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MULTI-CRITERIA DECISION ANALYSIS FOR EFFICIENT
LOCATION-ALLOCATION PROBLEM COMBINING DEA
AND GOAL PROGRAMMING

LEl FANG!' AND HECHENG L12

Abstract. Facility location-allocation (FLA) decisions play a signifi-
cant role in the performance of supply network in many practical appli-
cations, such as emergency service system, supply chain system, public
service system, etc. In this paper, a multi-criteria model (including
multi-attribute and multi-objective) for optimal and efficient facility
location-allocation patterns was proposed. We first utilize multi at-
tribute decision making (MADM) method-DEA to evaluate the relative
efficiency of each potential location, and then combine the efficiency
identified from DEA as a goal in a multi objective decision making
(MODM) framework by using goal programming. A hypothetical ex-
ample is presented to illustrate the effectiveness and the efficiency of the
proposed model. Results demonstrate that the proposed multi-criteria
model is an effective tool for generating a set of more realistic and flex-
ible optimal solution in solving facility location- allocation problems
by adjusting the goal priorities with respect to the importance of each
objective and the aspiration level with respect to desired target values.
The proposed model is also flexible and general enough to consider other
specific location decisions such as emergency facilities, undesirable fa-
cilities and supply chain design by combing specific location modeling
goal with the DEA model.
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1. INTRODUCTION

The facility location-allocation (FLA) problem is widely used in practical life,
such as building an emergency service systems and constructing a telecommu-
nication networks. FLA problem was initially studied by Cooper [12], and then
Hakimi [18,19] applied it in network design as a powerful tool [27]. The facil-
ity location/allocation models have been developed to answer questions such as
how many facilities to establish, where to locate them, and how to distribute the
products to the customers in order to satisfy demand and minimize total cost [28].

Traditionally, minimizing cost(or some surrogate for cost such as travel dis-
tance) has been the principal objective facility location-allocation decision mod-
eling. However, the facility location- allocation problems often have multiple cri-
teria that conflict with each other in nature. Therefore, the location/allocation
decision problem can be viewed as a multiple-criteria decision-making (MCDM)
problem [13,14]. In general terms, MCDM techniques in the presence of multiple,
potentially conflicting criteria can be broadly classified as multi attribute decision
making (MADM) Models and multi objective decision making (MODM) models.
In MADM, the decision maker selects from a set of alternatives that is typically
defined explicitly. In MODM, the decision maker must come up with or design
the most preferred alternative that is defined implicitly, e.g., by the restrictions
of a mathematical program. In a general way, it can be said that MADM selects
the best alternative among a finite number of alternatives, unlike MODM where
the best alternative is designed with multiple objectives subject to constraints.
The following Figure 1 shows the relationship of these two concepts.
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In this paper, we postulate here that locating facilities at different potential
sites may affect the system’s performance — its ability to transform multiple-cost
into useable benefits — especially when site qualitative attributes such as local la-
bor markets, available infrastructure and the receptiveness and perceptions of local
populations will heavily modify the acceptability of a siting decision [22]. So we can
use a suitable multi attribute decision making (MADM) method to evaluate the
performance of each location by considering the feasible alternatives, the related
attributes and their weights. There exist many MADM methods such as LINMAP,
TOPSIS, ELECTRE, AHP and DEA. For a review of the various MADM meth-
ods the reader is referred to Yoon and Hwang [39]. Data envelopment analysis
(DEA) [9], which can consider multiple-cost and -benefit measures, is a method-
ology that can incorporate such concerns into the siting process. Since it was first
developed by Charnes et al. [9], DEA has been applied to a wide range of problem
settings, including health care (hospitals, doctors), education (schools, universi-
ties), banks, manufacturing, food restaurants and retail stores [2,16,20,21,32,37].
The original focus on this methodology was on the efficiency measurement of or-
ganizations and has been recently extended to a more planning orientation for
evaluating the efficiency of spatial location patterns [4,23,29, 31, 34]. Peijun [31]
presented a fuzzy data envelopment analysis (DEA) model for evaluating the effi-
ciencies of objects with fuzzy input and output data which reflect the inherent am-
biguity in evaluation problems under uncertainty. Using the proposed fuzzy DEA
model, a case study of a Japanese-style rotisserie restaurant location decision is
analyzed and determined. Kraiwinee et al. [23] used data envelopment analysis
to frame their empirical examination of the efficiency of services offshoring to lo-
cate offshore facilities. When DEA is used alone to evaluate the relative spatial
efficiency of facility location-allocation decisions, the potential location with the
highest relative efficiency is selected for implementation. Unfortunately, the selec-
tion of location alternatives wia the DEA — only solution method has not taken
into consideration the other constraints (goals) of the problem that include budget
restrictions, capacity limitations, and demand requirements [5]. Firstly, when the
decision makers are faced with a multiple location problem, extending the tra-
ditional DEA method to selecting multiple locations with the highest combined
efficiency — score among all the facilities at a time can result in an infeasible selec-
tion since possible limiting or constraining resources are not directly considered in
the selection process. Secondly, the decision-makers have no direct solutions about
how to make allocation decision with each of the location selected. To deal with
situations, Klimberg and Ratick [22] formulated a bi-objective model for efficient
location/allocation decision where one objective is to maximize the facility efficien-
cies measured by the resulting DEA efficiency score for the “opened” facilities and
the other is optimize the spatial efficiency measured by the least total cost of loca-
tion and allocation patterns for facilities. In reality, however, Current et al.’s [13]
review of 45 facility location papers demonstrated that most location/allocation
decisions are complex problems and face multiple objectives that often conflict
with each other in nature besides the traditional objective of cost minimization.
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Recognizing the multiple and conflicting objective nature of the location-
allocation problem, many types of facility location/allocation models have been
formulated in a multi-objective programming framework eliciting trade-offs among
these sometimes conflicting objectives in many practical applications such as
emergency service design, undesirable facility location, semi-obnoxious loca-
tion [1,3,14,15,17,38,40]. Araz et al. [3] presented a fuzzy multi-objective covering-
based vehicle location model for emergency services which considered three objec-
tives: maximization of the population covered by one vehicle, maximization of the
population with backup coverage and increasing the service level by minimizing
the total travel distance from locations at a distance bigger than a prespecified
distance standard for all zones. Erkut et al. [15] proposed a multi-criteria mixed-
integer linear programming model, which deals with the location—allocation prob-
lem of municipal solid waste management facilities in the Central Macedonia region
in North Greece. Yoshiaki and Kazuki [40] presented a bi-criteria location model
for the placement of a semi-obnoxious facility with the twin objectives of maxi-
mizing the distance to the nearest inhabitant and minimizing the sum of distances
to all the users (or the distance to the farthest user) in a unified manner. These
multi-objective models can be solved by using mathematical approaches such as
weighting method, goal programming (GP) and compromise programming. Goal
programming (GP), which allows the decision maker define satisfying levels of the
value of each objective and then to find a solution which optimizes unfavorable
deviations from those goals, is a most widely used approach within the multi-
objective decision-making (MODM) of the facility location-allocation problems.
Consequently, Klimberg and Ratick [22] point out that solving for the DEA ef-
ficiency measure, simultaneously with other location modeling objectives was an
area they want to explore in the future.

To extend the DEA approach to cover the above limitations and simultaneously
include other location modeling criteria, a multi-criteria facility-location-allocation
model employing DEA and GP approaches (including multi-attribute and multi-
objective) is presented. While both of the DEA and GP approaches have been
widely in the location literature, we have not found any studies in which these two
approaches have been combined to find and evaluate solutions to facility location
problems. Furthermore, the facility location selection is a complicated issue be-
cause of the large number of criteria to be considered as well as because criteria
are both quantitative (e.g. the setup cost, the transportation cost, supply capacity)
and qualitative (e.g. the quality of life, the availability of required technical labor,
degree of competition, demographics, the working environment factors). Qualita-
tive criteria can be usually expressed in the form of bounded data, ordinal data,
and the ratio bounded data such as high/medium/low or a 5-point scale, which are
common for evaluating alternatives in terms of qualitative criteria and easily under-
stood by management. In this paper, we first use DEA to evaluate the criteria with
bounded data, ordinal data, and the ratio bounded data to express the efficiency of
the locations, and then combining the efficiency identified from DEA as a goal in
a multi-objective goal programming framework. Afterwards, we shall demonstrate
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how the proposed model (including multi-attribute and multi-objective) can be
used to aid in optimal spatial and efficient facility location/allocation patterns.

The paper is further organized as follows. Section 2 presents a brief literature
review of the existing approaches and the DEA and multi-objective models related
to the facility location. In Section 3, we develop and present formulations combing
the multi-objective goal programming facility location problem with the DEA
problem. Section 4 includes an illustration of the proposed model to demonstrate
the effectiveness of the solution approaches used. Finally, concluding remarks are
presented in the last section.

2. METHODOLOGY

2.1. DATA ENVELOPMENT ANALYSIS (DEA) MODEL

Charnes et al. [9] introduce data envelopment analysis (DEA) to assess the
relative efficiency of a homogeneous group of decision-making units (DMUs), such
as schools, hospitals, or sales outlets. The DMUs usually use a set of resources,
referred to as input indices, and transform them into a set of outcomes, referred to
as output indices. The more output produced for a given amount of resources, the
more efficient (i.e., less wasteful) is the process. Model I shows the CCR (Charnes,
Cooper, and Rhodes) model [9].

Model I

S
maXE HrYrp
r=1
m
s.t. E VT = 1
i=1

S m
Z/errj - Zvﬂz‘j <0, j=1,...,n
r=1 i=1

r 20,0, 20 r=1,...;s; 1=1,...,m.

In the basic DEA model (CCR), the DEA procedure finds the set of weights that
makes the efficiency of that DMU as large as possible for each DMU, but at the
same time the efficiencies of all the units in the set when evaluated with these
weights is prevented from exceeding a value of 1. The procedure is repeated for all
other DMUs to obtain their weights and associated relative efficiency score: where
p is the decision making unit being evaluated, s represents the number of outputs,
m represents the number of inputs, y,; the amount of output r provided by DMU
J, xij the amount of input sused by DMU j, and p, and v; are the weights given
to output r and input i, respectively.

The CCR assumes that data on the inputs and outputs are known exactly.
However, this assumption may not be true. For example, some outputs and inputs
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TABLE 1. Data for.
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2 Ordinal ranks (7 = the best; 1 = the worst), P three ordinal ranks (3 = the best; 1 = the
worst), © ratio bound based on the reference DMU4 (e.g. 0.80x24 < w21 < 0.85%24).

may be only known as in the forms of bounded data, ordinal data, and ratio
bounded data. If we incorporate such imprecise data information into the standard
CCR model, we have:

Model 11

S
max Zﬂrym
r=1
m
s.t. Zvixip =1
i=1

S m
Z,uryrj —Zvixij <0; jg=1,...,n
r=1 i=1

(l'ij)GD;; t=1,....,m
(yrj) € D;f; r=1,...,s
r =20, v; 20 r=1,....8; 1=1,...,m

where (z;;) € D; and (y,;) € D, represent any of the forms of bounded data,
ordinal data, and ratio bounded data.

To provide an example of this model, we turn to Table 1, which presents the
data where the inputs and the outputs are in ordinal and ratio bounded forms.

Based on scale transformation and variable alterations, the nonlinear model (2)
can be transformed into a linear programming problem.

In recent efforts, there has been a significant interest in evaluating the efficiency
of spatial location patterns both by practitioners and academics. The first of these
applications using DEA was by Shroff et al. [34]. Based on the DEA methodology
as originally proposed by Charnes et al. [9], they described their problem of locat-
ing long-term care facilities in the Northern Virginia region as one of “locational
benchmarking” and used DEA as a locational benchmarking tool to measure the
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relative efficiencies of potential geographical regions to support the siting decision
for a long term health care facility.

Thomas et al. [36] developed a modified version of the DEA model called the
multi-alternative DEA model. This multi-alternative DEA model simultaneously
solves the DEA model in one linear programming for picking the most efficient p
obnoxious-facility locations based on the DEA score. Finally, a model combined
location and DEA models into one single-objective that maximizes the efficiencies
of p facilities to be opened.

The research of Klimberg and Ratick [22] appeared as a pioneering attempt
that applied bi-objective programming to location problems by first formulating
the simultaneous DEA linear program, and then combining that formulation, in
a multi-objective framework, with both the uncapacitated and capacitated fixed
charge facility location problem. Their model formulation simultaneously considers
the interaction of spatial efficiencies of different location patterns through the use
of least cost objectives (facility and transport cost), and the facility efficiencies at
those sites through the use of the DEA objective as follows:

K L
Max Z1:ZZ(1—dk1)

k=1 i=1
K L K

Min Z5 = ZZ ldemgxkg—i-ZFkyk.
k=1 1=1 k=1

The first objective function maximizes the facility efficiencies serving the demand
as measured by the sum of the efficiencies for all facility (k) and demand (I) com-
binations that may operate in the optimal solution. The second objective function
minimizes the spatial efficiency as measured by the total cost (transportation and
fixed opening costs) of supplying the demand in the system. In conclusion, they
also point out that similar promising results would obtain if this approach were
used with location models formulated with other criteria such as profit, access, or
capacity limitations; an area they hope to explore in the future.

In conclusion, when DEA is used alone to evaluate the relative spatial efficiency
of facility location-allocation decisions, the potential location with the highest rel-
ative efficiency is selected for implementation, which does not take the multiple
objectives nature of the location- allocation problem into account and can some-
times result in an infeasible solution. In this paper, to overcome the limitations
of DEA approach and simultaneously consider other location modeling criteria
that Klimberg and Ratick [22] addressed in their paper, a combined DEA and
goal-programming approach is proposed in the next section.

2.2. GOAL PROGRAMMING

Goal programming (GP), proposed by Charnes and Cooper [8], is most widely
used approach within the multi-criteria decision-making (MCDM) field. The GP
approach of multi-criteria problems has received increasing interest due to its
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modeling flexibility and conceptual simplicity. Unlike linear programming, the GP
model does not optimize (maximize/minimize) the objectives directly. Instead, GP
solution technique focuses on the minimization of the deviations from each goal,
subject to the goal constraints and system constraints. Also, these goals must
be prioritized in a hierarchy of importance. The over and under achievements of
goals is measured in GP using the so called deviation variables. A commonly used
generalized model for goal programming is as follows [24]:

Model IIT

k
Min Y P; (wfdf +w;d;)
i=1

st OC'X +df —dy =t

CEX +df —dy =ty
XeSs
d-,dF >0 i=1,2,....k

i)

in which S is the feasible region; P; is the preemptive factor/priority level assigned
to each relevant goal in rank order (i.e. P, > Py > ... > Fy), C'X is the ith
goal criterion function, and ¢; are the target values of the k goal criteria. The
variables d; and d; are the deviation variables, which measure achievements below
and above ith goal. The w;r and w; are relative importance weights attached to
the underachievement and overachievement deviational variables.

GP model consists of two sets of constraints, i.e., system constraints and goal
constraints. System constraints are formulated following the concept of LP that
cannot be violated, whilst goal constraints are taken as the auxiliary constraints
which utilize deviation variables (typically both positive and negative deviation
variables) that measure the difference between the desired value (or goal) and the
predicted model value. The GP model used in this paper is called as preemp-
tive GP, in which the unwanted deviations are minimized hierarchically according
to the priority levels of the goals so that the goals of primary importance can receive
first-priority attention, those of second importance can receive second-priority at-
tention, and so forth. The preemptive GP model accepts implicitly infinite trade-
offs among goals placed in different priority levels [26].

It is noted that, in optimization formulation, we have d; - dj = 0 for all k.
Moreover, in the achievement function, w;” = 0 if d; is not an unwanted deviation
and w; = 0 if d is not an unwanted deviation. It implies that only unwanted
deviations are included into the achievement function.

Since it was initially introduced by Charnes and Cooper [8], goal programming
has been widely applied to solve different real-world problems which involves mul-
tiple objectives such as healthcare planning, engineer design, resource allocation,
quality control [7,11,30,33]. In recent years, there was a rich literature on the use
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of goal programming in location science research and several models have been
formulated and applied for location problems.

The research of Charnes and Storbeck [10] appeared as a pioneering attempt
that applied goal programming to location problems. They developed a goal pro-
gramming model for the siting of multilevel EMS systems. By applying location
covering techniques within a goal programming framework, this study develops
a method for the siting of multilevel EMS systems so that (1) each service level
maximizes coverage of its own demand population and (2) “back-up” coordination
between levels is assured.

Sydney and Lisa [35] developed a modeling framework for hospital location and
service allocation for the supply and demand matching of public hospital beds
in Hong Kong. It addresses the planning issues of hospital locations and service
allocations, which include new services distribution as well as existing services
redistribution. A goal programming model to solve the problem is developed and
a small example is presented as an illustration for its intended useful purposes.

Recognizing the multiple and conflicting objective nature of the location-
allocation problem in an international setting, Badri [5] proposes the use of the
analytic hierarchy process and multi-objective goal-programming methodology as
aids in making location-allocation decisions. The analysis of the application of
these methodologies in a real life problem verified that the methodology presented
can help facility planning authorities to formulate viable location strategies in the
volatile and complex global decision environment.

Alsalloum and Rand [1] proposed a goal programming model for identifying the
optimal locations of a pre-specified number of emergency medical service stations.
Two objectives are considered. The first goal is to locate these stations so that
the maximum expected demand can be reached within a pre-specified target time.
The second goal is to ensure that any demand arising located within the service
area of the station will find at least one vehicle, such as an ambulance, available.
The model developed was used to evaluate locations for the Saudi Arabian Red
Crescent Society, Riyadh City, Saudi Arabia.

3. CoMBINED DEA AND GOAL PROGRAMMING MODEL
FOR THE FLA PROBLEM

In this section, two methodologies are combined for the facility loca-
tion/allocation problem. DEA is first presented as a stand-alone methodology and
then a combined DEA and GP model is presented as an extension to consider
additional criteria in decision making process.

3.1. NOTATION

8.1.1. Parameters

i index of demand areas
j index of potential facility sites
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a; demand in area i

f;  fixed cost of opening facility j

h;  the relative efficiency scores of the facility j

ave the average system efficiency score that needs to be maintained for open
facilities

>

cij cost of shipping one unit of demand from facility j to demand ¢
S the target value for the total fixed cost

O  the target value for the total transportation cost [

T  the target value for the total cost

@  the target value for the quality of life index

L the targeted number of facilities required.

3.1.2. Decision variables

v, — 1 if a facility is located at site j
7710 otherwise

Xi; amounts of units shipped from facility j to demand 1.

3.1.8. Auziliary variables

d; deviation of underachievement of Z?:l Y have
dF deviation of overachievement of Z?:l Y have
d; deviation of underachievement of S

df deviation of overachievement of S

d, deviation of underachievement of O

dF deviation of overachievement of O

d; deviation of underachievement of 7’

d deviation of overachievement of T

d, deviation of underachievement of @)

d} deviation of overachievement of Q

d; deviation of underachievement of L

d” deviation of overachievement of L

3.2. GOAL PROGRAMMING MODEL INCORPORATING THE RELATIVE EFFICIENCY
BY DEA

Extending the use of the DEA methodology to consider resource limitations
and other goals, we incorporates the DEA relative efficiencies as one of its goals
as in model IV in a multi-objective goal programming framework. Hence, given
the above-defined goals and variables, the facility location-allocation problem was
reduced to the problem of minimizing the sum of goal deviational variables subject
to the goal constraints and system constraints giving due considerations to the
priority factors. Of course, the priorities given to each goal will attempt to reflect
the decision making criteria of decision-makers. Therefore, the proposed GP model
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incorporating the relative efficiency goal can be formulated as follows:

Model IV

man:.Pldj'FPde'FPgd—i_ +P4d; +P5d;+P6(dl_ +dl+)

total

st Vihyd; —df =37 Vihae (3.1)
> Yify+di—di =5 (3.2)
Z; Z::l cijXij +dy —dy =0 (3.3)
S Xyt Y Vil +dy —df =T (3.4)
Z::l @Y +d; —dy =Q (3.5)
Z::l Y +dy —df =L (3.6)
Z::l Xij = MY; <0 (3.7)
X > 0. (3.8)

3.3. GOAL CONSTRAINTS

Suppose that npotential sites are being considered as locations for new facilities.
Let y,; and z;; denote the rth benefit measure and 7th cost measure of the jth
alternative. Let u, denote the weight placed on the rth benefit of the jth alterna-
tive and v; the ith cost of the jth alternative. We utilized the ratio DEA model,
shown as Model II, in evaluating the relative efficiency scores h; of the facility j.
The greater the relative efficiency hj, the greater the preference for the specificjth
location. Extending the use of the DEA methodology to consider resource lim-
itations and other goals, we propose a GP model, which incorporates the DEA
relative efficiencies as one of its goals as in equation (3.1)

Goal 1: Maximize the sum of the DEA efficiencies of all potential facilities

As Klimberg and Ratick [22] noted, the first objective function is to maximize
the facility efficiencies serving the demand as measured by the sum of the effi-
ciencies for all facility and demand combinations that may operate in the optimal
solution. In this paper we modified and redefined this objective function expressed
as a goal constraint (3.1) in a goal programming formulation.

Z;;l Y;h; represents the sum of the efficiency scores for all potential locations.
have Tepresents the average system efficiency score that needs to be maintained for
open facilities. The corresponding goal is stated as: minimize the negative deviation
from the planned budget (d;) (Eq. (3.1)).

In addition to the DEA relative efficiency goal, multiple as well as conflict-
ing goals are present in the facility location-allocation problems. In our ap-
proach we adopt the goals that are the mostly used goals in the location
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literature [3,5,6,13,17,22,25]. These are explained below:
Goal 2: Minimize the setup cost

One common objective used in many facility- location related studies is to min-
imize the fixed cost associated with locating the new facility. The total fixed costs
of newly locating emergency facilities may include land acquisition cost, facilities
construction, operating and maintenance cost. Usually, the goal is to have fixed
costs not exceeding a given budgeted amount [5]. The corresponding goal is stated
as: minimize the positive deviation from the planned budget (df) (Eq. (3.2)).

In equation (3.2), S is the total fixed cost targeted n is the number of potential
locations, and f; is the fixed cost associated of opening a facility at candidate
location j.

Goal 3: Minimize the transportation cost

In equation (3.3), ¢;; cost of shipping one unit of demand from facility j to
demand 4. m is the number of demand areas. O is the target value for the total
transportation cost goal. The corresponding goal is stated as: minimize the positive
deviation from the planned budget (d}) (Eq. (3.3)).

Goal 4: Minimize the total cost

In equation (3.4), the first term is the total transportation cost and the second
term the fixed cost of opening the facilities. T is the target value for the total cost
goal. The corresponding goal is stated as: minimize the positive deviation from
the planned budget (d;) (Eq. (3.4)).

Goal 5: Maximize the quality of life index

Management desires to locate facilities at sites where there is satisfactory level
of quality of life index weights. By using the @ as the target value, it would allow
the model to select facilities in such a way as to maximize the quality of life index

(dy ) [25].
Goal 6: Attain targeted number of facilities required

The goal for attaining the targeted number of facilities, given by equation (3.6),
represents the desired expansion rate reflecting forecasted demand for services [6].

In equation (3.6), L is the targeted number of facilities required. We should
mention that if the main objective of the exercise is to determine the number
of fire stations, one should formulate equation (3.6) as a regular constraint. In
that case, the right-hand side will be a large number and the equality sign will
be switched to a less than or equal (or greater than or equal depending on the
objectives).

3.4. SYSTEM CONSTRAINTS

System constraints may be necessary to force the Y;’s to be 1 if X;; # 0 for that
location. This procedure, represented by equation (3.7), has been used in many
other applications [6]. M is an arbitrary large number.
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TABLE 2. Input and output data for each facility.

Facility Outputs Inputs Efficiency
Yij Y24 Y3j L1j L2j L3j

F1 92 50 3 65 53 100 0.785
F2 78 25 1 74 52 [95,100] 0.737
F3 7173 2 76 75 [85,90] 0.823
F4 74 52 7 86 59 [85,90] 0.823
F5 35 55 8 40 30 [85,90] 0.823
F6 82 97 10 30 24 [65,70] 1

F7 42 75 9 80 91 [65,70] 1

F8 75 T4 5 53 97 [80,85] 0.875
F9 76 65 4 75 25 [80,85] 0.960
F10 48 69 6 45 62 [75,80] 0.933

4. EXAMPLE

In this section, we give an illustrative example to show how the proposed novel
models can be used to optimize the facility locations for public services. We first use
DEA model to optimize the performance-based configuration of facility network,
which can maintain a high degree of customer satisfaction and convenience. We also
compare the solution obtained by the proposed novel model with the solution to
the DEA-only location problem, thereby assessing the advantages of the combined
model (if any).

In this example, a total of ten potential facilities serving 12 demand zones,
each with three inputs and three outputs, were identified. Table 2 contains the
input-output vectors for each potential facility and their corresponding DEA scores
solved by model (2). Table 3 lists the fixed cost for each potential facility and the
unit transportation cost from facility to demand.

Given the DEA relative efficiencies in Table 2 and the data in Table 3, a model
employing DEA and goal programming approaches is formulated. The model (3)
is solved by LINGO 8.0 on a PC 2.20 GHz Intel Core Dual E2200 with 1.98 GB
of RAM. CPU times were under 1 second for all scenarios. The resulting solutions
are presented in Tables 4 and 5.

A comparison between the DEA-only solutions and the combined DEA-GP so-
lutions reveals the potential superiority of the combined model. If we run the DEA-
only model to select the four highest DEA relative efficiency locations in Table 2
by setting the associated Y;’s to be 1 (i.e. F6, F7, F9, F10, respectively), we can
see that this selection decision will exceed the budgeted fixed cost (i.e., by 40000)
and most importantly increase the budgeted transportation cost (i.e., by 10700)
and the total cost (i.e., by 50 700). If we run the DEA-GP model by assuming P, >
P, > P3, > P, > Ps, the selected facilities are F1, F6, F7, F9. In this case, the
negative deviation variable d; and d; with the selected facilities (F1, F6, F7, F9)
are 5000 and 4550, respectively. In other words, the DEA-only solution of selecting
the four highest relative efficiencies constitutes an infeasible solution since insuffi-
cient resources exist to support that selection. Thus, the solution provided by the
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TABLE 4. Comparison of the DEA-GP model solution and DEA-
only solution (decision variables).

Location The combined model DEA-only

alternative selection solution selection decision
F1 Yes No (0.785)
F2 No No (0.737)
F3 No NO (0.823)
F4 No No (0.823)
F5 No NO (0.823)
F6 Yes Yes (1.0)
F7 Yes Yes (1.0)
F8 No No (0.875)
F9 Yes Yes (0.960)
F10 No Yes (0.933)

TABLE 5. Comparison of the DEA-GP model solution and DEA-
only solution (deviation from goals).

Resource Targeted goals DEA-GP DEA-only
model deviation  model deviation

Total fixed costs 200000 -5000 40 000

Total transportation costs 55000 450 10700

Total costs 255000 —4550 50 700
Desired expansion rate 4 4 4

Quality of life 400 —74 =77
DEA relative efficiency 4 —-0.255 -0.107

combined DEA-GP model is realistic and feasible since it takes into consideration
resource limitation. We also notice that the negative deviation associated with
quality of life by the combined model is (=74) compared to the DEA-only result
of (-77). However, the negative deviation by the DEA-GP model associated with
the DEA relative efficiency is —0.255 compared to the DEA-only result of —0.107.

In order to investigate the effect on the optimal solution of different priority
structure of the goals and different target values. Sensitivity analysis was carried
out by changing the priority order and the target value. Optimum locations, givens
the different priority weights of the goals and different target values, are presented
in Table 6. The second column shows that the objectives were sought. The third
and remaining columns show the result when applying the proposed novel model
when the level of the priorities and the aspiration values are changed accordingly.

It can be argued that these targets have been selected somewhat arbitrarily.
However, we had to make these assumptions since this is a hypothetical example.
In a real life application the decision maker (government, local authority, etc.)
would set these targets, possibly based on any international standard(s) relevant
for such situations.

Scenario 1, 3 and 4 result in the same resolution. These outcomes reflect the
high priority that is assigned to the fixed costs and the total costs. These scenarios
attempt to minimize the fixed costs and the total costs. As a result, the negative
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deviation variable d; and d; with the selected facilities (F1, F6, F7, F9) are 5000
and 4550, reduced by 4% and around 2% respectively. But the positive deviation
variable of the transportation costs d is 450.

In Scenario 2, the transportation cost is set as the first priority. As a result, the
negative devastation variable d; with the selected facilities (F1, F3, F6, F'7) is 960.
The second-priority goal is to minimize the fixed cost. The solution presented
in this scenario has three alternatives that were also chosen by the above three
scenarios (F1, F6, F7).

Scenario 5 deals with the minimization of the quality of life. The negative devi-
ation variable d,~ is 62, which is the highest level of the quality of life. We should
point out that the right-hand side of the constraints associated with the quality of
life was set as 400, this goal would never be attained fully. The second-priority goal
is to minimize the fixed costs. Thus, the positive deviation variables d} is 2000,
which is the lowest except scenario 1 that assigns the highest priority to the min-
imization of the fixed costs. This scenario provides a selection list that has three
alternatives that were chosen by the scenario 1 that targeted the minimization of
the fixed costs (F1, F6, FT7).

Scenario 6 also deals with the minimization of the quality of life. In this scenario,
the quality of life is the same as that in scenario 5. Compared with Scenario 5,
the next highest priority goal is associated with the minimization of the trans-
portation costs. As a result, the negative deviation variable d; is 1870, which is
the lowest level of the transportation costs. This scenario provides a selection list
that has three alternatives that were chosen by the scenario 2 that targeted the
minimization of the transportation costs (F1, F3, F6).

Scenario 7 assigns the highest priority goal to the DEA relative efficiency. As a
result, the facilities with the four highest DEA score (F6, F7, F9, F10) were se-
lected. The negative deviation variable d_ is —0.107. Scenario 7 provides the high-
est relative efficiency score. The positive deviation variables d} and df are 10700
and 40000, respectively. This shows that the transportation costs and the fixed
costs are extremely high. It is obvious to state that this solution is not acceptable.

In summary, the selected choice is dependent on the priority structure and the
aspiration levels (as follows). The analysis shows that the proposed novel model can
be studied by using the interactive procedure by changing the priority structure
and the aspiration levels (as follows) to reach out to a solution which is more
suitable to the decision maker.

To analyze the inter-relationships among the various goals of facility location-
allocation system, the sensitivity analysis of the effect of change in the DEA relative
efficiency target on the fixed costs and the total costs is made. It is observed
from Figure 2 that prior to 15% decrease in DEA score, substantial deviations
from the fixed costs target and the transportation costs target are observed. With
a minimum of 15% decrease in the DEA score target, the fixed costs and the
transportation costs targets can be overachieved.

From the analysis, it reveals that when applying DEA to find optimal and
efficient facility location-allocation patterns, it should be combined simultaneously
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FIGURE 2. Effect of change in DEA score target on the fixed costs
and the total costs.

with other location modeling objectives. It also coincides with the conclusion drawn
by Narasimhan et al. [29]. Narasimhan et al. [25] employ data envelopment analysis
(DEA) and mixed integer programming models to design efficient service location
in government services. A series of experiments are conducted with the proposed
novel model to trade off the cost (in the form of the minimization of the total
number of facilities located) and the DEA efficiency by varying the levels of system-
wide efficiency using the data of real-life169 branch offices of the agency located
in the State of Michigan. The analysis shows that reasonable minimum efficiency
levels (not the highest level of efficiency score) can be set simultaneously with
other location modeling objectives for feasible solutions to facility location system
when applying DEA to find efficient facility location-allocation decisions.

As mentioned above, target value and priority structure play an important role
in finding the optimal solution in the preemptive goal programming formulation.
The analysis of the priority structures and the aspiration levels will assist policy
makers to understand the effect of the target values and the priority structure of
individual goals on the system behavior and also guide the managers in deciding the
best priority structure and aspiration level for the final selection list of facilities
under the given condition. A similar analysis can be performed by varying the
target levels of the other goals as well.

5. CONCLUSION

In this paper a DEA and GP combined multi-objective model for facility
location-allocation problem is presented. This is accomplished by first using DEA
to evaluate the relative efficiency of each potential location, and then combining
that formulation in a multi-objective goal programming framework. The applica-
bility of the proposed model has been demonstrated, through a numerical example.
Firstly, a comparison of the DEA-only and the combined DEA and GP solutions
reveals the potential superiority of the combined solution when making the facility
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location-allocation decisions. Secondly, further experiments are conducted with the
proposed model by adjusting the goal priorities with respect to the importance of
each objective and the aspiration level with respect to desired target values. The
results obtained demonstrate that the proposed model combining DEA and GP
is a viable tool and can be used to assist decision-makers in making appropriate
decisions regarding the facility location-allocation problems.

Further studies are strongly recommended that include the DEA detailed cost-
benefit analysis of potential locations regarding to various scenarios such as
emergency system design, supply chain network design and undesirable facilities
location.

Acknowledgements. This research was partly sponsored by a grant from the National Sci-
ence Foundation of China (Nos. 71371101 and 61463045) and the Fundamental Research
Funds for the Central Universities.

REFERENCES

[1] O.I. Alsalloum and G.K. Rand, Extensions to emergency vehicle location models. Comput.
Oper. Res. 33 (2006) 2725-2743.

[2] A. Ancarani, C. Di Mauro and M.D. Giammanco, The impact of managerial and organiza-
tional aspects on hospital wards’ efficiency: Evidence from a case study. Eur. J. Oper. Res.
194 (2009) 280-293.

[3] C. Araz, H. Selim and I. Ozkarahan, A fuzzy multi-objective covering-based vehicle location
model for emergency services. Comput. Oper. Res. 34 (2007) 705-726.

[4] A. Azadeh, S.F. Ghaderi and A. Maghsoudi, Location optimization of solar plants by an
integrated hierarchical DEA PCA approach. Energy Policy 36 (2008) 3993-4004.

[5] M. Badri, Combining the analytic hierarchy process and goal programming for global facility
location-allocation problem. Int. J. Prod. Econ. 62 (1999) 237-248.

[6] M.A. Badri, A.K. Mortagy and C.A. Alsayed, A multi-objective model for locating fire
stations. Eur. J. Oper. Res. 110 (1998) 243-260.

[7] J.T. Blake and M.W. Carter, A goal programming approach to strategic resource allocation
in acute care hospitals. Fur. J. Oper. Res. 140 (2002) 541-561.

[8] A. Charnes and W.W. Cooper, Management models and industrial applications of linear
programming. Wiley, New York (1961).

[9] A. Charnes, W.W. Cooper and E. Rhodes, Measuring efficiency of decision making units.
Eur. J. Oper. Res. 2 (1978) 429-444.

[10] A. Charnes and J. Storbeck, A goal programming model for siting multi-level EMS Systems.
Socio-Economic Planning Sci. 14 (1980) 155-161.

[11] L.H. Chen and M.C. Weng, An evaluation approach to engineering design in QFD processes
using fuzzy goal programming models. Fur. J. Oper. Res. 172 (2006) 230-248.

[12] L. Cooper, Location-allocation problems. Oper. Res. 11 (1963) 331-344.

[13] J. Current, H. Min and D. Schilling, Multi-objective analysis of facility location decisions.
Eur. J. Oper. Res. 49 (1990) 295-307.

[14] T. Drezner, Z. Drezner and S. Salhi, A multi-objective heuristic approach for the casualty
collection points location problem. J. Oper. Res. Soc. 57 (2006) 727-734.

[15] E. Erkut, A. Karagiannidis, G. Perkoulidis and S.A. Tjandra, A multicriteria facility location
model for municipal solid waste management in North Greece. Eur. J. Oper. Res. 187 (2008)
1402-1421.

[16] G. Fandel, On the performance of universities in North Rhine-Westphalia, Germany: Gov-
ernment’s redistribution of funds judged using DEA efficiency measures. Fur. J. Oper. Res.
176 (2007) 521-533.



772 L. FANG AND H. LI

[17] I. Giannikos, A multi-objective programming model for locating treatment sites and routing
hazardous wastes. Fur. J. Oper. Res. 104 (1998) 333-342.

[18] S.L. Hakimi, Optimum locations of switching centers and absolute centers and medians of
a graph. Oper. Res. 12 (1964) 450-4509.

[19] S.L. Hakimi, Optimum distribution of switching centers in a communication network and
some related graph theoretic problems. Oper. Res. 13 (1965) 462-475.

[20] C. Kao and S.T. Liu, Stochastic data envelopment analysis in measuring the efficiency of
Taiwan commercial banks. Fur. J. Oper. Res. 196 (2009) 312-322.

[21] T.H. Keh and S. Chu, Retail productivity and scale economies at the firm level: a DEA
approach. Omega 31 (2003) 75-82.

[22] R.K. Klimberg and S.J. Ratick, Modeling data envelopment analysis efficient loca-
tion/allocation decisions. Comput. Oper. Res. 35 (2008) 457-474.

[23] B. Kraiwinee, D.H. Eugene and P.D. Jonathan, Multinational investment and host country
development: Location efficiencies for services offshoring. J. World Business 43 (2008) 227—
242.

[24] N.K. Kwak, M.J. Schnierderjans and K.S. Warkentin, An application of linear goal program-
ming to the marketing distribution. Fur. J. Oper. Res. 52 (1991) 334-344.

[25] S.M. Lee, G.I. Greens and C.S. Kim, A multiple criteria model for the location-allocation
problem. Comput. Oper. Res. 5 (1981) 1-8.

[26] M. Mathirajan and R. Ramanathan, A (0-1) goal programming model for scheduling the
tour of a marketing executive. Eur. J. Oper. Res. 179 (2007) 554-566.

[27] W. Meilin and K. Iwamura, Fuzzy facility location-allocation problem under the Hurwicz
criterion. Fur. J. Oper. Res. 184 (2008) 627-635.

[28] H.M. Melachrinoudis and A. Messac, The relocation of a manufacturing/distribution facility
from supply chain perspectives A physical programming approach. JAI Press, Amsterdam
(2000), Vol. 10, pp. 15-39.

[29] R. Narasimhana, S. Talluria, J. Sarkisb and A. Ross, Efficient service location design in
government services: a decision support system framework. J. Oper. Manag. 23 (2005) 163~
178

[30] J.P. Oddoye, D.F. Jones, M. Tamiz and P. Schmidt, Combining simulation and goal pro-
gramming for healthcare planning in a medical assessment unit. Eur. J. Oper. Res. 193
(2009) 250-261.

[31] G. Peijun, Fuzzy data envelopment analysis and its application to location problems. Inform.
Sci. 179 (2009) 820-829.

[32] D. Reynolds and G.M. Thompson, Multiunit restaurant productivity assessment using three-
phase data envelopment analysis. Int. J. Hospitality Manag. 26 (2007) 20-32.

[33] M.C. Sadok, C. Habib and A. Belaid, Quality control system design through the goal pro-
gramming model and the satisfaction functions. Fur. J. Oper. Res. 186 (2008) 1084-1098.

[34] C.K. Sydney and C. Lisa, A modeling framework for hospital location and service allocation.
Int. Trans. Oper. Res. 7 (2000) 539-568.

[35] H.E. Shroff, T.R. Gulledge and K.E. Haynes, Siting efficiency of long-term health care
facilities. Socio-Economic Planning Sciences 32 (1998) 25-43.

[36] P. Thomas, Y. Chan, L. Lehmkuhl and W. Nixon, Obnoxious-facility location and data
envelopment analysis: a combined distance- based formulation. Eur. J. Oper. Res. 141
(2002) 495-514.

[37] F.M. Tseng, Y.J. Chiu and J.S. Chen, Measuring business performance in the high-tech
manufacturing industry: A case study of Taiwan’s large-sized TFT-LCD panel companies.
Omega 37 (2009) 686-697.

[38] L.L. Yang, B.F. Jones and S.H. Yang, A fuzzy multi-objective programming for optimization
of fire station locations through genetic algorithms. Eur. J. Oper. Res. 181 (2007) 903-915.

[39] K. Yoon and C.L. Hwang, Multiple attribute decision making: an introduction. Sage Publi-
cations, USA (1995).

[40] O. Yoshiaki and T. Kazuki, Efficient location for a semi-obnoxious facility. Ann. Oper. Res.
123 (2003) 173-18.



	Introduction
	Methodology
	Data envelopment analysis (DEA) model
	Goal programming

	Combined DEA and goal programming model for the FLA problem
	Notation
	Parameters
	Decision variables
	Auxiliary variables

	Goal programming model incorporating the relative efficiency by DEA
	Goal constraints
	System constraints

	Example
	Conclusion
	References

