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Abstract— Nowadays data mining is used in many fields for
the extraction of similar information from the large data
volumes. The data before information extraction contains
noise which is then removed such that the predictive
information can be extracted. The predictive information so
produced helps in the business analysis of an organization.
Clustering is one of the techniques applied for knowledge
discovery 1o group the data on the basis of similarities and
dissimilarities among the data elensents and generally for this
purpose K-Means Algorithm is applied. In this paper, a new
data clustering approach called enhanced K-Means
algorithm is proposed where improvement is made on the
initial selection of centroids for the clusters. The centroids
are chosen such that the whole space is divided into different
segments of precise range and then calculates the Srequency
of data points in each segment thereby assigns the data point
to their appropriate cluster. This process works more
efficiently as it reduces the time complexity, the effort of
numerical calculation and retains the easiness of
implementing the K-mean algorithm.
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I INTRODUCTION

A basic problem that frequently arises in different fields
like data mining and knowledge discovery [1], data
comprujs_siﬂﬂ and veclor quantization (2], and ’paltcr
recognition and pattern classification [3] is the clusteri .
problem. It also has been applied in 4 great vari ‘tc“ng’
applications, such as image segmentation, document r*lt y "
object upd ghuruclcr recognition [4]. The imporluuccul‘“;ival’
mining is rising cxponentially since [gy( decade 'l;l & ‘fua
large amount of data available in rey world whi‘ch :;x;k:: ::
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very difficult to access the useful information from thi v
databasc and provide the information which is required wity;
time limit and in required outline. So data mining provi
the way to remove the noise from data and exi
information from large database and give it in the form
which it is required for each specific job. The use of du
mining is very immense in today’s scenario [3].

Cluster analysis of data is widely used in knowled
discovery and data mining. It aims to group data on the b
of similarities and dissimilarities among the data clements ¢
that we have high intra class similarity and low inter ¢k
similarity and can be performed in a supervised
unsupervised way.

Il. LITERATURE REVIEW

_ Although the work has been done by various authors ! i
!mtial selection of cluster centroids in which centroid St‘lcqw“
IS an independent initialization, to optimize the 01“5“"."‘;
approach? The most notable work has been briefly diseuss”
this section. '

In paper 5] author defined a threshold distance & \Jx:
cluster’s centroid to compare the distance between % -:ﬁ’
zulq cluster’s centroid with this threshold distanc _,r;u
which they could reduce the computational fffort W g-(cr“
calculation of distance between data point and ¢ u:ixhﬂ"
centroid. 1t is shown that how the modified K-mean “lgo'rifi“
will lessen the complexity & the effort of Mk
calculation, preserving the easiness of implementife g
mean algorithm. It assigns the data point to their apP™
class or cluster more efticiently.
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The centroid is recaleulated oach time
respectively after addition of data point in
cluster j. It is caleulated using equation (2)

M=UNYZp,V7p € (]

Where N, is the number of data point in

cluster j,
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of duta point is same in different gegmeonts un. in of different
of segment exceeds the threshold ‘k’ then m"krg tﬁv highest
Segments become compulsory und thet 1“:,1‘ clusters. In 118
Segment for caleuluting the initial centrol

D, gy

DADEE Wes g0
W Which sy
ity Conir
N HTTETT I
e clugiey (e
At posingy iy th

“H Ihteghl distiree
APt (g Histance
;h! with thiy tHitsh ity P;4
affort, Althong ey
COMFH iy re::n]:
Ml clugior

h‘n Mh gty et
m;w:z;m taty Pt apd
Which we At i ¢
) G an Ve, 4
l:f;ar #dfitiom of At pusisn }:
Mlated by Iakity treay e,f—a);
A
N we know 1 K MEH i widely
ol iy aitmplicity une

Computation hut thepe

| e it matiy arens
e o implermen
Are somme limitations:

7
I recguires feyy

I Initi 1 '
il welection of the  nutnber of chugter should he

Previously known wnd specified by the yyer

)u " I A y £l
LT ““ ""f‘ ' aepent Or ”W’ ”N'/Al (/’”"‘I’( £ f [5 I' ter
l ’\;p/ |l ‘ U 2 b Y ‘ i CHaster,

31 ean contain the dead unit problem

ok il v bl e
ihe nlguril}‘nn o (jiAﬁ‘ mn‘ At,u‘m can bf' mimmized by runming
them dynamically : crent number of K- values and mereasing
b y lal!cr analyzing the density of data points,
| Ilg proposed algorithm is based on density of differen egions
which eventually minimizes 2 limitation and hence will solve
the problem of dead unit point because the centroid of cluster is
located in the first iteration pertaining to the maximum density
of the data points. In this approach data ponts are taken from
UCH dataset, After taking the data set as input, user defines the
'k’ value, where 'k’ denotes the number of clusters, Suppose
the value of k defined by user i3 4, this means user has defined
4 clustors. Then the space will be partitioned into <k
sogmenty,

Phase 1

In this approach 67 data points are taken and subsequently
plotted as in Fig 1. After taking the data set as imput, user
defines the ‘k’” value, where 'k denotes the number of clusters.
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Chart 1: Data Set '
lue of k defined _b){ user s
:/l:‘cu‘ipacc will be divided into

4, i.c. user defines
.

Suppose the ke segments, &

4 clusters. .’I'hcn
showifin fig 2.
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Chart 2: XY plane partitioned into different segments

Segment(rectangle) | No. of data points
(frequency)

(0,0)-(.25, .25) 11

(=)

(:25,0)-(0.5,0.25)

(:5,0)-(0.75,0.25)

(.75,0)-(1,0.25)

(0,0.25)-(0.25,0.50)

(0.25,0.25)-(0.5,0.5)

(0.5,0.25)-(0.75,0.5)

(0.75,0.25)(1,0.5)

(0,0.5)-(0.25,0.75)

(0.25,0.5)-(0.5,0.75)

| W] W[ W[ D] o] & O

(0.5,0.5)-(0.75,0.75)

(0.75,0.5)-(1,0.75) | 10

(0,0.5)-(0.25,1)

(0.25,0.75)-(0.5,1)

4

1
(0.5,0.75)-(0.75,1) | 3
(0.75,0.75)-(1,1) 4

Table 1: Group Frequencies
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Fig 1: Segments with highest frequencies

The adjacent segments with the same frequeng
merged into one segment. Then the mean of al| gy, o
taken which are coming in that segment. If the Segme‘:,?m““
same frequency are not adjacent, then a ney clusi Wi
generated. This makes the clusters dynamic, T,

us, g
centroids are calculated. hi

Fig 2: Initial centroids

Phase 2:

To assign the data point to appropriate cluster’s centroi
we calculate the distance between each cluster’s centroid u
for each centroid take the minimum distance from
remaining centroid and make it half, denoted by DC (i) i.. ki
of the minimum distance from ith cluster’s centroid o the ot
cluster’s centroid. Now take any data point to calculate
distance from ith centroid and compare it with DC()). [f 13
less than or equal to DC (i) then data point is allocated 0 ¥
ith cluster or else calculate the distance from the other centrol
Repeat this process until that data point is allocated to a0} *
the remaining cluster. After assigning the data point © [hp
cluster, mean is calculated, and centroid keeps on movifs :
contrast to previous algorithm where centroid was calculél:“:
after the complete iteration. If data point is not assigned © m{,
of the cluster then the centroid which shows the mmlmilrlllﬂ
distance with data point becomes the cluster for that data’p" il
Repeat this process for each data point. Repeat phast -
termination condition is achieved.

No: Number of data points

K: Number of clusters’ centroids

Ci: i" cluster

Equations used in algorithm are:

ICi, Cil = {d (m;,m) : (i) €[1,k] & i€j}.......(3)
Where |C,, Cjl is the distance between cluster Ci and
DC o= 172(min {|C,.C}l} ..o “
Where DC ; is half of the minimum distance from i
any other remaining cluster.

n
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data set and value of k.

ut the
ik fkis 1 then Exit.

If the value ©

Else ) .
/divide the data point space into k*k, means k

vertically and k horizontally*/

For each dimension {

Calculate the minimum and maximum value of data
points

Calculate range of group (Rg) using equation
((min+max)/K)

Divide the data point space in k group with width RG

Calculate the frequency of data points in each
partitioned space.
Choose the k highest frequency group.
If same frequency segments are adjacent
Merge the segments
Go to step 17
Else
k=k+1( Make new cluster)
Calculate the mean of selected group. /* This will be
the initial centroid of cluster.*/
Calculate the distance between each clusters using
equation (3)
Take the minimum distance for each cluster and
make it half using equation (4)
For each data points p= 1 to No {
For each cluster j= 1 to k {
Count the number of data points in Cj
if (count=1)
Calculate d(Zp,Mj) using equation (1)
If (d(Zp,Mj) < DCj) {
Then Zp assign to cluster Cj
Break
}
Else if
Take the mean of all data points in Cj
Go to step 24
Else
COﬂﬁnue;
}
If Zp does not belong to any cluster then
Zp € min (d(Zp , Mi)) where i€ [1, Nc]
Check the termination condition of algon'thm if
satisfied
Exit.
Else
Goto step 13.

not adjncent. S never same frequency segments are
p to 27 ensure the minimum execution

time during the allocati :
because ea%h time ]ﬁag&(}f 3ata POMIS 10 respective cluster
This ensures that outliers l?vililllgt:)mhm vy s b
nmber of cluster increases manifocid T}:;m;;jﬁkc;\ le(;y;?t:&;;l
Enll take les':s. time compared to the traglitiona! aIéon’thm
ecause .uadmonal algorithm calculates distance from data
points with each cluster wasting significant amount of time.
S(ep 30 calculates mean of data points in the specified clusters,
this reduces .the. number of iterations. Thus, making
convergence criteria achieve easily. In our approach it is not
required to calculate the distance from data pomt to cach
cluster rather in best case we are required to calculate distance
for each data point to only one cluster therefore increase i the
number of clusters would prove to be more significant. Also in
average case the elapsed time will be less than the raditional k-
means algorithm for the same reason.
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the cluster at cach siep, thus, ininimibzing the occurrence of
outhiers,
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