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Abstract: The problem of allocating resources among the various projects or business units to meet
the expected objectives falls under multi objectives resource allocation problem (MORAP). Resources
to accomplish the goals are in limited supply. For this reason, the MORAP will be formulated as a
complex multi objectives optimization model. Data envelopment analysis (DEA) is applied to obtain
a set of Pareto solutions efficiently. We propose a process in which instead of maximizing profit and
minimizing cost, total efficiency of each allocation that is obtained by DEA is considered. Based on
the efficiency scores we obtain new data and use them to form production possibility set to find the
set of Pareto solutions. Numerical examples are presented to illustrate the application procedure of the
proposed approach.
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INTRODUCTION

Multiple-objective optimization problem has received increased interest from researchers with various
backgrounds since early 1960. In a multi objective optimization problem, multiple-objective functions need to
be optimized simultaneously. In the case of multiple-objectives, there is not necessarily a solution that
optimizes all objectives simultaneously, because of incommensurability and conflict among objectives. A
solution may be optimal in one objective but worst in another. Therefore, there usually exist a set of solutions
for the multiple-objective case which cannot simply be compared with each other. According to the findings
by M. Gen and R.Cheng (2000) for such solutions, called non-dominated solutions or Pareto optimal solutions,
no improvement is possible in any objective function without sacrificing at least one of the other objective
functions. In the past few years, there has been a boom in applying genetic algorithms to solving the multi
objective optimization problem known as evolutionary multi objective optimization or genetic multi objective
optimization. The basic feature of genetic algorithms is the multiple directional and global searches, in which
a population of potential solutions is maintained from generation to generation. The population-to-population
approach, proposed by M. Gen and R. Cheng (1997), is beneficial in the exploration of Pareto solutions.
Resource allocation problem (RAP) is the process of allocating resources among the various projects or
business units for maximization of profit or minimization of cost. The process of the RAP seeks to find an
optimal allocation of a limited amount of resource to a number of tasks for optimizing their objectives subject
to the given resource constraint. Resource may be a person, asset, material, or capital which can be used to
accomplish a goal. A goal maybe objective or target, usually driven by specific future financial needs. The
best or optimal solution may mean maximizing profits, minimizing costs, or achieving the best possible quality.
Osman et al. (2005) proposed a genetic algorithm for multi-objective resource allocation problem. The
chromosome is resource allocated job and the objective is to maximize the efficiency with the minimum cost.
Lin and Gen presented a hybrid genetic algorithm for the same problem. It is seen that compared to
mathematical programming approaches only few MORAP researches based on meta-heuristic algorithms have
been conducted, S.K. Chaharsooghi and A.H. Meimand Kermani(2008) applied ant colony optimization, based
on findings of Dorigo (1992) propose a modified version of ant colony optimization for MORAP, they try to
increase the efficiency of algorithm by increasing the learning of ants. In this paper we propose a multi stages
process to obtain Pareto solutions for MORAP based on DEA abilities. We find out all possible allocations
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and then provide inputs and outputs for each of them. We apply DEA for two purposes. First for evaluating
total efficiency of each possible allocation and second for determining Pareto solutions based on previous
results. This paper is organized as follows. The following section reviews the definition and models related
to the proposed approach. Section 3 describes the proposed approach. In Section 4, a numerical example is
used to demonstrate the applicability of the approach. Conclusions are finally made in Section 5.

2. Related Definition and Models:
The definition of Pareto optimal solutions and two kinds of models, the multi objectives resource allocation
problem and DEA approach, are used in this paper. These two approaches are introduced briefly as follows.

2.1 The Pareto-optimal Solutions:
For a problem having more than one objective function, consider two solutions X' = (x!",...,x!") and

1 seeen iy,

(2)

i

(2)

X* = (xl(z),...,xflz)) . A solution X' dominates X?, if xl.(z) >xPi=1,.,n and Xx,”) # X7

1

If any of the above condition is violated, the solution X' does not dominate the solution X?. If X'
dominates the solution X?, we say X* is dominated by X', or X' is non-dominated by X°.

2.2 The Multi Objective Resource Allocation Problem:

In this section, we consider the problem of multi-stage decision making model for multi-objective human
resource allocation. Gen and Cheng (2000) indicated optimization deals with the problem of seeking solution
over a set of possible choices to optimize certain without loss of generality. The mathematical model can be
formulated as follows:

Let N be the numbers of jobs, M be the numbers of workers, Cij be the cost of job i when j workers

are assigned and el.j efficiency of job i when j workers are assigned. Suppose.

1, if j worker asareassigned to job i

X,
Y 0, otherwise

Then the resource allocation model is as follows

N M
Max 3D e (-1
i=1 j=0
v o
Min ;/Z()cijxij (12)
N M
s.t. ZZ])CI] <M (1-3)
i=1 j=0
M] .
jzo xl] =1 Vl, (1-4)

x; =0orl V1i,].

In model (1) the objective function (1-1) is to maximize the total efficiencies for all the jobs. And the
objective (1-2) is to minimize the total costs for all the workers. Constraint (1-3) ensures that we cannot assign
the workers more than the total numbers of workers. Constraint (1-4) ensures that for each job i we just can
only assign workers for it one time. The Pareto optimal solutions are usually characterized as solutions of the
multi-objective programming problem.
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2.3 An Introduction to DEA:

Data Envelopment Analysis (DEA) is a nonparametric method for evaluating efficiency of systems with
multiple inputs and multiple outputs which are called decision making units (DMUs) . DEA is a mathematical
programming approach that uses the production frontiers to assess relative efficiency. Based on inputs and
outputs of the units, DEA forms efficient surfaces. If a DMU lies on the surface, it is efficient; otherwise, it
is inefficient. In this subsection we present some basic definitions, models and concepts that will be used in
other sections. They will not be discussed in details.

2-3-2 Efficiency:
Suppose that we have n DMUs {DMU ,, j =1,2,...,n} , which produce s outputs y, :r=1,2,...,5 by

utilizing m inputs x; 17 = 1,2,...,m . Relative efficiency is defined as the ratio of total weighted outputs to

the total weighted inputs. The efficiency measure for DMU, is defined as

s
Z urym
0, =
Z vixio
i=1

Where the weights #, and V; are non-negative. To estimate the DEA efficiency of DMU  , we use

@)

the following original DEA model of Charens, Cooper and Rhodes(1978):

2tV
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s.t. m—_l j=1..,n,
Z"ixij
i=1
v, Ze i=1,...,m,
u, 2 r=1,...,s

Where € > 0 is a non-archimedean constant. This nonlinear programming can be transformed into a linear form
by using the manner of Charnes and Cooper (1962). So (3) can be restated as follows

N
Max 00 = ZL_I}"yVO
r=1
m
s.t. Z\ino =1
i=1
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N m
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r

The efficiency ratio ranges between zero and one, with DMU  being considered relatively efficient if it
receives a score of one. This means that all the frontier DMUs  (efficient DMUs ) have 6, =1 . On

the other hand, if the solution is less than 1, the unit is considered inefficient. The target unit is changed in
turn, in which the set of weights also varies from unit to unit, to determine the relative efficiency of each unit
to the others.

3. The Proposed Approach:

The human resource allocation problem as a multistage decision making model involves determining the
optimal assignment for minimizing the total cost and maximizing the profit. As far as we are aware, the
conventional resource allocation problem considers a single objective. However, in many real applications, the
problem consists of multiple costs and profits. So, there is a need to provide an extension to traditional
MORAP by considering multiple incommensurate inputs and outputs for each possible allocation. In view of
the nature of such a problem, we employ the DEA technique to develop the solution procedure in this section.
Suppose that we have M workers and N jobs to be assigned, and there are 1 inputs and k outputs in each
possible allocation. Each job can be done by j=0,1,...,M worker(s). Hence if allocation of workers to jobs are
independent, the number of allocations is at most N(M+1). Here we ignore condition (1-4) and consider all
of dependent allocations. In this case the number of allocations is at most (M+1)~. Now we provide data to
include inputs and outputs for all possible allocations to evaluate their efficiency. In the next stage the obtained
efficiency scores are employed to determine objectives for each allocation. Finally again employ DEA. Suppose
the vectors, are made possible allocation as inputs and estimated objective as outputs. They compose
production possibility set to find Pareto solutions in PPS. The process can briefly be represented as follows:
1. Find all possible allocations between (M+1) situations based on constraint (1-3)

2. Apply the DEA procedure to evaluate efficiency score (eff*) of each possible allocation.
3. Estimate objective function by eff*x for each possible allocation.
4. Apply DEA to compose production possibility set to determine Pareto solutions.
According to allocation of M workers to N jobs, suppose that we have P(P<(M +1)")

{DMU , j=1,2,..,P} DMUs , which produce s outputs y,:r=L2,.,s by utilizing m inputs
X, = 1,2,...,m Relative efficiency is defined as the ratio of total weighted outputs to the total weighted

inputs. For each job, we consider possible situations of allocation workers as decision-making units (DMUs).
Now we employ the DEA technique (CCR model).

Using (4), we can obtain the relative performance of the allocation of the j workers to job i. Solutions of
last model is applied for stage 3. Finally we consider vectors as (x, eff*x) to compose PPS. These vectors made
efficient frontier and also Pareto solutions.

4. An Example:

Consider N=3 jobs and M=4 workers. It is clear for allocating different number of workers to each job,
there is 35 allowed allocations. It means there are 35 DMUs. Suppose each DMU spend three inputs to
produce one output. Table 1 provides inputs, outputs and efficiency scores for DMUs. And table 2 provides
results related to fourth stage. According to results, DMUs 2,14,15,18,22,25,26,27,30,33 are efficient. Therefore
we can compose set of Pareto solution with them. DMU 1 was removed because its inputs and output are zero.

5323



Table 1: provided data include inputs and outputs for allowed allocations

Aust. J. Basic & Appl. Sci., 4(10): 5320-5325, 2010

DMUs Inputs outputs Efficiency score (eff*)
1 70 80 60 0 0

2 60 65 50 9 0.2842
3 40 60 70 6 0.1817
4 50 40 50 2 0.0857
5 60 50 55 3 0.1084
6 70 80 60 1 0.0259
7 60 65 50 6 0.1895
8 40 60 70 3 0.0908
9 50 40 50 2 0.0857
10 60 50 55 5 0.1807
11 20 18 15 3 0.3333
12 22 18 25 0 0

13 12 15 11 1 0.1389
14 15 22 16 5 0.4749
15 15 17 16 2 0.2256
16 15 20 17 6 0.596
17 15 23 20 1 0.0869
18 15 16 6 4 0.9524
19 15 18 15 3 0.3333
20 12 17 10 4 0.5714
21 20 15 20 2 0.2278
22 20 15 5 3 0.8571
23 10 15 5 0 0

24 20 18 15 2 0.2222
25 15 17 15 4 0.4615
26 10 12 15 7 1

27 10 15 10 7 1

28 15 18 80 6 0.5094
29 17 22 16 5 0.4747
30 13 18 90 12 1

31 20 25 20 1 0.0811
32 5 12 16 1 0.1667
33 5 12 12 6 1

34 22 17 16 0 0

35 13 18 15 4 0.4444

Table 2: Efficiency score for new data

DMUs Inputs (allowed allocations) Outputs (eff*x) Efficiency score
1 0 0 0 0 -

2 0 0 1 0.2842 1.0000
3 0 0 2 0.3634 0.6393
4 0 0 3 0.2571 0.3015
5 0 0 4 0.4336 0.3814
6 0 1 0 0.0259 0.1148
7 0 1 1 0.379 0.4607
8 0 1 2 0.2724 0.2461
9 0 1 3 0.3428 0.2464
10 0 2 0 0.3614 0.8010
11 0 2 1 0.9999 0.7346
12 0 2 2 0 0.0000
13 0 3 0 0.4167 0.6157
14 0 3 1 1.8996 1.0000
15 0 4 0 0.9024 1.0000
16 1 0 0 0.596 0.5960
17 1 0 1 0.1738 0.0890
18 1 0 2 2.8572 1.0000
19 1 0 3 1.3332 0.4244
20 1 1 0 1.1428 0.8914
21 1 1 1 0.6834 0.2634
22 1 1 2 3.4284 1.0000
23 1 2 0 0 0.0000
24 1 2 1 0.8888 0.3013
25 1 3 0 0.846 1.0000
26 2 0 0 2 1.0000
27 2 0 1 3 1.0000
28 2 0 2 2.0376 0.5218
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Table 2: Continue

29 2 1 0 0.4241 0.6241
30 2 1 1 4 1.0000
31 2 2 0 0.3244 0.1265
32 3 0 0 0.5001 0.1667
33 3 0 1 4 1.0000
34 3 1 0 0 0.0000
35 4 0 0 1.7776 0.4444

5. Conclusion:

This paper proposes a four-stages method to obtain Pareto solutions of a multi objective resource allocation
problem by using data envelopment analysis method. For each allocation was provided a set of inputs and
outputs. Based on provided data, efficiency of each allocation was evaluated by DEA. Obtained efficiencies
were employed to estimate optimum objective function. Finally DEA was applied to evaluate current data and
to obtain Pareto solutions. We gave a numerical example at the end of paper.
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