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Abstract-Clustering technique is one of the most important
and basic tool for data mining. We propose a new clustering
technique using K-Means algorithm and Voronoi diagram to
unfold the hidden pattern in a given dataset. In the first
phase we use K-Means algorithm to create set of small
clusters and in the next phase using Voronoi diagram we
create actual clusters. K-Means and Voronoi diagram based
clustering results are of high quality and robustness and are
able to identify noise. Our proposed algorithm is tested on

synthetic dataset and results are presented.

Index Terms—Data Mining, K-Means algorithm, Voronoi
diagram

|. INTRODUCTION

Clustering is the method of grouping the data into sets
so that data points within the set should have high similarity
while those within different sets are dissimilar [1] [2]. K-
Means is the popular partitioning technique, which attempt
to decompose the data set of disjoint clusters. This is
simple, robust and time efficient techniques. The K-Means
algorithm has some inherent drawbacks, so various
improvement techniques are developed [10]. This paper
presents a new clustering technique using K-Means and
Voronoi diagram to find the actual clusters. We call our
new algorithm CTVN (which is anagram of the bold letters
in Clustering Technique Using VoroNoi Diagram). The
orientation of the paper is as follows: Section 2 presents
survey of the related work. Section 3 gives an overview of
the K-Means and Voronoi diagram. Section 4 presents our
proposed CTVN algorithm. Next we discuss results in
Section 5 and conclusions in Section 6.

I1. RELATED WORK

Various techniques have proposed for clustering using
Voronoi Diagram [3] [4] [5]. Koivistoinen et al. suggested
an agglomerative clustering algorithm which accesses
density information by constructing a Voronoi diagram for
the input dataset. They use Voronoi diagram for singleton
cluster selection. Without measuring any distance, the
initial clusters are merged together with neighboring cells
as long as the cell volumes are below a user defined
threshold value, since only neighboring cells are candidates
for merging and the Voronoi diagram readily provides us
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with the neighborhood information. On the other hand, this
technique needs a threshold volume to limit merging of
cells [6]. Yan et al. proposed an algorithm for point cluster
generalization, considering the transmission of statistical,
thematic, topological, and metric information, based on
measures for quantifying these types of information and on
strategies that integrate the measures into the algorithm.
Owing to the use of the VVoronoi diagram the algorithm is
parameter free and fully automatic [7].

111. Overview of K-Means and VVoronoi diagram

A K-Means clustering algorithm

The K-Means algorithm is based on squared error
minimization method. We discuss the K-Means algorithm
as follows:

TABLE 1: K-MEANS ALGORITHM

Step 1: Randomly choose k data points from the whole data set as
initial cluster centers.

Step 2: Calculate Euclidean distance of each data point from each
cluster center and assign the data points to its nearest
cluster center.

Step 3: Calculate new cluster center so that the squared error
distance of each cluster should be minimum.

Step 4: Repeat step 2 and 3 until the cluster centers do not
change.

Step 5: Stop the process.

The Time complexity of K-Means algorithm is
O(nkt) where n is number of data objects, k is number of
clusters and t is number of iterations.

B Voronoi Diagram

In the field of computational geometry Voronoi
diagram is the one of the most important and useful
technique. Given a D set of n data points 0;, 0,, 0, ...,0, in
a plan, the Voronoi diagram (Vor(D)) is a subdivision of
the plane into Voronoi cells (V(0;) for 0;) ( Figure 1). The
Voronoi cells are the set of points u that are closer or as
close to o; than to any other point in D. i.e.

V(0,) ={r]d(0;,u) <d(0;,u)Vj # i}, where d is the

Euclidian distance. The Voronoi diagram divides the plane
into n convex polygon regions (for each o;), the vertices (P
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of Figure 1) of the diagram are the Voronoi vertices, and increment c;

the borders between two adjacent Voronoi cells are called set centroids as marked;

as Voronoi edges (E of Figure 1) [8] [9]. Note that each 9. continue steps 6 to 8 till all the vertices (P) processed;
Voronoi vertex is the center of a circle touching three or ~ 10. return set of subcluster_id ;

more data points lying in its adjacent Voronoi cells [8] 11 all unmarked centroids are noise centroids;
(Figure 1) ) 12. assign data points (D) on nearest centroids;
Voronoi 13. return clusters (C) and noise (N);
E P . <A R ;
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IV. THE PROPOSED CTVN ALGORITHM a1/ e X ® |
The CTVN algorithm begins by applying the K- Means P1 " Figure 3.a CTVN algorithm
algorithm upon the dataset to return set of centroids (Qy,) ,
where C<m<<n, C is actual numbr of clusters, n is number d f,

of data points and m is the user defined number. (Step 1 of

Table 2). Voronoi diagram is created on the set of centroids =
to get the set of vertices (P) which are labeled as unmarked
(Step 2 and 3 of Table 2). These vertices are sorted by their by —_ I
x-axis co-ordinates (Step 4 of Table 2) and subcluster_id T
variable c is set to one (Step 5 of Table 2). Steps 6 and 8, < ®
vertices are chosen one at a time. Note that each vertex is 1 A e e
the centre of the circle touching three or more centroids
lying in adjacent VVoronoi cells. For each vertex, this circle P,/ — )
is created and if its radius is less than a threshold y then Figure 3.b- CTVN algorithm

choose any marked centroids with smallest subcluster_id (U "
in the circle and mark other centroids (marked or ¥
unmarked) to this subcluster_id. Update the subcluster & \\ “\
array to reflect these changes. If no marked centroid is N Y\
found, make the unmarked centroids with the subcluster_id by —e

c. The steps 6 to 8 are repeated for all vertices. This creates
the set of subclusters of centroids. All unmarked are noise
centroids. Data points are assigned to the nearest centroids a | —L> °
and this creates the actual clusters or noise. The steps of
our proposed CTVN algorithm are given below:

| I R

TABLE 2: CTVN ALGORITHM

1. apply K-Means algorithm on given dataset (D),return set of b, .
centroids (Q); i °

. create VVoronoi diagram on set of centroids (Q), return set of ’~
vertices (P); =

. set all the centroids (Q) as unmarked; = PR

. sort the vertices by x-axis; Pn o

. set c=1,; /I subcluster_id

. choose vertices (P;) one by one in increasing order of x axis;

. create circle such that the circumference of the circle touches
centroids (Qy, k>=3), where P; is center of that circle;

8. if the radius (R;) is less than } then

if any centroid (Qy) is already assigned a subcluster_id (c)
then assign the unmarked (or readjust the mark)
centroids to the smallest subcluster_id (c);
update subcluster array s to readjust the subcluster_id

C);

else © Figure 3.e  CTVN algorithm

assign subcluster_id = ¢ on unmarked centroids;

N
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Figure 4.a Adjustment of subcluster_id
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Fiaure 4.b Adiustment of subcluster id
Illustration

Figure (3.a) to (3.e) illustrates the working of the CTVN
algorithm. In Figure (3.a) the vertex P; is chosen and its
circle (less than y in radius) touches centroids a, b, c.

These are marked as subcluster_id one. Next P, is chosen
in Figure (3.b) and centroids a, d, f which also get marked
with subcluster_id one, because of a. Similarly in Figure
(3.¢) b, c, e get marked with subcluster_id one (because of
b which is already marked as one). In Figure (3.d), P, is
chosen and this circle touches centroids b, h, g out of
which b is marked by subcluster_id one. However h, g
remain unmarked because its circle radius greater than y .

Later h, g get marked with subcluster_id two when vertex P
is chosen. Figure (4.a) and (4.b) illustrates the adjustment
of subcluster_id (step 8 of Table 2, CTVN algorithm) say,
vertex Py; P15, Py, are chosen one after another. When Py,
is chosen, k, I, m get marked with subcluster_id nine and
when Pys is chosen ¢, u, v get marked with subcluster_id
ten (Figure (4.a) ). Now when Py, is chosen its circle
touches k, o, q out of which k and q are already marked
and k has the smallest subcluster_id (nine). Hence Py, get
marked by subcluster_id nine as shown in Figure (4.b).
Further, vertex Ps also gets adjusted to subcluster_id nine.
Next when, say, vertex Py3 is chosen, it gets marked with
subcluster_id ten, and so on.

V. RESULTS

The CTVN algorithm was validated upon four synthetic
datasets. Our results were compared with that of K Means
algorithm (best validity values for each dataset) and are
presented in Table 3. The CTVN algorithm is able to
identify actual number of clusters for all the datasets and
validity values [11] obtained are minimum.
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Table 3: Results

Dataset Actual After using K Means After using proposed
numbers Algorithm CTVN Algorithm
of Validity No. of Validity No. of
cluster clusters Clusters
Datasetl 3 1.88 3 0.98 3
Dataset2 2 4.78 3 3.77 2
Dataset3 3 5.23 3 5.00 3
Dataset4 4 1.89 3 1.01 4

V1. CONCLUSION

In this paper Voronoi diagram have been used in
conjunction with K Means algorithm for identifying hidden
patterns in a dataset and create actual clusters. Further,
noise data points are also identified by our CTVN
algorithm. Results of Table 3 show that our algorithm
performs very well. Further, user defined parameters for
our algorithm is only two; hence it is less user dependent.
Our future work comprises of validation of the proposed
algorithm on real dataset for scalability and robustness.
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