastic and equivalent deterministidel demonstrated that the
developed stochastic model mainly performs belten the deterministic model
especially in making strategic decisions while tegerministic model works
better in making tactical decisions.
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1- Introduction

Supply chain network design (SCND) problem is aparant issue in supply chain management
(SCM) which has attracted research attention dwetast few decades. In general in this problem, th
optimal number and configuration of the facilitiess determined in addition to the quantities of
required raw materials, production, distributiord @ransportation among the facilities such that the
customer demand is satisfied and the supply chalirevs optimized (Simchi-Levi et al., 2004).

In SCM, there are three levels of decision-makiagrdy the time horizon categorized as strategic
level (long-term decisions), tactical level (midre decisions) and operational level (short-term
decisions) (Vidal and Goetschalckx, 1997).The sgiatlevel commonly relates to the decisions such
as the determination of number, location and caépadfi the facilities and technology selection
(Ghiani et al., 2004). SCND is one of the maintsga decisions that sometimes entitled as strategi
supply chain planning (Chopra and Meindl, 2007}he tactical decisions, production levels at
manufacturers/factories, assembly policy, lot siaed inventory levels are determined. Finally, the
operational level deals with the scheduling of matelows based on the decisions made in two
upper levels (Schmidt and Wilhelm, 2000).

Recently, several review papers have been publisime@CND area. Shen, (2007) presents a
survey on the new developments of integrated SCIigbmization models, especially nonlinear
models. Akyuz and Erkan (2010) provide a reviewpenformance measurement of supply chains.
They present the basic research approaches ancbhdoéigies, requirements and areas for the
performance management of the recent supply chrainMelo et al., (2009) review facility location
models in the SCM context and basic features thes#els must capture to support decision making
in the design of supply chain networks across mfie industries. Klibi et al., (2010) review the
optimization models proposed for the SCND problerdar uncertainty. They also investigate related
strategic SCND evaluation criteria and their uséhm existing models. Very recently, Martinez and
Moyano (2014), have evaluated the state-of-theemgarches into the relations between SCM, lean
management and sustainability to identify the stddireas and the orienting future research.

Many mathematical models have been developed imetla¢ed literature in order to design and
optimize the supply chain networks (SCNs) by novhede models can range from simple
uncapacitated single-product facility location misdésee for example Sung and Song, (2003)) to
complex capacitated multi-commodity models (seeewample Tsiakis and Papageorgiou (2008))
with different objectives such as total cost miraation or profit maximization. Most of these models
concentrate on the transportation/distribution eks with considerations such as facility location,
capacity planning, inventory management, vehiclging and so on (Paksoy and Ozceylan, 2012a).

In the recent studies, the SCND problem under taicgy has received much attention and the
literature related to this issue is considerablgreasing (Klibi et al., 2010). Many studies have
addressed customer demand as the only uncertaamptar. Longinidis and Georgiadis (2011)
present a mathematical model as an effective gitatkecision tool to integrate SCND decisions with
financial statement analysis under demand uncéytaidamta et al., (2014) investigate the
optimization of strategic and tactical decisionsanSCND problem under demand uncertainty.
Furthermore, some studies consider several stachpatameters simultaneously. In this regard,
Pishvaee et al.,(2009) develop a stochastic mimestyer linear programming (SMILP) model for
multi-stage logistics network design in which quignand quality of returned products, demands and
variable costs are uncertain parameters. MohamBigfhiandi and Mohd Yusuff (2011) state that
uncertainty generally finds in tactical decisiors®use most of the tactical parameters are ndfytota
certain when strategic decisions are made. Thegidencustomer demand, capacity of the facilities
and operational costs as uncertain parameters.

The production system is one of the vital factarstiie optimization of SCNs. In order to create an
efficient SCN involved with assembly activities, awmain functions of supply chain such as
transportation and assembly line processes musttbgrated appropriately (Paksoy et al., 2012b).
This integration has two main aspects for a suppbin. Firstly, companies try to obtain maximum
value by minimizing the transportation costs athestage of the supply chain. Secondly, companies
attempt to optimize the operations inside the spgphkin such as line balancing and the opening
costs of workstations. Therefore, there is a retetip between logistics processes and assembBly lin
processes that necessitates the integration betiieemin the SCN (Paksoy and Ozceylan, 2012a).
On the other hand, assembly line balancing (ALB}mes of the decisive factors, is the most common

88



operation in SCNs especially when there are aflobmponents. It is worth mention that an assembly
line consists of a set of sequential workstatioosnected by a material handling system. In each
workstation, a set of tasks is performed while etashk has a certain processing time and there is a
pre-defined precedence diagram, which determineseljuence of performing the tasks (Becker and
Scholl, 2006). In this regard, the main objectifeh® ALB problem is to assign a set of tasks ® th
workstations in such a way that the precedenceti@nts among tasks are met and some measures,
such as number of workstations, cycle time or kfiiciency are optimized (Hamta et al., 2013).
Since balancing the assembly activities has sicanifi influence on the performance and productivity
of systems, optimizing assembly activities affetts SCN performance. Many companies such as
automobile companies are confronted with this @oiwhere logistics processes and assembly line
activities should be considered concurrently toléadbetter performance in terms of customer
satisfaction, reliability and agility (Hamta et,&014).

The importance of uncertainty modeling in differelgcision levels of SCND has motivated a
number of researchers to use stochastic programiappgoaches when one or more uncertain
parameters or variables exist in the optimizatimbfem (see for example Pishvaee et al., (2008) an
Santoso et al., (2005)). Schitz et al., (2009) ldgva two-stage stochastic program to formulate a
multi-commodity SCND problem with a description @erational consequences from the strategic
decisions. They address strategic location dedsionthe first stage decisions and operational
decisions in the second-stage. Hamta et al., (2@tdpose a two-stage stochastic programming
model in which the first-stage contains strategication decisions, while in the second-stage the
SCND and ALB decisions are made.

Table 1 presents a detailed classification of deent papers published after 2010 based on some
supply chain characteristics and decisions sucbbgctives, characteristics of product and period,
uncertainty in demand, capacity, type of modelary] the solution method. The characteristics of our
problem in this paper have been stated in thertagtof Table 1. It is worth mentioning that the
papers reviewed in Table 1 have been selected basdtie similarity to our work in terms of
characteristics such as modeling approach and hasumptions.

Table 1.The supply chain decisions of recent papers in B@hie

. Deman . .
Product | Period d Modeling Solution method
>
Articl Objecti 2 12173 2
() v e k] - | = =
ricie VS 12 ls 12 l2sE 8 |8laly %558 |8k
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(2010)
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Wang et Total costs,
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al. (2011) . 9
emission
Cardona- | Total costs,
Valdés et| Total v v v | v v v
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Table 1. Continued
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Table 1. Continued
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Product | Period d Modeling Solution method
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The Total costs,
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paper workstations

LP: Linear Programming; MILP: Mixed-Integer Line®rogramming; MINLP: Mixed-Integer Nonlinear
NLP: Non Linear Programming

Although SCND problem has been investigated widely, little attention has been given to use
bi-level programming (BLP) as the modeling approaSEND problem can be considered as a
Leader-Follower where top managers are the leadatsthe assemblers are the followers who make
decisions about their activities considering togeledecisions Hamta et al., (2015). Roghanian .et al
(2007) propose a probabilistic multi-objective BpRoblem and its application in enterprise-wide
supply chain planning where some parameters aorarvariables. Sun et al. (2008) developed a
BLP model to obtain the optimal location of distdion centers where the upper-level model
determines the optimal location, and the lowerdlevedel gives an equilibrium demand distribution.

The main contribution of this paper is to developi-tevel stochastic programming (BLSP) for a
SCND problem considering ALB and demand uncertaiiity the best of authors’ knowledge, this
problem which is applicable to many real-world attans, is novel and has not been addressed in the
related literature. The most similar study to ounrkvbelongs to Paksoy et al., (2012b). They
developed an MINLP model to integrate SCND and Ab®blems. However, they did not pay
attention to the bi-level nature of the problemaddition, since the variations in customers’ dettsan
change the products shipped between layers of @¢ I8 each period, demand uncertainty has
significant effects on the flows inside the SCNisTissue also affects the assignment of tasks and
layout of the workstations. The main objective bé tdeveloped BLSP model in this paper is to
optimize the performance of the considered SCN wrdisnand uncertainty. A scenario-based
algorithm is proposed to deal with demand unceigain which time series model and Latin
hypercube sampling (LHS) (Iman, 2008) are employ&dally, the BLSP model performance is
evaluated under generated scenarios.

The remainder of this paper is structured as faloBection Ointroduces problem description and
mathematical formulation of the BLSP model underdgt Section 0 explains how to deal with
demand uncertainty that serve as input to devel@iesP model. Section Odescribes the solution
method. The computational experiments over seyerdllem instances and the comparison with the
deterministic model are presented in SectionQallinSection 0 leads to the concluding remarks an
guidelines for future research.

2- Problem statement and for mulation
In this section, the problem statement, notatiom$ the mathematical formulation of problem
under study are presented.

2-1- Problem statement

This paper considers the simultaneous optimizatiostrategic and tactical decisions in the SCN
to design and optimize an SCN. Figure 1 shows thectsire of considered SCN including
manufacturers, assemblers and customers. An SCbiidepn is addressed as a strategic decision and
ALB problem is tackled as a tactical decision.Ha assemblers, single-product and straight assembly
lines are concerned with the aim of minimizing thenber of workstations for a certain cycle time.

The main purpose of this paper is to model andesatv SCND problem considering ALB using
stochastic BLP. BLP is a tool to model decentraidecisions which contains the objective(s) of the
leader at the first level and that of the follova¢the second level (Colson, 2005). Since the prabl
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under study involves two different decision-makénsluding supply chain managers and the
assemblers’ decision makers who make connectedidesiwith interactions on each other, BLP is
adapted to describe the problem appropriately (ldaghtal., 2015).Considering demand uncertainty,
the problem is formulated as a BLSP model in wh&BND problem as a strategic decision is
considered in the upper-level model, while the Ielggel model contains the ALB as a tactical

decision. The main decision variables obtain eftdving the model are the amount of flows between
two sequential echelons, assemblers’ cycle timeg,tasks assignment to the workstations in the
assemblers.

v

Assemblers \\ ﬁ ,v"

Customers

Manufacturers

Figure 1. The structure of considered SCN

The basic assumptions behind the studied prolblencommon assumptions for SCND and ALB
problems (see for example Hamta et al., (2014)hikpaper, it is assumed the maximum capacity of
manufacturers and assemblers is given. In additioe,upper bound of the number of potential
workstations at each period is determined via diagdotal task times by average initial cycle times

2-2- Mathematical model

This subsection presents the BLSP formulation ef pnoblem. The scenario-based stochastic
approach has been used in the BLSP model for d¢agttire customers’ demands in both levels of the
model to find the best decisions. The proposedaseeiased approach will be explained in Section 0
in detail.

2-2-1-Basic moddl of BL SP

A BLP model is applied for a problem with two difémt decision-makers, which make
decentralized decisions successively (Colson, 20@5)his paper, supply chain network decisions
such as flows of products and cycle times are niadéop-level managers, and then determined
decisions are employed in assemblers to balancasthembly lines. Since we concern uncertainty in
customers’ demands, a stochastic version of BLPbleas used in the paper. BLSP method allows
applying concepts of stochastic programming diyetl bi-level structure. In other words, BLSP
completes relationship between the actors to dedh \bi-level structure and uncertainty
simultaneously. The stochastic programming fram&wseems more flexible and investigations
connected with the bi-level structure can be inocaped more efficiently into the stochastic
programming context (Werner, 2005). Therefore, Bh&P approach can treat the implications of the
bi-level features adequately.

In terms of BLSP, a general stochastic programnpngplem with bi-level structure can be
formulated as follows where the uncertainty envinent is expressed by a random variab&€. In
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addition x and y are the decision variables of upper-level and teleel problems, respectively
(Werner, 2005):

(U) Min F(X,y )

1)
st.Gky wkO
wherey'is an optimal solution of the leader’s perceptibthe follower’s decision process.
(L) Min f(x,y,w)
Y (2)

st.gkywkC

The BLSP model consists of two sub-problems: (Unrsupper-level problem with variables
x OR™and (L) is a lower-level problem with the decisiactor of the lower-level decision-makers
y OR™ | FunctionF :R™xR"™xQ - R is the objective function of upper-level decisimakers or
top-level managers, and the vector-valued funcaR™ xR"2xQ - R™ s the constraint set of the
upper-level decision vector. Similarly, function:R™ xR"2xQ - Ris the objective function of
lower-level decision-makers, and:R™xR™xQ . R™ js the constraint set of the lower-level

decision vector. All of the constraints and objeetfunctions may be linear, quadratic, nonlinear,
fractional, etc.

2-2-2- Model notations
The sets, indices, constants, parameters and decigiriables employed in the mathematical
model are defined as follows:

Setsand indices:

set of manufacturers, indexed byiMm

set of assemblers, indexed BY A

set of customers, indexed by1C

set of potential workstations with estimated nunddguotential workstations, indexed By1J
set of tasks, indexed hyon

index of tasks

set of couples of tasks, (@) in which task is the immediate predecessor of tgsk
set of components ,indexed RyIK

set of periods in planning horizon, indexedthyr

set of scenarios, indexed by s

w4 xX TS Z2«0>rZ
Q0

Constants and parameters:

TcMe transportation cost from manufactureto assembles at periodt
TCLC transportation cost from assembdetio customecat periodt
DcMA distance between manufactureand assemblex

DcAC distance between assemhdeand customec

Capis capacity of manufacturen for componenk at periodt

Cap} capacity of assemblarat periodt

Dets demand of customerat period in scenaris

t task time of task

Pis occurrence probability of scenasiat periodt

WT; total working time at period
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Decision variables:

Y M Quantity of componerk shipped from manufacturento assemblea at periodt in scenarics
Y AS guantity of product shipped from assemlal¢o customec at periodt in scenarics
Voo = {1 if taski is assigned to workstatipn #®semblea at periad in scenagj
alls = 10 otherwie
7. = {1 if at least one task is assigned to workstationr agsemblea at peridd in scenai
ats 0 otherwise
CTas cycle time for assembleat periodt in scenarics

2-2-3- Upper-level model

In the upper-level of our developed BLSP model, domsidered SCND decisions are made
including the amount of flows between two sequérgizhelons and assemblers’ cycle times under

demand uncertainty.

Min Z, = ZZP{S x Z Z ZTCMQ x DeMA xy MA +ZZTC£‘C x DA’ xy AS

tar sOs mOM alA kOK allAc[C

MA M
ZYMSSCGPM OmOM ,0Ok OK 0t OT ,0s0S
a’lA

AC A
ZYacts <Capy DaOA,0t 0T ,0s0S
cC

AC
ZYads 2 Dys Oc OC,0t OT ,O0sOS
alA

MA _ AC _
2 Yekis = D Yas =0 Da0A,0k OK,0tOT ,0s0S
mCOM cc
CTas SWT, / PREES DaOA,0t OT ,0s0S
cbc

YMA YAC CT. 20 OmOM ,DadA,Ok OK Ot OT ,Oc OC ,OsOS

The objective function of upper-level model, Relation (3), minimizes the expected transpartati

(3)

(4)

(5)

(6)

(7)

(8)
(9)

costs between two sequential echelons. Constr@inend (5) assure the total quantity of components
shipped from each manufacturer to the assemblacdstlee total amount of products shipped from
each assembler to the customers should not exbeamhpacity of that manufacturer and assembler at
each period in each scenario, respectively. Canst(8) guarantees the satisfaction of customer
demand for all products at each period in each @t@nRelation (7)shows the total component
amount shipped from manufacturers to the asserehlgals to the total shipped product amount from
that assembler to customers to satisfy the demieach period in each scenario. Constraint (8gstat
that cycle time of all assemblers at each periodaoh scenario must be lower than or equal to the

working time in all periods divided by the totaloduct amount shipped from each assembler
customers. Constraint (9) denotes the non-neggatiggtriction of upper-level decision variables, i.

MA AC
Y makts » Y acts aNd CT s .
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2-2-4-Lower-level model

The lower-level of our developed BLSP model repnésethe assignment of tasks to the
workstations in the assemblers, which is the objeatf ALB problem. It should be noted that the
simple assembly line balancing problem (SALBP)ategorized into two main groups: SALBP-I and
SALBP-II. SALBP-I intends to assign tasks to therkatations in such a way that the number of
workstations is minimized for a given cycle timehile SALBP-II tries to minimize the cycle time for
a given number of workstations (Hamta et al., 2(Bihge SALBP-I generally happens when the
organization intends to design new assembly limesselect this type which is more compatible with
the considered problem in the lower-level model.

iz ST T332 a0

tar sbs alA joJtar

2 Vais =1 DaOA,0i ON,0t OT ,0s 0S (11)
jad

D WVaiis = D WVages <O DaOA,0(r,q)0P,0t OT ,O0s0S (12)
sy sy

Dt ®Vaijts SCTas Da0A,0j 0J,0t 0T ,0s0S (13)
iON

2 Vaits SM X Zs Da0A,0j 0J,0t 0T ,0s0S (14)
iON

Viijts Zats 0{0.3 DaOA,Di ON,0j 0J,0t 0T ,OsOS (15)

The objective function of lower-level model nrnizes the expected total number of opened
workstations in all assemblers. Constraint (11)rgotees that each task must be assigned to one
workstation in all assemblers at each period irheenario. Constraint (12) ensures the precedence
relations between the tasks by assigning taskan immediate predecessor of ggkall assemblers
at each period in each scenario. Constraint (1Bjemses that total task times in each workstation
should not exceed the corresponding cycle timellimssemblers at each period in each scenario.
Constraint (14) guarantees that workstafi@opened, i.ez, =1, if at least one task is assigned to

it in all assemblers at each period in each scen&onstraint (15)denotes the binary nature of
variablesv ;s and Z i .

3- Dealing with Demand uncertainty

To deal with demand uncertainty, this paper presentscenario-based approach to generate
demand scenarios in the BLSP model by approximatiegstochastic demand process fitted from
historical data. It is worth mentioning that a smém is a description of a future state with a
probability assigned to it that indicates the imfpnce of that scenario in uncertain environment
(Birge and Louveaux, 2011).A scenario tree is eygafioto represent demand uncertainty with a
given probability for each scenario (Figure 2). lcacenario determines the customer’s demand for a
certain product in planning horizon. Several demandnarios are generated from the particular
distribution through scenario generation algorithrasented in this section. This algorithm includes
three steps, namely time series forecast moddliH& method to generate error term in the forecast
model, and demand scenario reduction to build teeario tree from historical data. Details of each
step are explained in the following subsectidrigure 3 demonstrates the outline of the proposed
scenario generation algorithmtodeal with demancaeramty in the considered problem.
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Demand of customer ¢ at
period 1 in scenario 1 (D)

=2 =3 t =]

@ @, () e () scemario)

Probability of Scenano‘l/,
Occurrence

\ () O Q O Scenario 2/\

() O O Q Scenario 3\;

_/

N\ Q Q O Scenario}t\;

C
O
O

Q Scenario |S|>
& -

Demand of customer c at period
[T in scenario [S| (Derys)

Figure 2.A scenario tree for a customej (ith discrete demand scenarios

Time series forecast model: Error term generation:
Historical Data Autoregressive model of order p Latin hypercube sampling

Scenario tree

=2 =3 t 1=|T|
O O e om0 O Scenario i)
Demand scenario reduction: —O—0O—=0 () o () scenario3)
backward reduction 4 O

. O Sccnario4\)

O O Scenario \i\)

Figure 3.The outline of proposed algorithm for dealing widmand uncertainty and scenario generations

3-1- Time series forecast model

In order to deal with uncertainty, a suitable tiseries model can be utilized to consider time
dependencies of demand in multiple periods in es@nario. We employ an autoregressive (AR)
process oP th order to model demand uncertainty(see for exariff?]). In our case, the predicted
demand at periot+ 1 and scenarie denoted by, ., considering the error tergy,,5 is given by

the following relation:
P
Degoas =@+ Y BDgij i +egus OcOC,0t 0T ,0s0S (16)
i=1
wherea is a constant; is AR parameterécm_i is the historical demand of custonuat (+ 1—1i)
period, andy,,,sis the error term at¢ 1) th period andth scenario. Then, the following formulation
is employed to generate scenarios at subsequaatper
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P
U+Z/8|Dc,t+j—i T Ect+1s j=1
i=1

j-1 P
Dotsj s =1@* D ADecrsj-i s+ Y ADcsrj +ociajs 1<j <P (17)
i=1 iz
P
a+z/3| Det+j-is Tét+j s j>P

i=1
Det-2 ct-1 D¢y : : :
: : : :
|
!
i
i . . .
i : : :
1 . . :
! :
|
]
|
— _/

Predicted data

Historical data

Figure 4.Demand generation method for customer

Figure 4 demonstrates a schematic view of géngralifferent scenarios for customer The
scenarios are generated based on the error tetmsh ¥ollows normal distribution with mean zero

and variance?. In our case, the error terms are generated &t geriod for all customers based on

the method will explain in Subsection 0.As a padtexample of implementing the considered time
series model, the demand of a special type of aiudrafts is concerned. Since the historical das

a non-constant mean and variance, therefore thd&ARhodel is the most suitable to describe the
behavior of demands (Chen and Lu, 2012). For thipgse, first the autocorrelation between data
should be checked to help determine a likely modéd. performed that and found there is a single
large spike of 0.7 at lag 1, which is typical ofartoregressive process of order one (Figure S)t€ig
6showsthe historical data from 2002, i.e. periad the abscissa of Figure 6, to 2013, i.e. peribihl

the abscissa of Figure 6,used to predict the fulereands, including the average and 95%confidence
intervals of demand values in next 6 months (froemiqu 13 to period 18). Consequently, the
estimated ARIMA parameters and the results of elfiypothesis test for this product are as follows:

Type Coef. SE  Coef. T P
AR 1 -0.4482 0.2923 -1.53.080
Constant  31.35 12.44 2.50.033
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Figure 6.Historical and predicted demand quantities ofdtwesidered product.

It should be noted that the coefficients of théefit ARIMA model are estimated by maximum
likelihood estimation (MLE) via Minitab statisticabftware. The mean demand and95% confidence
limits (CL) of the considered product based onfitted model are reported in Table 2for 6 future
periods.

Table 2. The mean demand and 95% confidence limits of tbdyzctfor 6 periods.

Period 13 14 15 16 17 18
Mean Demand 460.145 482.466 503.812 525.595 547.18568.857
95% Lower CL 379.259 390.081 393.17 402.652 411.725422.508
95% Upper CL 541.032 574.852 614.454 648.538 682.63 715.205

3-2- Error term generation using LHS method

Most of former works have used Monte Carlo simolat{MCS) to generate error ter)gnd
consequently different scenarios (See for examplen@nd Lu (2012)). In this paper, LHS method is
employed to cover more domain space of stochasti@anpeters rather than MCS. LHS is
recommended as a method to improve the efficierfcgampling method (Iman, 2008). Figure
7compares the performance of MCS and LHS methodsafo example with two variables

andk.following normal distribution & ~ N(lo,\f52 yandk, N (102).
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Figure 7. Comparison between LHS and MCS methods.

To construct scenario tree, suppose we Hayeperiods. In each period, the error terms are
generated using a normal distribution as mentidrefdre. Since error terms are period-independent,
the new terms are generated at the next perioddbgame way. This procedure is continued until the
last period. The steps of LHS method employed teegge error terms are explained in pseudo-code
of proposed scenario generation algorithm preseattédte end of this section.

3-3- Scenario reduction

As it is clear, large number of scenarios makesofftanization model cumbersome to be solved,
especially in large scale problems. In order taicedthe number of scenarios efficiently, a scenario
reduction technique should be used. In the liteeatiwo scenario reduction methods exist: backward
and forward (Dup&ova et al., 2003). For simplicity, we employ backevaeduction technique. The
algorithmic framework of backward technique is disd in Step 3 of scenario generation algorithm.

In the civil aircraft case, the backward reductagorithm has been used to reduce 80 generated
scenarios to 30 reduced set for 3customers inugdyseriods (Figure 8). As shown in the reduction
results, the shape and characteristics of genesatathrios are retained and the reduced scenarios ¢
be used to predict appropriately.
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Customer 1

Figure 8.(a) 80 generated scenarios for three customers ifuire periodgb) 30 demand scenarios
obtained by reduction method from 80 generatedastanin (a).

Pseudo-code of the proposed scenario generatioritaly is represented as follows

Nomenclature:

|[§ number of generating scenarios at each period
[Sharget desired number of reduced scenarios

|C| humber of customers

; set of scenarios at period

Pr; ; probability of constructed scenafiat periodt
DS set of scenarios that to be deleted at period
Disj; Euclidean distance between scenaand] at periodt

Begin
For each teT

Step 1.Generatey (c=1,2,....C |s= 1,2,..3 using LHS as follows[52]:

i. Misa|c |x|s jmatrix in which rows are random permutation of 1,...,|S.
ii. M'"isa|c |x|s jmatrix randomly generated using uniform (0,1) distribution.
1
ii. G=—M™ -M".
E I( )

V. & :Fgl(Gij) (i=12,..C li=12.8 , WhereFE'lo is inverse cumulative distribution
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function of ¢.
Step 2.Construct demand scenarios

If (t>Lthen
a Construct set S by [S|X[S jpge ScENArios using Relation (17) using

&s(€=12,...C [s=12,..93

1
b. Pr; ST
Else
a. Construct |§ demand scenarios for period 1 using Relation (16).
b. Pr; - i=1..B
MY
End if

Step 3.Backward scenario reduction
i. Defines; asaset of all initial scenariosat periodt and Dsg isa null set.
ii. While (1S5 IS farger)

Dis =\/(§t2(a,pi Dy )2],i =105 1 = L...$c

r=1p=1

o

minimum distance with scenario s.
c. CalculatePsy =PrxMDisgy Os=1,..,5¢ [t OT

d. Find the scenario index d such that PSy, =minPSy Os=1,...,.B¢ [t OT
€. g =St —scenariof )DSc, = DS + scenarid( )Pr= (R (Br
End while

End for
End

4- Solution method

It is generally dificult to solve the BLP problem. One reason is thiaP Bven in its simplest
version is an NP-hard problem (Ben-Ayed et al.,8)9&ven if both upper and lower-level problems
are convex, the whole BLP problem can be non-conVaerrefore, even if we obtain the solution of
BLP, it is generally local optimum not global. Find the response or reaction relation is the key
point to solve the BLP. Response relation determithe relationship between upper and lower
variables in a BLP model[44]. In the special foratidn of this paper, finding relationship between
upper-level variables and lower ones is simple.dframt (13) represents explicitly the relationship
between binary lower-level variables and continugpser-level variables.

Our proposed solution method is a heuristic algaribased on Constraint (13) by considering the
generated demand scenarios using the algorithnemexs in Section 0. It should be mentioned that
the proposed solution method is a hybrid methodvitich exact methods have been employed
through a heuristic approach. Exact methods sudirasch and bound have been implemented by
GAMS solvers. In this method, cycle timETs) is a given parameter in the lower-level modekeAf
solving the lower-level model and obtaining theuealbf variableVyjs, Constraint (13)should be
added to the upper-level model. Then for the fiXgg obtained from lower-level model, upper-level
problem is solved to find ne®T,s This iterative process is continued until theppiag criterion is
established and convergence to the optimal solutibthe original BLSP model. The stopping
criterionis that difference betweentwo sequentijective function values of upper-level model
should be lower than a small positive numb#®r Following the proposed solution method for the
developed BLSP model is presented:
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Step 1.Generate demand scenarios using the proposedthlgan Section 0;
Step 2.Determine an initial set fare;

Step 3. For the fixedCTalfs, solve the lower-level model and obta/iﬁts;
Step 4. Using obtainec&l/{}j-t from Step 3, solve the upper-level model and fimeta value forCT;

Step 5. If ‘Zﬂf —lef_l‘sfstop, wheres is the convergence tolerance; otherwise kskt+ 1 and go

back to Step 3.

Figure 9 shows the steps of the proposed algotithsolve the considered BLSP model. It should
be noted that since upper-level model is an MINk&bfem, an appropriate solution method should
be employed in iterations such as branch-and-bauethod or outer approximation algorithm.
Sometimes an inner penalty function method cantiiead to relax nonlinear constraints, and then
the upper-level model can be solved by the soluti@thods of linear convex optimization problems
(Roghanian et al., 2007). On the other hand, theP\iolution methods can be employed to solve the
lower-level model. In this regard, GAMS/ Cplex awell-known GAMS solver is used in the lower-
level model to obtain optimal solution. Since otwgosed solution method is a heuristic method, it i
hard to test its convergence. For this purpodéerdint initial points can be considered to solve the
problem and if all results are the same, it shdves the algorithm converges (In this regard, see fo
example Hamta et al. (2015) and Sun et al. (2008)).
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Generate demand scenarios using the proposed algorithm J

A 4

‘ Determine an initial set of C7° ’

A 4

—> For the fixed cycle time, solve the lower-level problem

A 4
Using obtained Vs, solve the upper-level model and
obtain a new value of CT

No

Yes

'

The optimal solution of the BLSP model has obtained

‘/ End

Figure 9. The steps of the proposed algorithm to solve tiveldpedBLSP model

5- Computational experiments

In order to evaluate the performance of the dewoBLSP model and the solution method,
numerical experiments over some randomly genenateblem instances are usédiese instances
have been generated in different sizes (small, nmedand large) to evaluate the model
performance for all sizes of problemshe model and its proposed solution method were
implemented in GAMS in linkage with MATLAB.

5-1-Data generation and settings

The required data for the problem instances cachleacterized into four groups: transportation
costs and distances, two types of maximum capacitiastomers’ demands and time data. The
sources of random generation and fixed values @frpaters used in the problem instances are listed
in Table 3.The data for ALB, i.e. task times andgadence constraints, are obtained from homepage
for assembly line optimization research (www.asdg#ibe-balancing.de).Afterward, using the
generated parameters, 15 problem instances witrelift sizes are constructed.
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Table 3.Parameters values used in the problem instances

Category Parameter Corresponding range and distribution function
MY TCAC ~ Uniform(1,5)
Transportation MA .
costs and distances B Uniform(200,400)
DcC ~ Uniform(400,600)
N Capis ~ Uniform(6000,7500)
Capacities
2 ~ Uniform(4500,6000)
AR(l) : Dcts =a+ ﬁDc,t -1s * &aits
a ~ Uniform (20, 40)
Customers’ .
D -
demands cts B ~ Uniform (0.15, 0.2)
&cts ~ N(O, Uniform (20, 35))
D¢ 15~ Uniform (30, 50)
t From homepage for assembly line optimization redear
Time data Initial CT.. ~ Unlform(z t; /|J| ,Zti /(|J |- f )), wheref is a constant selected
based on the size of problem
WT; 28800

5-2- Problem instances generation

Several problem instances are randomly generatesidaring assumptions that reflect the real-
world situation. Sizes of these problem instanaeschosen based on the range of test problems
presented in the literature (see for example Pestd al.,( 2010)).Table 4 reports the characiesist
of 15 problem instances used in this sectibhe size of a problem instance is determined by
characteristics shown in the first rowTdble 4.
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Table 4. The characteristics of the problems instances.

Problem Number of Number of Nug}ber NpuoTebni{acl)f Number | Number of Nug}ber Nu(r)r;ber NUQ’;b(.?r

instance man(u"ai:)turers ass(lir;)blers customers| workstations 01; ltSBks conzlgla<c>||;ents periods | scenarios scgfr;grrlos
(o) @) (I ) i

reduction
1 4 2 4 7 60 20
2 4 2 4 4 7 2 100 40
3 4 6 6 4 7 4 60 20
4 4 6 8 4 11 7 4 100 40
5 8 10 10 4 9 7 2 60 20
6 8 10 12 4 11 7 4 100 40
7 10 13 13 7 21 8 2 60 20
8 10 13 15 8 25 8 4 60 20
9 15 18 18 7 21 8 2 100 30
10 15 18 20 8 25 8 4 60 20
11 20 22 22 9 28 10 2 60 20
12 20 23 24 10 29 10 4 60 20
13 20 22 25 10 30 10 2 60 20
14 21 24 25 10 30 10 4 80 30
15 22 24 25 12 35 11 2 80 30

5-3- Computational results

This subsection presents iteration number in whhehiterative process stops, the best lower and
upper objective values and the CPU time for thedafined problems instances. It should be noted
that the stopping criterion is based on step Sobft®n method presented in section 0.The proposed
solution method was coded in MATLAB 7.1 where tloavér-level and upper-level models were
formulated in GAMS 23.5.All experiments were rurtwan Intel Pentium IV dual core 2.1 GHz CPU
PC at 3 GB RAM under a Microsoft Windows 7 enviramn

All problem instances were solved using the progdsauristics solution algorithm. The results for
each problem instance are reported in Table 5dtfitian, Figure 10 shows the convergence of the
upper-level and lower-level models’ objective vaué, andZ ) for problem instances 4, 9, 11 and
13 until the stopping criteria is met. The obtaimesults show that the proposed solution algorithm
efficient in solving the developed model and ss #igorithm can be employed in finding the optimal
solutions of problem instances with different sizeseasonable computational time.
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Table 5.Theobtained results fromthe proposed solution neefbpthe defined problems instances

Problem instance Iterat!on nymber (to stop thy Zy Z CPU time
iterative process)
1 6 1169178 12.67 26s
2 5 1007695 13.1 96 s
3 9 2979740 72.3 2245 s
4 12 2744954 48 3975s
5 6 1614678 61.07 965 s
6 7 5031525 90.78 7124 s
7 10 2513249 90.28 3981 s
8 9 5902075 100.65 3788 s
9 8 3350761 74.26 8584 s
10 7 5240030 145.72 8419 s
11 10 3952291 75.57 > 3 hours
12 17 8609533 114.57 > 3 hours
13 11 4553853 75.73 7539 s
14 21 8370290 196 > 3 hours
15 25 5116175 148.02 > 3 hours
Problem instance 4
49.2 2745040
49 & R
h =N
: * ——
48.4 [~ \\
2 2y 2744980 =g
48.2 ™N
\* R
8 *—————t 2744960 Y
47.8 2744940
47.6
47.4 2raaszo 1 2 3 4 5 6 7 8 9 10 11 12
1 2 3 4 5 6 7 8 9 10 11 12 o etion No
Iteration No.
Problem instance9
7€ 3350900
-~ 3350880 | e
75.5 3350860
\ 3350840 *\w‘\
75 N 3350820
ZL \\ Zy, 3350800
745 [—y- — 0 3350780 M
T 3350760 > +
74 3350740
3350720
735 3350700
1 2 3 4 5 6 7 8 1 2 4 6 7 8
Iteration No. Iteration No.
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Problem instance 11
11C 550000(
105
\ 5000000
100 \ \
95 \ 4500000 N
2 0 \ 2 N, . —
P
85 AN 4000000 - +
80 ——— -
S N N R 3500000
75 - v ¢
70 3000000
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
Iteration No. Iteration No.
Problem instance 13
9t 4556000
—
90 N 4555500 é\\
\ 4555000 N\
85 N
z mat 2y 4554500 ~
80 ‘Q_
* 4554000 v * e
75 ¢ *
4553500
70 4553000
1 2 3 4 5 6 7 8 9 10 11 1 2 3 4 5 6 7 8 9 10 11
Iteration No.
Iteration No.

Figure 10.The convergence & andZ, for several problem instances

5-4- Comparison between stochastic and deter ministic models

In this subsection, the performance comparison &etthe developed stochastic model and its
equivalent deterministic version is made. In théeduinistic model, the scenario indices and the
corresponding probabilitiesPf) are removed from the model. In addition due toamniegful
comparison between deterministic and stochasticetspdn the deterministic model, one of the
generated scenarios is selected randomly for ¢yoks i.e.CTys, and customer demanD(s) at each
period. For this purpose, several problem instandgés different sizes are selected from Table 4.
Figure 11and Figure 12 demonstrate the performaf¢ke stochastic and deterministic models in
terms ofZ, andZ, for several problem instances defined in SubsediioAs Figure 11 shows, the
deterministic model has obtained beti#rin all problem instances. On the other hand, gur
12illustrates that the stochastic model obtainseb&, in comparison with deterministic model in
most of problem instances. To conclude, the deeslgiochastic model mainly performs better than
the equivalent deterministic model in making statelecisions while the deterministic model works
better in making tactical decisions, i.e. ALB démis.
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Figure 11. Comparison betweenstochastic and deterministicetsdd terms o¥,_ for several problem instances
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Zy 3000000
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1000000+

Problem Instance# 1 3 5 7 10 13
@Deterministic 1148380 2964340 1604290 251114 5226440 4447801
| Stochastic 1069339 2950740 1606181 2474083 5216087 4441279

Figure 12. Comparison between stochastic and deterministicafsdd terms o¥for several problem instances

6- Conclusions and futureresearch

This paper addresses an important issue comeggtime integration of strategic and tactical decisi
in supply chain management. The main objectivehi paper is to introduce and characterize the
problem of integrating supply chain network desad assembly line balancing problems under
demand uncertainty. A special case of supply chadtworks is considered in which assembly
activities are a main stage of the supply chainth@ uncertain environment. A novel bi-level
stochastic programming model is developed to desigth optimize the considered supply chain
including manufacturers, assemblers and custormeasder to deal with demand uncertainty, a three-
step algorithm is proposed to generate differemiatel scenarios. Moreover, a heuristic method is
proposed to solve the developed model. Finally, maational experiments over several problem
instances show that the developed model is valilcapable to be employed in practical cases. The
comparison between the stochastic and equivale¢etrdmistic model is also made.

Future research can investigate multiple produdtshaped or two-sided assembly lines and
equipment selection. Considering location, routimgnventory decisions in supply chain network
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design problem is also a valuable future work. didition, since CPU time increases significantly
when problem size and the number of scenarios asesedeveloping meta-heuristic algorithms or
exact solution methods (such as branch-and-boutigoaieto solve large-scale problems is of interest
for future studies.
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