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Abstract

The clustering problem can be formulated as the problem to find the number of clusters and a partition matrix from a given
data set using the iterative or non-iterative algorithms. The author proposes a nearest neighbor and validity-based clustering
algorithm where each data point in the data set is linked with the nearest neighbor data point to form initial clusters and then a
cluster in the initial clusters is linked with the nearest neighbor cluster to form a new cluster. The linking between clusters is
continued until no more linking is possible. An optimal set of clusters is identified by using the conventional cluster validity
index. Experimental results on well-known data sets are provided to show the effectiveness of the proposed clustering algorithm.
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I. Introduction

Clustering is an important research topic which has
practical applications in many fields [1-9]. The classical or
fuzzy cluster analysis is a technique for grouping data into
clusters or classes, where similar data are assigned to the
same cluster by assignments of membership grades ranging
between zero and one to every data. The clustering problem
can be formulated as the problem to find the number of
clusters and a partition matrix, which has membership grades
as its elements, from a given data set using the iterative or
non-iterative algorithms.

A number of clustering algorithms such as hard c-means
(or k-means) algorithm, fuzzy c-means (FCM) algorithm [4,
10] and its variants (e. g., QGustafson-Kessel algorithm
providing elliptical clusters [11], the possibilistic clustering
algorithm [12], the mountain method (MM) [13], the sum of
all normalized determinants algorithm [!4], the mixed c-means
clustering model [15], the volume criteria-based clustering
algorithm [16], the compactness and separation
algorithm(FCS) [17] have been proposed in the literature.
Among the clustering algorithms including the hard c-means
(or k-means), fuzzy c-means (FCM) algorithm and its variants,
the FCM algorithm proposed by Bezdek [5] is the most
widely used clustering algorithm.

Most of the clustering algorithms including the FCM are
unsupervised algorithms based on the principle of minimizing
the within cluster scatter matrix trace. Thus, in most clustering
algorithms, the number of clusters reflecting the structure of
the given data set should be assumed to be a user-defined
value that is so hard to be set in real applications. Due to the
reason, the clustering results including the partition matrix and
the number of clusters need to be validated by using cluster
validation indexes. The cluster validation indexes involve
measuring how well the clustering results reflect the structure
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of the given data set. Many cluster validation indexes
including Bezdek's partiticn coefficient (PC) [18] and partition
entropy (PE) [19], Fukuyama and Sugeno's cluster validity
criterion [20], Xie-Beni index [21], Bezdek and Pal's index
[22], Kwon's index [23], and Kim-Lee-Lee index [24] have
been proposed. The main disadvantage of the PC and PE is
the lack of direct connection to the geometrical properties of
the data and their tendency toward being monotonic with the
Otiers of those take into account
simultaneously the properties of the fuzzy membership degrees
and the structure of the given data. In particular, Kwon's
index provides a solution to overcome tendency toward being
monotonic with the numbszr of clusters.

From the above discussion, a clustering algorithm by which

number of clusters.

not only the partition mairix but also the number of clusters
can be obtained without user's pre-assignment to the number
of clusters is desirable. Bensaid and et al's study [25], that is,
validity-guided (re)clustering method is a result toward the
direction.

As discussed previously, the basic idea of the clustering is
to group the given data into clusters by assigning similar data
to the same cluster. If the similarity between data points is
measured by distance between data points, we can make a
conclusion that each data point should be grouped with the
nearest neighbor data point under the predetermined guidance
rules or indexes. This motivates the development of the
nearest neighbor and validity-based clustering algorithm.

In this paper, we propose a nearest neighbor and
validity-based clustering algorithm where each data point in
the data set is linked with the nearest neighbor data point to
form initial clusters and then a cluster in the initial clusters is
linked with the nearest neighbor cluster to form a new cluster.
The linking between clusters is continued until no more
linking is possible, i.e., just one cluster is found. For the set
of clusters obtained by each linking process, the cluster
validity is checked by using the conventional cluster validity
index. An optimal set of clusters is identified by selecting a
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set of clusters optimizing the cluster validity index.
Experimental results on well-known data sets are provided to
show the effectiveness of the proposed clustering algorithm.

2. Nearest neighbor and validity-based
clustering

Let a given data set X={x,, . . ., x.} R” which are n points
in the p-dimensional space. A nearest neighbor and
validity-based clustering algorithm can be summarized as
follow:

Step 1: Calculate distances between data points in X={x, . .
., X} R

Step 2: Link each data point with the nearest neighbor data
point to form initial clusters.
Set ¢ be the number of initial clusters.

Step 3: Calculate the value of cluster validity index for the ¢
clusters.

Step 4: If ¢> 2, then merge two clusters with the minimum
distance into a new cluster, ¢ < ¢-/ and go to Step
3; otherwise halt and find the optimal cluster as a set
of clusters with an optimal value of the cluster
validity index.

In Step 2, the initial clusters are formed by grouping a set
of data pairs linked with each other into a cluster. For
checking of the cluster validity in Step 3, conventional cluster
validity indexes such as the Kwon's index [23] and the Xie
and Beni's index [21] can be used. In this paper, we use the
Kwon's cluster validity index, which eliminates monotonic
decreasing tendency of the Xie and Beni's index by
introducing a punishing function, shown in Eq. 1.
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In Step 4, the distance between two clusters 4. . is

defined as the minimum of distances between a data point
contained in a cluster C; and a data point in the other cluster
C,, that is,
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3. Illustrative example and simulation results

To show the effectiveness of the proposed -clustering
algorithm, experiments to three well-known data sets given in
the two dimensional space are conducted. First, we consider
an extended Yager and Filev data set of 15 data points in R2
space listed in the second and third columns of Table [ [13].
After calculating the distances between data points, we link
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each data point with the nearest neighbor data point to form
initial clusters. The data pairs obtained by the process are
shown in the fourth column in Table 1. By grouping a set of
data pairs linked with each other into a cluster, we can form
the initial clusters, ie., C; = (1, 2, 3,4, 5), C; =¢(6, 7, 8, 9,
10), and C; = (11, 12, 13, 14, 15) shown in the fifth column
of the Table 1. The next step is to calculate the value of
cluster validity index for the set of clusters, C = {Ci, Cs, G},
by using the cluster validity index given in eqn. (1). The
value of the validity index is 2.0195. Step 4 is to merge two
clusters with the minimum distance, i.e., the nearest neighbor
clusters into a new cluster. In this case, the distance between
Ci and Cs (i.e., distance between data points 3 and 12) is
smaller than that between C, and C, (i.e., distance between
data points 3 and 9) and that between C, and C; (ie.,
distance between data points 9 and 14). Thus Cl and C;
should be merged into a new cluster. As like as the above,
we repeat processes for merging of clusters and evaluation of
the cluster set obtained by the merging process until the only
one cluster exists. The sixth column of the Table 1 shows a
set of clusters C'| and C'; obtained by merging C, = (1, 2, 3,
4, 5) and C; = (11, 12, 13, 14, 15) in the fifth column in
Table 1. into C'\= (1, 2, 3, 4, 5, 11, 12, 13, 14, 15) and
while preserving C» = C, = (6, 7, 8, 9, 10). The next step is
to calculate the value of cluster validity index for the set of
clusters, ie., C' = {C'), C}. The value of the validity index
is 4.2946. And the last step is to select the optimal cluster as
a set of clusters with an optimal value of the cluster validity
index. In this example, the C = {C,, C;, C3} is selected as the
optimal set of clusters to the given data set. Fig. 1 scatter
plots the clustered data points where symbols 'O", '[]' and 'X'
denote data points contained in the C;, C; and Cs,
respectively. From the experimental results, we see that the
proposed clustering algorithm correctly classify data points
into three clusters.

Table 1 Clustering results on the extended Yager and Filev's
data set in the R® space

Data pair with . Clusters after
Data . Initial .
number X Y m1.mmum clusters merging 1
distance and 3
1 036 | 0.85 (1,5) Cy C'
2 0.65 | 0.89 2,4) C '
3 0.62 | 055 (3.4) C C
4 050 | 0.75 “.n Ci C)
5 0.35 1.00 5,1 C C'
6 090 | 035 (6,9) Ca C
7 1.00 | 0.24 (7.6) C Ch
8 099 | 0.55 (8,10) C, C
9 083 | 036 (9,6) C; Ch
10 088 | 043 (10,6) C C',
11 040 | 0.28 (11,15) Cs C
12 0.51 0.32 (12,15) Cs '
13 0.33 0.48 (13,15) Cs '
14 0.60 | 0.22 (14,12) C; C'
15 045 | 035 (15,12) G C




Fig. 1. Extended Yager and Filev data set (optimal number of
cluster is three)

The second data set described by Bensaid et al. [25]
includes 49 data points given in the R’space and consists of
three clusters. Fig. 2 shows a scattered plot of the data points
clustered by the proposed clustering algorithm. From this
experimental results, we see that the proposed clustering
algorithm correctly classify data points into three clusters.
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Fig. 2. Bensaid data set (optimal number of cluster is three).

The last data set is the superset of the starfield data set
described by Xie and Beni [21]. The data set contains 66 data
points known as a data set with eight or nine clusters. Fig. 3
scatter plots the data points clustered by the proposed
clustering algorithm. From this experimental results, we see
that the proposed clustering algorithm correctly classify data
points into eight clusters.

4. Conclusion

We have proposed a nearest neighbor and validity-based
clustering algorithm which is simple and effective. In the
proposed algorithm without necessity of assumptions on the
number of clusters and initial partition matrix, each data point
in the data set is linked with the nearest neighbor data point
to form initial clusters and then a cluster in the initial clusters
is linked with the nearest neighbor cluster to form new
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clusters. The linking between clusters is continued until no
more linking is possible. An optimal set of clusters is
identified by using the conventional cluster validity index.
Experimental results on well-known data sets were provided to
show the effectiveness of the proposed clustering algorithm.
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Fig. 3. Extended Starfield data set (optimal number of cluster
is eight or nine).
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