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Abstract—
The Clustering is one of the most important techniques in data mining. It aims partitioning the data into
groups of similar objects. That is refered to as clusters. This research compares the StreamKM++ algorithm
with the existing work, such as AP, IAPKM and IAPNA. The StreamKM++ algorithm is a new clustering
algorithm from the data stream and into constructs a good clustering of the stream, using a small amount of
memory and time. Many researchers have done their work with static clustering algorithm, but in real time
the data is dynamic in nature. Such as blogs, web pages, audio and video, etc., hence, the conventional static
technique doesn’t support in real time environment. In this work, the StreamKM++ algorithm is used which
achieves high clustering performance over traditional AP, IAPKM and IAPNA. The experimental result
shows StreamKM++ algorithm achieves the best result compared with existing work. It has increased the
average accuracy rate and reduced the computational time, and memory.
Keywords— Data mining, clustering, clustering algorithm, StreamKM++, Data sets
I. INTRODUCTION
The Data mining is the process of discovering useful information (i.e. patterns) underlying the data. Powerful
techniques are needed to extract patterns 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. It 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. In Existing Research, Affinity Propagation (AP) clustering has been successfully used in a lot of
clustering problems. However, most of the applications deal with static data. This paper considers how to apply
AP in incremental clustering problems. Firstly, it point out the difficulties of Incremental Affinity Propagation
(IAP) clustering, and then propose two strategies to solve them. Correspondingly, two IAP clustering algorithms
are proposed. They are IAP clustering based on K-Medoids (IAPKM) and IAP clustering based on Nearest
Neighbor Assignment (IAPNA). Five popular labeled data sets, real world time series and a video are used to
test the performance of IAPKM and IAPNA. Traditional AP clustering is also implemented to provide
benchmark performance. Experimental results show that IAPKM and IAPNA can achieve comparable clustering
performance with traditional AP clustering on all the data sets. Meanwhile, the time cost is dramatically reduced
in IAPKM and IAPNA. Both the effectiveness and the efficiency make IAPKM and IAPNA able to be well used
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in incremental clustering tasks. Affinity Propagation is a clustering algorithm that identifies a set of exemplar
points that are representative of all the points in the data set. The exemplars emerge 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.
II. 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 synonymous. 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 compared to objects of other groups. [8]

III. CLUSTER ANALYSIS
The process of grouping a set of physical or abstract object into classes of similar objects is 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 learns how to distinguish between cats and dogs, or between animals or
plants, by continuously improving subconscious clustering schemes. Cluster analysis has been widely used in numerous
applications, that including pattern recognition, data analysis, image processing, and market research by clustering.[6]

IV. CLUSTERING ALGORITHM
4.1 StreamKM++ ALGORITHM:
The StreamKM++ is a new k-means clustering algorithm for data streams. It computes a small weighted sample
of the data stream and solves the k-means problem on this sample using the k-means-++ algorithm. We use two
new techniques. First, we use non-uniform sampling similar to the k-means++ algorithm. This leads to a rather
easy implementable algorithm and to a runtime which has only a low dependency on the dimensionality of the
data. Second, we develop a new data structure called coreset tree in order to significantly speed up the time
necessary for sampling non-uniformly during the coreset construction.
We are able to describe our clustering algorithm for data streams. To this end, let m be a fixed size
parameter. First, we extract a small coreset of size m from the data stream by using the merge-and-reduce
technique. Every time when two samples representing the same number of input points exist we take the union
(merge) and create a new sample (reduce).
4.1.1 K-means++Algorithm
Algorithm k-MEANS (P, k)
1 choose initial cluster centers c1….ck uniformly at random P
2 repeat
3 partition P into k subsets P1…..Pk, such that Pi, 1≤ i ≤ k,
Contains all points whose nearest center is ci
4 replace the current set of centers by a new set of centers c1….. ck,
such that center ci, 1≤ i ≤ k, is the center of gravity of Pi
5 until the set of centers has not changed.
4.1.2 Adaptive Seeding Algorithm
Algorithm Adaptive Seeding (P, k)
1 choose an initial center c1 uniformly at random from P
2 C ← {c1}
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3 for i ← 2 to k
4 choose the next center ci at random from P, where the probability
of each p ɛ P is given by D2 (p,C) / cost(P,C)
5C←C

V. COLLECTING THE DATA
In this paper, there are popular Six labeled data sets 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/MLRepository.html UCI Repository.
The Six of the most popular Data Sets are used to evaluate the clustering algorithms. In data set Car and Yeast,
the distribution of categories is seriously imbalance. However, it’s not the focus of the paper, so only parts of
the three data sets are used. In data set Car, four categories of objects are used, and each category consists of 65
objects. Data set Yeast contains 10 categories, where the most four and the data set of NSL KDD data set is
using for dynamic environment and this is consider the 42 Attributes and Instance of 25600 objects are used.
Each category contains 163 objects. Each data set is divided into six parts. The first part is used as initial objects,
and the left objects are added in five times. More details can be found in Table 2. e.g. Iris, traditional AP
clustering is implemented on the first100 objects, and the left objects are added 10 by 10. When new objects are
arriving.
5.1.1 Data Description:
Data set
No of Objects
No of Attribute
Usage of Data set
Iris
150
4
Whole
Wine
178
13
Whole
Car
569
30
Whole
Yeast
1728
6
Partly
WDBC
1484
8
Partly
KDD Cup
25600
42
Partly
In this table use Six labeled data sets to evaluate the proposed algorithm. Six of the most popular Data Sets in
are used to evaluate the clustering algorithms. A brief description is given in Table 1.
VI. RESULT OVER PROPOSED ALGORITHM WITH SIX DATA SETS
6.1 Performance Evaluation:
The performance of the proposed Work is evaluated with the existing approaches. It is analyzed with the
proposed scheme in terms of Average Accuracy, Computational time, Memory Usage and Number of Iterations.
Experimental results show that StreamKM++ Algorithm is comparable to previous work which requires Five
Labeled data sets for improving the Accuracy and reducing the Time, memory in clustering.
6.1.1 Accuracy of Proposed Algorithm (StreamKM++):

Figure 6.1.1 :Accuracy Values of Six Labeled Data set
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This graph shows the Accuracy of StreamKM++clustering algorithm for most relevant to the popular Six Data
sets. The Data sets in X-axis and the Accuracy value percentage in the Y-axis are measured.
6.1.2 Computational Time of Proposed Algorithm (StreamKM++) :

Figure 6.1.2: Computational Time of Six Labeled Data set
This graph shows the Computational Time of StreamKM++clustering algorithm for most relevant to the popular
five Data sets. The Data sets in X-axis and the Computational Time in Seconds in the Y-axis are measured.
6.1.3 Memory Usage in Proposed Algorithm (StreamKM++) :

Figure 6.1.3: Memory Used in the Six Labeled Data set
This graph shows the Memory Usage in StreamKM++clustering algorithm for most relevant to the popular five
Data sets. The Data sets in X-axis and the Memory Usage in MB in the Y-axis are measured.
VII.
IMPLEMENTATION OF THE PROPOED WORK
7.1 RESULTS
The Following Implementation of Algorithms are used Popular six labeled Data sets. They are
explained in details within the table and graph.
7.1.1 AVERAGE ACCURACY:

Figure 7.1.1 The Average Accuracy of AP, IAPKM, IAPNA and StreamKM++ Algorithms
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This graph shows the Accuracy or measurement of the system between the Affinity Propagation, IAPKM,
IAPNA and StreamKM++ algorithm for most relevant to the Six Labeled Data sets. The Data sets in X-axis and
the Accuracy value in percentage in the Y-axis and right side the Algorithms are measured. The Accuracy value
of StreamKM++ is higher than the other three algorithms.

Table 7.1.1: The Average Accuracy of AP, IAPKM, IAPNA and StreamKM++ Algorithms

7.1.2 COMPUTATIONAL TIME IN (SECONDS):

Figure 7.1.2 The Computational Time of AP, IAPKM, IAPNA and StreamKM++ Algorithms
This graph shows the Accuracy or measurement of the system between the Affinity Propagation, IAPKM,
IAPNA and StreamKM++ algorithm for most relevant to the Six Labeled Data sets. The Data sets in X-axis and
the Computational Time in Seconds in the Y-axis and right side the Algorithms are measured. The
Computational Time of StreamKM++ is Slightly better than the other three algorithms.
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Table 7.1.2: The Computational Times of AP, IAPKM, IAPNA and StreamKM++ Algorithms

7.1.3 MEMORY USAGE IN (MB):

Figure 7.1.3: The Memory usage of AP, IAPKM, IAPNA and StreamKM++ Algorithms
This graph shows the memory or measurement of the system between the Affinity Propagation, IAPKM,
IAPNA and StreamKM++ algorithm for most relevant to the Six Labeled Data sets. The Data sets in X-axis and
the Memory Usage in MB in the Y-axis and right side the Algorithms are measured. The memory usage of
StreamKM++ is reduced than the other three algorithms.
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VIII.

CONCLUSION AND FUTURE WORK

The Data mining process is to extract useful information from the large database. And it involves the outlier
detection, classification, clustering, summarization and regression. The clustering algorithm is one of the most
important technique in Data mining. It aims partitioning the data into groups of similar objects. That is refered
to as cluster. And the many researchers have done their work with clustering algorithm in static data. But, in real
time the data is dynamic in nature such as blogs, web pages, video surveillance, etc.
Hence, the conventional static technique doesn’t support in real time environment. This research compares the
StreamKM++ algorithm with the existing work such as AP, IAPKM and IAPNA.
The experimental result shows StreamKM++ algorithm achieves the best result compared with existing work. It
has increased the average accuracy and reduced computational time, and memory.
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