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ABSTRACT

The data mining process is to extract information from
large database, and it is non-trivial process of identifying
valid, novel, potential useful and understandable pattern
in data. The data mining task is using two major categories
of predictive and descriptive tasks. Data mining involves
the outlier detection, classification, clustering, regression
and summarization. The clustering is the most important
technique in data mining, which divides data into groups
of similar object, Each groups (= cluster) consist of object
that are similar among themselves. A wide range of
clustering algorithms is available in literature and still an
open area for researcher. In this paper Consider Aﬁinity
Propagation Clustering ‘Algorithm and K-Means-++
Clustering Algorithm. And I have tested two Kinds of
Data set and the Experimental results shows Increase the

Accuracy and Decrease the Execution Time
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L. INTRODUCTION

The Data mining is the process of discovering useful
information (i.e. patterns) underlying the data. Powerfui
techniques are needed to extract paiterns from large data
because traditional statistical tools are not efficient
enough anymore. Clustering is an important data mining
technique that puts together similar objects into a
collection in which the objects exhibit certain degree of
similarities. Clustering also separates dissimilar objects
into different groups. This has made clustering an
important research topic of diverse fields such as pattern
recognition, bioinformatics and data mining. Tt has been
applied in many fields of study, from ancient Greek
astronomy to present-day insurance industry and medical,

astronomy to present-day insurance industry and medical.

Affinity Propagation is a clustering algorithm that
identifies a set of exemplar points that are fepresentative
of all the points in the data set. The exemplars emérge as
messages are passed between data points, with each point
assigned to an exemplar. AP attempts to find the exemplar
set which maximizes the net similarity, or the overall sum
of similarities between all exemplars and their data points.
k-means++ (David Arthur et. Al, 2007} is another variation
of k-means, a new approach to select initial cluster centers
by random starting centers with specific probabilities is

used,
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In this paper, Consider Affinity Propagation Clust ;ng
Algorithm and X-Means++ Clustering Algorithm. And [
have tested two Kinds of Data set and the Experimental
results shows Increase the Accuracy and Decrease the

Execution Time.
TI. CLUSTERING

Clustering is the task of segmenting a heterogeneous
population into a number of more homogeneous sub
groups or clusters. Clustering and clusters are not
synenymous. A clustering is an entire collection of
clusters; a cluster on the other hand is just one part of the
entire picture. Clustering is a division of data into group
of similar objects. Each group, called cluster consist of
objects that are similar amongst themselves and dissimilar

cotpared to objects of other groups. {8]
IM1. CLUSTER ANALYSIS

The process of grouping a set of physical or abstract
object into classes of similar objects are called clustering.
A cluster is a collection of data object that are similar to
one another within the same cluster and are dissimilar to

the object in other clusters.

Cluster analysis is an important human activity. One leams
how to distinguish between cats and dogs, or between
animals or plants, by continuounsly improving

subconscious clustering lschémes. Cluster analysis has
been widely used in numerous applications, that including
pattern recognition, data analysis, image processing, and

market research by clustering.[6]

1V, CLUSTERING ALGORITHMS

There are many types of algorithms are used in clustering,

That is given below.
4.1 K-Means ++ Algorithm :

k-means++ (David Arthur et. Al., 2007} is another
variation of k-means, a new approach to select initial
cluster centers by randormn starting centers with specific
probabilities is used. The steps used in this algorithm are

described below:

* Step 1: Choose first initial cluster center ¢ randomly
1

from the given dataset X,

» Step 2: choose next cluster center ¢ =x “ X with

probability p where p, = ES; ':;‘:3{:;;: .

D{X) denote the shortest distance from x to the closest

cenfer already chosen.
» Step 3: Repeat step2 until k cluster centers are chosen.

+ Step 4: After initial selection of k cluster centers, Apply

k-means algorithm to get final k clusters.

42 AFFINITY PROPOGATIONALGORITHM :

© Affinity propagation (AP) can be viewed as a method

that searches for minima of an energy function
E(C)y=-""8(I,¢j) s(Ecid” 0
I=1

Each label ci indicates the exemplar of the data point i,
while s(i,ci) is the similarity between data point i and its

exemplar ci.
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For ci =1, s(i, ci) is the input preference for data point i d{

indicating how suitable data point i can be the exemplar.
_ In most cases, the statistical and geometrical struciure of
2 data set is unknown so that it is reasonable to set all the
preference value the same. The bigger this shared value
is, the larger the number of clusters is. Throughout the
following of this paper, the preferences are sef to the same
value if not mentioned. The process of AP can be viewed
as a message communication process with two kihds of
messages exchanged among data ‘points, named
responsibility and availability. The éigorithmic is stated

below:[8]
Input: s(i, k): the similarity of point i to point k.

p(j): the preferences array which indicates the preference

that data point j is chosen as a cluster center.
Outpui:
idx(j): the index of the cluster center for data point j.

dpsim: the sum of the- similarities of the data points to

theircluster centers.

netsim: the net similarity (sum of the data point silni.larities
and preferences).

expref: the sum of the preferences of t_he identified cluster
centers

netsim: the net similarity (sum of the data point data point

similarities and preference)

ITERATON#S

L 4

Figure 1 : Kteration affinity propagation
stepl: Tnitialization the availability a(i.k) to zero
a(ik)=0 (1)

step2: update the responsibility using rule
r(iK) = s(i k) — max {a(i, k). s(i, k' )}. @
Kstk#k

step3: update the availability using the rule

a(i, k) e—}m'n{o, r (kKT max{0,r(i' k)}}
i'sti'%i,k (3)
The self-availability is updated differently

alk,k)— Y max{0,r (', k)). “)
Isti% k

Step 4: The message-passing procedure may be terminated
after a fixed number of iterations, after changes in the
messages fall below a threshold orafter the local decisions

stay constant for some number of iterations.

Availabilities and responsibilities can be combined
to make the exemplar decisions. For point i, the value of k
that maximizes a(i, k)-+r(i, k) either identifies pointiasan

exemplar if k=i or identifies the data point that is the
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exemplar for point i. When updating the mes?ges,
numerical Oscillations must be taken into consideration.
As a result, each message is set to & fimes its vaiue from
the preﬁous iteration plus 1- & ‘_rimes its prescribed
updated value. The & should be larger than or equal to
0.5 and less than 1. If& is very large, numerical oscillation
may be avoided, but this is not guaranteed. Hence a
maximal number of iterations are set to avoid infinite

iteration in AP clustering.

V. CoLLecTING TiE DATaA:

In this paper, there are two data sefs are used to compare
the proposed algorithm with the existing algorithm. Iris
Data set and Wine Data set This is the data sets which

are taken from the http://www.ics.uci.edu/~mlearn/

MI.Repository.itml UCI Repository.

5,1 1ris data set;

Iris is well known and studied dataset. 1t was first .

introduced by Sir Ronald Aylmer Fisher and describes
collected data that quantifies the geog?aphic varia.tionlof
Iriﬁ flowers in the Gaspe Peninsula. It consists of 50
samples from each of three species of Iris flowers: Iris
Setosa, Iris Versicolor and Virginica. Each sample has four
features, describing some measurements, in cm, of the
flowers: Sepal Length, Sepal Width, Petal Length, and
| PetallW'idth._A particular characteristic of this dataset is
{hat the class of Iris-Setosa flowers is Iinealrly' Sepafable
from the other two. Also, the atiributes Petal Length and

Petal Width are highly correlated.

5.2 Wine data set:

Here, two datasets are related to red and white variants
of the Portuguese “Vinho Verde” wine. For more details,
consult: [Web Link] or the reference [Cortez et al., 2009].
Due to privacy and logistic issues, only physicochemical
(inputs) and sensory (the output) variables are available
(e.g. there is no data about grape types, wine brand, wine

selling price, etc.).

These datasets can be viewed as classification or
regression tasks. The classes are ordered and not
balanced (e.g. there are much more normal wines than
excellent or poor ones). Outlier detection algorithms could
be used to detect the few excellent or poor wines. Also,
we are not sure if all input variables are relevant. So it

could be interesting to test feature selection methods.

V1. Resvrr Over IRIS Anp Winge DaTa SET

The analysis of two different types of clustering
algorithm (Affinity propagation and K-Means++) is done
with the help of the Iris Data set and Wine Data set. The
Experimental Result shows the Comparable performance
of Affinity Propagation and K-Means++ citistering
Algorithm. Both Algorithms are performing well than other
Clustéring algorithms. In My proposition of K-Means++
Clustering Algorithm is given the better result than
Affinity propagation. The K-Means++ is Increase the
Average Accuracy and Decrease the Execution Time

while we comparing with the Affinity Propagation

. Clustering Algorithm. The Average Accuracy and .

Execution Time of these two fypes of Algorithms are

shown below in the Table.
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Table 1 : AccuracyValues of Affinity Propagation and

K-Means++ Algorithm

S.No Algorithm Acerracy
1 Affinity Propagation | 88%
- 2 KMeanst+ 0493%

Figure 3 : Accuracy Values of Affinity Propagation and
K-Means++ Algorithm

TFable 3 : Execution Tinie For Iris Data Set )

S.No Algorithm Execution Time
1 Affinity Propagation | 0.23 Sec
2 K-Meanst+ 0.12 See

Figure 2 : Accuracy Values of Affinity Propagation and
" K-Means++ Algoriihm

This graph shows the Accuracy or measurement -of the
system between the A ffinity Propagation and K—Méaﬁs++
algorithm for most relevant to the Iris Data set. The

algorithm in X-axis and the Accuracy value percentage in

the Y-axis Aigorithms are measured. The Accuracy value

of K-Means++ is higher than the Affinity Propagation

algorithm,

Figure 4 ; Execution time of Affinity Propagation and K-
Means++ Algorithm

Table2 : AccuracyValues of Affinity Propagation and

: This graph shows the Execution time comparison between
K-Means++ Algorithm o :

SR the Alfinity Propagation and K-Means++ Algorithm. X-

$.No Algorithm Accluracy axis defines the algorithm and Running time in milliseconds
1 Affnity Prbpacation 91% : in the Y-axis. The Running time of K-Means++ algorithm

o
: is lower than the Affinity Propagation algorithun,
LZ : K-Meang:-+ 94.61%
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Figure 5 : Execution time of Affinity Propagation and X-

Means++ Algorithm

This graph shows the Running time comparison between
the Affinity Propagation and K-Means++ A}gorithm. X-
axis déﬁnés the algorithm and Running time ini milliseconds
in the Y-axis. The Running time of K-Means++ algorithm
is tower than the A ffinity Propagation algorithm,

V11. CoxcLusion Anp FuTurReE WORK ¢

The Analysis of Affinity Propagation and K-Meanst++
Clustering Algorithms are done with the help of Iris data
set and 'Wine Data set. Then the Experimental Results
shows the Average Accuracy and Execution Time which
is applied in the Two Kinds of Data sets. The K-Means++
Algorithm is Performing well than the Affinity Propagation
Clustering Algorithm. And K-Means++ Algorithm is
Advanced version of K-Means, this is Increase the
Average Accuracy and decrease the Execution Time
While we are Comparing to the Affinity Propagation
Clustering Algorithm, Performance of this K-Means++
algorithm can be improved with the help of variants of
- other ‘Data sets in.other papers. In Fufure, E_fﬁcient k-
means, fuzzy logic to get better quality of cluster. So these

algorithm help to get Good Result.
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