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Warehouse location selection

Strategic warehouse location-allocation problem is a multi-staged decision-making problem
having both numerical and qualitative criteria. In order to survive in the global business
scenario by improving supply chain performance, companies must examine the cross-
functional drivers in the optimization of logistic systems. A meticulous observation makes
evident that strategy warehouse location selection has become challenging as the number of
alternatives and conflicting criteria increases. The issue becomes particularly problematic
when the conventional concept has been applied in dealing with the imprecise nature of the
linguistic assessment. The qualitative decisions for selection process are often complicated by
the fact that often it is imprecise for the decision makers. Such problem must be overcome with
defined efforts. Fuzzy multi-criteria decision making methods have been used in this research
as aids in making location-allocation decisions. The anticipated methods in this research
consist of two steps at its core. In the first step, the criteria of the existing problem are inspected
and identified and then the weights of the sector and subsector are determined that have come
to light by using Fuzzy AHP. In the second step, eligible alternatives are ranked by using
TOPSIS and Fuzzy TOPSIS comparatively. A demonstration of the application of these
methodologies in a real life problem is presented.

© 2015 Growing Science Ltd. All rights reserved.

1. Introduction

Supply chain management has become a key aspect that has implications for effective and efficient
management of industrial relations. It has also become an important focus for firms and organizations
to obtain a competitive advantage (Carrera & Mayorga, 2008). In encountering an ever-increasingly
competitive and quickly changing environment, companies require to reorganize their supply chain
management strategy to harmonize with external environments by integrating the organizational
resources, data, and activities so as to maintain competitive advantages (Lang et al., 2009).
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Warehouse, a key driver of the supply chain performance, provides economies of scale through efficient
operations, storage capacity and a central location with the goal of minimizing cost and fulfillment
times. Frazelle (2002) pointed out that warehouses are key aspect of modern supply chains and play a
vital role in the success, or failure of businesses today. In today’s world, the selection of a warehouse
location has become one of the most imperative and strategic decisions in the optimization of logistic
systems. Anand et al. (2012) also considered location decision as one of the strategic decisions in the
fields of supply chain management (SCM) and operations management (OM).

The aim of warehouse location decision by a company is often persuade the owner, investors, partners,
employees, and other stakeholders to maintain a certain point of view about it, its productivity,
efficiency, revenue generation or of its total costing. Implementing the above strategy not only depends
on operations but also business development, human resources, finance, etc. of that company. Strategic
decision, backed by company, is to be implemented effectively to spread a business or a brand globally.
Moreover, there is also evidence that retail and wholesale trade, business activity, market proximity
and transport service, show a sluggish trend due to improper location selection. The moot point is that
as it requires large investment and since it is irrecoverable in most of the instances, choice of a
warehouse location among eligible alternatives is a very powerful decision. A poor choice of location
might result in excessive transportation cost, loss of qualified labour, competitive advantage or some
similar condition that would be detrimental to operations (Stevenson, 1993). As decisions regarding
facilities are a crucial element in a company’s quality success or failure, company must analyze in order
to find a balance between responsiveness and efficiency that best matches the needs of its target
customer. Frazelle (2002) pointed out that warehouses are a key aspect of modern supply chains and
play a vital role in the success, or failure of businesses today. The manufacturers need to pay attention
to address this challenge of selecting the most suitable location in order to ensure full workability as
well as full safety of their unit. However, company may think about selection of right place. But this is
just the beginning. Any company needs its vision, mission, goals and objectives, which must fulfill the
need and requirement of its new location. If not, this is going to be a failed venture. At the same time,
it has become imperative to undertake some pragmatic steps to select the location to comply with its
mission and strategy. The general procedure for making location decisions usually consists of the
following steps: Decide on the criteria that will be used to evaluate location alternatives; select the
criteria that are important; develop location alternatives and select the alternatives evaluated
(Stevenson, 1993).

In location selection process, the company’s ultimate aim is to obtain access to locations that confirm
a certain way of supply chain surplus in terms of promoting distribution performance. Location
selection is a long-term decision and is influenced by many quantitative and qualitative criteria;
however, some criteria are so important that they tend to dominate the decision in importance
(Ashrafzadeh et al., 2012). So, in order to obtain a competitive advantage in the global business
scenario, each organization has a duty to consider meaningful criteria. The location decision may
fluctuate with regard to type of business. Thus, the factors considered vary from business to business
but it is emphasized that the objective of the decision is to maximize the benefit of location of the firm
(Heizer & Render, 2001). In this study, the evaluation criteria for the selection decision were selected
from the studies of Min and Melachrinoudis (1999), Alberto (2000), MacCarthy and Atthrirawong
(2003), Demirel et al. (2010) and Dogan (2012).

Strategy selection becomes difficult as the number of alternatives and conflicting criteria increases
(Dey et al., 2012). So, robust evaluation models are crucial in order to incorporate several conflicting
criteria meritoriously. With its need to trade-off multiple criteria exhibiting ambiguity and fuzziness,
location selection is a multi-criteria decision-making problem. Kahraman et al. (2003) pointed out that
the selection of a warehouse location among alternative locations is a multi-criteria decision-making
problem including both quantitative and qualitative criteria. The classical multi-criteria decision
making (MCDM) methods that consider deterministic or random processes cannot effectively address
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decision problems including imprecise and linguistic information (Dursun & Karsak, 2013). In practice,
assessment of location selection comprises a high degree of ambiguity and fuzziness (Liang & Wang,
1991). Fuzzy set theory is one of the effective tools for handling uncertainty and vagueness in the
decision process.

There is an unending need for aggregation of expert opinions that prevents the bias and diminishes the
unfairness in the decision process. Multiple decision-makers usually cause not only the imprecise
evaluation but also serious persecution during decision process (Ertugrul & Karakasoglu, 2008). For
group decision making problems, consensus is an essential indication of group agreement or reliability.
In order to fully reflect the real behavior of the group, a final decision ought to be made on significant
level of consensus (Dursun & Karsak, 2013). Therefore, a group decision has been proposed to improve
the pair-wise comparison in the evaluation process.

The aim of this study is to propose a model to evaluate the best warehouse location by comparing five
existing locations. In the assessment procedure, FAHP method has been applied to determine the
weights of the criteria and to rank the locations, two multi-criteria decision making methods TOPSIS
and fuzzy TOPSIS have been used as comparatively.

The rest of this study is arranged as follows: The second section presents the literature review on
warehouse allocation problem. Section 3 frameworks the developed methodology and provides a
stepwise depiction of the anticipated fuzzy decision making approach. In Section 4, the application of
the proposed framework for the selection of location has been given. And finally, in section five, results
of the application are presented and suggestions for the future studies are clarified. This section wraps
up this study.

2. Literature review

Recently, to acquire the competitive advantages in order to survive in the global business scenario, the
selection of a warehouse location has become a remarkable concern in the business—management
literature. It is seen as one of the imperious strategic issue in supply chain management. To develop
supply chain performance in terms of efficiency & responsiveness, firms must determine their
locations. Modern companies are now facing the problems of selecting locations. The difficulty of the
location valuation and selection problem has driven the researchers to develop models for helping
decision-makers.

The location theory was first familiarized by Weber (1989). The objective of the study was to locate a
warehouse aiming the reduction of total travel distance between the warehouse and end customers. In
the selection process, he anticipated a material index according to which, the warehouse should be
opened near the source of raw material if the value of index becomes greater than one; otherwise, it
must be adjacent to the market. Tuzkaya et al. (2008) developed a structure that included qualitative
and quantitative factors and tangible and intangible criteria for the evaluation of suitable undesirable
facility locations by using analytic network process (ANP) technique. The study was performed on the
basis on four main factors, namely, benefits, cost, opportunities and risks. Badri (1999) presented a
structured approach that combines AHP and goal program modeling approach to identify the most
suitable international facility location. The study used AHP to prioritize the set of location alternatives.
Chan and Chung (2004) developed a hybrid approach using a combination of Genetic Algorithm and
AHP methods for optimizing distribution network problems in supply chain management and
established GA + AHP as a dependable and vigorous approach.

In addition to the assessable aspects of the location selection decision, soft criteria having subjective
factors that are difficult to enumerate, are needed to be measured. In addition to the conventional
approaches (locational cost volume analysis, factor rating, and center of gravity method), the multiple



318

criteria decision-making methods such as AHP or ANP tend to be less effective in dealing with the
imprecise or vague nature of the linguistic assessment for facility location problems. In real world
applications, assessment of eligible alternatives for subjective criteria is expressed in linguistic terms.
And also, to efficiently resolve the ambiguity frequently arising in available information and do more
justice to the essential fuzziness in human judgment and preference, the fuzzy set theory has been used
to establish an ill-defined multiple criteria decision-making problems (Liang, 1999). Fuzzy set theory
seems to be an operative tool in dealing with the imprecise or uncertainty intrinsic in location selection
process. In the literature, there are a number of studies that apply different fuzzy based decision making
techniques to classify locations.

A number of studies have focused on the use of fuzzy multi-criteria decision making (MCDM)
techniques for warehouse location selection process. Ashrafzadeh et al. (2012) extended the well-
known MCDM method namely technique for order preference by similarity to ideal solution (TOPSIS)
to evaluate the warehouse location selection problem under fuzzy environment.

Kahraman et al. (2003) introduced four different fuzzy multi-attribute group decision making
approaches to assess the supply chain driver namely facility location and made a comparison. The used
approaches were: fuzzy AHP, fuzzy model of group decision proposed by Blin, fuzzy synthetic
evaluation and Yager’s weighted goals method. Farahani and Asgari (2007) offered a structured
framework of fusion multi-attribute and multi-objective set covering problem that integrates TOPSIS
and utility function (from global criterion method) for locating military warehouses. Dey et al. (2012)
proposed fuzzy extended multi-objective optimization on the basis of ratio analysis (MOORA) for its
simplicity and applicability to identify one of the supply chain strategies namely warehouse location
selection.

A few researchers have employed the comparative analysis of MCDM techniques in location selection
process. Ertugrul & Karakasoglu (2008) proposed a comparative analysis of fuzzy AHP and fuzzy
TOPSIS methods for evaluating facility location of a textile company. In this research, a fuzzy multi-
criteria group decision making approach has been utilized. To reduce fuzziness, the weights of location
selection criteria have been estimated by using fuzzy analytic hierarchical process. Then, the final
ranking of the eligible candidates is attained by using TOPSIS and fuzzy TOPSIS methods. This
research is considered to the literature, because it is first to develop a structured framework that
integrates fuzzy AHP for determining weights and TOPSIS as well as fuzzy TOPSIS to rank
alternatives.

3. MCDM methods

Multiple-criteria decision analysis (MCDA) or Multiple-criteria decision making (MCDM) is a sub-
discipline and full-grown branch of operations research that is concerned with designing mathematical
and computational tools to support the subjective evaluation of a finite number of decision alternatives
under a finite number of performance criteria by a single decision maker or by a group (Lootsma, 1999).
MCDM refers to screening, prioritizing, ranking, or selecting a set of alternatives under usually
independent, incommensurate or conflicting attributes ( Hwang & Yoon, 1981). Determining the
attributes is very crucial to MCDM as they play a very substantial role in the decision making process.
Several methods have been proposed for solving related problems, but a major problem of MADM is
that different techniques may vyield different results for the same problem. Therefore, how to make
trade-off between these conflicting attributes and then make a decision could pose a difficult problem
(Cheng et al., 2012).The evaluation procedure in this paper consists of four main steps as summarized
in Fig. 1.
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Fig.1. Steps of evaluation procedure

Step 1: Identify the evaluation criteria considered as the most important performance
measures for the allocation problem.

Step 2: Construct the hierarchy of the evaluation criteria and calculate the weights of these
criteria using FAHP method.

Step 3: Conduct the TOPSIS and FTOPSIS methods to achieve the final ranking results.
Step 4: Evaluate and compare the ranking results according to both methods.

The detailed descriptions of each step are illustrated in the following sections.

3.1. Determining the criteria weights by FAHP

The analytic hierarchy process (AHP) is a multiple criteria decision making tool for organizing and
analyzing complex decisions and firstly developed by Saaty (1980). Although the AHP is to capture
the expert’s knowledge, Davoudi and Shykhvand (2012) state that due to the uncertainty in the
judgments of participants, the crisp pairwise comparison in the conventional AHP is insufficient and
imprecise to capture the right judgments. The traditional AHP method is problematic in that it uses an
exact value to express the decision maker’s opinion in a comparison of alternatives (Wang & Chen,
2007). AHP method is often criticized due to its use of unbalanced nine-point scale of judgments and
its inability to adequately handle the inherent uncertainty and imprecision in the pair-wise comparison
process (Deng, 1999). Therefore, conventional AHP seems inadequate to capture decision maker's
requirements explicitly (Kabir & Hasin, 2011). As some of the evaluation criteria are subjective and
qualitative in nature, fuzzy analytic hierarchy process (FAHP) is developed as an alternative to alleviate
the deficiencies of the classical AHP and to ease the adaptation to real life problems through the
linguistics variables represented by triangular fuzzy numbers (TFN) as an extension of AHP. Ozdagogl
and 6zdagoglu (2007) state that fuzzy Analytical Hierarchy Process (FAHP) is a synthetic extension of
classical AHP method when the fuzziness of the decision makers is considered.

The first study with FAHP was carried out by Van Laarhoven and Pedrycz (1983). To extract the
weights in different multi criteria comparison environments, a variety of FAHP methods have been
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widely applied in the literature: Constrained FAHP (Enea & Piazza, 2004) for project selection, linear
goal programming (LGP) priority method in new product development project, fuzzy prioritization
method (Milkhailov & Tsvetinov, 2004) for the service evaluation process, four approaches namely
fuzzy model by Blin, fuzzy synthetic evaluation, Yager’s weighted goals method and FAHP (Kahraman
etal., 2003) for facility location selection, extent analysis method (Chang, 1992, 1996), geometric mean
technique (Buckley, 1985), two-stage logarithmic programming (Wang et al., 2005), the fuzzy least
square method (Xu, 2000), the direct fuzzification of the method of Csutora & Buckley (2001) are some
of these methods. Among various techniques embedded in fuzzy AHP, extent analysis method
proposed by Chang (1992, 1996) is a popular approach to determine the weight of criteria (e.g.,
Kahraman et al.2004). In this research, Chang’s extent analysis method is employed to obtain the
weight of criteria.

3.1.1. Fuzzy sets and fuzzy numbers

As human judgements and preferences are vague and *’not very clear’’, “*probably so’’, *“very likely’’,
these terms of expression are very common in decision making, precise numerical values seem to be
inadequate to solve real world problems. Many real-world applications cannot be described and handled
by classical set theory (Chen & Pham, 2001) because it contains objects that satisfy precise properties
required for membership. A structured framework must be considered in decision making process that
takes into account human subjectivity, rather than employing only objective probability measures.
Fuzzy sets are a generalization of conventional set theory that was introduced by Zadeh in 1965 as a
mathematical way to represent vagueness in everyday life. This theory provides a different way to view
the problem of modeling uncertainty and offers a wide range of computational tools to aid decision
making. Thus the vague data may be represented by fuzzy numbers. If a fuzzy set is convex and
normalized, and its membership function is defined in R and piecewise continuous, it is called as “fuzzy
number”.

So, we have to underscore the use of different fuzzy numbers depending on different situations. Such
a situation in practice is intended to use specially triangular and trapezoidal fuzzy numbers of which it
is often convenient to work with triangular fuzzy numbers (TFNSs) due to easiness in computational
procedures. In this paper, TFNs are recommended in order to represent the linguistic variables. A TEN
is described as M = (I,m,u) where the parameters express the smallest possible value, the most
promising value, and the largest possible value for describing a fuzzy event respectively. A triangular
fuzzy number (TFN) M is illustrated in Fig. 2. (Deng, 1999).

Jiw &

i

i

Fig. 2. Triangular fuzzy number (M)
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Among various operations on triangular fuzzy numbers three important operations are used in this
paper. Let My = (ay by c1) and M, = (a, by,c,) be two positive triangular fuzzy numbers, the basic
operations of triangular fuzzy numbers are defined as follows (Kaufmann & Gupta, 1991):

M,®M, =(a, +a,,b +b,,c +c,)

M, ®M, =(a,a,,b b,,c.c,)

we () o Ja)

3.1.2 The methodology of FAHP

In this study, the extent FAHP is utilized, which was originally introduced by Chang (1992, 1996) for
handling pair-wise comparison scale based on triangular fuzzy numbers (TFNs) followed by use of
extent analysis method for synthetic extent value of the pair-wise comparison. Let X =
{x1, %5, e v o , X, }anobjectset,and U = {uq, u,, ... ... ... , U, } be agoal set. As per Chang (1992, 1996)
then each object is taken and extent analysis for each goal is performed respectively. Therefore, m
extent analysis values for each object can be obtained, with the following signs:

1 2 m s
Mgi,Mgi,...., gi » 1= 1,2,...,n

Where M g"i (j = 1,2, ....,m) are TFNs whose parameters are depicting least, most and largest possible

values respectively and represented as (a, b, c). The steps of Chang’s extent analysis (Chang, 1992,
1996) can be detailed as follows (Bozbura et al., 2007; Kahraman et al., 2004; Kabir & Hasin, 2011):

Step 1: The value of fuzzy synthetic extent with respect to the ith object is defined as

-1 1)

To obtain Y7, Méi, the fuzzy addition operation of m extent analysis values for a particular

matrix is performed such as

m m m m (2)
]

ZMW_ Zaj’ZbIZC]

j=1 j=1 j=1 j=1

. _—1 :
to obtain [Z?zl Iy Méi] , the fuzzy addition operation of Méi (j=1,2,..., m) values is
performed such as

= Zn: a; zn: b]-,Zn: C]-) ©)

And then inverse of the vector above is computed, such as
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(4)

n

m -1
j 1 1 1
E:Z:Mgi “\sm o S op Y q.
i=1%i i=1%1 i=1"i

i=1j=1

Step 2: As My = (ay by c1 ) and M, = (a, b, ¢, ) are two triangular fuzzy numbers, the
degree of possibility of M, = (a; b, c;) >M; = (ay by ¢y ) is defined as

V(My = My) = sup [min(uy, (%), iy, ()] ®)

And can be equivalently expressed as follows:

VM, > M,) = hgt(My; N M3) = py,(d) (6)
1 if b, = by (7)

_ 0 lf aq = Cy

- a, —C,

otherwise

(by — c32) — (by —ay)

Fig.3. (Chang, 1996) illustrates Eq. (6) where d is the ordinate of the highest intersection point
D between uy,, and . To compare M1 and Mz, we need both the values of V (M1> Mz) and V
(M2> M).

M2 M)

A 4

0
a: bz aid c2 b C1

Fig. 3. The intersection between Miand M2

Step 3: The degree of possibility for a convex fuzzy number to be greater than k convex
fuzzy M; (i=12,.......,k) numbers can be defined by

VIM=M{ M, _,M;)=V[(M=M;)and (M > (8)
M;)and ... .... and(M > M;,)]
=minVM=M,;), i=12, ...k

Assuming that d(A )=minV(S, >S, ) fork =12,......,n;k # i .Then the weight vector is given
by

W' = (d'(A,),d' (Ay), .......,d'(4,) )T (9)
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where A (i=12,........,n) are n elements.
-Step 4: By normalization, the normalized weight vectors are
W = (d(4,), d(Ay), ... . ,d(a,)) (10)
where W is a non-fuzzy number.

3.2 Ranking alternatives

For the assessment of warehouse locations, two ranking MCDM methods TOPSIS and fuzzy TOPSIS
have been anticipated in this research comparatively. In this section, these two methods are explained
and compared to each other with respect to the procedural basics.

3.2.1 The TOPSIS method

TOPSIS (Technique for Order Preference by Similarity to Ideal Solution), developed by Hwang and
Yoon in 1981, is one of the MCDA/MCDM methods for resolving real-world decision problems
satisfactorily. Being a simple ranking method in conception and application, it attempts to choose the
best alternative that simultaneously has the shortest distance from the positive ideal solution and the
farthest distance from the negative-ideal solution. The positive ideal solution is a solution that
maximizes the benefit criteria and minimizes the cost criteria, whereas the negative ideal solution
maximizes the cost criteria and minimizes the benefit criteria (Wang & Chang, 2007; Wang & Elhag,
2006; Wang & Lee, 2007). Actually the positive ideal solution is composed of all best values attainable
of criteria, whereas the negative ideal solution consists of all worst values attainable of criteria. TOPSIS
provides a cardinal ranking of alternatives using attribute information (Chen & Hwang, 1992; Yoon &
Hwang, 1995). In TOPSIS method, precise scores that each alternative receives from all the criteria are
used in the formation of a decision matrix and normalized decision matrix. By taking into consideration
the rates of all attributes, positive and negative ideal solutions are found. By comparing the distance
coefficient of each alternative, the preference order of the alternatives is determined.

The stepwise procedure of Hwang & Yoon (1981) for implementing TOPSIS is presented as follows:

Step 1: Construct normalized decision matrix

(11)
X;j . :
=—— =123 Jii=123,......... N
LN
X
j=1"1
Where x; and r; are original and normalized score of decision matrix respectively.
Step 2: Construct the weighted normalized decision matrix.
Vi =w, o, J=123,.... J,1=123,....... N (12)

Where w; is the weight for j criterion.

Step 3: Determined the positive ideal solution (PIS) and negative ideal solution (NIS).
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A" =1V, Ve,V | Maximum values (13)
Where v; ={max(v;) if jeJ;min(v;)if jeJ7}

A =] V5 e, Vy | minimum values (14)
Where v- ={min(v;) if jeJ;max(v;)if jed}

Step 4: Calculate the separation measures of each alternative from PIS and NIS.

d?z\/i(vij —v’j’)z, [ (15)

d =\/_Zn)(vij —vjf)z, =12, (16)

Step 5: Calculate the relative closeness coefficient to the ideal solution of each alternative.

- 17
cc, - *d, (17)
d, +d;

Step 6: By comparing CC; values, the ranking of the alternatives are determined.

3.2.2 The fuzzy TOPSIS method

The fuzzy TOPSIS (Technique for Order Performance by Similarity to Ideal Solution) method, which
is one of the well-known ranking methods for MCDM, is a practical method that matches human
thinking in an actual environment. In order to deal problems with vague information, the foundation
was established by Chen & Hwang (1992). This method focuses on ranking and selecting from a set of
alternatives by assigning the relative importance of attributes using fuzzy numbers instead of precise
numbers. That’s why this method seems to be suitable in group decision making problem in a fuzzy
environment. In the fuzzy TOPSIS method, linguistic scores that each alternative receives from all the
criteria are used in the formation of a fuzzy decision matrix and normalized fuzzy decision matrix. By
taking into consideration the rates of all attributes, fuzzy positive and fuzzy negative ideal solutions are
found. By comparing the distance coefficient of each alternative, the preference order of the alternatives
is determined.

The algorithm of the fuzzy TOPSIS method has mainly nine steps given in the following (Ashtiani et
al., 2009):

Step 1: Assignment of ratings to the criteria and the alternatives.

Let us assume there are J possible candidates called A = {Al,AZ,A3, v e .,Aj} which are to
be evaluated against n criteria C = {Cl, Cy, C3y e e o ..,C]-}. The importance weights are
denoted by w;{i = 1,2, ... ... .....,m}. The fuzzy ratings & importance weight of the k*decision
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maker Dy {k = 1,2, ...........,K} for each alternative A;{j = 1,2, ... ... .....,n}) with respect to
criteria C {i=12,....,m} are denoted byx;* = (a;* b;" c;;*) and w;
(wj1 ", wi*, wis) where {i = 1,2,....,m;j =1,2,.....,n; k = 1,2,....,K} with membershlp

functlon Urg (X).
Compute aggregate fuzzy ratings for the alternatives.
The aggregated fuzzy ratings x;; of alternatives (i) with respect to each criterion (j) are given

by Xij = (aij, bij, Cij) such that:

1 ]

a, —mm{ } Zb”, C. = mkax{c.'f} (18)

The aggregated fuzzy weights (w;;) of each criterion are calculate as wjk(wjl, Wiz, wj3) where

X (19)

Wi = minW, f, wz = ;Z Wikz, Wiz = mE‘X{ijs}
Lr—1

Compute the fuzzy decision matrix.

The fuzzy decision matrix for the alternatives (D) and the criteria (W) is constructed as
follows:

Ay [X11 X2 0 X (20)
p=42|Xa1 Xz v Xop
Am Xml XmZ an
W = [wy,w, Wyl (21)
where x;; and wi, i = 1,2, ....,m;j = 1,2, .....,n are linguistic variables which can be

described by trlangular fuzzy numbers, x;; = (aU, bij, cij) and wj(wjy, wjz, wjs ).
Normalize the fuzzy decision matrix.

The linear scale transformation is used to transform various criteria scales into a comparable
scale. Thus, we have the normalized fuzzy decision matrix as:

R=[fJnxn i=12 ..., mj=12..n (22)
where
__a; by ¢y . . (23)
ry=—,—,— andcj =maxc;; (benefitcriteria)

¢ ¢ ¢
— a; a; a;
r, =2,-~,-~ and a; = mina;; (cost criteria) (24)

T i bij a4 ]
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The above normalization method preserves the property that the ranges of normalized
triangular fuzzy numbers belong to [0, 1].

Step 5: Compute the weighted normalized matrix.

The weighted normalized fuzzy decision matrix ¥ is computed by multiplying the weights w,
of evaluation criteria with the normalized fuzzy decision matrix 7;as:

V=i, mxni=12..mj=12...,n wherei, =F,()¥, (25)

]

Step 6: Identify the fuzzy positive ideal solution (FPIS) and fuzzy negative ideal solution
(FNIS). The FPIS and FNIS of the alternatives are computed as follows:

A" = {v], v, ... .. ,Vp) wherev;={1,1,1},j=1,2..,n (26)
A" ={v],v;, ... ,Vn ), wherev; ={0,0,0},j=1,2,..,n (27)
Step 7: Compute the distance of each alternative from FPIS and FNIS.

The distance (d;, d;") of each alternative i = 1,2,...,m from the FPIS and the FNIS is
computed as follows:

d: = Z?:l dv(ﬁ;r i;k) ’ i= 11 2'"1 ml.jz 11 21"'1 n (28)

di =Y"d,(5,,%;),i=12.,mj=12.,n (29)

Step 8: The closeness coefficient (CC;) of each alternative is calculated as follows:

- 30
cc, - *d, (30)
d, +d;

Step 9: By comparing CC; values, the ranking of the alternatives are determined.
3.2.3 Comparison of the two ranking methods

TOPSIS method is simple and easy to implement but it becomes difficult for a decision-maker to assign
a precise performance rating to an alternative (Chaghooshi et al., 2013). The TOPSIS method becomes
erroneous especially in realistic problems where personal opinions and convictions are expressed in
precise intervals. The merit of using a fuzzy approach is to assign the relative importance of attributes
using fuzzy numbers instead of precise numbers. This method is particularly suitable for solving the
group decision-making problem under fuzzy environment as it uses a fuzzy linguistic value as a
substitute for the directly given crisp value in the grade assessment. The linguistic expressions of fuzzy
theory are considered as natural representations of preferences/judgments (Wang et al., 2009).

4. Proposed framework with example

A comparison of five existing warehouse locations of the renowned company in Bangladesh serves to
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validate the model by testing the propositions that were developed. To preserve confidentiality, the
name of the company has been kept undisclosed and the five locations are referenced as Az, Az, As, A4
and As. The Company desires to decide which location among the five alternatives a warehouse should
be opened based on its vision and strategy. First of all, the evaluation criteria for the selection decision
were taken from the studies of Min and Melachrinoudis, Alberto and MacCarthy and Atthrirawong,
Demirel et al. and Dogan. The hierarchical structure of the criteria adopted in this study is portrayed
in Fig. 4. According to Fig. 4, the hierarchy structure comprises of four levels: at the highest level of
the hierarchy, the goal of the problem labeled as the selection of warehouse location is situated, in the
second level, 5 aspects/main criteria including responsiveness, transportation conditions, cost related
factors, location properties and favorable labor climate are considered for achieving the ultimate goal
while in the third level, the sub-criteria of each main-criterion are listed, and five warehouse locations
are in the last level.

Level 1 Level 2 Level 3 Level 4

Goal Aspects Sub-criteria Alternatives
Lead time & Responsiveness (C) l—
Responsiveness(Cy) Provide relevant information (Ci2) I— A1
Quality of transportation (C;y) }7
Tran sportation Existence modes of transportation (C z) l— ra
dition (C - 5
Eonition (€4 Telecommunication (Cz) }7
Land cost (Csi)
Warehouse location Cost-related Handling cost (C:g
selection factors (C;) As
Transportation cost (Ca) 57
Land availability (C.)
Location Properties | Ay

Quality & reliability of utilities (C,3 I
Proximity to producers (C,,}}

Proximity to customers (Ca) ’7
Favourable labour Skilled labour (Csy -
climate (Cs) Availability of Tabour force (C )| ——— N

Fig. 4. The hierarchy structure of warehouse location selection

(Cy

The weights of the main criteria considering the decision makers’ subjective judgments are estimated
by using FAHP. In order to reduce the uncertainty and vagueness in the decision process, the pair-wise
comparison scores have been proposed by three decision makers for determining the weights of the
main criteria and the sub-criteria by using Saaty’s 1-9 scale (Chen, 2004). Then, an aggregated fuzzy
pair-wise comparison matrix is constructed by integrating three decision makers’ grades by using Eq.
(18) (Chen et al., 2006). Fuzzy pair-wise comparison matrix for the main-criteria (Table 1) and the
calculation of the weights are given as follows.

Table 1
Aggregated fuzzy pair-wise comparison matrix
C; G Cs Cy Cs

Cs (1,1,1) (0.143,1.83,5) (3.4.33,5) (0.14,1.11,3) (7,7.67,9)
Cx (0.2,3.4,7) (1,1,1) (0.2,4.07,7) (0.2,4.07,7) (1,5.67,9)
C:  (0.2,0.24,0.33) (0.14,1.78,5) (1,1,1) (0.14,2.45,7) (0.2,3.4,5)
Cs (0.33,4.11,7) (0.14,1.78,5) 0.14,4.05,7 (1,1,1) (5,6.33,7)
Cs  (0.11,0.13,0.14) (0.11,0.42,1) (0.20,2.6,5)  (0.14,0.14,0.2) (1,1,1)

The values of fuzzy synthetic extent are calculated by using Eq. (1).
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S.,=(11.29,15.94,23) ® (1/106.86,1/64.58,1/23.76) = (0.11,0.25,0.97)
S.,=(2.60,18.20,31) ® (1/106.86,1/64.58,1/23.76)=(0.02,0.28,1.30)
S.,=(1.69,8.87,18.33) ® (1/106.86,1/64.58,1/23.76) =(0.02,0.14,0.77)
S.,=(6.62,17.27,27) ® (1/106.86,1/64.58,1/23.76) =(0.06,0.27,1.14)
S..=(1.57,4.29,7.34) ® (1/106.86,1/64.58,1/23.76) = (0.01,0.07,0.31)

The degree of possibility of supremacy of each criterion over another denoting by V(S >

Scjwherei = 1,2,3,4,5;j = 1,2,3,4,5). The obtained synthetic values are compared by using Eq. (7)
and the following results are obtained:

V(S¢, = Sc,) =0.96 V(Sc, = S¢,) =1.00  V(S¢, = S¢,) =0.978 V(S¢, = Sc¢,) =1.00
V(S¢, = S¢,) =1.00 V(Sc, = S¢,) =1.00  V(S¢, = S¢,) =1.00 V(Sc, = Sc¢,) =1.00
V(Sc, = S¢,)=0.86 V(Sc, >Sc,) =084  V(S¢, =Sc,)=0.85 V(Sc, = S¢,) =1.00
V(S¢, = S¢,) =1.00 V(Sc, = Sc,) =099  V(S¢, = S¢,) =1.00 V(Sc, = Sc¢,) =1.00
V(S¢, = Sc,) =053 V(S¢, = S¢,) =057 V(S¢, = S¢,) =0.81 V(S¢, = Sc,) =053

Then the priority weights are calculated by using Eq. (8):

d'(C,) = min(0.96,1.00,0.978,1.00) = 0.96  d'(C,) = min(1.00,0.99,1.00,1.00) = 0.99
d'(C,) = min(1.00,1.00,1.00,1.00) = 1.00
d'(C;) = min(0.86,0.84,0.85,1.00) = 0.84  d'(Cs) = min(0.53,0.57,0.81,0.53) = 0.53

The weight vector forms W' =(0.96, 1.00, 0.84, 0.99, 0.53). After the normalization, weight vector of
the main criteria W' =(0.96, 1.00, 0.84, 0.99, 0.53) is transformed into the normalized weight vector
with respect to the main-criteria as W = (0.2232,0.2315, 0.1940, 0.2286,0.1227). The normalized
weight vector respect to main goal is portrayed in Fig. 5.

0.25
0.2
0.15
0.1
0.05
0
Responsiveness Transportation Cost related Location Favorable local
conditions factors properties climate

Fig. 5. Normalized weights of main criteria

According to Fig. 5, the most important criteria having priority of 0.2315 is “Transportation Condition”
in the decision makers’ subjective judgments which are followed by the others. The same computational
ways are anticipated to determine the weights of the sub-criteria (w,) which are presented in Table 2.
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Table 2
Weights of sub-criteria
Sub-criteria Weight Sub-criteria Weight
Cu 0.5278 Cas 0.2770
Cr 0.4722 Ca 0.1361
Ca 0.4505 Ca2 0.1005
C2 0.3019 Cas 0.1688
Czs 0.2477 Caa 0.3035
Ca 0.2122 Cas 0.2910
Ca 0.2658 Cs1 0.5278
Css 0.2450 Cs2 0.4722

As indicated before, two MCDM approaches, TOPSIS and fuzzy TOPSIS methods, are used to rank
the potential alternatives considering the weights of all criteria which are obtained by fuzzy AHP. In
the first step of the algorithms, a fuzzy decision matrix is developed by transforming fuzzy linguistics
variables into triangular fuzzy numbers in fuzzy TOPSIS method while in TOPSIS method, a decision
matrix is constructed using numerical values. Linguistics assessment of five alternatives using
linguistics variables and decision matrix are shown in Tables 3 & 4 respectively.

Table 3
Decision matrix for fuzzy TOPSIS method using fuzzy linguistics variables
A A, As Ay As
D, D, Ds; D, D, Ds D, D, Ds; D, D, Ds; D, D, Ds
Cu VG VG G G MG MG MG F MG MG F MG G G MG
Cno G G MG F MG F MG F G F G G VG G F
Cx MG G G MG MG MG MG F MG MG F MG MG MG F
Cn G VG G MG MG MG MG F MG MG F MG MG G MG
Cxs MG F MG F F MG F F F F F F F F MG
Cax MP F MP F F MP MP MP F MP MP F MP F F
Cx G MG MG MG F F MG F F MG MG F MG MG F
Cs G MG G F F MG F F MG F F MG MG MG MG
Cu G MG MG F MG F F F F F MG F MG MG MG
Ca G MG G MG MG G MG MG MG F MG MG MG MG MG
Ce G G G F F F F MG MG MG F MG MG MG MG
Css G MG MG MG MG MG F F MG MG MG MG MG MG MG
Cs4s VG VG G G MG MG MG F MG MG F MG MG F MG
Cs G MG G MG MG MG MG F MG MG F MG G G F
Ca G G MG MG MG F MG F F MG F F MG MG F
C; G G MG MG MG MG F F F F MG F MG MG MG
Table 4
Decision matrix for TOPSIS method
A1 A2 Az As As
D1 D2 D3 D1 D2 D3 D1 D2 D3 D1 D2 D3 D1 D2 D3
Cu 9 9 7 7 8 8 8 6 8 8 6 8 7 7 8
Ci2 7 7 8 6 8 6 8 6 7 6 7 7 9 7 6
Ca 8 7 7 8 8 8 8 6 8 8 6 8 8 6 8
Ca 7 9 7 8 8 8 8 6 8 8 6 8 8 7 8
Cx 8 6 8 6 6 8 6 6 6 6 6 6 6 6 8
Cat 5 6 5 6 6 5 5 5 6 5 5 6 5 5 6
Ca 7 8 8 8 6 6 8 6 6 8 8 6 8 8 6
Cas 7 8 7 6 6 8 6 6 8 6 6 8 8 8 8
Cas 7 8 8 6 8 6 6 6 6 6 8 6 8 8 8
Cu 7 8 7 8 8 7 8 8 8 6 8 8 8 8 8
Ca 7 7 7 6 6 6 6 8 8 8 6 8 8 8 8
Cs 7 8 8 8 8 8 6 6 8 8 8 8 8 8 8
Cua 9 9 7 7 8 8 8 6 8 8 6 8 8 6 8
Cus 7 8 7 8 8 8 8 6 8 8 6 8 7 7 6
Cs1 7 7 8 8 8 6 8 6 6 8 6 6 8 8 6
Cs2 7 7 8 8 8 8 6 6 6 6 8 6 8 8 8
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Then, the aggregated values of each sub-criterion are calculated by using Egs. (18) for fuzzy TOPSIS
method and average technique in TOPSIS method as shown in Table 5.

Table 5
Aggregated decision matrix of TOPSIS & FTOPSIS methods
TOPSIS FTOPSIS
A1 Az As Aq As A1 Az Az A4 As

Cu 833 767 733 733 733  (57.679) (5,6.33,7) (3,5.67,7) (3,5.67,7) (5,5.67,7)
Co 733 667 7.00 667 733 (5567,7) (3,4.33,7) (35.7) (3,4.33,5) (3,5.67,9)
Ca 733 800 733 733 733 (55677) 7.7.7) (3,5.67,7) (35.67,7) (3,5.67,7)
Co 767 800 733 733 767  (57679) (7.7.7) (3,5.67,7) (3,5.67,7) (5,6.33,7)
Css 733 667 600 600 667 (3567,7) (3,4.33,7) (3.33) (333) (3,4.33,7)

Ca 533 567 533 533 567 (1,167,3) (1,2.33,3) (1,1.67,3) (1,1.67,3) (1,2.33,3)
Cz 767 667 667 733 733  (56.337) (3,4.337) (3,4.337) (3,5.67,7) (3,5.67,7)

Cs 733 667 667 667 800 (5567,7) (3,4.337) (3,4.337) (3,4.337) 7.7.7)
Cus 767 667 600 667 800 (56.337) (3,4.33,7) (3,3,3) (3,4.33,7) 7.7.7)
Ca 733 767 800 733 800 (5567,7) (5,6.33,7) 7.7.7) (3,5.67,7) 7.7.7)
C 700 600 733 733 800 (5,5.,5) (3,3,3) (3,5.67,7) (3,5.67,7) 7.7.7)
Cis 767 800 667 800 800  (56.337) 7.7.7) (3,4.337) 7.7.7) (7.7.7)
Cu 833 767 733 733 733 (57679 (5,6.33,7) (3,5.67,7) (3,5.67,7) (35.7)
Cis 733 800 733 733 667 (5567,7) (7.7.7) (3,5.67,7) (3,5.67,7) (3,4.33,5)
Csi 733 733 667 667 733 (5567,7) (3,5.67,7) (3,4.337) (3,4.33,7) (3,5.67,7)
Cz 733 800 600 6.67 800 (5567,7) 7.1.7) (3,3,3) (3,4.33,7) 7.1.7)

After calculating the aggregated values of the sub-criteria, eligible locations are ranked by using
TOPSIS and fuzzy TOPSIS methods. These aggregated values are the main input for both methods.
Normalization of these values is made through Egs. (11), (22), (23) & (24). Lately, fuzzy weighted
normalized decision matrix is formed by multiplying each of the normalized fuzzy decision matrix
elements with their weights. While the positive and negative ideal solution are determined by taking
the maximum and minimum values for each criterion in the TOPSIS method, the positive and negative
ideal solution are calculated by using Egs. (26) & (27) in the fuzzy TOPSIS method. Then the distance
of each warehouse location from PIS ( A*) and NIS ( A™) with respect to each criterion are calculated
like in Egs. (15), (16), (28) & (29). Afterwards the closeness coefficients (CCi) of five alternatives are
calculated with Eq. (30) and the ranking is done in a decreasing order. Calculation steps of the TOPSIS
method are given in Table 6.

Table 6
Calculation steps of the TOPSIS method for the location selection.
Weighted normalized values * NIS
A1 A2 Az A4 As PIS(A) (A)

Cn 0.2585 0.2378 0.2275 0.2275 0.2275 0.2585 0.2275
Ci 0.2210 0.2009 0.2110 0.2009 0.2210 0.2210 0.2009
Ca 0.1977 0.2157 0.1977 0.1977 0.1977 0.2157 0.1977
Cz 0.1361 0.1420 0.1302 0.1302 0.1361 0.1420 0.1302
Cz 0.1240 0.1127 0.1014 0.1014 0.1127 0.1240 0.1014
Ca 0.0926 0.0983 0.0926 0.0926 0.0983 0.0983 0.0926
Ca 0.1276 0.1109 0.1109 0.1220 0.1220 0.1276 0.1109
Cas 0.1134 0.1031 0.1031 0.1031 0.1237 0.1237 0.1031
Cas 0.1295 0.1126 0.1013 0.1126 0.1351 0.1351 0.1013
Car 0.1047 0.1095 0.1142 0.1047 0.1142 0.1142 0.1047
Cuz 0.1210 0.1037 0.1268 0.1268 0.1383 0.1383 0.1037
Cas 0.0607 0.0634 0.0528 0.0634 0.0634 0.0634 0.0528
Cas 0.0492 0.0453 0.0433 0.0433 0.0433 0.0492 0.0433
Cus 0.0754 0.0822 0.0754 0.0754 0.0685 0.0822 0.0685
Cs1 0.1407 0.1407 0.1279 0.1279 0.1407 0.1407 0.1279
Cs2 0.1318 0.1438 0.1078 0.1198 0.1438 0.1438 0.1078
d* 0.0334162 0.0583215 0.075449004 0.0661558 0.0412388

d- 0.0653132 0.0513711 0.027749987 0.0329149 0.0717094

CCi 0.661537 0.4683185 0.268897851 0.3322365 0.6348872
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Calculation steps of the fuzzy TOPSIS method are given Table 7.
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Table 7
Calculation steps of the fuzzy TOPSIS method for the location selection
Weighted normalized values " R
™ ™ A ™ . FPIS (A")  FNIS (A)
Cu  (0.29,045053) (0.29,0.37,041)  (0.18,0.33,041)  (0.18,0.33,0.41)  (0.29,0.33,0.41)  (1,1,1)  (0,00)
C  (0.26,0.30,0.37)  (0.33,048,0.78)  (0.33,0.56,0.78)  (0.16,0.30,0.47)  (0.16,0.30,047)  (1,1,1)  (0,0,0)
Ca  (0.32,0.36,045)  (0.45,0.45045)  (0.19,0.36,0.45)  (0.19,0.36,0.45)  (0.19,0.36,045)  (1,1,1)  (0,0,0)
Cz  (0.17,0260.30)  (0.23,0.23,0.23)  (0.10,0.19,0.23)  (0.10,0.19,0.23)  (0.17,0.21,0.23)  (1,1,1)  (0,0,0)
Czs  (0.11,020,0.25)  (0.11,0.150.25)  (0.11,0.11,0.11)  (0.11,0.11,011)  (0.11,0.150.25)  (111)  (0,0,0)
Ca  (0.07,023,0.21)  (0.07,009,0.21)  (0.07,0.13,0.21)  (0.07,0.130.21)  (0.07,0.09,0.21)  (1,11)  (0,0,0)
Cz  (011,013,0.16) (0.11,0.18,0.27)  (0.11,0.18,0.27)  (0.11,0.14,0.27)  (0.11,0.14,0.27)  (1L11)  (0,00)
Cs  (0.10,013,0.15)  (0.10,0.17,0.24)  (0.10,0.17,0.24)  (0.10,0.17,0.24)  (0.10,0.10,0.10)  (1,1,1)  (0,0,0)
Cas  (012,013,0.17)  (0.12,0.19,0.28)  (0.28,0.28,0.28)  (0.12,0.19,0.28)  (0.12,0.12,0.12)  (L11)  (0,00)
Ca  (010,0.11,014)  (0.10,0.12,0.14)  (0.14,0.14,0.14)  (0.06,0.11,0.14)  (0.14,0.14,0.14)  (1,1,1)  (0,0,0)
Cz  (0.07,007,007)  (0.04,0.04,0.04)  (0.04,0.08,0.10)  (0.04,0.08,0.10)  (0.10,0.10,0.10)  (1,1,1)  (0,0,0)
Cs  (012,0150.17)  (0.17,017,017)  (0.07,010,017)  (0.17,017,017)  (0.17,017,017)  (L,11)  (0,0,0)
Cu  (0.17,0.26,0.30)  (0.17,0.21,0.24)  (0.10,0.19,0.24)  (0.10,0.19,0.24) ~ (0.10,0.17,0.24)  (L,11)  (0,00)
Css  (0.21,0.24,0.29)  (0.29,0.29,0.29)  (0.12,0.24,0.29)  (0.12,0.24,0.29)  (0.12,0.18,0.21)  (1,1,1)  (0,0,0)
Csi  (0.38,043,0.53)  (0.23,0.43,0.53)  (0.23,0.33,0.53)  (0.23,0.33,0.53)  (0.23,0.43,0.53)  (1,1,1)  (0,00)
Cs2  (0.34,0.38,0.47)  (0.47,0.47,047)  (0.20,0.20,0.20)  (0.20,0.29,0.47)  (0.47,0.47,047) (1,11  (0,00)
a* 12.29035 12.19292 12.80391 12.8152 12.54792037
d- 3.806509 3.933572 3.37923 3.396524 3.613519144
CCi 0.236475 0.24392 0.208812 0.20951 0.223588941
In Table 8, locations of the warehouse are ranked with respect to both methods.
Table 8
Ranking of the warehouse location
Alternatives TOPSIS Fuzzy TOPSIS
CCi Ranking CCi Ranking
A1 0.6615 1 0.2365 2
Az 0.4683 3 0.2439 1
As 0.2689 5 0.2088 5
A4 0.3322 4 0.2095 4
As 0.6349 2 0.2236 3

5. Results and discussions

Depending on the values of closeness coefficients of five warehouse location, the best ranked
alternative for the warehouse location is different with respect to both methods. While location Az is
the best ranked company in the TOPSIS method, location Az is the best ranked company in the fuzzy
TOPSIS method.

6. Conclusions and future work

Proper decision paves the way for inclusive growth and ultimate profit of a company. Therefore, taking
geographical location, availability of workers, export friendly policy etc. factors into consideration, it
can easily be possible that a company has empowering situations for its faster growth. Therefore, the
consideration of this several criteria and sub-criteria makes the process of location selection more
difficult. For that reason, this paper has presented a structured model using fuzzy analytic hierarchy
process (FAHP) and fuzzy TOPSIS method as an effective tool for selecting the most desirable facility
location. The Fuzzy TOPSIS method is one of the multi-criteria decision making methods which
enables the decision makers to make the exact judgment for location selection from different
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alternatives. In this paper, the weights of the different criteria are derived by applying fuzzy AHP and
for ranking between them two MCDM methods namely TOPSIS & fuzzy TOPSIS methods have been
used. Rather this method has enormous probability by dealing with different philosophy specially
which are doubtful and vague. So, it seems that the road to success in this respect is not smooth at all
and is expected to be even more challenging in the future. Therefore, in the future, it is not an option
but essential to implement this method for dealing with uncertainty in a variety of multi-criteria decision
making problems. The proposed method is also effective in group decision environment where it is
found to be difficult to come to a moot point individually. Thus, it will also help in future researches
as well. In addition to the proposed methods in this study, some other MCDM methods such as
ELECTRE; PROMETHEE; MOORA and ORESTE can be used comparatively in a fuzzy
environment.and the results can be compared.
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