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ABSTRACT The main purpose of this paper is the allocation of orders to suppliers in an agile and flexible
manner suitable to the automobile industry. In this paper, parts supplied by a single source were eliminated
from the set of parts. Using mathematical modeling and through the interval-valued fuzzy-rough numbers
best worst method (IVFRN-BWM), we try to achieve the results that can meet the proposed model’s needs
and provide the ideal results by introducing new modes. This paper addressed some new aspects of the
subject and achieved robust results by considering five objective functions. These five functions are as
follows: minimization of production line disruptions due to the performance of suppliers, minimization
of the complaints of production line about supplied parts, minimization of defective parts received from
suppliers (PPM), maximization of on-time delivery services, and minimization of overall costs of supplied
parts. Reviewing the literature, the originality of this study are as follows: 1) identifying the structure of a
supply chain (SC) in general and particularly in an automobile industry SC; 2) investigating the modeling
techniques of the existing SC models for coordinating all the members of a product SC; 3) building a hybrid
model of IVFRN-BWM and a robust goal programming agile and flexible supply chain in an uncertain
situation; and 4) identifying the suitable scenarios/cases for testing the proposed models to validate the
models. This paper can help decision makers and managers to opt for the best suppliers and also allocate the
right numbers of parts to those supplier(s) based on a real situation of each firm.

INDEX TERMS Robust optimizations, IVFRN-BWM, allocation, agile and flexible SC, automobile
industry.

I. INTRODUCTION

Being able to compete in a rapidly changing environment
would require agility in matters such as awareness of obser-
vations and information, awareness of developing opportu-
nities for innovation and their appropriate usage, improved
response to disruptions and increased flexibility against
external threats [1]. Therefore, business models need to be
continuously updated in order to be able to compete with
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competitors in today’s complex world and achieve a robust
value [2].

Since market, conditions are becoming more and more
unpredictable and competitive every day, agility in the supply
chain, as well as in the organization, is considered as a key
factor for survival in a competitive market [3], [4]. Techni-
cally speaking, agility of a supply chain is its ability to react
to the changes in different environments in an appropriate
and timely fashion [5]; this would help companies gain a
competitive advantage. Braunscheidel and Suresh [6] believe
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that organizations may face various barriers in gaining the
advantage of agility, such as low level of cooperation between
chain members, lack of necessary information, inadequate
level of union and cooperation between chain members in
designing considering the environmental concerns and inabil-
ity to meet the expectations of customers. All of which could
create a gap between organization and competitive advantage.
Considering the circumstances, researchers and industry

practitioners became interested in surveys in the field with
focus on concepts such as complexity, uncertainty, risk and
flexibility [7]. Uncertainty and risk in a supply chain would
affect the decision makers in the supply chain and may lead
to inefficiency and ineffectiveness, which may consequently
influence the organization’s performance [8]. In order to
grow in such conditions, modern companies quickly came up
with solutions such as variety in the provided products and
services to meet the dynamic needs of customers [9], [10].
Through this strategy, they could gain the advantage of agile
production and remain in the competitive market. However,
modern companies have developed more extensive design of
the market, one that can provide their services and products to
sporadic customers. As supply, chains became bigger at first
and were weakened later, their management created a wide
array of challenges. By comparing the current research with
previous studies in the literature review, the contributions of
this study can be summarized as follows:

– Identification of the structure of an SC in general and
that of an automobile industry SC in particular.

– Investigation of the modeling techniques used in the
literature and review of the existing SC models and
their limitations for coordinating all the members of a
product SC.

– Proposing a hybrid model of IVFRN-BWM and a
robust goal programming in agile and flexible supply
chain under an uncertain situation.

– Identification of suitable scenarios/cases for testing the
proposed models, as well as the success criteria to
validate the models.

Considering the above mentioned, the rest of the article is
structured as follows: In section 2, we review the previous
works conducted on the subject. Our proposed model is
presented in section 3, which also contains a description of
the five objective functions and the IVFRN-BWM approach
used in this research. Section four presents the case study
and problem-solving results and the fifth section comprises
the results obtained in this study. In the current research,
we tend toward agile and flexible optimization of the supply
chain using these five objective functions and the modi-
fied BWM method.

II. RELATED WORKS

Different papers working on this area can be divided to
different clusters based on methods or factors employed.
To select supplier considering uncertainty, Zhou et al. [11]
evaluated the supplier risk assessment consistency during the

supplier selection process and employed document analysis
and questionnaires for a case study conducted by triangula-
tion and pattern matching in a train manufacturer in South
Africa, Zhao and Wang [12] proposed the sustainable criteria
based on the supplier selection hybrid approaches for a print-
ing business with three phrases: 1) using SWOT1 analysis,
2) determining and ranking the weight of each criterion by
AHP2, 3) evaluating and selecting suppliers using TOPSIS,3

and Quan et al. [13] designed a feedback control law for
inventory control of three-echelon inventory system. The
results revealed that customer satisfaction is optimized using
mixed inventory control procedures while the hybrid supply
chain is changed by order uncertainty. However, concepts
such as agility and flexibility omitted in these papers may
have major influence on reducing uncertainty.
On the other hand, there are different multi-criteria/

attributes decision-making methods employed to rank,
select and determine the weights of the alternatives and
attributes [14]–[18]. Also, some researches are done to select
the appropriate supplier(s) such as Wang et al. [19] applied
AHP in order to develop a model for a case-study of car
seat manufacturer. Ali et al. [20] employed AHP for supplier
selection and found that price/cost, product quality, and man-
ufacturing capability are the top three criteria for selecting
supplier. Yusuf et al. [21] using K-Means and intuitionistic
fuzzy TOPSIS with the criteria of price, purchase method,
delivery order, delivery speed, stock availability, and qual-
ity of service. Ngai et al. [22] proposing MULTIMOORA
approach and employing it to rank the alternative suppliers,
and Gligor et al. [23] using an immune genetic algorithm.
The concepts of agility and flexibility are two factors

providing profit and new opportunities for a supply chain.
Zhang et al. [24] designated that Supply Chain Finance (SCF)
has an important influence on SCF. Moreover, all proposed
circumstances of SCF adoption have a definite and notable
impact on SCF. Changes in customer and technological needs
have compelled the manufacturers to develop agile capabil-
ities in their supply chains in order to remain in the com-
petitive scene [25]. Vinodh et al. [10] presented an ASC
assessment model using fuzzy logic to evaluate the perfor-
mance of agile supply chains. This ASC assessment model
allows ranking computations, which subsequently help the
organization identify the factors affecting improvement and
development. Moreover, the Fuzzy Delphi method is one
of the approaches used to screen the unnecessary attributes.
Amethod presented for designing an agile and flexible supply
chain is the AHP method, which is used to assess the fac-
tors affecting flexibility [26]. In another research, the indi-
cator of agility was used to study agility and leanness in
the automobile industry [9]. We can say that the agility of
an organization depends on the agility of its supply chain.
Nevertheless, achieving an agile supply chain would depend

1Strengths, Weaknesses, Opportunities and Threats
2Analytic Hierarchy Process
3Technique for Order Preference by Similarity to Ideal Solution
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on other intra-organizational capabilities [2], especially
integration of supply chain flexibility and information tech-
nology (IT). Agility in a supply chain creates a high amount
of value, helps in managing disruptive risks and ensures
continuous services to customers [27]. As an attribute, agility
can influence the effectiveness of supply chain management.
Cost-focused strategies can be suitable for higher-level devel-
opment of Firm Agility Supply Chain (FASC), none of which
is mutually unique [28]. Agility Supply Chain (ASC) is a tool
that enables companies to gain a competitive advantage [4].
One of the factors affecting ASC is the supplier’s innova-
tion, which has positive effects on information exchange and
supply chain agility, but does not have a significant rela-
tionship with strategic sourcing. Both information exchange
and strategic sourcing have a positive role in development of
supply chain agility [3].
In order to evaluate the production flexibility, analysis of

the relationships between qualifications, capabilities and cus-
tomer satisfaction is needed. Significant and rapid changes
in customer and market expectations [4], competition and
novel technologies would create an increasingly uncertain
environment. Production flexibility, as a critical dimension
of value chain flexibility, refers to the ability to produce a
variety of products based on the level of customer demands,
while maintaining a high performance. Production flexibility
is an integral part of value chain flexibility, expressing its
key sub-dimensions [29]. Flexibility of supply chain must be
considered from two aspects: resource flexibility and ven-
dor (supplier) flexibility. Concerning the supplier, network
coordinators can classify their suppliers in three categories,
namely framework contract suppliers, preferred suppliers and
confirmed suppliers, each under different flexibility con-
cepts [30]. Two organizational factors, strategic flexibility
and manufacturing flexibility, are vital precursors for supply
chain agility. Furthermore, supply chain agility, strategic flex-
ibility and manufacturing flexibility are all important factors
in a company’s performance [31]. We can categorize flexi-
bility into subcategories such as sourcing flexibility, operat-
ing system flexibility, distribution flexibility and information
system flexibility [32]. On the other hand, four dimensions
are also defined for agility, including: customer enrichment,
cooperating to compete, mastering change and uncertainty,
and leveraging the impact of people and information; we
must also add to this list the relative characteristics for com-
petition and high business performance in the oil and gas
industry [33]. An in-depth review of experimental research
conducted on flexibility in manufacturing and production
revealed the highly scattered nature of this body of work. Fac-
tors such as proper compatibility between the environment
and internal strategies, organizational variables and technol-
ogy can equip a company with advanced performance and a
competitive advantage. Addressing these issues will help us
reach a full understanding of the complex process encompass-
ing the flexibility of manufacturing and production.
After reviewing the previous works in this field and analyz-

ing of previously used methods and their results, we observed

that some papers involved questionnaire-based research did
not even present a computational model (such as [11], [13]).
What is more, some other studies tried to improve the com-
pany’s performance by considering the conditions static,
and did not practically consider the inherent environmen-
tal uncertainty present in both internal and external envi-
ronments of each organization, mostly using Multi-criteria
decision making (MCDM), Multi-attribute Decision Mak-
ing (MADM) methods (such as [19], [21]–[23]). However,
to the best of our knowledge, BWM-IVFRN as a strong and
new MADM method has not been employed in literature for
this subject. Also, the others, in spite of considering agility
(such as [3], [4], [10], [24], [25], [31], [32]), and flexibility
(such as [4], [26], [34]–[35]) just try to improve a supply
chain with predetermined parameters without any attempt
to achieve more accurate parameters using strong decision
makingmethods. Certain traditional methodsmight be able to
produce relatively acceptable results under static conditions;
however, their results will not be reliable under different
conditions.

In order to consider environmental uncertainty in the
present research, we tried to first identify the indicators
affecting supply chain agility and flexibility using uncer-
tainty and verbal variables. Next, we assigned weights to
the extracted indicators using the combined IVFRN-BWM
method and robust goal programming, and then, in order
to achieve our study’s objectives, we used the novel
IVFRN-BWM method to assign weights to the extracted
criteria. In the next step, the objectives defined based on our
five indicators, namely minimization of production line inter-
ruptions, minimization of complaints of production line about
supplied parts, minimization of defective parts, minimization
of overall costs and maximization of on-time deliveries, were
designed and executed in the form of a robust goal program-
ming model.

III. PROPOSED MODEL

The need for organizational flexibility is well understood
when trying to adapt to a changing world. Today’s fast-paced
and competitive markets apply greater pressure toward rapid
decision-making and performance at high levels. Technology
provides new solutions for competition, and at the same time
abolishes old solutions. Here, the issue is the changes, which
often occur instantaneously and rapidly, and thus, taking
effective measures in this regard would play a significant role
in achieving success in today’s business world. Speed has a
considerable influence on business, as time-based strategies
can have a positive impact on firm performances. Therefore,
in order to gain the advantages of an agile supply chain,
organizations need to identify the dimensions and indicators
of agility, as well as their level of influence on each other, and
be able to measure the agility of their own supply chain. The
main question is, then, how can organizations reach agility in
their supply chains?

The criteria of flexibility assessment, the most significant
of which include flexibility in products, routing, transporta-
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tion (between supplier’s location and warehouses), resources,
supply and demand, are often general and mainly evalu-
ate agile capabilities rather than all agility dimensions. The
present study aimed at presenting a comprehensive approach
of supply chain agility assessment indicators and criteria,
with consideration to all dimensions of agility.
Mixed-integer optimization will be used in the present

research, and turns our method to the model into a robust one,
consistent with Bertsimas and Sim’s approach [26]. In this
study, we first try to determine the indicators affecting agility
and flexibility in the supply chain using the variables of
uncertainty and verbal variables. Then, using the combined
method of IVFRN-BWM and robust goal programming,
we assign weights to the extracted indicators. Next, to reach
our objectives, we first assigned weights to the extracted
criteria using the novel IVFRN-BWM method, and then, the
defined objectives will be designed and executed within the
framework of a robust goal programming model based on
the five extracted indicators which include minimization of
production line interruptions, minimization of complaints of
production line about supplied parts, minimization of defec-
tive parts, minimization of overall costs of supplied parts and
maximization of on-time deliveries.

A. MODIFIED BEST-WORST METHOD (IVFRN-BWM)

Multi-criteria decision making (MCDM) is a field of opera-
tional research wherein the decision alternatives are analyzed
with respect to a set of multiple (and often conflicting) crite-
ria [32].
Generally, decision-making processes follow eight steps:

define the problem, determine the requirements, establish
the goals, identify alternatives, develop evaluation criteria,
selecting decision-making tool, apply the tool, and check
the response. To achieve pre-determined goals, opting the
appropriate decision making method which fits the problem
type is the first step [33]. Some of MCDM methods are such
as ANP,4 AHP, TOPSIS, and BWM [32].
The advantage of BWM compared with other MCDM

methods is higher reliability and lower need for compari-
son [34]. As one of the common MCDM-based methods,
AHP requires n(n-1)/2 comparisons while BWM approach
needs 2n-3 comparisons. Pamučar et al. [35] modified the
method through adjusted interval-valued fuzzy-rough num-
bers method and it consists of the following seven steps.
a)First, the set of criteria affecting the decision is character-

ized by experts (m) as C = {C1,C2, . . ..,Cn}, where n refers
to number of criteria.
b)Then, experts select the best (the most significant) and

the worst (the least significant) criterion. If more than one
criterion is introduced as the best or the worst criterion, one
of them will be selected optionally.
c)M experts determine priority of the best-selected crite-

rion (B) over other criteria (j). Priority of criterion B over j-th

criterion is represented as aeBj (j = 1, 2, . . . , n; 1 ≤ e ≤ m),

4Analytic Network Process

TABLE 1. Fuzzy scale for evaluation of criteria.

where e refers to expert. The value of each aeBj is represented
as triangular fuzzy number in Table 1 [26].

The fuzzy vector of the effects of the best criterion on other
criteria is as shown in Eq. (1).

AeB =
(

aeB1 , a
e
B2

, . . . , aeBn

)

1 ≤ e ≤ m (1)

where ãeBj refers to priority of the best criterion B over crite-
rion j. This vector is developed for each expert.

d)The previous step can also be repeated for the worst
criterion (W) but the difference is that the extent of priority
of other criteria over the worst criterion W should be defined
as the vector of Eq. (2).

AeW =
(

ae1w, ae2w, . . . , aenw
)

1 ≤ e ≤ m (2)

where ãejw refers to extent of priority of criterion j over the
worst criterion W.

e)The vector IVFRN-BO for mean responses of experts
is shown as AeB = [aeBj]×n, where a

e
Bj is equal to the tri-

angular fuzzy number
(

leBj, S
e
Bj, u

e
Bj

)

. The integrated vectors

A∗el
B ,A∗es

B and A∗eu
B are defined as Eqs. (3)-(5).

A
∗el
B =

[

l
1
B1, l

2
B1, . . . , l

m
B1; l

1
B2, l

2
B2, . . . , l

m
B2;

. . . ; l
1
Bn, l

2
Bn, . . . , l

m
Bn

]

1×n
(3)

A
∗es
B =

[

s1B1, s
2
B1, . . . , s

m
B1; s1B2, s

2
B2, . . . , s

m
B2;

. . . ; s1Bn, s
2
Bn, . . . , s

m
Bn

]

1×n
(4)

A
∗eu
B =

[

u1B1, u
2
B1, . . . , u

m
B1; u1B2, u

2
B2, . . . , u

m
B2;

. . . ; u1Bn, u
2
Bn, . . . , u

m
Bn

]

1×n
(5)

where leBj, S
e
Bj and u

e
Bj are fuzzy components of the number

aeBj. Based on the suggestion of Meng and Chen [35], leBj, S
e
Bj

and ueBj are respectively transferred to Eqs. (6) to (8).

RN
(

leBj

)

=

⌊

lim
(

leBj

)

, lim
(

leBj

)

,

⌋

(6)

RN
(

SeBj

)

=

⌊

lim
(

SeBj

)

, lim
(

SeBj

)

,

⌋

(7)

RN
(

ueBj

)

=

⌊

lim
(

ueBj

)

, lim
(

ueBj

)

,

⌋

(8)
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where lim
(

leBj

)

and lim
(

ue
Bj

)

are lower bounds and
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(

leBj
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, lim
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Bj
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)
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)

, and RN
(
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)

. Therefore, for each of
the three tails, a BO vector will be obtained for which means
of rough tail are as Eq. (9):
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IVFRN=
aBj =

⌊

(l−LBj , l
−U
Bj ), (s−LBj , s−UBj ), (u−L

Bj , u−U
Bj )

⌋

(12)

The mean vector IVFRN-BO refers to mean response AB,
which is determined through Eq. (13).

AB =
⌊

aB1, aB2, . . . , aBn
⌋

1×n (13)

f)In this step, IVFRN-OW vector refers to mean response
of experts but the difference from step 5 is that the vector
is developed for the worst criterion. Finally, the mean vector
IFRN-OW refers to mean response AB, which is determined
through Eq. (14).

AW =
⌊

a1W , a2W , . . . , anW
⌋

1×n (14)

g)This step is concerned with calculation of opti-
mal IVFRN values of weight coefficients of the criteria
[

w1,w2, . . . ,wn
]

. The optimal value of evaluation criteria
should be minimized for each j as shown in Eq. (15).
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The value of w for each j has the order lwLj ≤ lwuj ≤ swL
j ≤

wj ≤ swu
j ≤ uwL

j ≤ uwu
j . As a result, the min-max equation is

developed as Eq. (16).
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n
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j=1
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n
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j=1
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n
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j ≤swu

j ≤uwL
j ≤uwu

j , ∀j = 1, 2, . . . , n

lwLj , lwuj , swLj , swuj , uwLj , uwuj , ∀j = 1, 2, . . . , n

(17)

where wj =

[

(lwLj , lwuj ), (swLj , swuj ), (uwLj , uwuj )
]

refers to
IVFRN-based weight coefficient of each criterion.

B. MATHEMATICAL MODELING

In this section, we introduce our mathematical model based
on the problem presented in this research. There are several
researches have used multi-objective programming meth-
ods [36]–[41]. Before defining our model, which is based on
a robust multi-objective goal-programming model, first the
subscripts, parameters and decision-making variables used in
the model are introduced.

1) SETS AND INDEXES
i Number of products
j Number of manufacturing sites
m Number of parts
n Number of suppliers
t Time period

2) PARAMETERS
ISmt Inventory of the mth part within the t th time

period
ISmjt Inventory of the mth part within the t th time

period in the j
th
factory (site)

ISmnjt Inventory of the m
th
part received from supplier

nwithin the t th time period in the jth factory
(site)

Pit Production rate of the i
th
automobile within the

t th time period
Pijt Production rate of the ith automobile in the jth

factory within the t
th
time period

CSmnt Cost of part m bought from the nth supplier
within the t

th
time period

CSmnjt Maintenance cost of part m bought from the n
th

supplier in factory j within the t
th
time period

Stjmnt Duration of production line disruptions due
to the performance of supplier n for part m
produced in the jth factory within the t th time
period

COMjmnt Rate of production line complaints for part m
supplied by the nth supplier in factory j within
the t

th
time period

PPMmnjt Parts per million (PPM) returned to supplier n
for part m from the j

th
factory within the t

th
time

period
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VCimt Rate of consumption of part m in the i
th
product

within the t
th
time period

DPmnjt On-time
delivery performance for the m

th
part from sup-

plier n in the jth factory within the t th time
period

LTmnjt Processing time for supply of part m by the n
th

supplier in factory j within the t
th
time period

Semnjt Processing time for procurement of part m by
the nth supplier in factory j within the t th time
period

Xijt Production rate of product i in the jth factory
during period t

αmnjt Confidence level determining allowed levels of
inventory of part m from the n

th
supplier in the

jth factory during period t
βmnjt Confidence level determining minimum pur-

chases of part m from the n
th
supplier in the j

th

factory during period t
µj Flexibility coefficient of the jth factory (pro-

duction site)
CTmnjt Transportation costs for part m from the nth

supplier in the j
th
factory during period t

Chmnjt Cost of changes in demand for part m from the
nth supplier in the j

th
factory during period t

Ŵ Desired robustness level (Ratio)
Z Objective function value

3) DECISION VARIABLES
Smnjit Supplied amount of part m from supplier n in

the jth factory for product ith within t th time
period

Smjt Supplied amount of part m in the jth factory
within t th time period

4) MODEL DESIGN WITH FIVE OBJECTIVES

According to the problem presented in this research,
the objectives were to minimize production line disruptions,
complaints of production line about suppliers’ parts, defec-
tive parts and overall costs, and maximize on-time delivery
services. Therefore, our five objective functions are defined
as will follow.

a: FIRST OBJECTIVE: MINIMIZATION OF PRODUCTION LINE

DISRUPTIONS DUE TO THE PERFORMANCE OF SUPPLIERS

One of the significant factors affecting order allocation is
the performance of suppliers on disruptions of production
line. Untimely delivery of products or defects in the parts
leads to a disruption in the production line, or in other words,
the production line stops. Production line disruptions impose

intangible costs on the company; therefore, we have:

Min

J
∑

j=1

M
∑

m=1

N
∑

n=1

T
∑

t=1

I
∑

i=1

StjmntSmnjit (18)

b: SECOND OBJECTIVE: MINIMIZATION OF COMPLAINTS OF

THE PRODUCTION LINE ABOUT SUPPLIED PARTS

The logistics sector of the automobile industry may face com-
plaints of the production line about suppliers’ parts, which
can be considered as an effective factor in order allocation.
A supplier with better performance than others would receive
a larger number of orders. Thus, we have:

Min

J
∑

j=1

M
∑

m=1

N
∑

n=1

T
∑

t=1

I
∑

i=1

COMjmntSmnjit (19)

c: THIRD OBJECTIVE: MINIMIZATION OF DEFECTIVE PARTS

RETURNED (PPM)

PPM is an important indicator in evaluation and allocation
of orders. In summary, the significance of this indicator is
beyond its role in taking the number of defective parts into
account. This indicator is mainly important because it calcu-
lates the number of defective parts in relation to the volume of
the shipment sent by the supplier. Therefore, suppliers with
lower PPM will receive a larger amount of orders. In this
regard, the modeling will be as follows:

Min

M
∑

m=1

N
∑

n=1

J
∑

j=1

T
∑

t=1

I
∑

i=1

PPMmnjtSmnjit (20)

d: FOURTH OBJECTIVE: MAXIMIZATION OF ON-TIME

DELIVERIES

On-time delivery is one of the indicators emphasized greatly
in the literature on supplier selection, as well as by many
experts in various industries. In terms of modeling of this
objective function, suppliers with a higher coefficient in this
indicator get a higher level of order allocation; thus, we have:

Max

M
∑

m=1

N
∑

n=1

J
∑

j=1

T
∑

t=1

I
∑

i=1

DPmnjtSmnjit (21)

e: FIFTH OBJECTIVE: OVERALL COSTS OF SUPPLIED PARTS

In the supply chain of this study, overall supply cost included
three types of costs: cost of purchased parts, cost of trans-
portation to the production site, and cost of inventory holding
at each production site. Based on the parameters and variables
defined for the mathematical model, overall cost of supplied
parts for all time-periods is calculated as follows:

Min

M
∑

m=1

N
∑

n=1

J
∑

j=1

T
∑

t=1

I
∑

i=1

CSmnjtSmnjit

+

M
∑

m=1

N
∑

n=1

T
∑

t=1

I
∑

i=1

CSmntSmnjit
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+

M
∑

m=1

N
∑

n=1

T
∑

t=1

J
∑

j=1

I
∑

i=1

CTmnjtSmnjit

+

M
∑

m=1

N
∑

n=1

J
∑

j=1

T
∑

t=1

Chmnjt ISmnjt (22)

5) CONSTRAINTS

The constraints of the proposed model are as follows:

Smjt =

n
∑

n=1

Smnjit −

t
∑

t=1

VCimPijt −

n
∑

n=1

ISmjt−1

+

t
∑

n=1

ISmjt ∀j,m, t (23)

I
∑

i=1

ISmntj ≥ VCim×Xijt×Semnjt × αmnjt × LTmnjt ∀j,m, t

I
∑

i=1

ISmntj ≤ VCim × Xijt × Semnjt × (1 + αmnjt )

×LTmnjt ∀j,m, t (24)
J

∑

j=1

Smnjit ≤

M
∑

m

N
∑

n

J
∑

j

T
∑

t

CTmnjt + Chmnjt ∀m, n, j, t

(25)
J

∑

j=1

Smnjit ≥ βmnjt ×

n
∑

n=1

J
∑

j=1

Smnjt ∀m, n, t (26)

J
∑

j=1

µj ≤ 0.7 (27)

Demand depends on four factors in each period: rate of
production in that period, rate of consumption of parts by each
product, inventory at the beginning of the period and required
inventory at the end of the period. In this respect, constraint
(23) shows the rate of demand for part m produced in the jth

site during period t. Furthermore, according to experts’ opin-
ions, constraint (24) indicates the existing inventory during
this period. This constraint is a multiplication of production
rate in that period, consumption rate of parts, processing time
for supplied parts and the confidence level denoted by α.
Thus, minimum and maximum inventory limits are ensured
by equation (24).

Constraint (25), holds the assumption that supplier i can
only meet a limited amount of demand for part m. In other
words, annual production capacity, or maximum annual
capacity that supplier i allocates to the purchaser, must be
less than or equal to Ci during each year. Constraint (26)
is in accordance with company’s policies to purchase from
all suppliers of any given part, and by considering a coeffi-
cient denoting minimum purchases from each supplier. Con-
straint (27) indicates the minimum level of production system
flexibility in factory j. The value of the production system
flexibility level is a number between zero and one, which
suggests a higher level of flexibility, the closer it gets to one.

In addition, according to experts’ opinions, the optimal value
for this flexibility level is considered as 0.7 [35].

a: GOAL PROGRAMMING MODEL

Based on the study conducted by Seifbarghy and Esfandi-
ari [33], in order to simplify the solving process for the pre-
sented model we rewrote our five objective functions within
the framework of goal programming as equation (28).

MinZ =

r
∑

r=1

wr (d
+
r , d−

r ) = w1d
+
1 + w2d

+
2

+w3d
+
3 + w4d

+
4 + w5d

+
5 (28)

Furthermore, constraints presented in equations (23) to
(27) are rewritten based on equation (28) as equations (29)
to (39).

J
∑

j=1

M
∑

m=1

N
∑

n=1

T
∑

t=1

I
∑

i=1

StjmntSmnjit + d−
1 − d+

1 = G1 (29)

J
∑

j=1

M
∑

m=1

N
∑

n=1

T
∑

t=1

I
∑

i=1

COMjmntSmnjit+d
−
2 −d+

2 =G2 (30)

M
∑

m=1

N
∑

n=1

J
∑

j=1

T
∑

t=1

I
∑

i=1

PPMmnjtSmnjit+d
−
3 −d+

3 =G3 (31)

M
∑

m=1

N
∑

n=1

J
∑

j=1

T
∑

t=1

I
∑

i=1

DPmnjtSmnjit+d
−
4 −d+

4 =G4 (32)

M
∑

m=1

N
∑

n=1

J
∑

j=1

T
∑

t=1

I
∑

i=1

CSmnjtSmnjit

+

M
∑

m=1

N
∑

n=1

T
∑

t=1

I
∑

i=1

CSmntSmnjit

+

M
∑

m=1

N
∑

n=1

T
∑

t=1

J
∑

j=1

I
∑

i=1

CTmnjtSmnjit

+

M
∑

m=1

N
∑

n=1

J
∑

j=1

T
∑

t=1

Chmnjt ISmnjt+d
−
5 − d+

5 =G5

(33)

Smtj =

n
∑

n=1

Smntj =

t
∑

t=1

VCimPtjt −

n
∑

n=1

ISmjt=1

+

t
∑

n=1

ISmjt ∀j,m, t (34)

I
∑

i=1

ISmntj≥VCim×Xijt×Semnjt×αmnjt×LTmnjt ∀j,m, t

I
∑

i=1

ISmntj ≤ VCim × Xijt × Semnjt × (1 + αmnjt )

×LTmnjt ∀j,m, t (35)
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J
∑

j=1

Smnjit ≤

M
∑

m

N
∑

n

J
∑

j

T
∑

t

CTmnjt + Chmnjt ∀m, n, j, t

(36)
J

∑

j=1

Smnjit ≥ βmnjt ×

n
∑

n=1

J
∑

j=1

Smnjit ∀m, n, t (37)

Smnjit , ISmtj ≥ 0, int ∀m, n, j, t (38)
J

∑

j=1

µj ≤ 0.7 (39)

b: A ROBUST MATHEMATICAL MODEL

Problems related to decision-making are often faced with
uncertainties due to the lack of accuracy, continuous changes
and the inability to predict future events. Model robustness
is an important subject in the fields of modeling and oper-
ations research. If a model is robust, there will be a signif-
icantly lower risk of its incorrect use. In a robust model,
output(s) is not very sensitive to an exact value(s) of model
inputs [34], [35]. Robust optimization is the modeling of opti-
mization problems with ambiguous data, and their solutions
are satisfactory for all or most uncertain arguments. Robust
optimization can be considered as a complementary option
for sensitivity analysis and stochastic programming.
Considering the abovementioned, in order to increase our

model’s accuracy, the robust model, and the goal program-
ming model, equation (28) and constraints (29) to (39) will be
rewritten within the framework of a robust goal-programming
model as equations (40) to (52).

MinZ =

r
∑

r=1

wr (d
+
r , d−

r )=w1d
+
1 + w2d

+
2 +w3d

+
3

+w4d
+
4 + w5d

+
5 (40)

J
∑

j=1

M
∑

m=1

N
∑

n=1

T
∑

t=1

I
∑

i=1

StjmntSmnjit+d
−
1 − d+

1 =G1 (41)

J
∑

j=1

M
∑

m=1

N
∑

n=1

T
∑

t=1

I
∑

i=1

COMjmntSmnjit+d
−
2 − d+

2 =G2 (42)

M
∑

m=1

N
∑

n=1

J
∑

j=1

T
∑

t=1

I
∑

i=1

PPMmnjtSmnjit+d
−
3 −d+

3 =G3 (43)

M
∑

m=1

N
∑

n=1

J
∑

j=1

T
∑

t=1

I
∑

i=1

DPmnjtSmnjit + d−
4 − d+

4 = G4 (44)

M
∑

m=1

N
∑

n=1

J
∑

j=1

T
∑

t=1

I
∑

i=1

CSmnjtSmnjit

+

M
∑

m=1

N
∑

n=1

T
∑

t=1

I
∑

i=1

CSmntSmnjit

+

M
∑

m=1

N
∑

n=1

T
∑

t=1

J
∑

j=1

I
∑

i=1

CTmnjtSmnjit

+

M
∑

m=1

N
∑

n=1

J
∑

j=1

T
∑

t=1

Chmnjt ISmnjt

+

M
∑

m=1

N
∑

n=1

J
∑

j=1

T
∑

t=1

PPmnjt + Z × Ŵ1 − d+
5 ≤ G5

(45)

Smtj =

n
∑

n=1

Smnjit =

t
∑

t=1

VCimPijt −

n
∑

n=1

ISmjt=1

+

t
∑

n=1

ISmjt ∀j,m, t (46)

I
∑

i=1

ISmntj≥VCim×Xijt×Semnjt×αmnjt×LTmnjt ∀j,m, t

I
∑

i=1

ISmntj ≤ VCim × Xijt × Semnjt × (1 + αmnjt )

×LTmnjt ∀j,m, t (47)
J

∑

j=1

Smnjit ≥ βmnjt ×

n
∑

n=1

J
∑

j=1

Smnjt ∀m, n, t (48)

PPmnjt + ZZ ≥ CTmnjtSmnjit ∀m, n, j, t (49)

ZZmnt + PPMmntj ≥

M
∑

m

N
∑

n

J
∑

j

T
∑

t

CTmnjt

+Chmnjt ∀m, n, j, t (50)
J

∑

j=1

µj ≤ 0.7 (51)

Smnjit , ISmtj ≥ 0, int ∀m, n, j, t (52)

IV. CASE STUDY

Automobile manufacturing is one of the significant parts of
business and industry throughout the world. The supply chain
of this industry is one of the most dynamic supply chains
currently existing. Given this fact, we selected one of the
automobile manufacturing company for the purposes of this
study, which has an active supply chain. In this supply chain,
each automobile contains thousands of parts. Regardless of
certain parts that have a single source, many parts are supplied
from multiple sources. In other words, proper planning for
supply of parts taking different criteria and high levels of
uncertainty in some indicators into consideration has added
to the importance of robust programming in this supply chain.
In this study, we considered robust programming in supply of
parts for two automobile models (Peugeot 405 and Peugeot
Pars). These parts include over 70% of the overall value of
each automobile. Planning for supplying these parts was done
based on the production plans of that company. However, our
model was developed in a general form so that it could be
applied to multiple factories.
In the present research, we used the alternatives of experts

in the automobile industry to determine the priorities of our
goals. For this purpose, we collected the alternatives from
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TABLE 2. Matrix of final weights for the criteria under study based on the
supplier’s choice.

15 managers and experts working in this field. In this respect,
based on the first part of our proposed model, we first ana-
lyzed the results obtained by solving the finalized indicators.
To achieve our objectives, pairwise comparison question-
naires were designed and then distributed among the experts.
After solving the problem using the model proposed in the
first step of the article, i.e. IVFRN-BWM, the results of
the final weights of the criteria based on the operation of
suppliers were obtained and presented in Table 2.
Since the main subject of this research was allocation of

order to suppliers in an agile and flexible manner suitable
to the automobile industry, parts supplied by a single source
were eliminated from the set of parts selected for the purposes
of the study. Finally, four suppliers were evaluated in this
research. Moreover, the robust model was done at a tacti-
cal level based on production plans for the two automobile
models (Peugeot 405 and Peugeot Pars) at the automobile
manufacturing site Q for three periods (monthly).
Various methods can be used to solve this problem, such

as mathematical analysis, experimental observation and other
research techniques. Naturally, there are strengths and lim-
itations for each of these methods, and employing all of
them for one specific system may be neither possible nor
will it produce similar results. One of the methods proposed
for understanding the current situation and improving sys-
tem’s performance to solve the proposed model is simulation.
Simulation is one of the most powerful and beneficial tools
for performance analysis of complex processes in different
systems.
Due to the specifications of the proposed model in terms

of the number of variables, constraints and data, the model
will be programmed in the GAMS software (linked with
Microsoft Excel). Hence, the input data of the model could
be called from Microsoft Excel, and this would increase
the computational efficiency. Next, the robust model will be
solved 11 times per 11 modes of robustness levels. After
each solving stage, the values of the obtained variables will
be considered as fixed ones and uncertain parameters in
each interval will be produced randomly and simulated in
the form of a uniform probability distribution function for
10000 times. In each simulation, how many constraints were
violated will be determined. In other words, by obtaining
the ratio of all violated constraints to the whole constraints

TABLE 3. Objective function values.

TABLE 4. Percentage of deviations from each goal based on the value of
that goal in each mode.

TABLE 5. Possibility of constraint violations based on the two defined
indicators.

with uncertain parameters, the risk of each desired robustness
level will be specified. A summary of results will be provided
in Table 3.

In Table 4 columns A to E indicate the ratios of deviations
from goals one to five to each goal’s value, respectively.

Table 5 shows the risk (possibility) of constraint viola-
tions. The fifth goal constraint has 387 uncertain parameters,
and a desired robustness level of Ŵ1. Other constraints have
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FIGURE 1. Comparison of diagrams for trends of objective functions and risks.

uncertain parameters including 387 constraints related to
capacity and have desired robustness level of Ŵ2. Results
of the simulation reveal that only a number of capacity
constraints (86 cases) may be violated. It is because some
capacities are higher than the required amounts, or the model
has allocated to them a value lower than their true capacity,
and thus, fluctuations in the considered interval have no effect
on them. Based on the abovementioned, two indicators were
considered for calculation of risk levels.

– Indicator 1: Dividing the number of all violated cases
by the number of all possible cases.

– Indicator 2: Dividing the number of all violated cases
by the number of all cases dependent on constraints that
can be violated.

Indicator 2 is stricter, and indicator 1 is generally more
logical. In Table 3, modes 1 and 11 are the most optimistic
and the most pessimistic cases, respectively. Columns A and
B present the violation risk for the fifth goal constraint (based
on indicators 1 and 2), columns C and D indicate the violation
risk for capacity constraints (based on indicators 1 and 2), and
columns E and F provide the overall confidence levels (based
on indicators 1 and 2).
As can be observed in Figure 1, the objective function

values are linear and have an upward trend. In addition,
the Figure 1 simultaneously shows the possibility of con-
straints’ violations in each mode. Due to consistency between
objective functions values and risk values in terms of size,
the objective function diagram was drawn in the scale of
millions. The diagram demonstrates that the more we move
towards mode 11, the lower the risk levels will be and the
worse the objective function will get.
Based on Table 4 and Figure 1, it can be concluded

that by reducing risk-taking (increase in desired robustness
level), the minimization objective function got worse. For
finding the values of variables within the specified interval,

technically, the more the robustness level increases,
the stricter the model is. In this regard, the possibility of
constraint violations decreases, and the objective function’s
solution gets worse. This can itself be a confirmation for the
accurate robust model and its performance.

In addition, based on Table 4 and the coefficients of goals,
despite the highest coefficients for goals 1 to 5, respectively,
the model is able to reduce the deviations of the mentioned
goals. On the other hand, the percentages of reduced devia-
tions of goals 1, 3 and 5 are considerable based on the value
of each goal.

In Table 5, desired robustness levels have the highest values
in the pessimistic mode. Furthermore, the value of zero for the
possibility of constraint violations in the results of this mode
means that no constraints being violated, and hence, the worst
value is obtained for the objective function. If this situation
does not occur (all of the fluctuations do not occur together),
choosing this alternative can compensate the losses caused by
lost opportunities. On the other hand, over-optimism can lead
to more costs and losses.

Finally, this paper was faced two constraints to implement-
ing the proposed model for a real case of the automobile
industry. Those two limitations were 1) lacking workforce
interest to cooperate with this practical research for com-
pelling the tables of criteria importance and 2) difficulty to
achieve real data from this industry.

V. CONCLUSION

In this study, we conducted an analysis on results obtained
from solving and simulating the proposed model and dia-
grams. Table 4 and the slope of diagram 1 show that the
changes in risk or desired robustness level has a signifi-
cant increasing effect on the slope of the objective func-
tion line values. In other words, turning the model into a
robust one is quite necessary and effective for reducing the
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decision-making risk. According to Table 4, deviation from
the first goal, which has the highest level of importance,
is able to get very close to zero. On the other hand, this goal
has the lowest percentage of deviation comparing to other
goals, which shows the accurate performance of the proposed
model in the presence of multiple and contradictory goals.
The values in Table 5 are the results of the simulation

and indicate that these values decreased by increasing the
levels of desired robustness. This trend shows the proper
performance of the robust model and the simulation. Also,
this table shows that the best scenario for the decision-maker
is to accept a level of risk, and in practice, utilize the
values of variables obtained by the model based on that
level. If a decision maker accepts a risk of around 5%,
then according to Table 5 and based on indicator 1, solu-
tions obtained from mode 7 can ensure a 95% confidence,
in other words, they create a balance between risk and
revenue.
As expressed in section IV, there are 387 constraints con-

taining uncertain parameters, and only some of these con-
straints can be violated. Thus, observing the result obtained,
we can conclude that 86 violable constraints are active. There-
fore, for future research, provision of an algorithm that can
reduce these constraints before model solving can be recom-
mended. In the current research, in addition to modeling and
solving themodel, we presented some new indicators in terms
of supplier selection, such as production line interruptions
due to the performance of suppliers and complaint of produc-
tion line about supplied parts. Overall, the proposed model
has a high level of reliability, taking the robustness of the solu-
tions, interview-oriented modeling and the important indica-
tors into account based on the decision maker’s opinion.
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