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A multiple criteria decision analysis (MCDA) problem is studied in this paper, for which the evaluation results obey a particular
distribution. First, when solving amultiple criteria decision analysis (MCDA) problem, a grey target decision analysis framework is
proposed to determine uncertain parameters and criteria weights. Ameasurement for comprehensive off-target distance is defined,
which includes the undetermined parameters. Second, to satisfy the requirements of a specific distribution (such as a normal
distribution) in the assessment results, an optimization model that incorporates the off-target distance constraints is proposed by
considering the skewness and kurtosis test method. Third, a particle swarm optimization (PSO) algorithm is extended to solve the
proposed model by seeking the appropriate parameters and weights. Fourth, a numerical example is applied to demonstrate the
feasibility and application of the proposed method. In the end, the proposed model is extended to other distribution requirements.

1. Introduction

Over the past few decades, multiple criteria decision analysis
(MCDA) tool has been adopted to enable a decision-maker
(DM) to make a decision from a finite set of alternatives with
respect to multiple criteria [1]. MCDA is defined by a set of
alternatives (denoted by 𝐴1, . . . , 𝐴𝑛), from which a DM can
select the optimal alternative according to the identified set
of criteria (denoted by 𝐶1, 𝐶2, . . . , 𝐶𝑚). The evaluation value
of the alternative 𝑖 with respect to the criterion 𝑗 given by
the DMs is represented as 𝑎𝑖𝑗. The key tasks of the MCDA
methods are to study the weight of each criterion, integrate
the multiple criteria, and aggregate the information from
different DMs. On that basis, many methods are developed
to extend the possible applications for MCDA.

In the process of the MCDA, decision-makers prefer
that the alternatives obey a certain distribution when faced
with more decisions, such as the normal distribution. On
one hand, if the alternative is evaluated to obey the normal

distribution, the corresponding evaluation results are reason-
able. On the other hand, when the attribute weight and the
decision rules are not very clear, a normal distribution is often
also shown for the alternatives. Based on the framework of
MCDA, the comprehensive value can be obtained by aggre-
gating the values and weights of criteria. In most practical
cases, the MCDA problems often involve multiple dimen-
sions, in which the consideration of criteria interactions is
essential. In this paper, we consider a new situation when the
assessment result obeys a normal distribution with criteria
independence. Under such conditions, the comprehensive
value still obeys the normal distribution, which is related to
the weights of criteria. Then the multidimensional problem
can be reduced to a weighting problem. Thus, we mainly
study the issue of how to derive the weights of the criteria
and make a decision under a normal distribution. As many
decision-making problems pertain to theMCDAcategory, we
propose a method for deriving the weights of the criteria as a
decision-making parameter. Considering the simplicity of the
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grey target decision among the MCDA, this paper proposes
some parameters for the normally designed problems based
on the grey target decision analysis framework. Our main
contribution is to propose an analysis framework for the
MCDA problem with a normal distribution being included
based on the grey target decision method and then design
an algorithm for the model. First, we propose an improved
grey target decision method to optimize the target-setting
and criterion weights. Second, we establish an optimization
model to test the normal distribution of criteria based on the
skewness and kurtosis. Third, we develop a particle swarm
optimization (PSO) algorithm to solve the model. According
to the results of the model, we can verify the rationality
of the target center, obtain the criteria weights, and select
the optimal alternative. Furthermore, the analysis method is
applied in a case and extended to two other cases.

The structure of this paper is presented as follows.
Section 2 reviews the related literature. In Section 3, the grey
target decisionmethod is described. In Section 4, we describe
the random variable settings of the target, the measurement
of the combined off-target distance, and the constraints of
normal distribution assessment.Then, we propose amodel to
determine the optimal target and criteriaweights. In addition,
an intelligent optimization algorithm is developed to solve
this model. In Section 5, we apply the proposedmethodology
by using real data, and some extensions are suggested in Sec-
tion 6. Finally, conclusions in the paper are given in Section 7.

2. Literature Review

A number of well-knownMCDAmethods have been studied
in recent years [1], such as the multiattribute utility theory
(MAUT), the analytic hierarchy process (AHP), linear pro-
gramming technique formultidimensional analysis of prefer-
ence (LINMAP), and the elimination and choice translating
reality (ELECTRE) method. The MAUT is an effective tool
for decision analysis and quantitative analysis of decision-
making problems, which is carried out by utility analysis
[1, 2]. The AHP, introduced by Saaty [3], is an effective tool
for dealing with complex decision-making, helping decision-
makers set priorities and select the best alternative. The
LINMAP aims to obtain the best alternative, which is closest
to the ideal alternative through pairwise comparisons of
alternatives [4]. The ELECTRE method is modeled by using
binary outranking relations between two alternatives, which
considers four situations [5]. These methods are widely used
in MCDA problems as the basic analysis tools. Next, we
review the literatures according to the steps of MCDA.
First of all, the multiple preferences are obtained in many
studies because preference structuring and modeling are
greatly important. The ordinal information was studied and
preference programming was suggested in [6]. The pairwise
judgment in the AHP is widely applied as a preference
style [3]. To solve the uncertain decision-making problems,
linguistic preference [7], interval numbers [8], and triangular
fuzzy matrix [9] were developed in many studies. From these
literatures, we can see that various preference styles are used
to express the DM’s judgments. The combination use of

different uncertain styles will be a research trend for MCDA
problems. Second, many aggregation methods of MCDA
are developed to aggregate the information effectively, such
as the utility-based individual preference [2], the nonlin-
ear information aggregation method [10], the prioritized
weighted aggregation [11], the ordered weighted averaging
(OWA) operator and the families of OWA [12], the Choquet-
Mahalanobis operator [13], and the methods of determining
OWA weights [14]. The optimization model and aggregation
operator are the main methods. In addition, the applications
of MCDA are much increasingly common in practice. For
example, the supplier selection was studied with the fuzzy
technique for order of preference by similarity to an ideal
solution (TOPSIS) in [15]; the global e-government was
evaluated in [16]; the energy policy support was researched
in [17].

Uncertain situations often arise when DMs make a
decision. Thus, many methods were developed to solve
the uncertainty. Podinovski examined the ranking order of
decision alternatives under uncertainty with unknown utility
functions and rank-ordered probabilities [18]. Jiménez et
al. introduced a dominance intensity measuring method to
derive a ranking order of alternatives on the basis of the mul-
tiattribute utility theory (MAUT) and fuzzy sets theory [19].
The interval AHP was applied to solve the complex case [20].
Zhao et al. aggregated the hesitant triangular fuzzy infor-
mation method based on Einstein operations and applied
it to multiple criteria decision-making [21]. Lee and Chen
[22] proposed a new fuzzy decision-making method based
on the proposed likelihood-based comparison relations of the
hesitant fuzzy linguistic term sets. Due to the complexity and
uncertainty in decision-making problems and the inherent
subjective characteristics of decision-makers’ judgments, the
descriptions of criteria and alternatives involve uncertainty
[23]. In the problems with criteria interactions, classification
methods are studied [13] for some particular distributions.
The problem can be deduced as a particular MCDA case with
uncertain parameters, which should be analyzed from the
perspective of the modeling or optimization of some related
parameters. In most methodologies, it is assumed that each
of the criteria is independent of the others. In this paper,
we also focus on the discussion of the MCDA method with
the assumption of independent criteria. But, in recent years,
many methods focus on the criteria interactions. Different
from the methods of independent criteria, the method of
criteria interaction also involves the appropriate selection of
aggregation function and distance. Fuzzy measures can be
used to express redundancy, complementariness, and inter-
actions among criteria [24, 25]. Choquet integral [26] and
Sugeno integral [27] provide two main aggregation functions
to deal with criteria interactivity. Distance functions based
on fuzzy integral are also studied [25]. The Mahalanobis
distance and the Euclidean distance are used to measure the
distance between objects [28].Mahalanobis distance [13] uses
the inverse of the variance-covariance matrix to measure
the covariance distance of data, which is useful in problems
considering the dependence between criteria. The Euclidean
distance is only applied to deal with independent variables.
But the Euclidean distance is simple to compute and interpret.
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Under the assumption of independent criteria, the research of
criteria interactions is an interesting work to be studied in the
future. In this paper, we focus on the discussion of theMCDA
method forwhich the assessment results of alternatives obey a
particular distribution under the assumption of independent
criteria. The relevant research involves the determination
of criteria weights, the selection of decision model, and
the decision parameter settings, as well as the information
reasoning and assembling. For example, criterion weight
was determined based on the feedback model in multiple
criteria group decision analysis problems with requirements
for group consensus in an evidential reasoning context [29].
Ahn [30] presented a simple method for finding the extreme
points of various types of incomplete criteria weights. Chun
[31] solved the multicriteria decision problem with sequen-
tially presented decision alternatives based on the assumption
that the decision-maker has a major criterion that must be
“optimized” and minor criteria that must be “satisfied.” Yang
and Wang proposed a linguistic decision aiding technique
based on incomplete preference information [32]. However,
few studies focused on the problems in which alternatives
obey a specific distribution.

The grey system theory is also widely used in MCDA,
which usually deals with the uncertain problems. Since Deng
first introduced the grey system, its theory and application
have been developed rapidly in recent years [33]. The grey
target decisionmethod is an important application in the grey
system theory in decision-making problems. The method
refers to the targeted value setting in the satisfactory effect
region, which is currently used in project evaluation, supplier
selection, production efficiency evaluation, and other fields
[34]. Chen et al. [35] presented an approach for monitoring
equipment conditions based on the grey target decision. The
measurement for target distance and the weight optimiza-
tion model were also studied for adaptation to the three-
parameter interval grey number [36]. Considering the multi-
ple stages linguistic label, the grey target decision method is
proposed tomeasure the target distance [37].When the value
distribution of information is asymmetrical, a multiscale
extended grey target decision method is proposed to deal
with the problems with interval grey numbers [38].

Information is often imprecise inmost complex decision-
making problems, which cannot possibly be predicted with
certainty on the alternative performances. From the above
review, the existing research of MCDA focuses on fuzzy and
uncertain information processing, the weight setting method
and optimizationmodel, and the preference data aggregation
methods. However, most of MCDA researches rarely discuss
the multiple criteria decision analysis problem of alternative
information obeying a specific distribution. Therefore, it is
necessary to study such decision-making problems when the
decision-making object is subject to a distribution.

3. Grey Target Decision Analysis Theory

The grey systems theory was developed by Deng to study the
problems involving “small samples and poor information”
[33]. Its research objects can be classified into the black ones,
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Figure 1: An example of grey target decision effects.

the white ones, and the grey ones, according to certain cogni-
tive hierarchy. In this theory, a system is usually defined as a
black box if its internal structures and features are completely
unknown, whereas white box indicates that the internal
features of the system have been fully explored. If the internal
features of a system are partly known and partly unknown,
it is known as a grey system. The differences between fuzzy
and grey methods are summarized in a previous study [34].
Unlike fuzzy mathematics, the grey systems theory focuses
on research objects that have a clear extension and unclear
intension, whereas fuzzy mathematics has its strength in the
study of problems with “cognitive uncertainties.” All objects
of fuzzy mathematics have the characteristic of “having a
clear interior extent without a clear exterior extent.”

In addition to controlling the intrinsic social, economic,
agricultural, and ecological characteristics, the main research
tasks of grey system theory are forecasting and decision-
making. The nonuniqueness principle is an important fun-
damental principle of grey theory. This implies that the
solution to any problem with incomplete and nondetermin-
istic information is not unique. Strategically, the principle
of nonuniqueness is realized through the concept of grey
targets. The idea and analysis of the grey target decision are
presented in Figure 1.When the optimal or satisfactory goal is
set to be the grey target, the area between the grey target and
the alternative is essentially an optimal or satisfactory area,
which is not a strict optimal result. In practical applications,
the grey target decision method is flexible. In many cases,
it is impossible to achieve absolute optimality, so it is
often desirable to have a satisfactory outcome. In the actual
application process, the grey target can gradually shrink and
reduce to a point.

The following three definitions were all derived according
to a previous reference [34].

Definition 1 (see [34]). Let 𝑑(1)1 and 𝑑(1)2 , 𝑑(2)1 and 𝑑(2)2 , . . . , 𝑑(𝑠)1 ,
and 𝑑(𝑠)2 be the upper and lower threshold values for the
situation effects with objects 1, 2, . . . , 𝑠. Then the grey tar-
get of s-dimensional decision-making is defined as 𝑆𝑠 ={(𝑟(1), 𝑟(2), . . . , 𝑟(𝑠)) | 𝑑(1)1 ≤ 𝑟(1) ≤ 𝑑(1)2 , 𝑑(2)1 ≤ 𝑟(2) ≤𝑑(2)2 , . . . , 𝑑(𝑠)1 ≤ 𝑟(𝑠) ≤ 𝑑(𝑠)2 }.
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Definition 2 (see [34]). Let 𝑟0 = (𝑟(1)0 , 𝑟(2)0 , . . . , 𝑟(𝑠)0 ) represent
a center; then the expression

𝑅𝑠 = {(𝑟(1), 𝑟(2), . . . , 𝑟(𝑠)) | (𝑟(1) − 𝑟(1)0 )2 + (𝑟(2) − 𝑟(2)0 )2
+ ⋅ ⋅ ⋅ + (𝑟(𝑠) − 𝑟(𝑠)0 )2 ≤ 𝑅2} (1)

is defined as the s-dimensional spherical grey target with the
center 𝑟0 = (𝑟(1)0 , 𝑟(2)0 , . . . , 𝑟(𝑠)0 ) and radius R, where 𝑟0 =(𝑟(1)0 , 𝑟(2)0 , . . . , 𝑟(𝑠)0 ) is considered as the optimum effect vector.

Based on the definitions of both Euclidean distance [28]
and the grey target distance [34], the grey target distance
is actually a Euclidean distance. It is more suitable for the
assumption of independent criteria and is easy to compute.
Therefore, we choose the grey target distance in this paper.

Definition 3 (see [34]). Let 𝑟1 = (𝑟1(1), 𝑟1(2), . . . , 𝑟1(𝑠)) ∈ 𝑅𝑠
denote a vector. Then the off-target distance is defined as𝑟1 − 𝑟0 = [(𝑟1(1) − 𝑟0(1))2 + (𝑟1(2) − 𝑟0(2))2 + ⋅ ⋅ ⋅

+ (𝑟1(𝑠) − 𝑟0(𝑠))2]1/2 , (2)

where the off-target distance reflects the superiority of effect
vectors.

The grey target decision is introduced in detail in litera-
ture [34]. From the review of the grey target decision analysis
method, there are three aspects involved in the existing
studies in MCDA area. First, the method has been already
applied in numerous real-world applications. Second, the
grey target decision is extended to uncertain cases in which
the information is expressed in terms of the interval numbers,
fuzzy numbers, and other uncertain forms. Third, how to
aggregate the multistage information is also an interesting
topic. In some cases, the grey target decision is similar to the
TOPSIS method. The grey target decision can well reflect the
“nonuniqueness” principle of grey system theory. There are
two connotations involved in the grey target decision. Firstly,
the object of the grey target is restrained and nonunique.
In the method, the upper and lower values of alternatives
with respect to each of the criteria are defined to describe
the decision-making information. It can be considered as
a feasible region, where the relative satisfaction effect is
achieved, and thus reflect the restraint of the target. Secondly,
the solution of grey target has “nonunique” characteristic.
When facing many possible alternatives, the grey target
decision can combine the qualitative analysis, supplementary
information, and other quantitative methods to determine
one or more satisfactory solutions, which is helpful to make
both qualitative analysis and quantitative calculation. The
aforementioned two connotations reflect that we can achieve
the target, select a better alternative, and optimize the route
by using the grey target decision. In addition, the grey
target decision may not be very practical when there are
other distribution styles of alternatives, such as a normal
distribution. Accordingly, different distance measurement

should be considered according to the actual situation, such
as the Mahalanobis distance [28].

The positive and negative targets of grey target decision
are similar to the positive and negative ideal points in
TOPSIS method.They are both the recognized optimal effect
measures with decision makers. The differences between the
twomethods are described from two aspects. Firstly, based on
the grey target decision framework, the positive and negative
targets have the characteristics of the subjective and objective
combination. The positive and negative ideal alternatives in
TOPSIS focus on the calculation of pure proximity between
alternatives, which have objective characteristics. Secondly,
the set of positive and negative ideal alternatives is mostly
based on the maximum/minimum values of all the evaluated
alternatives with respect to some criteria. However, the posi-
tive and negative targets reflect the principle nonuniqueness
of the grey target decision. In some cases, there may be other
values besides the extreme values.

4. The Key Part of the Proposed Method

The paper mainly addresses the problem by using the estab-
lished decisionmodel to evaluate the alternatives that present
a normal distribution when facing multiple alternatives.
Based on the grey target decision framework, we are mainly
interested in the off-target distances, which reflect the merits
of the alternatives. This paper explores the following two
aspects. Firstly, considering the characteristics of the existing
grey target decision method, the framework of grey target
decision, new setting methods of target centers, and off-
target distances are proposed to make the evaluation results
as regular as possible. Secondly, the off-target distance of
the evaluated alternatives should meet the statistical and
mathematical characteristics of a normal distribution. Thus,
this paper proposes an improved grey target decisionmethod
for the target-setting optimization and evaluation criteria
weight optimization. Furthermore, we establish an optimiza-
tion model according to the skewness and kurtosis test of the
normal distribution for criteria.The thought process is shown
in Figure 2.

4.1. Random Variable of Target Center Settings. Through the
idea of the grey system theory, the target center should be first
selected. The target center is set to include both the best and
worst alternatives. If an evaluation alternative is defined, the
target center has a specific value.

For a beneficial-based criterion,

𝑥𝑗+ = max
𝑖
𝑎𝑖𝑗 𝑖 = 1, . . . , 𝑛, 𝑗 = 1, . . . , 𝑚,

𝑥𝑗− = min
𝑖
𝑎𝑖𝑗 𝑖 = 1, . . . , 𝑛, 𝑗 = 1, . . . , 𝑚. (3)

For a cost-based criterion,

𝑥𝑗+ = min
𝑖
𝑎𝑖𝑗 𝑖 = 1, . . . , 𝑛, 𝑗 = 1, . . . , 𝑚,

𝑥𝑗− = max
𝑖
𝑎𝑖𝑗 𝑖 = 1, . . . , 𝑛, 𝑗 = 1, . . . , 𝑚. (4)
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Figure 2: The main idea of the paper.
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Figure 3: The idea of setting the positive target center.

This method of setting the target center is simple and
easy to understand, while it has some shortcomings that are
likely to cause the reverse to be true when adding a new
alternative or deleting an existing alternative. On one hand,
the target center is the current optimal (worst) criterion value.
On the other hand, it is the potential optimal (worst) criterion
value, which acts as a benchmark for improvement. Different
settings of the target center may lead to different alternative
rankings and, subsequently, a relatively clear target center is
not easy to find because its setting is quite sensitive. Inmaking
practical decisions, it is easier to give the possible distribution
range of the target center than a specific numerical value.
In this paper, we first give the possible distribution range of
the target center based on the prior information. Then, we
choose the optimal target center according to the specific
requirements of the decision.The specific steps are described
as follows.

The positive and negative target center reference points
can be determined by using (3) and (4).

The possible distribution range of the positive and neg-
ative target centers is determined according to the possible
similar alternative sets and expected values.

An example of a positive target center is shown in
Figure 3.

Thus, for a beneficial-based criterion, we have

𝑥𝑗+ ∈ (𝑥𝑗+𝐿, 𝑥𝑗+𝑈) , 𝑥𝑗+𝐿 ≥ 𝑥𝑗+, 𝑗 = 1, . . . , 𝑚,
𝑥𝑗− ∈ (𝑥𝑗−𝐿, 𝑥𝑗−𝑈) , 𝑥𝑗−𝑈 ≤ 𝑥𝑗−, 𝑗 = 1, . . . , 𝑚. (5)

For a cost-based criterion, (6) must be satisfied:

𝑥𝑗+ ∈ (𝑥𝑗+𝐿, 𝑥𝑗+𝑈) , 𝑥𝑗+𝐿 ≤ 𝑥𝑗+, 𝑗 = 1, . . . , 𝑚,
𝑥𝑗− ∈ (𝑥𝑗−𝐿, 𝑥𝑗−𝑈) , 𝑥𝑗−𝑈 ≥ 𝑥𝑗−, 𝑗 = 1, . . . , 𝑚. (6)

An improved grey target-setting method is therefore
proposed, which creates the foundation for the target opti-
mization.

4.2. Measure of Comprehensive Off-Target Distance. In this
section, we measure the off-target distance in accordance
with the grey target decision theory. The distance to the
positive target center of the 𝑖th alternative can be expressed
as follows:

𝑑+𝑖 = √ 𝑚∑
𝑗=1

[[
(𝑎𝑖𝑗 − 𝑥+𝑗 )

max (𝑎𝑖𝑗 − 𝑥+𝑗 )𝑤𝑗]]
2. (7a)

The negative distance to the 𝑖th alternative can be expressed
as

𝑑−𝑖 = √ 𝑚∑
𝑗=1

[[
(𝑎𝑖𝑗 − 𝑥−𝑗 )

max (𝑎𝑖𝑗 − 𝑥−𝑗 )𝑤𝑗]]
2. (7b)

Considering the distance to the positive and negative
target centers of alternatives, the comprehensive off-target
distance can be expressed as follows:

𝑑𝑖 = 𝑑−𝑖𝑑+𝑖 + 𝑑−𝑖 , 𝑖 = 1, 2, . . . , 𝑛. (7c)

In general, the alternatives can be ranked according
to the comprehensive off-target distance, and a larger off-
target distance indicates a better alternative. Due to the
different dimensions of the criteria, the comprehensive off-
target distance is subjected to distance normalization. The
comparison is carried out between each criterion and its
grey target. They have the same units. For the criterion j,
the off-target distance of alternative 𝑖 is normalized by (𝑎𝑖𝑗 −𝑥+𝑗 )/max(𝑎𝑖𝑗−𝑥+𝑗 ) to realize that all distances belong to [0, 1].
This paper does not adopt a normalized decision matrix to
deal with the unification of dimensions because the largest
normalization value is 1 in this type of matrix, which makes
the setting and understanding of the target center difficult.
Taking the positive target center as an example, this value can
be understood as the optimal value that we try to reach and
provides the improvement target for other alternatives.
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In the expression of the comprehensive off-target dis-
tance, the criterionweight is also a sensitive parameter. In this
paper, we consider the criterion weight as a possible range, as
it is much easier to give a range than a definite number.Thus,
we have 𝑤𝑗 ∈ [𝑤𝐿𝑗 , 𝑤𝑈𝑗 ] and ∑𝑚𝑗=1 𝑤𝑗 = 1.
4.3. Assessment Constraint of a Normal Distribution for
Alternatives. When there are a large number of alternatives
that need to be evaluated, it is necessary to verify the validity
of the assessment rules.There aremany common distribution
functions in social evaluation problems, such as the uniform
distribution, the beta distribution, and the Gauss distribu-
tion. The normal distribution has an overwhelming social
significance. Usually, if the results of evaluated alternative
follow a normal distribution, it is shown that the evaluation
rules are objective, effective, and distinguished. The idea
of the paper is adopted for MCDA under the requirement
of the normal distribution. In practical applications, many
kinds of distribution are often encountered. The distribution
testing is the premise to solve the problem [26]. In this
paper, the off-target distance of the evaluation alternative
should be normally distributed. So, we should test whether
the data satisfy the normal distribution. Many methods can
be used to test for a normal distribution, including skewness
and kurtosis. The skewness and kurtosis distribution of the
sample converge to those of the overall distribution. If the
hypothesis that the off-target distance is normally distributed
is true, the skewness of the sample should be close to 0 and
the kurtosis of the sample should be close to 3.

Suppose that we have 𝑛 samples from the whole proposi-
tion 𝑋 and test hypothesis𝐻0 : 𝑋. For a certain significance
level 𝛼, the rejection region is

𝑢1 = 𝑔1𝛿1
 ≥ 𝑧𝛼/4,

or 𝑢2 =  (𝑔2 − 𝜇2)𝛿2
 ≥ 𝑧𝛼/4.

(8)

If (8) is satisfied, the data are not normally distributed. If|𝑔1/𝛿1| < 𝑧𝛼/4 or |(𝑔2 − 𝜇2)/𝛿2| < 𝑧𝛼/4, the data from 𝑋 are
normally distributed, where 𝑛 is the number of samples, 𝑑𝑖
is the comprehensive off-target distance of alternative 𝑖, and
there are

𝛿1 = √ 6 (𝑛 − 2)(𝑛 + 1) (𝑛 + 3) ,
𝛿2 = √ 24𝑛 (𝑛 − 2) (𝑛 − 3)(𝑛 + 1)2 (𝑛 + 3) (𝑛 + 5) ,
𝜇2 = 3 − 6𝑛 + 1 ,
𝑔1 = 𝐵3𝐵3/22 ,
𝑔2 = 𝐵4𝐵22 ,

𝐵2 = 𝐴2 − 𝐴21,𝐵3 = 𝐴3 − 3𝐴2𝐴1 + 2𝐴31,𝐵4 = 𝐴4 − 4𝐴3𝐴1 + 6𝐴2𝐴21 − 3𝐴41,
𝐴𝐾 = ∑𝑛𝑖=1 𝑑𝑘𝑖𝑛 , 𝑘 = 1, 2, 3, 4,

(9)

where 𝑔1 and 𝑔2 represent the skewness and kurtosis of the
samples, respectively. If 𝑋 obeys a normal distribution and 𝑛
is sufficiently large, we can calculate that

𝑔1 ∼ 𝑁(0, 6 (𝑛 − 2)(𝑛 + 1) (𝑛 + 3)) ,
𝑔2 ∼ 𝑁(3 − 6𝑛 + 1 , 24𝑛 (𝑛 − 2) (𝑛 − 3)(𝑛 + 1)2 (𝑛 + 3) (𝑛 + 5)) .

(10)

Based on the above analysis, the off-target distance is
a function of the positive and negative target centers and
criteria weights. Thus, if the evaluated off-target distances
are required to be normally distributed, we should have the
following relationship:

−𝑧𝛼/4 ≤ 𝑔1𝛿1 ≤ 𝑧𝛼/4,
−𝑧𝛼/4 ≤ (𝑔2 − 𝜇2)𝛿2 ≤ 𝑧𝛼/4. (11a)

Actually, we must seek a set of reasonable target centers
and criteria weights to satisfy (11a). For the convenience of
solving the problems, (11a) can be rewritten as

−𝑧𝛼/4 ≤ 𝑔1𝛿1 ≤ 𝑧𝛼/4 + 𝛽1,
−𝑧𝛼/4 ≤ 𝑔1𝛿1 + 𝛽2,(𝑔2 − 𝜇2)𝛿2 ≤ 𝑧𝛼/4 + 𝛽3,
−𝑧𝛼/4 ≤ (𝑔2 − 𝜇2)𝛿2 + 𝛽4.

(11b)

If𝛽1, 𝛽2, 𝛽3, 𝛽4 = 0, the condition of a normal distribution
is satisfied. A smaller deviation means that the distribution
is close to a normal distribution. Thus, the problem is to
find a set of decision variables to satisfy (11b) and make𝛽1, 𝛽2, 𝛽3, 𝛽4 close to 0. Considering that these deviation
variables are not negative, the following conditions can be
established:

𝛽12 + 𝛽22 + 𝛽32 + 𝛽42 → min. (12)

When analyzing the existence of the normal distribution,
there are certain requirements for the number of samples
with the number of samples being generally larger than or
equal to 30.



Mathematical Problems in Engineering 7

4.4. Optimal Target Center and Criterion Weight Determina-
tion Model. According to the above analysis, the mathemati-
cal model described by (13) can be established. Three aspects
have been considered. Firstly, we solve the decision-making
problems based on the grey target decision-making frame-
work. Secondly, the results of the grey target decision should
satisfy the normal conditions. Third, the weight and related
parameters should satisfy the basic requirements. For exam-
ple, the weight for the criterion should satisfy ∑𝑚𝑗=1 𝑤𝑗 = 1.

min 𝛽 = 𝛽12 + 𝛽22 + 𝛽32 + 𝛽42
𝑑𝑖 = 𝑑𝑖−𝑑𝑖− + 𝑑𝑖+ , 𝑖 = 1, . . . , 𝑛,
𝑑𝑖+ = √ 𝑚∑

𝑗=1

[ (𝑎𝑖𝑗 − 𝑥𝑗+)
max (𝑎𝑖𝑗 − 𝑥𝑗+)𝑤𝑗]

2,
𝑖 = 1, . . . , 𝑛,

𝑑𝑖− = √ 𝑚∑
𝑗=1

[ (𝑎𝑖𝑗 − 𝑥𝑗−)
max (𝑎𝑖𝑗 − 𝑥𝑗+)𝑤𝑗]

2,
𝑖 = 1, . . . , 𝑛,𝑔1𝛿1 ≤ 𝑧𝛼/4 + 𝛽1,−𝑧𝛼/4 ≤ 𝑔1𝛿1 + 𝛽2,(𝑔2 − 𝜇2)𝛿2 ≤ 𝑧𝛼/4 + 𝛽3,

−𝑧𝛼/4 ≤ (𝑔2 − 𝜇2)𝛿2 + 𝛽4,
𝑔1 = 𝐵3𝐵23/2 ,
𝑔2 = 𝐵4𝐵22 ,
𝐴𝑘 = ∑𝑛𝑖=1 𝑑𝑖𝑘𝑛 ,
𝐵2 = 𝐴2 − 𝐴12,𝐵3 = 𝐴3 − 3𝐴2𝐴1 + 2𝐴13,𝐵4 = 𝐴4 − 4𝐴3𝐴1 + 6𝐴2𝐴12 − 3𝐴14,
𝑥𝑗+ ∈ (𝑥𝑗+𝐿, 𝑥𝑗+𝑈) ,
𝑥𝑗− ∈ (𝑥𝑗−𝐿, 𝑥𝑗−𝑈) ,
𝑚∑
𝑗=1

𝑤𝑗 = 1, 𝑤𝑗 ∈ (𝑤𝑗𝐿, 𝑤𝑗𝑈) ,
𝛽1, 𝛽2, 𝛽3, 𝛽4 ≥ 0.

(13)

In this model, the first constraint characterizes the off-
target distance of the grey target decision; the second one
constrains the off-target distance to be normally distributed;
and the third part concerns the target centers and criteria
weights. From this, we can obtain the best positive and
negative target centers and criterion evaluation weights. At
this point, we can rank the alternatives according to the off-
target distances.

From (13), there must be an optimal solution, because
there must be a set of identified positive and negative
target centers and criteria weights that satisfy the required
constraints. The difference lies in the value of the deviation
variables 𝛽1, 𝛽2, 𝛽3, 𝛽4. Moreover, from the perspective of
the model features, there is a squared term in the analysis of
the off-target distance. Therefore, it is a nonlinear optimiza-
tion model with the number of decision variables, which is
determined by the number of positive and negative target
centers and criteria weights. If there are 𝑚 criteria, we will
have 3𝑚 + 4 decision variables.

4.5. Algorithm Design for Solving the Model. In order to
provide more flexible applications, we can use some existing
optimization algorithms to solve the proposed nonlinear
optimization model, which can be also embedded in the
user systems. The classical metaheuristic algorithm includes
simulated annealing (SA) [39], variable neighborhood search
(VNS) [40], genetic algorithm (GA) [41], and particle swarm
optimization (PSO) [42–44]. PSO is a method-based search
process. In the search process, each particle (the underlying
solution to the optimization problem) changes constantly,
until the state reaches an equilibrium or optimal state.
The PSO is selected from several reasons. First, PSO can
remember good solutions, while the previous knowledge of
GA is changed with the population change. The PSO has
no crossover and mutation operations relative to GA, while
the particles are updated only through internal speed. Thus,
PSO has a simpler principle and less parameters and thus is
easier to be implemented. Second, the SA algorithm can solve
the NP problem, which has a very wide application, but its
parameters are difficult to control. Third, the basic idea of
VNS is to obtain the local optimal solution by changing the
neighborhood structure to expand the search scope. Based on
the local optimal solution, the same method is used to search
for another local optimal solution. Thus, the global search
ability of VNS algorithm is worse than PSO. In summary, the
PSO method shows superior features than other methods,
such as computation simplicity, fast global optimization
solution, and good efficiency.Thebasic flowof PSOalgorithm
is shown in Figure 4. It is a stochasticmethod designed for the
nonlinear problems, which is more suitable for the problem
in this paper.Therefore, we design an intelligent optimization
algorithm with the aim of simulating the cooperation and
competition behavior of biological groups to solve computing
problems. Combinedwith themathematicalmodel described
above, the detailed steps of our PSO algorithm are presented
in Figure 4 [42].

Based on the decision variables of the problem, the target
center and criteria weights are essentially certain numbers.
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Begin

Randomly initialized particle swarm

Calculate the fitness of each particle

Calculate the personal best particle

Calculate the global best particle

Output the global best particle

Meet the stop conditions?
NO

YES

Figure 4: The basic flow of particle swarm optimization (PSO)
algorithm.

However, with the limits imposed by the interval distribution,
the particle design should be conducted under the interval
constraints.

(a) Initial Particle Design. Particles are initialized random-
ly, with the location of the 𝑖th particle in the multi-
dimensional solution space (expressed as 𝑥𝑖 = (𝑥𝑖1, 𝑥𝑖2, . . . ,𝑥𝑖2𝑚, 𝑤𝑖1, . . . , 𝑤𝑖𝑚)). The first 2𝑚 components represent the
positive and negative target centers of each criterion, while
the following 𝑚 components represent the criteria weights
(real numbers generated randomly in their respective limited
range). These criteria weights should satisfy∑𝑚𝑗=1 𝑤𝑗 = 1.
(b) Particle Speed. The speed of a particle cannot exceed the
maximum possible speed. Higher speeds generally ensure
good global search ability, whereas lower speeds permit
accurate search optimization over a small range. The center
dimension of the 𝑖th particle and the optimization search
speed of the criteria weights should not exceed the upper
and lower limits of their ranges. The condition is expressed
in terms of (5) and (6).

(c) Calculation of Fitness. Calculate the value of the deviation
variable 𝛽 in (11a) and (11b).

(d) Update the Particle Swarm. Suppose that the optimal
solution after several iterations is 𝑝𝑖 for an individual and 𝑔
for the group. Thus, particle 𝑖 updates its speed and location
according to

V𝑖 = 𝜛V𝑖 + 𝑐1 ∗ rand ( ) ∗ (𝑝𝑖 − 𝑥𝑖) + 𝑐2 ∗ rand ( )
∗ (𝑔 − 𝑥𝑖) ,𝑥𝑖 = 𝑥𝑖 + V𝑖,

(14)

where rand( ) represents a random number between 0 and 1;𝑐1, 𝑐2, and 𝜛 are random values regenerated for each velocity
update, while 𝜛 represents an inertial coefficient, which can
either dampen the particle’s inertia or accelerate the particle
in the original direction. The value of 𝜛 is typically between

0.8 and 1.2. Thus, we set the value of 𝜛 to be 0.9. 𝑐1 and𝑐2 represent learning factors, with 𝑐1 usually being close to
2, which affects the size of the steps that the particle takes
toward its individual best candidate solution. Furthermore, 𝑐2
is typically close to 2 and represents the size of the steps that
the particle takes toward the global best candidate solution.
Thus, we set the value of 𝑐1 and 𝑐2 to be 2 [42–44].

According to the above description, themethod proposed
in this paper can be summarized by the following four steps.

Step 1. Apply the framework of multicriteria decision-
making to analyze the problem. In this step, we establish the
alternative set and criteria set and collect the criteria data for
alternatives.

Step 2. Represent the problem according to the grey target
decision framework. In this step, we determine the general
ranges of positive and negative target centers before inves-
tigating the ranges of the criteria weights. On this basis,
we establish the distances between each alternative and its
positive and negative target centers with respect to each
criterion.

Step 3. According to the kurtosis and skewness test method
of a normal distribution, we establish the optimizationmodel
for the target centers and criteria weights combined with the
distance function in Step 2. Following this, we design the
algorithm to solve the model.

Step 4. Check the rationality of the target centers and criteria
weights according to the PSO results. We clarify the com-
prehensive distances of each alternative to its positive and
negative target centers and rank the alternatives according to
the off-target distance.

The method in this paper has the following characteris-
tics. Firstly, an improved grey target decision framework is
proposedwith the flexible target center settings. Secondly, the
analysis model under the constraint of a normal distribution
is put forward, which is suitable for this problem.Thirdly, the
analysis algorithm is proposed in the method.

5. Case Analysis

In this section, we consider the performance of important
suppliers for aero-engines as an example to illustrate the
analysis process. To evaluate the performance of important
suppliers for aero-engines reasonably, we establish three
evaluation criteria based on the extensive investigation.
The characteristics of aero-engine development include the
technical difficulty, the cost, and the long period of time.
The aero-engine is crucial as it has a decisive influence on
the performance of the aircraft and the successful aircraft
development. The management of aero-engine suppliers has
the following features. First, the integration of logistics,
information flow, and capital flow should be emphasized.
Second, the enterprises in the supply chain form a type of
cooperative competition in which cooperating enterprises
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share the information, risk, and benefits and offer the tech-
nical support for the development of each other. Third, the
sharing and integrated application of information technology
are of great importance.There are three aspects (180 points in
total) that affect the aero-engine supplier performance: the
internal operation system (C1, 30 points), supply system (C2,
50 points), and quality system (C3, 100 points). The internal
management system reflects the internal management level
and development prospects of the suppliers, including the
process planning of enterprise level and technical manage-
ment of personnel level. The supply system reflects the effi-
ciency and the economy of the supplier’s behaviors, including
the acceptance rate of order change, on-time delivery rate,
total supply satisfaction rate, price level, quotation timeliness,
and price fluctuation. The quality of the system indicates
the quality of the supplier. This includes product quality
and service quality, such as average eligibility rate, quality
accident, after-sale service, and communication as well as
cooperation ability. It should be noted that all these criteria
have been calculated based on a certain rule. Therefore,
the evaluation results have integrated meanings. Thus, the
performance of 44 suppliers can be given as shown in Table 1.
In Table 1, the “Number” column represents the number of
suppliers, while C1, C2, and C3 represent the criteria to be
evaluated.The numbers in columns C1, C2, and C3 represent
the performances of suppliers.

To enable the practical use of evaluation results, such as
the eligibility assessments, we analyze the assessment results
with the normal distribution constraints and compare the
outcomes with the case of no constraints.

Step 1. We establish an evaluation criteria system and collect
the basic data according to the multicriteria decision-making
analysis framework.

Step 2. By analyzing the three evaluation criteria for the
44 suppliers, we obtain the statistical analysis results shown
in Table 2. The maximum and minimum values of each
criterion can be used as the basis for positive and negative
target centers. According to the practical situation and the
development of the college, we then obtain the possible
distribution range of positive and negative target centers as
well as weights for each criterion based on this investigation,
as shown in Table 3.

Step 3. Build a model and design an algorithm.

Step 4. By optimizing the model (particle swarm size set
to 20), we obtain the grey target decision for the off-target
distance of the 44 suppliers (see Table 4), where the sample
observations satisfy |𝑢1|method1 = 0.8456 < 1.96 and|𝑢2|method1 = 0.2467 < 1.96. Therefore, we accept the
null hypothesis𝐻0 that the evaluation results obey a normal
distribution. Repeated calculations show minor differences
and mostly converge within 10 iterations.

We now compare these results with those given by
different methods, which allows us to propose two different
ideas for analysis.

Table 1: Performances of 44 suppliers for aero-engines.

Number C1 C2 C3
1 19 22 18
2 20 18 16
3 13 29 69
4 13 28 48
5 19 26 66
6 22 29 54
7 22 34 58
8 21 26 67
9 17 21 43
10 15 27 58
11 17 23 53
12 14 28 31
13 11 19 37
14 20 23 46
15 16 21 40
16 15 21 65
17 13 31 73
18 19 28 46
19 16 16 73
20 11 27 36
21 16 25 22
22 18 29 58
23 16 28 37
24 10 34 32
25 21 35 24
26 12 34 35
27 12 33 20
28 21 35 62
29 20 30 68
30 12 29 30
31 15 27 21
32 18 15 38
33 18 16 35
34 16 34 46
35 20 22 23
36 13 33 64
37 15 33 47
38 21 26 29
39 18 26 72
40 19 18 75
41 20 24 37
42 22 31 60
43 10 25 72
44 16 27 50

Method 2. We refer to the classic grey target decision method
directly, which assumes that the positive and negative target
centers are the optimal value and the worst current alter-
native, respectively. In addition, the first two items of the
criterion weight are the midpoint of the interval (0.3, 0.45,
and 0.25).Thus, we can conclude that the normal distribution
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Table 2: Mathematical criteria result for the alternative to be evaluated.

Statistical item C1 C2 C3
Maximum 22 35 75
Minimum 10 15 16
Range 12 20 59
Average 16.64 26.5 46.68
Standard deviation 3.54 5.51 17.67
Coefficient of variation 0.21 0.21 0.38
Skewness −0.22 −0.30 −0.01
Kurtosis −1.15 −0.81 −1.28

Table 3: Possible distribution range of positive and negative target
centers as well as criteria weights.

C1 C2 C3
Positive target center 22–25 35–40 75–90
Negative target center 6–10 12–15 8–16
Weight 0.2–0.4 0.3–0.6 0.25–0.4

Table 4: Optimization values with normal distribution constraints.

C1 C2 C3
Positive target center 24 35 90
Negative target center 10 12 16
Weight 0.4 0.35 0.25

hypothesis is false, when |𝑢1|method2 = 7.9024 > 1.96 and|𝑢2|method2 = 6.3640 > 1.96.
Method 3. We use a linear weight method of multicriteria
decision-making to solve the problem. Following this, the
comprehensive criterion value of alternative 𝑖 is ∑𝑚𝑗=1 𝑎𝑖𝑗𝑤𝑗
and the weight is the midpoint of the interval. At the same
time, we have |𝑢1|method3 = 2.6107 > 1.96 and = |𝑢1|method3 =3.4433 > 1.96. The normal distribution hypothesis is false.

Method 4. We use the traditional TOPSISmethod to calculate
the results. According to the entropy weight method, the
weights of criteria are 𝑤1 = 0.3200, 𝑤2 = 0.3328, and 𝑤3 =0.3472. The values of alternatives are calculated according
to the traditional TOPSIS method (see Table 5). Thus, we
can conclude that the normal distribution hypothesis is false,
when |𝑢1|method4 = 2.4380 > 1.96 and |𝑢2|method4 = 2.8852 >1.96.

A comparison of the results from the four methods
is shown in Table 5, where the method proposed in this
paper is Method 1. In Table 5, the “Number” column
represents the number of suppliers, while the columns of
“Off-target distance” and the “Alternative value” represent
the comprehensive performance values of suppliers. The
“Rank” column shows the rankings of the comprehensive
performance values.

We can rank the four columns of data based on the
off-target distance and alternative values in Table 5 using
histograms, as shown in Figure 5. The figure provides a
clear representation of the differences in the normality of the
results of the four methods.

From Table 5, we can clearly see different alternative
results that are obtained based on the method of analysis.
Relatively speaking, the result of Method 1 is similar to
Method 2 but has a large difference compared with Method
3 and Method 4. The top six results given by Method 1 and
Method 2 are the same. The target center is a fixed value
in Method 1, which does not change with the increase and
decrease of the other alternatives. In contrast, Method 2 does
not have this feature. From the histograms, we can see that
the results of Method 1 and Method 2 are more concentrated
than those of Method 3 and Method 4. From the histogram
and normal distribution map of Methods 2–4, the mean of
Method 2 is out of the center, while the data of Method 3
and Method 4 is relatively dispersed. If there is an error in
the evaluation process, the undetermined parameters may
go beyond the predefined range, resulting in no feasible
solution or no optimal solution. Thus, the data calculated
by Method 1 shows better normal distribution and relative
stability compared to other methods.

6. Method Extensions

In this paper, we have studied a particular decision evaluation
problem inwhich the evaluation results are defined under the
normal distribution constraints. Here, we further analyze the
applicable conditions.

Condition 1. Assessment results obey a strictly normal distri-
bution according to the qualitative analysis, such as product
quality data. This type of analysis can be obtained from
the experience or theory. Usually, the evaluation results of
alternatives will obey a normal distribution if the property
of the object is controlled by many nonexclusive dominant
position factors.

Condition 2. The criterion weight and evaluation parameter
settings for classification or evaluation are not absolutely
certain. Considering the basic requirements for the assess-
ments, we can suppose that they obey a normal distribution
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Table 5: Comparison of four methods.

Number Method 1 Method 2 Method 3 Method 4
Off-target distance Rank Off-target distance Rank Alternative value Rank Alternative value Rank

1 0.4815 42 0.4154 43 0.5667 16 0.3985 40
2 0.4702 44 0.3856 44 0.5965 12 0.3196 44
3 0.4837 41 0.4522 42 0.3877 37 0.5780 15
4 0.4756 43 0.4687 41 0.3877 36 0.4900 28
5 0.5067 40 0.4994 40 0.5667 15 0.6214 11
6 0.5448 7 0.5365 25 0.6562 3 0.7203 4
7 0.5823 3 0.5823 2 0.6562 1 0.8029 2
8 0.5975 1 0.5934 1 0.6264 4 0.6693 7
9 0.583 2 0.5744 3 0.5071 21 0.4713 29
10 0.577 4 0.5741 4 0.4474 29 0.5420 19
11 0.5714 5 0.5669 5 0.5071 22 0.5191 23
12 0.5607 6 0.5614 6 0.4176 33 0.4525 31
13 0.5369 9 0.5365 26 0.3281 41 0.3331 43
14 0.5403 8 0.5357 27 0.5965 11 0.5458 18
15 0.5325 13 0.5258 32 0.4772 25 0.4489 32
16 0.5274 23 0.5199 37 0.4474 32 0.5174 24
17 0.5285 18 0.5284 31 0.3877 35 0.6314 10
18 0.5337 12 0.5343 30 0.5667 14 0.5699 17
19 0.5279 21 0.524 35 0.4772 27 0.5145 25
20 0.5193 35 0.5194 38 0.3281 42 0.4022 39
21 0.5155 38 0.5156 39 0.4772 28 0.4138 36
22 0.5208 33 0.5227 36 0.5369 20 0.6008 14
23 0.5204 34 0.5241 34 0.4772 26 0.5000 27
24 0.5155 39 0.5258 33 0.2983 44 0.4022 38
25 0.5235 26 0.5355 29 0.6264 7 0.6771 6
26 0.5212 31 0.5382 23 0.3579 40 0.5112 26
27 0.5175 37 0.5384 22 0.3579 39 0.4222 35
28 0.5276 22 0.5502 11 0.6264 5 0.8053 1
29 0.5345 11 0.5572 7 0.5965 8 0.6861 5
30 0.5299 16 0.5547 8 0.3579 38 0.4243 34
31 0.5269 24 0.552 9 0.4474 30 0.4108 37
32 0.5226 28 0.5433 19 0.5369 18 0.3386 42
33 0.5189 36 0.5357 28 0.5369 19 0.3912 41
34 0.5213 30 0.5409 21 0.4772 24 0.6058 12
35 0.5212 32 0.5381 24 0.5965 10 0.4552 30
36 0.5219 29 0.5419 20 0.3877 34 0.6015 13
37 0.523 27 0.5455 17 0.4474 31 0.5742 16
38 0.5254 25 0.5461 15 0.6264 6 0.5411 20
39 0.528 20 0.5482 14 0.5369 17 0.6441 9
40 0.5285 19 0.5457 16 0.5667 13 0.6485 8
41 0.5296 17 0.5453 18 0.5965 9 0.5272 22
42 0.5356 10 0.551 10 0.6562 2 0.7611 3
43 0.5321 14 0.5488 13 0.2983 43 0.4483 33
44 0.5321 15 0.5492 12 0.4772 23 0.5301 21
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Figure 5: The histogram and normal distribution map of different methods.

in some cases, such as human performance evaluation. In
fact, it is an optimal design for the evaluation rule with
a particular purpose. Normally, we hope that the evalua-
tion results retain some diversity. The number of subjects
attaining the best and worst scores should not be too high,
while the middle part of the distribution should contain
the great majority. Furthermore, if we do not have enough
knowledge about the evaluation parameters, we can also
require the results to be reasonable based on the normal
distribution.

Condition 3. Analysis based on the normal distribution
constraints has certain data requirements. Small sample
sizes cannot be adapted to the method in this paper and
thus there should be at least 30 samples. In a general way,
these conditions can be satisfied in the case of vendor
performance evaluation in a large company, teacher perfor-
mance in a college, and student capacity evaluation in a
university. Moreover, if one has particular requirements, the
extension modes can be adopted according to the following
parts.

In this section, we proposed the extensions for the model
above. First, if we want the total discrimination degrees

between the alternatives under the requirement of normal
distribution, the mathematical model can be changed to the
following:

min 𝛽 = 𝛽12 + 𝛽22 + 𝛽32 + 𝛽42
max 𝑍 = 𝑛∑

𝑖=𝑗+1

𝑛∑
𝑗=1

𝑑𝑖 − 𝑑𝑗 ,
the constraints are given similar to model (13) .

(15)

For (15), one multiple object model can be obtained.
Thus, we can transform it to the single object model
through the weighted method. According to the model,
the discrimination degree among the alternatives takes its
maximum.

Second, if we want the evaluation results to be divided
into several categories and some categories have cer-
tain requirements, it is assumed that there are 𝑝 cat-
egories (Cat1,Cat2, . . . ,Cat𝑝) and num𝑝 alternatives in
Cat𝑝; the mathematical model can be changed into (16),
where 𝐻 represents the required information for some
categories:
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min 𝛽 = 𝛽12 + 𝛽22 + 𝛽32 + 𝛽42
the constraint conditions are the same as Model (13)𝑑

𝑖∈Cat1
≤ 𝑑
𝑖∈Cat2

≤ ⋅ ⋅ ⋅ ≤ 𝑑
𝑖∈Cat𝑝

num𝑖 ∈ 𝐻, 𝑖 = 1, 2, . . . , 𝑝
𝑝∑
𝑖=1

num𝑖 = 𝑛.
(16)

When applying the method, there is an applicable
requirement that the assessment results should obey the
normal distribution. It is important to note that the statistical
method in this paper cannot be used for the groups with
smaller sample sizes, but we can refer to this type of
consideration. For example, by classifying the numerical size
of the off-target distance according to descending values,
we can make the number of the large, small, and medium
clusters obey certain proportion and meet the approximate
bell-shaped distribution.

7. Conclusion

In this paper, we studied a grey target decision model by
considering that the assessment results obey the normal
distribution. Based on the kurtosis and skewness testing rules,
we proposed an optimizationmodel for the target centers and
criteria weights with normal distribution constraints of off-
target distance. We designed a PSO algorithm and analyzed
its superiority by comparing it with different methods. The
approach proposed in this present study is applicable to the
decision-making situation in which the alternatives are of
a relatively large size as well as a normal distribution. We
can see that the method suggested in the paper is easy to
understand and use, which can make the alternatives obey
a normal distribution. There are two possible perspectives
that can be studied as the future work of our research.
First, the method can be extended to more other application
cases. Particularly, with the development of the network,
more alternatives and massive information may be involved
in the decision-making. Thus, the proposed method can
satisfy more application fields. Second, other distribution
styles can be considered as well as the analysis on the
corresponding analysis models and algorithms. In the paper,
we mainly focused on the normal distribution. However, the
other distribution styles considering the criteria interactions
may exist. Thus, new aggregation functions (e.g., Choquet
integral and Sugeno integral) need a detailed analysis in the
further research. The consideration of Mahalanobis distance
is useful to deal with problems with criteria interactions.
Prior information or massive data may be helpful to solve
the aggregation model. We should also judge the special case
and select the suitable method to appropriately solve more
complex decision-making problems.
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