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Abstract: Clustering analysis is a primitive exploratory
approach in data analysis with little or no prior knowledge.
Clustering has been widely used for data analysis and been an
active subject in several research fields such as pattern
recognition, information retrieval, data mining applications,
bioinformatics and many others. This paper presents a particle of
swarm optimization with self-optimal clustering (SOC) technique
which is an advanced version of improved mountain clustering
(IMC) technique. Proposed POS based SOC clustering
techniques for large data. We used the POS for the selection of
important parameter such as value of centroid and center, this
parameter decides the selection of center point of cluster
technique. The SOC clustering technique decides the cluster level
wise seed and generates cluster according to their features
attribute of data. The experiments also revealed the convergence
property of the level fitness in Proposed. We compared our
Proposed with existing clustering algorithms and shows that the
results are improved.

CRM, marketing, medical diagnostics, computational
biology, and many others. Given the apparent difficulty of
solving the k-means and other clustering and location
problems exactly, it is natural to consider approximation,
either through polynomial-time approximation algorithms,
which provide guarantees on the quality of their results, or
heuristics, which make no guarantees. One of the most
popular heuristics for the k-means problem is Lloyd’s
algorithm [5], which is often called the k-means algorithm.
Define the neighborhood of a center point to be the set of
data points for which this center is the closest. It is easy to
prove that any locally minimal solution must be centroidal,
meaning that each center lies at the centroid of its
neighborhood. Lloyd’s algorithm starts with any feasible
solution, and it repeatedly computes the neighborhood of
each center and then moves the center to the centroid of its
neighborhood, until some convergence criterion is satisfied.
It can be shown that Lloyd’s algorithm eventually converges
to a locally optimal solution [5].
The rest of paper discuss as in section 2 discuss the
Partition Relocation Clustering in which divide the data into
sets. In section 3 discuss proposed Work which is based on
SOC and POS. In section 4 discuss the experimental result
and analysis with performance parameters such as GSI, SI,
DI and PI. Finally discuss conclusion & future work in
section 5.
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I.

INTRODUCTION

C

lustering is a division of data into groups of similar
objects. Each group, called a cluster, consists of objects that
are similar to one another and dissimilar to objects of other
groups [2]. When representing data with fewer clusters
necessarily loses certain fine details (akin to lossy data
compression), but achieves simplification. It represents
many data objects by few clusters, and hence, it models data
by its clusters. Cluster analysis [3] is one of the major data
analysis methods which is widely used for many practical
applications in emerging areas like Bioinformatics.
Clustering is the process of partitioning a given set of
objects into disjoint clusters. This is done in such a way that
objects in the same cluster are similar while objects
belonging to different clusters differ considerably, with
respect to their attributes. Data modeling puts clustering in
a historical perspective rooted in mathematics, statistics, and
numerical analysis. From a machine learning perspective
clusters correspond to hidden patterns, the search for
clusters is unsupervised learn-ing, and the resulting system
represents a data concept. Therefore, clustering is
unsupervised learning of a hidden data concept. Data mining
applications add to a general picture three complications: (a)
large databases, (b) many attributes, (c) attributes of
different types. This imposes on a data analysis severe
computational requirements. Data mining applications
include scientific data exploration, information retrieval,
text mining, spatial databases, Web analysis

II.

The data partitioning algorithms, which divide data into
several subsets. Because checking all possible subset
systems is computationally infeasible, certain greedy
heuristics are used in the form of iterative optimization [2].
This means different relocation schemes that iteratively
reassign points between the k clusters. Unlike traditional
hierarchical methods, in which clusters are not revisited
after being constructed, relocation algorithms can gradually
improve clusters. With appropriate data, this results in high
quality clusters. One approach to data partitioning is to take
a conceptual point of view that identifies a cluster with a
certain model whose unknown parameters have to be found.
More specifically, probabilistic models assume that the data
comes from a mixture of several populations whose
distributions and priors we want to find. Corresponding
algorithms are described in the subsection Probabilistic
Clustering. One clear advantage of probabilistic methods is
the interpretability of the constructed clusters [4]. Having
concise cluster representation also allows inexpensive
computation of intra-clusters measures of fit that give rise to
a global objective function (see log-likelihood below).
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𝑣𝑖𝐾+1 = 𝜔𝑣𝑖𝑘 + 𝑐1𝑟𝑎𝑛𝑑1 × 𝑝𝑏𝑠𝑒𝑡𝑖 − 𝑥𝑖𝑘 + 𝑐2𝑟𝑎𝑛𝑑2
× 𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑖𝑘 … (4.1)
𝐾+𝑖
𝑥𝑖 = 𝑥𝑖𝑘 + 𝑣𝑖𝑘 +1 … … (4.2)

Another approach starts with the definition of objective
function depend-ing on a partition. As we have seen
(subsection Linkage Metrics), pair-wise distances or
similarities can be used to compute measures of inter and
intra-cluster relations. In iterative improvement approach
such pair-wise computations would be too expensive. For
this reason, in this approach a cluster is associated with a
unique cluster representative. Now the computation of an
objective function becomes linear in N (and in a number of
clusters k << N). Depending on how representatives are
constructed, partitioning relocation algorithms are
subdivided into k-medoids and k-means methods. K-medoid
is the most appropriate data point within a cluster that
represents it. Representation by k-medoids has two
advantages: it presents no limitations on attributes types and
the choice of medoids is dictated by the location of a
predominant fraction of points inside a cluster and,
therefore, it is insensitive to the presence of outliers. In kmeans case a cluster is represented by its centroid, which is
a mean (usually weighted average) of points within a
cluster. This works conveniently only with numerical
attributes and can be negatively affected by a single outlier.
III.

The clustering process to partition X into k cluster with
weights for both views and individual variables is modeled
as minimization of the following objective function
𝑘

𝑇

1

𝑝 𝑈, 𝑍, 𝑉, 𝑊 =

𝑢𝑖𝑤𝑡𝑣𝑗𝑑(𝑥𝑖𝑗, 𝑧𝑖𝑗)
𝑙=1 𝑖=1 𝑡=1 𝑗 ∈𝐺𝑖
𝑚

+𝑛

𝑣𝑗𝑙𝑜𝑔(𝑣𝑗)
𝑗 =1
𝑇

+𝜆

𝑤𝑡𝑙𝑜𝑔 𝑤𝑡 … … (1)
𝑡=1

Subject to
𝑘

𝑢𝑖. 𝑙 = 1, 𝑢𝑖, 𝑙 ∈ 0,1 , 1 ≤ 𝑖 ≤ 𝑛
𝑙=1
𝑇

𝑤𝑡 = 1,0 ≤ 𝑤𝑡 ≤ 1,

… . . (2)

𝑡=1

PROPOSED ALGORITHM

In this paper proposed the swarm intelligence techniques as
Particle Swarm optimization with the self optimal clustering
techniques and improved mountain clustering. The selfoptimal clustering technique faced a problem of index
generation and validation of data control. For the validation
of data used swarm based optimization technique. The
family of swarm intelligence gives better optimal value of
index for the process of cluster generation. In the continuity
of chapter discuss the partition clustering, particle of swarm
optimization, proposed algorithm and proposed model.
Particle Swarm Optimization (PSO) is a swarm-based
intelligence algorithm [7] influenced by the social behavior
of animals such as a flock of birds finds a food source or a
school of fish protecting them from a predator. A particle in
PSO is analogous to a bird or fish flying through a search
(problem) space. The movement of each particle is
coordinated by a velocity which has both magnitude and
direction. Each particle position at any instance of time is
influenced by its best position and the position of the best
particle in a problem space. The performance of a particle is
measured by a fitness value, which is problem specific. The
PSO algorithm is similar to other evolutionary algorithms.
In PSO, the population is the number of particles in a
problem space. Particles are initialized randomly. Each
particle will have a fitness value, which will be evaluated by
a fitness function to be optimized in each generation. Each
Particle knows its best position pbest and the best position
so far among the whole gathering of particles gbest. The
pbes tof a particle is the best result (fitness value) so far
reached by the particle, whereas gbest is the best particle in
terms of fitness in an entire population. In each generation
the velocity and the position of particles will be updated as
in Eq4.1 and 4.2, respectively. The heuristic optimizes the
cost of task-resource mapping based on the solution given
by particle swarm optimization technique.
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𝑛

𝑣𝑗 = 1,0 ≤ 𝑣𝑗 ≤ 1,1 ≤ 𝑡 ≤ 𝑇,
𝑗 ∈𝐺𝑖

Where
U is a n×k portion matrix whose element ui,l are binary
where ui,l=1 indicates that object I is allocated to cluster l;
Z={Z1,Z2,……….,Zk} is a set of k vectors representing the
centers of the k clusters
W={W1,W2,………..Wt} are T weight for T view
V={v1,v2,……………vm} are m weight for m variable
d(xij,zlj) is a distance or dissimilarity measure on the jth
variable between the ith object and the center of the lth
cluster. if the variable is numerical , then
d(xij ,zlj)=(xij-zlj)2………………………….(3)
if the variable is categorical, then
d(xij,zlj)={0 (xi.j=zl.j)……………………..(4)
1 (xi.j=/zl.j)
The first term in (1) is the sum of the within cluster
dispersions, the second and third terms are two negative
weight entropies. two positive parameters are control the
strength of cluster.
IV.

EXPERIMENTAL RESULT ANALYSIS

In this paper we perform experimental process of modified
SOC with POS. The proposed method implements in matlab
7.14.0 and tested with very reputed data set from UCI
machine learning research center. In the research work, we
have measured GSI, PI, SI, DI and Elapsed time rate. To
evaluate these performance parameters I have used five
datasets from UCI machine learning repository [27] namely
Iris, Glass identification, Diabetes, Cleveland and Ecoli data
set.
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Table 1: Shows that the performance evaluation for all
clustering techniques with the input value is 2, for the
Cleveland dataset.
Cluster
Value

2

Result
Techniques
IMC-1

GSI

PI

SI

DI

1.34

0.87

0.17

0.15

IMC-2

1.36

0.90

0.18

0.16

SOC

1.38

0.94

0.20

0.17

SOC-POS

1.40

1.03

0.26

0.23

Table 2: Shows that the performance evaluation for all
clustering techniques with the input value is 3, for the
Diabetes dataset.
Cluster
Value
Figure 1: Shows that the Diabetes dataset with method
IMC-1 using for the input value of k is 1.
3

Result
Techniques

GSI

PI

Elapsed
TIME

IMC-1

3.740

2.163

26.144

IMC-2

3.760

2.978

38.058

SOC

3.780

2.901

26.042

SOC-POS

3.800

2.387

29.144

Figure 4: Shows that the comparative result for diabetes
dataset using clustering techniques with the input value
is 3.

Figure 2: Shows that the Diabetes dataset with method
SOC-POS using for the input value of k is 1.

Figure 5: Shows that the comparative result for Ecoli
dataset using clustering techniques with the input value
is 5.
Figure 3: Shows that the Cleveland dataset with method
SOC-POS using for the input value of k is 5.
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CONCLUSION AND FUTURE WORK

In this paper the Proposed algorithm can compute fitness for
level and individual variables simultaneously in the
clustering process. With the two types of fitness, compact
level and important variables can be identified and effect of
low-quality level and noise variables can be reduced.
Therefore, Proposed can obtain better clustering results than
individual variable weighting clustering algorithms from
multi-level data. We used four real-life data sets to
investigate the properties of two types of fitness in
Proposed. We discussed the difference of the fitness
between Proposed and SOC, IMC based algorithms. Our
empirical result shows that our proposed algorithm shows
better result in comparison of IMC and SOC algorithm. The
POS algorithm takes more time for the selection of
estimated value of P. The values of M influence the cluster
quality during level of data. In future we used optimization
technique for self-selection of optimal cluster for large data.
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