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Abstract

Cluster Validity Indices (CVI) evaluate the efficiency of a clustering algorithm and Data Envelopment Analysis (DEA) eval-
uate the efficiency of Decision-Making Units (DMUSs) using a number of inputs data and outputs data. Combination of the
CVI and DEA inspired the development of a new automatic clustering algorithm called Automatic Clustering Based on Data
Envelopment Analysis (ACDEA). ACDEA is able to determine the optimal number of clusters in four main steps. In the first
step, a new clustering algorithm called CSA-Kmeans is introduced. In this algorithm, clustering is performed by the Crow
Search Algorithm (CSA), in which the K-means algorithm generates the initial centers of the clusters. In the second step, the
clustering of data is performed from k,,;;,, cluster to k., cluster, using CSA-Kmeans. At each iteration of clustering, using
correct data labels, Within-Group Scatter (WGS) index, Between-Group Scatter (BGS) index, Dunn Index (D), the Calinski-
Harabasz (CH) index, and the Silhouette index (Sl) are extracted and stored, which ultimately these indices make a matrix that
the columns of this matrix indicate the values of validity indices and the rows or DMUs represent the number of clustering
times from k,,;,, cluster to k.., cluster. In the third step, the efficiency of the DMUs is calculated using the DEA method
based on the second stage matrix, and given that the DI, CH, and Sl estimate the relationship within group scatter and between
group scatter, WGS and BGS are used as input variables and the indices of DI, CH and Sl are used as output variables to DEA.
Finally, in step four, AP method is used to calculate the efficiency of DMUSs, so that an efficiency value is obtained for each
DMU that maximum efficiency represents the optimal number of clusters. In this study, three categories of data are used to
measure the efficiency of the ACDEA algorithm. Also, the efficiency of ACDEA is compared with the DCPSO, GCUK and
ACDE algorithms. According to the results, there is a positive significant relationship between input CVI and output CVI in
data envelopment analysis, and the optimal number of clusters is achieved for many cases.
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1. Introduction

The clustering problem is an unsupervised tech-
nique, which, by processing data in the feature space
makes similar samples to be placed in separate clus-
ters. The clustering technique is widely used in im-
age segmentation, data compression, pattern recog-
nition, and machine learning *. In general, the algo-
rithms used in clustering methods are divided into
two categories: hierarchical and partitioning 2*.
These algorithms consider two factors for clustering,
including cohesion and separation. In cohesion, sim-
ilarity within a cluster is calculated and in separa-
tion, the dissimilarity between clusters is calculated.
Many algorithms perform clustering given a prede-
termined number of clusters without determining the
optimal number of clusters. For some data, it is dif-
ficult to determine the optimal number of clusters,
especially when the number of dimensions increases
or when data is compressed which is considered as
one of the major weaknesses. At the end of 1990, the
automatic clustering was investigated as a new
method in cluster analysis to overcome this weak-
ness. The main objective of automatic clustering is
to determine the optimal number of clusters auto-
matically. Different methods have been proposed to
determine the optimal number of clusters, which
solving the automatic clustering problem with the
help of metaheuristics algorithms is more pro-
nounced. These algorithms are divided into three
groups of single-solution-based, population-base,
and multi-objective algorithms. Population-based
algorithms are also divided into three groups of evo-
lutionary algorithms, swarm intelligence algorithms,
and Artificial Immune Systems algorithms. One of
the major methods for the automatic determination
of the optimal number of clusters automatically is a
combination of swarm intelligence algorithms with
Cluster validity indices (CV1) °as an objective func-
tion. CVI measure the efficiency of a clustering al-
gorithm using intrinsic data, and usually, these indi-
cators estimate the relationship between intra-cluster
scattering and scattering between clusters in order to
examine the quality of clustering algorithms ©.

In this study, a new algorithm called Automatic
Clustering Based on Data Envelopment Analysis
(ACDEA) is presented which can determine the op-
timal number of clusters. The main idea of this algo-
rithm is to use a combination of CVI and Data En-
velopment Analysis (DEA). DEA is one of the best
efficiency analysis techniques. This method was
first proposed by Charens et al. 7, which can evaluate
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the efficiency of different Decision-Making Units
(DMUs). The selection of input and output variables
is one of the most important steps in modeling using
DEA. In this study, CVI are considered as input and
output variables and the number of clusters as
DMUs. The difference between this method and pre-
vious works is that the CVI are analyzed simultane-
ously using the DEA and the efficiency of each clus-
tering is measured. In addition, the Crow Search Al-
gorithm (CSA) 8 is used for the clustering in which
the initial centers of the clusters are generated by the
K-Means algorithm, which is called the CSA-
Kmeans algorithm.

In the following, after reviewing the literature, in
the third section, five cluster validity indices of
Within-Group scatter (WGS) °, Between-Group
scatter (BGS) 5 Dunn Index (DI) %, Calinski-
Harabasz (CH) index ! and the Silhouette Index (SI)
12 are described. In the fourth section, the CSA-
Kmeans clustering algorithm and the steps of AC-
DEA algorithm will be described. The results of us-
ing ACDEA algorithm are presented in three differ-
ent types of data, and its efficiency is compared with
the DCPSO 3, ACDE !4, CGUK *° algorithms in
section five, and finally, in section six, the conclu-
sion is presented.

2. Related works

population-based metaheuristics have shown better
efficiency in the field of automatic clustering and
most automatic clustering algorithms are based on
these algorithms 3. A group of population-based al-
gorithms are swarm intelligence-based algorithms
known as Sl . In these algorithms, there is a direct
and indirect relationship between different solutions
and are inspired by the swarm behaviors of animals,
insects and other living things in nature. One of the
most widely used Sl algorithms is the PSO algo-
rithm 7. This algorithm is one of the most popular
Sl algorithms, and automated clustering approaches
based on this algorithm include: DCPSO %3, MEPSO
18, PSOPS *°, DCPG 2, In the DCPSO algorithm, the
optimal number of clusters is obtained by the PSO
algorithm and the centers are achieved by the k-
means algorithm. Also, the indices of DI, Turi Index
(T1)? and S_Dbw index %2 are used as the objective
function. In the MEPSO algorithm, the cluster cen-
ters and activation threshold are used to encoding
the solution, and the Xie-Beni (XB) index 2 is used
as the objective function that determines the active
and inactive clusters. In the PSOPS algorithm, clus-
ter centers are used to encoding the solution and the
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Sym-index 2* is used as the objective function. In the
DCPG hybrid algorithm, GA 25 and PSO algorithms
are used for clustering and the TI index as an objec-
tive function. Ant Colony Optimization (ACO) % al-
gorithm, Bee Colony Optimization (BCO) ' algo-
rithm and Invasive Weed Algorithm (IWO) 28 were
also used for automatic clustering. The ant-cluster-
ing 2°, ATTA-C 2, were formed based on the ACO,
AKC-BCO 3 was formed based on the BCO, and
the IWO-clustering algorithm 32 was formed based
on the IWO algorithm. The ATTA-C algorithm uses
the fuzzy c-means algorithm 32 as the initial phase,
and then the optimal number of clusters is deter-
mined using the ACO. Here, the neighborhood func-
tion (NF) is used as the objective function. The
AKC-BCO algorithm uses the cluster centers and
the activation threshold to encode the solution, and
the Gaussian kernel and the CS index 3* are used as
the objective function. IWO-clustering algorithm
uses cluster centers in order to encode the solution
and afford from the modified sym-index as the ob-
jective function.

3. Background

CVI, measure the efficiency of a clustering algo-
rithm using clustered data. In following some related
basic definitions will be explained.

3.1. Basic Definitions

An object is considered as a data and defined by the
vector x = {x;,x,,...,xp}7, where x; € R and D
represent the dimensions. X = {x4, x5, ..., Xy} rep-
resents a dataset with N object. A cluster is a set of
massive data that is scattered in the feature space and
the segmentation of the dataset X into a discrete k
group is called clustering C = {c |k =1,...,K}.
The cluster center of ¢, is defined as ¢ =
Dix;ecy Xi/ My, and the dataset center is defined as
X = Yy,ex Xi/N, where n, is the number of objects
in the cluster cx.

3.1.1. Cluster Validity Indices

Within-Group Scatter index (WGS): This indicator
measures the square of the distance between the
points within a cluster and the center of the cluster
which is defined by Eq. (1):

WGS(C) = ZCkEC ine(;k dg (xil Ek) (l)

Between-Group Scatter index (BGS): This index
measures the total distance between two clusters
which is formulated based on Eq. (2):
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BGS(C) = ch,crEC d. (€, Cr) (2

Dunn Index (DI): This index has different types
and is considered as a ratio-type index whose basic
formula is defined according to Eq. (3):

ming, . {mincrEC\Ck {6 (cy, Cr)}}

DI(E) = max,, (A}

)

Where
6(ck! Cl) = minxiEck minxjecr {de (xi: xj)}: (3)
Alcy,) = maxxj,xjecr{de(xi'x]’)}‘

According to Eq. (3), the cohesion is calculated
using the nearest neighbor method and separation is
estimated by using the maximum diameter of the
clusters. 6 represents the within-cluster distance and
A represents the between-cluster distance.

Calinski-Harabasz index (CH): This index is
used for the crisp clustering algorithms so that it
mathematical model is based on Eq. (4):
nkde(z‘k:)_()

N-K Ye
CH(C) = YK x e
( ) K-1 chEC inECk de(x;,Ck)

4)

In Eq. (4), cohesion is calculated by the sum of
distances between points of the cluster from the
global center of the cluster and separation is calcu-
lated by the sum of the distances of each cluster cen-
ter with the global center of the dataset.

Silhouette index (SI): This index is considered as
a normalized summation type index, whose equation
is defined as follows:

)

cx€C xi€Eck

b(x;, ¢;) — alx;, ¢;)
max{b(xi! Ck)! a(xi! Ck)}’

Where

®)

1
a(xi, Ck) = n_kajeck de (xi’ x])'

b(xi' Ck) = mincrec\ck {nir ijEC-r de (xi' xj)}-
Based on Eq. (5), in order to calculate the cohe-
sion, the sum of the distances between all points in
the same cluster is calculated and separation is esti-
mated by the nearest neighbor distance between
points in different groups.

4. The proposed algorithm

When data is compressed or data dimension in-
crease, it is possible that the results of the CVI will
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lead to clustering algorithms show different perfor-
mance in determining the optimal number of clus-
ters, which is considered as one of the major weak-
nesses. This is because of the difference in how you
calculate the amount of within-cluster scatter and
between-cluster scatter. For example, DI use the
nearest neighbor method to calculate cohesion and
the maximum cluster diameter method to calculate
the separation while SI uses the sum of the distances
between all the points in the same cluster to calculate
the cohesion and the nearest neighbor distance be-
tween points in different groups to calculate the sep-
aration. To reduce this weakness, in this study, the
ACDEA algorithm is proposed. This algorithm, that
combines CVI and DEA, seeks to determine the op-
timal number of clusters and provide better results
than other CVI and clustering algorithms. Based on
the pseudocode of Fig. 1, four main steps can be de-
fined in the design of this algorithm, so that after in-
putting data, the process of determining the optimal
number of the clusters can be formed by these steps:
1. Clustering by the CSA-Kmeans algorithm 2- Ex-
traction and storing CVI by running CSA-Kmeans
algorithm based on Kmin cluster to kmax cluster 3.
Ranking of DMUs using input-oriented CCR
method. 4. Ranking of efficient DMUs using AP
method and reporting the best number of clusters.
So, there are three new features in this algorithm that
distinguish it from other algorithms. These features
are 1. Use of the new combination of CSA and K-
means for clustering. 2. Simultaneous use of cumu-
lative CVI. 3. Use of DEA to verify the efficiency of
clusters. In the following, the steps related to Fig. 1
will be discussed.

4.1. Input data

Combined data is widely used to examine the effi-
ciency of automatic clustering algorithms. Re-
searchers have often used combination data and real
datasets to compare the efficiency of different algo-
rithms. In this study, three categories of data are
used. The first and second groups include combined
data and the third category includes real data. Fea-
tures such as the number of clusters, number of data
records, degree of data overlap, the dimension and
the data form are considered as the criteria for cate-
gorizing data in different groups. The first category
data includes data with less cluster number and
lower degree of overlap, and the second group con-
tains data with more number of clusters and overlap.
The actual data is placed in the third category, which
has more dimensions and different forms.
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4.2. Clustering by the CSA-Kmeans algorithm

The Crow Search Algorithm (CSA) is considered as
one of the recent algorithms introduced in the field
of swarm intelligence. This is very simple algorithm
inspired by the social behavior of the crow. The
main idea behind this algorithm is to find the secret
places of the crows in order to find food and steal
from each other. In such a way that, when the crow
j plans to visit its secret place, the crow i decides to
follow the crow j. In this situation, two conditions
occur: in the first state, the crow j does not know
about the existence of a crow i, and the crow i
moves towards the secret place of the crow j. In the
latter state, the crow j is aware of crow i and in order
to protect its storage will direct crow i to an unspec-
ified place. New solutions are generated based on
this structure, and different parts of the solution
space are searched in successive iteration to reach
the optimal solution or close to optimal solution.

The K-Means algorithm is one of the most com-
mon clustering methods, which, despite many ad-
vantages, including high speed and ease of imple-
mentation, is trapped into local optima and does not
always generate the optimal solution. On the other
hand, metaheuristic algorithms are also able to clus-
ter data with random and heuristic logics, but do not
necessarily guarantee the generation of the optimal
solution of clustering. So, CSA is used for clustering
to create a high probability of convergence to opti-
mal solution, with this aid that the initial centers of
the clusters are generated using the K-Means algo-
rithm. This combination is called CSA-Kmeans that
can lead to leaving local minima and generate the
optimal solution of the problem with a high percent-
age.

Given that the use of an appropriate objective
function in the metaheuristic algorithms can have a
significant effect on the quality of clustering, the CS
index is also used as the objective function which
was introduced by Chou et al. 34 The CS index is
defined by the Eq. (6):

€S(C) = Leyec A1)

ZCkEC mincrec\ck{de (Ek' Er)}’
Where (6)

1
Aley) = — Z maxxjec{de(xi,xj)},

k Xi€Ck

1

f= €s;(0) (7
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input data,
FFort = kyin to kipax
Clustering data by CSA-Kmeans;

Extracting WGS index, BGS index, DI index, CH index,
Sl index;

Save validity indices in DEA matrix;

t=t+1;

-End

Calculation of efficiency from k.,in t0 Kimax Clusters us-
ing CCR model;

Ranking of effective DMU using AP model and report
the optimal number of clusters;

Fig. 1- Pseudocode of the ACDEA

The CS index is considered as a ratio-type index,
which calculates the ratio of cohesion to the separa-
tion. The measure related to the calculation of cohe-
sion is the measurement of the clusters diameter and
separation calculation is the measurement of the dis-
tance of the nearest neighbor between clusters cen-
ters. Based on Eq. (7), CS; is the CS index, which
evaluated on the i*" solution for CSA. Given that the
lower value of the CS index represents a clustering

with better quality, the formula CSL(C) indicates that

15

the best solution of CSA algorithm has the maxi-
mum value of ﬁ as the objective function.

Several methods have been proposed to measure
the distances between data in the clustering problem.
Therefore it is necessary that a proper method to be
selected in order to measure the distances because
the selection of each of these distances can create
different groups in clustering *°. Among the methods
presented for measuring distances, the Minkowski
metric * is widely used to solve the automatic clus-
tering problems. In this study, the Minkowski metric
is used for measuring the distances, which its for-
mula is based on Eq. (8):

d) () = (521 lx — yilPYP. ®)

It should be noted that, for p = 1, the city block
8 for p = 2, Euclidean metric and for p = oo,
Chebyshev metric % is calculated.

1326

Input data and number of cluster (k);

Data clustering with k cluster centers to initial population by CSA

— Kmeans algorithm;
Evaluate each cluster centers by CS index;
Initialize the c,, as memory of each crow;
-While iter < maxiteration
fori=1:N cluster center
Randomly choose one of the cluster center as j;
Define an awareness probability;
if ; = AP
chiter+l — ciiter 4 T X fl % (Cr];'liter _ Ci,iter);
Else

Cl,zter+1

= generate random cluster center;
End if
End for

Check the feasibility of new cluster center;
Evaluate the new cluster center by CS index;

Update c,;

-End while

Report best cluster centers with data labels;

Fig. 2. Clustering by CSA-Kmeans

The summary of the CSA-Kmeans algorithm is
shown in Fig. 2. Based on this pseudocode, after in-
putting data and the number of clusters, using the K-
means algorithm, the cluster centers are created ac-
cording to the initial population of the crows, which
each member has k cluster centers, which represents
the fixed-length encoding structure. Then, these cen-
ters are evaluated by the CS index, and the value of
the objective function is extracted with the data la-
bels. After initial memory preparation, the algorithm
enters the main phase, which has two main loops. In
the inner loop, a vector of cluster center is randomly
selected from the main population, and then after in-
itializing variable AP, two states are created:

State 1: In the i*" iteration, the value of r; is gen-
erated randomly between zero and one, and if r; >
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AP, the it" centers (c“**") move towards the jt"
centers (c;;*") with a positive coefficient accord-
ing to Eq. (9) and the new centers (ct¢"*1) are gen-
erated. Based on Eq. (9), ri is a random variable be-
tween zero and one and f1%" is the amount of fly-

ing length of the crow i in the iteration iter.
Ci,iter+1 — Ci,iter +7; % fli,iter x (Cj,iter _ ci,iter) (9)
2 :

State 2: If r; < AP, the new center will be gener-
ated randomly.

In the following, acceptable solutions (solutions
that are located within lower and upper bound of so-
lution space) are investigated and the new values of
the centers are evaluated by the CS index and the
value of the variable cr, is updated using acceptable
solutions. This process continues until it reaches the
stopping criteria (maximum iteration value) and the
completion of the outer loop. Finally, the best cluster
centers are reported by this algorithm with the cor-
rect data label.

4.3. Extracting Validity indices

As shown in Fig. 3, at the end of each stage of clus-
tering using the CSA-Kmeans algorithm, clustering,

centers, and the correct data label are extracted as
clustering output. These outputs are considered as
inputs for calculating the values of CVI. In this
study, five validity indices have been used, which
include: WGS, BGS, DI, CH, and SI. The results of
each CVI indicate the quality and efficiency of the
clustering. The highest values in the BGS, CH, DI,
and Sl and the smallest value in the WGS, represent
the optimal cluster number. Based on Fig. 4, in this
method, we will have a matrix with n columns and
m rows, where columns represent the values of CVI
and the number of rows is k., — Kmin, that is in
the first iteration, data clustering is done with k,,,;,,
number of clusters, in the second iteration, data clus-
tering is performed based on the k,,;,, + 1 clusters,
and finally, in the last iteration, the data clustering is
performed based on the k,,,, number of cluster. At
each stage, the values of the validity indices are
saved and after reaching k4., CVI matrix are gen-
erated. I, , in Fig 4 represents the value of the n"
index when the clustering is performed with m clus-
ter. For example, I, ; represents value of the first in-
dex when clustering is performed with two clusters.
In order to calculate CVI, at least two clusters are
required. So, always k,,;, = 2 is held.

Data clustering with k cluster using CSA-Kmeans
algorithm

Input k cluster centroid and cluster label

Extract WGS index Extract BGS index

Extract Dunn index

Extract CH index Extract Sl index k=k+1

Is stopping No
condition
satisfied?

Report CVI matrix

Fig. 3. Flowchart of extracting CVI
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Validity indices
z
z I3 Irn
;—: - .
Z | |Ima Inn
b

Fig. 4. The matrix of CVI as input to DEA

4.4. Formation of input matrix for DEA

A number of inputs and outputs are defined to meas-
ure efficiency in the DEA method. In the proposed
algorithm, inputs and outputs are determined based
on the value of CVI that the correct selection of these
indices can help to better differentiate the efficiency
of the DMUs. Given that the relationship between
input indices and output indices is one of the main
assumptions in data envelopment analysis, therefore
WGS and BGS can be considered as input values,
and the DI, CH, and the Sl can be considered as out-
put indices, because DI, CH, and Sl estimate the re-
lationship between within-cluster scatter and the dif-
ference between clusters in order to estimate the
quality of the clustering &, which means that the val-
ues of output indices are created with receiving input
values. It has been proven that in order to obtain us-
able and analytic efficiency, always S = 3 (I + 0),
where | is the number of inputs, O is the number of
outputs, and S is the number of DMUs. Accordingly,
I include WGS and BGS, and O contains the DI, CH,
and Sl. Given that there are 2 inputs and 3 outputs,
we should have S > 15. Accordingly, in order to ob-
tain a usable efficiency, always clustering operations
are carried out from 2 clusters to 17 clusters. k.4,
is used as stopping criterion for the number of clus-
ters. Therefore, after reaching the number 17, clus-
tering is stopped and after making the CVI matrix, it
is used to calculate the efficiencies and determine
the best number of the cluster in the next stage.

4.5. Calculation of efficiency using the input-
oriented CCR model

DEA is Farrell's Idea Development in relation with
the calculation of efficiency using the production
function. 20 years after Farrell’s outstanding work,
Charnes, Coopers, and Rhodes, developed a creative
approach on the basis of previous works, which is
known as the CCR model to calculate the relative
efficiency of DMUs. In CCR model, each unit is
known as DMU, and input and output must be non-
negative numbers. The objective function and con-
straints of the CCR model are based on the (10):
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u101p+u202p + A + uSOSp

max 6, = )
P U1]1P+U2[2p + -+ Umlmp
Subject to: (10)

u101j+u202]‘+"'+u505j <1j—12 n
U1]1j+172]2j + A + Umlm] - " ’

Where 6; is the efficiency of j** unit (0 < 6; <
1), uy is the weight of the k** output (k = 1, ..., s),
v, is the weight of the e input (e = 1,...,m), Oy;
is the amount of the k" output in the j** DMU, I,;
is the amount of the e®" input in the j* DMU. This
optimization problem can be formulated in a linear-
ized form based on (11):

max 0, = Uy 014U 0, + -+ + U Oy,

Subject to:

(U1041j4uz055 + -+ uOgj) — (V111402155 +
et vmlmj) < 05] = 1'2’ SR (11)

U111p+v212p + -+ Umlmp = 1,

Uy > O,k = 1,2,...,5,

v,=>20,e=12,...m

The aim of this model is to find the maximum
output in DMU,, with respect to input constraints,
which are known as the Linear Input-Oriented
Model. The aim of the DEA models with the input-
oriented approach is to achieve a technical ineffi-
ciency ratio that should be reduced in inputs so that
the DMU remains in the efficiency boundary with-
out changing the output. But the aim of the output-
oriented view is to find a ratio that should increase
outputs so that the DMU can reach efficiency
boundary without changing inputs.

In order to model our problem based on the CCR
model, suppose that DMU; (j = Kpin, -+ » Kmax) D€ @
DMU related to a feasible clustering with j number
of clusters which yields DMU’s inputs and outputs
such that for each j:

DMU] (.le, ...,xm]-,ylj, 'yS])

xj = (%1, .., %) is the input vector and y; =
(1), - ¥s;) is the vector of output values for the
DMU;. Given that two CVI are used as inputs, there-
fore x; = (x1;,x2;), where x, ; represents the value
of the WGS and x,; is the value of the BGS in
DMU;. Also, y; = (y1),¥2j,¥s;) Where y,; repre-
sents the value of the CH, y,;, the value of the DI,
and y3; is the value of Sl in the DMU;. Therefore,

the linearized form of the CCR model can be shown
as (12):



ATLANTIS
PRESS

International Journal of Computational Intelligence Systems, Vol. 11 (2018) 1322-1337

max 9p = U1 Y1p+U2YV2p T UsYap
Subject to:
UY1j + UpYoj + UsYsj < V1Xqj + VaXyj,

lelp + szzp = 1, (12)

Uq, Uy, Uz =0,
v, 0, =0,
j= (kmin -"'kmax)-

According to the flowchart of Fig. 5, after the in-
put CVI matrix and using CCR technique, an effi-
ciency value is obtained for each DMU, which ulti-
mately the highest efficiency indicates the most ef-
ficient DMU or the optimal number of the cluster.
For example, if the efficiency of the fourth DMU is
maximized, it indicates that there are suitable four
clusters fitted to data. In some cases, due to the type
of data, there is more than one cluster with maxi-
mum efficiency. CCR basic models do not allow
comparisons between efficient DMUs due to the
lack of full ranking between the efficient DMUs. In
other words, this model divides the DMUs under
study into two groups of efficient DMUs and ineffi-
cient DMUEs. Inefficient DMUs can be ranked by ob-
taining an efficiency score, but efficient DMUs can-
not be ranked because they have the same efficiency
score (DMU efficiency). Therefore, some research-
ers have suggested ways to rank these efficient
DMUs, among which the Andersen and Peterson
model (AP) is one of the most famous one 2°. This
method is classified in Super efficiency category and
its general form is based on (13):

max 0, = Uy 015Uy 0,y + -+ + UsOgp,

Subject to:

(U1041j4uz 055 + -+ usOgj) — (V111402155 +
et vmlmj) < O’] =12,..,n &] *Dp,

v111p+17212p + -+ vmlmp = 1, (13)

Uy > O,k = 1,2, e, S,
v,>20,e=12,..,m

Based on model (13), in the AP method, the cor-
responding constraint of the DMU is removed from
the evaluation. This constraint causes the maximum
value of the efficiency to be one. The efficiency of
DMU by eliminating this constraint can be more
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than one, which provides the ability to compare ef-
ficient DMUs. In (14), our problem is modeled
based on the AP method. According to the AP
method, DMU that has the highest efficiency level
is known as the most efficient DMU that determines
the best number of clusters.

Input CVI

Calculation of efficiency by using CCR model

Ranking of effective units using the Ap model

Report the most efficient unit as the best
number of clusters

Fig. 5. Determining the best number of clusters using
CCR and AP method

max 6 = wY1p4UYop + UsY3p,
Subject to:
WYrj T Uy + UsYsj < ViXqj + VaXyj,

lelp + szzp = 1, (14)

Uq, Uy, uz =0,
vy,0, 20,

J = kmins -+ kmax) & # p.

5. Evaluation of the proposed algorithm

In this section, three sets of test data are used to eval-
uate the efficiency of the ACDEA algorithm. Table
1 shows a summary of the data, along with the num-
ber of data points per data, and the optimal number
of clusters. According to this table, the first category
includes test data from D, to Dy, the second category
includes testing data from S1 to S4. There are also a
number of real datasets including Iris, Wine, Breast-
Cancer, Vowel, which are laced in the third group.
The efficiency of the ACDEA algorithm is com-
pared with other algorithms on real datasets. At the
end of this section, the values of CVI along with ef-
ficiency levels are presented for real datasets.
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Table 1. Test datasets

Group of data

Dataset

Number of data point

The optimal number of
clusters

First group of data

200
250
400
500
600
650
800
1800
2000

Second group of data

S4

5000
5000
5000
5000

Third group of data

Iris
Wine
Breast-Cancer

150
178
699

Vowel 5687
D, D, D,
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Fig. 6. Data plot for D, to D,
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5.1. First group of data

This group contains dataset D, to Dg in two dimen-
sions. These data are clustered using the CSA-
Kmeans algorithm. The clustered schematic of these
data are shown in Fig. 6. In this figure, each cluster
is represented by a distinct color, and the number of
clusters is optimal. Datasets D, to Dg have hyper-
spherical and hyper-elliptic clusters. As an example,
in Do, @ number of clusters are hyper-spherical and
a number of clusters are hyper-elliptic. The graphs
in Fig. 7 shows the efficiency achieved for DMUs or
the associated number of clusters. The maximum
peak in these graphs represent the most efficient
DMU, or in other words, represents the optimal
number of clusters. In Fig. 7, clustering is performed
on data D, from two clusters to 17 clusters. This fig-

ure shows that the proper number of clusters for this
a

Efficient Cluster

08

efficiency of DMU
efficiency of DMU

0.4 0.4

8 10
number of clusters

d

12 6

Efficient Chuster

efficiency of DMU
efficiency of DMU

8 10
number of clusters

9

Efficient Cluster

12 6

efficiency of DMU
efficiency of DMU

04

8

8 10
number of clusters

12

L}

8 10

number of clusters

e

Efficicm Clusicr

8 10
number of clusters

h

8 10
number of clusters

dataset is two and nine while twelve clusters may
also be suitable, while the efficiency of these clus-
ters is higher than one and the most efficient cluster
is specified using the AP method. Accordingly, in
part b, three clusters are suitable for data Ds, in part
¢, four clusters for data Da, in part c, five clusters for
data Ds, in part e, six clusters for data Ds, in part f,
seven clusters for data Dy, in part g, eight clusters for
data Dg, in part h, nine clusters for data Dy, and in
part i, 10 clusters for data D1o. The results in Fig. 7
show that for all of datasets in the first group of data,
the ACDEA algorithm has an optimum performance
and determines the optimal number of clusters. In
general, the ACDEA algorithm can be considered as
an efficient algorithm to identify the optimal number
of clusters for data with hyper-spherical and hyper-
elliptic clusters.

efficiency of DMU

12 14

efficiency of DMU

12 14
number of clusters

1z & 8 10

number of clusters

1z

Fig. 7. Efficiency of clusters for D, to D;,

1331



ATLANTIS
PRESS

International Journal of Computational Intelligence Systems, Vol. 11 (2018) 1322-1337

5.2. Second group of data

This set of data includes the synthetic data S1-S4
that have two dimensions, and each of datasets has a
variable complexity and different overlapping de-
grees “°. Fig. 8 shows the scatter plot of these data.
According to this figure, there are 15 optimal clus-
ters for each dataset. According to the results ob-
tained in Fig. 9, for all datasets S1 to S4, the ACDEA
algorithm shows the maximum efficiency at 15 clus-
ters and has reached the optimal solution. Fig. 9
shows that for S1 and S2, only the case with15 num-
ber of clusters has the efficiency of one; for S3, 15
and 16 number of clusters have the efficiency of
greater than one, where the case of 15 clusters has a
higher efficiency which is relevant to the best num-
ber of clusters. for S4, there are 14, 15, and 16 clus-
ters have the efficiency greater than one, which ulti-
mately 15 clusters are proposed as the most efficient
cluster number. In total, it can be concluded that
with an increase in the overlapping of clusters, the
optimal number of clusters can be determined by
ACDEA method.

5.3. Third group of data

The real data in the clustering field can be used as an
appropriate source to investigate the efficiency of
the various clustering algorithms. In this study, four
datasets, including Iris, Wine, Breast-Cancer, and
Vowel have been used. According to Fig. 10, the real
datasets has been plotted in first three dimensions

S1

only, where each dataset has been plotted for its op-
timal number of clusters and each cluster has shown
in different color. The Iris data has 150 points with
optimal three number of clusters and four features of
sepal length, sepal length, petal length, petal width.
The Wine data has 178 points, six clusters, and in-
cludes five features. Breast-Cancer has 699 points
and has nine features, with two optimal number of
clusters. The vowel data also includes 5678 points
and nine features and is divided into six clusters. Ta-
ble 2 shows the result of comparison of the ACDEA
performance with the values of the algorithms of
ACDE, CGUK, and DCPSO related to 4. The values
of average and variances are obtained based on 40
independent runs. The results of Table 2 show that
the GCUK and DCPSO algorithms for the Iris data
have detected two clusters in most of runs and the
ACDEA and ACDE algorithms, have detected three
clusters in most of runs. Results for Wine data show
that all algorithms have identified three clusters for
most of the cases. On Breast-Cancer data, ACDEA
and ACDE algorithm identified two clusters in all
runs and have a better performance than DCPSO and
GCUK. For the Vowel data, the ACDEA and ACDE
algorithms have achieved the optimal number of
clusters, and the DCPSO and GCUK algorithms do
not show a good diagnosis of the optimal number of
clusters in the most of runs. It should be noted that
on real datasets, ACDEA algorithm has better effi-
ciency than other algorithms and only on the Wine
data, the DCPSO algorithm has a better efficiency
and a lower average value than ACDEA.

Fig. 8. Synthetic 2-d data with N=5000 vectors and k=15 Gaussian clusters with different degree of cluster overlapping
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Fig. 9. Efficiency of clusters for S1 to S4
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Fig. 10. Data plot for real datasets
Table 2. The numbers of clusters estimated by several clustering algorithms.
The actual
Dataset number of ACDEA ACDE DCPSO GCUK
clusters
Iris 3 3.22+0.0205 3.25+0.0382  2.23+0.0443  2.35+0.0985
Wine 3 3.25%0.0214  3.25+0.0391  3.05+0.0352  2.95+0.0112
Breast-Cancer 2 2.00£0.00 2.00£0.00 2.25+0.0632  2.00+0.0083
Vowel 6 5.85+0.0105  5.75+0.0751  7.25+0.0183  5.05+0.0075
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The values of WGS, BGS, CH, DI, and SI
for Iris data, Wine data, Breast-Cancer data, and
VVowel data along with the rank of the efficiency
values associated with 2 to 17 clusters are
shown in Table 3, Table 4, Table 5, Table 6 ac-
cordingly. These values are obtained based on
an average of 40 runs of the ACDEA algorithm.
The values of CVI in Iris data are shown in Ta-
ble 3. Input data used to investigate the effi-
ciency include WGS and BGS indices and out-
put data include CH, DI, SI. In the CH, DI, SI
indices, larger values represent the best number
of clusters. Accordingly, 16 clusters have been
identified as optimal number of clusters by the
CH index, 3 clusters by the DI index and 2 clus-
ters by the Sl index. This is while the ACDEA
algorithm has identified three clusters as the op-
timal number of clusters which has been diag-
nosed correctly. According to Table 4, on the
Wine data, the CH, DI, and Sl indices detected

the optimal number of clusters, and conse-
quently, the ACDEA algorithm also identified
three clusters as optimum. The results obtained
in Table 5 show that, on Breast-Cancer data,
only the DI index detected the optimal number
of clusters, and the CH index has identified 13
and the Sl index has detected 16 clusters as the
optimal number of clusters, but overall, accord-
ing to the input and output obtained, the AC-
DEA algorithm founds maximized efficiency
with 2 clusters, which is optimal number of
clusters. According to Table 6, on the Vowel
data, all CH, DI, Sl indices have identified two
clusters as the best number of clusters, while six
clusters is the optimal number for this data,
which is identified by the ACDEA algorithm. In
general, modeling an effective relationship be-
tween inputs and outputs features in the CV1 has
led to the fact that the true number of clusters is
detected by the ACDEA algorithm.

Table 3. Calculation of the efficiency of clustering using CCR and AP methods for Iris data

k WGS() BGS(I) CH(O) DI (O) SI(0) Efficiency _ Rank
2 0.2096 04113  184.2866  2.3078 0.4636 0.9655 8
3 0.1630 0.3824  184.1197  2.4130 0.4410 1.1031 1
4 0.1436 0.3734 1750041  2.1359 0.4140 0.9553 11
5 0.1229 0.3623  189.0068  1.8205 0.4099 0.9577 10
6 0.1124 0.3562  188.8868  1.6757 0.3949 0.9350 15
7 0.1023 03488  187.9716  1.3049 0.3995 0.9399 14
8 0.0963 03430  184.9333  1.2141 0.3936 0.9405 13
9 0.0884 03405 1917013  1.2141 0.3933 0.9467 12
10 0.0836 03397 1885543  1.0113 0.4159 1.0044 3
11 0.0799 0.3356  184.6755  0.9351 0.3937 0.9597 9
12 0.0789 0.3348 1759319  0.7755 0.3645 0.8921 16
13 0.0718 0.3326  200.6819  1.2036 0.3879 0.9751 6
14 0.0712 03322 1958595  1.3028 0.3915 0.9711 7
15 0.0673 03303  199.2764  1.3101 0.4027 1.0227 2
16 0.0661 03288  204.7889  1.5269 0.3912 1.0000 4
17 0.0650 03279  198.3403  1.3838 0.3849 0.9968 5

I: Input, O: Output

Table 4. Calculation of the efficiency of clustering using CCR and AP methods for Wine data

k WGS(l) BGS(I)  CH(O) DI (0) SI(0)  Efficiency  Rank
2 0.2584 04157 1084565  1.5605 0.3704 0.7751 16
3 0.1770 04167  201.9612  2.0183 0.4846 1.1032 1
4 0.1615 03946  169.3745  1.2389 0.3971 0.8690 13
5 0.1470 04016  169.9985  1.8320 0.4494 1.0469 2
6 0.1282 03808 1665959  1.1751 0.3790 0.8671 15
7 0.1178 03763 1751751  1.3205 0.3792 0.8950 12
8 0.1105 03720  169.9206  1.0916 0.3687 0.8686 14
9 0.1023 03705  179.1455  1.2471 0.3765 0.9248 10
10 0.0973 03668  178.7061  1.1627 0.3784 0.9133 11
11 0.0870 03661  199.4408  1.1630 0.4140 1.0137 4
12 0.0822 03638  199.9888  1.1630 0.4048 1.0387 3
13 0.0811 03601  191.3647  0.7926 0.3777 0.9677 8
14 0.0795 03595  185.9057  0.7913 0.3891 0.9856 7
15 0.0756 03595  188.3189  0.8339 0.3820 1.0085 5
16 0.0755 03572  178.7852  0.8347 0.3636 0.9556 9
17 0.0707 03558 1852391  1.0034 0.3593 1.0000 6

I: Input, O: Output
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Table 5. Calculation of the efficiency of clustering using CCR and AP methods for Breast-Cancer data

k WGS() BGS() _ CH(O) DI (0) SI(0) _ Efficiency _ Rank
2 0.2006 06281 14048778  2.4589 0.6257 15782 1
3 0.1590 04945 11155805  1.0763 0.4903 0.7547 13
4 0.1257 04868 12245221  1.2074 0.4968 0.8493 10
5 0.1101 04520 10759369  0.7755 0.4881 0.7132 15
6 0.0883 04485  1217.3043  0.8941 0.5186 0.8185 11
7 0.0838 04351  1169.1826  0.6682 0.4809 0.7477 14
8 0.0731 04317  1071.8971  0.6625 0.4952 0.7073 16
9 0.0626 04306 12864621  0.6291 0.5739 0.8097 12
10 0.0548 04222  1269.7023  0.6768 0.6125 0.8511 9
11 0.0483 04210  1312.2449  0.6561 0.6185 0.8665 8
12 0.0391 04193  1412.6869  0.7047 0.6689 0.9398 7
13 0.0342 04185  1561.0686  0.7300 0.6798 1.0363 2
14 0.0341 04187 14651012  0.8341 0.6809 0.9725 5
15 0.0320 04169  1380.5905  0.8105 0.6891 0.9703 6
16 0.0266 04142 14412374  0.8101 0.7094 1.0102 3
17 0.0260 04153  1494.6891  0.8501 0.7040 1.0000 4

: Input, O: Output

Table 6. Calculation of the efficiency of clustering using CCR and AP methods for VVowel data

k WGS() BGS(l) _ CH(O) DI (0) SI(O) _ Efficiency __ Rank
2 0.2098 03723  5005.7485  2.0787 0.4148 0.9777 9
3 0.1744 0.3503  4996.8363  2.0147 0.3900 0.9771 10
4 0.1528 03379  4857.7608  1.8822 0.3629 0.9425 15
5 0.1397 03293 46113884  1.8060 0.3358 0.9152 16
6 0.1234 03254  4979.0158  2.0627 0.3709 1.0655 1
7 0.1159 03207  4816.6243  1.6388 0.3539 0.9848 7
8 0.1089 03177 47501869  1.6865 0.3422 0.9857 6
9 0.1031 03156 46536481  1.7085 0.3339 0.9731 11
10 0.0987 03127  4581.8694  1.6277 0.3279 0.9690 12
11 0.0941 03113 45337409  1.6267 0.3328 0.9656 14
12 0.0905 03097  4507.3192  1.6676 0.3298 0.9672 13
13 0.0868 03086 45107149  1.7037 0.3342 0.9820 8
14 0.0836 03076 45401100  1.8297 0.3303 1.0038 4
15 0.0800 03069  4561.0216  1.8062 0.3360 1.0443 2
16 0.0774 03061  4574.6476 15747 0.3333 1.0157 3
17 0.0761 03056 44750179 15515 0.3283 1.0000 5

I: Input, O: Output

6. Conclusion

A new algorithm called ACDEA has been proposed
in this study to determine the optimal clustering
scheme. In the ACDEA algorithm, the crow search
algorithm (CSA) was used for clustering, so that the
initial cluster centers were generated by the K-
means algorithm. Starting from two number of clus-
ters, the algorithm increases the number of clusters
by one and determines a clustering scheme using
CSA-Kmeans algorithm. From these runs the CVI
matrix is extracted which is composed of five cluster
validity indices computed for each DMU where each
DMU is associated to a predefined number of clus-
ters. The algorithm was able to detect the optimal
number of clusters using a combination of CVI and
DEA. The number of DMUs was determined to be
16. The considered CVI were WGS, BGS, DI, CH,
and SI. Given that the CVI estimate the relationship
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between within-cluster scatter and the difference be-
tween clusters, therefore, the WGS and BGS were
used as input values, and DI, CH, and SI were used
as output values. A linearized CCR input-oriented
model was used in order to evaluate the efficiencies
and to determine the optimal number of clusters. The
highest efficiency obtained by AP model determines
the most efficient DMU or the recommended num-
ber of clusters. In this study, three categories of da-
tasets were used. The first and second categories in-
cluded synthetic data, and the third category in-
cluded real datasets. The results of the first group of
data showed that there was a significant relationship
between inputs and outputs, and the optimal number
of clusters was determined in all of the cases. Ac-
cording to the results of evaluations on the second
group, despite a large number of data points and
overlapping clusters, the optimal number of clusters
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were determined. For the real world data, the AC-
DEA algorithm showed a good efficiency due to in-
creasing the number of dimensions and degree of
data overlap. In general, according to the results, the
proposed approach of using the combination of CVI
and DEA was able to detect the optimal number of
clusters for almost all datasets and provided better
results than the cases where each of CVI were used
alone. For future research the applications of our ap-
proach is worth to be investigated based on other
heuristic search methods such as league champion-
ship algorithm 4% #2, optics inspired optimization **
4 and Find-Fix-Finish-Exploit-Analyze > metaheu-
ristic algorithms.
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