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Abstract— Recently data is generating in large amount
everywhere and the efficient use of data should be done. So,
proper techniques and methods should be there for efficient
maintenance of data. To classify or cluster the valid or certain
data, there are different approaches like DT, Rule based
Classification, Naive Bayes Classification and many more
techniques. But classification of uncertain data is bit difficult.
The uncertainty occurs in the data because of the imprecise
measurement of the results, like scientific results, data from
sensor network, measuring temperature, humidity, pressure
and so on. Main task is to handle the uncertainty of the data in
order to classify or cluster it. So we are using UK-means and
LMHIK algorithms for clustering of uncertain data. In UK-
Means, the Expected Euclidean distance is used to assign the
object to cluster and in LMHIK algorithm to create the
accurate clusters the large margin is calculated.
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I. INTRODUCTION

In real world the huge amount of data is generating but is not
in well-structured manner i.e. it contains lots of uncertainty.
This uncertainty in data is mostly due to error or noise in
measuring equipment. But data is important part of any
applications so it should be considered while processing and
it is necessary to consider the uncertainty of data also. Due to
presence of uncertainty the data many times wrong clustering
of uncertain data is done. Hence there should be mechanism
to cluster uncertain data so that it can be used efficiently.

In this paper, we will give solution to the uncertain
clustering problem for the case of data value uncertainty, and
propose a new distance computing method of multi-
dimensional uncertain data. In addition we present an
uncertain K-means clustering algorithm UK-means which is
based on the classical K-means and Large Margin Histogram
Intersection Kernel (LMHIK) which is based on the margin
computation method.

The paper is organized as follows: in section I, we
will describe the related works. In section 111, we define the
proposed system and section 1V is for conclusion. The last
section V represents future scope of the system.

Il. LITERATURE REVIEW

Clustering on certain data is a classic task in data mining,
which has been studied for many years in pattern recognition,
bioinformatics and so on. However, the work of clustering on
uncertain data is just in a preliminary stage. The measurement
of similarity between uncertain objects is different from that
of certain objects and it is very important for efficient
clustering.

In clustering Based on Geometric Distance K-means
[1] is first proposed to handle uncertain objects. For arbitrary
pdfs, the bottleneck of K-means is expected distance
calculation, which is computationally expensive. Thus,
pruning techniques, such as MinMax and VDB [2, 3] are

proposed to remove the candidate clusters from
consideration, which are certainly not closest to the object,
reducing a large amount of expected distance calculations.
FDBSCAN [4] and FOPTICS [5] are density-based
clustering methods on uncertain data based on DBSCAN [6]
and OPTICS [7] respectively. Fuzzy distance function is used
in FDBSCAN. The similarity between two uncertain objects
is represented by distance probability functions and it lies in
a range specified by the user. In DBSCAN, clusters are
formed based on the concepts of core objects and
reachability. In FOPTICS, a similar approach with
probabilities is used to modify the OPTICS algorithm to
handle uncertain data.

In clustering based on Probability Distribution
Similarity, the distribution similarity appears in the task of
document clustering in information retrieval. Each document
is modelled as a multinomial distribution in the language
model [8, 9]. For example, Xu et al. [10] uses K-means
clustering to measure the similarity between the multinomial
distributions of documents by KL divergence. To our
knowledge, Jiang et al. First propose a framework of k-
medoids and DBSCAN for clustering uncertain objects by
integrating KL divergence.

I1l. PROPOSED METHOD
In proposed system, the combinations of UK-means and
LMHIK algorithms for clustering of uncertain data. Fig (a)
shows architecture diagram for system.
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Fig. 1. Architecture Diagram

A. UK-Means Algorithm:

UK-Means clustering intends to partition n objects into k
clusters in which each object belongs to the cluster with the
nearest mean. This method produces exactly k different
clusters of greatest possible distinction. The best number of
clusters k leading to the greatest separation (distance) is not
known as a priori and must be computed from the data. The
objective of UK-Means clustering is to minimize total intra-
cluster variance, or, the squared error function. If variables
are huge, then UK-Means most of the times computationally
faster than hierarchical clustering, if we keep k smalls.UK-
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Means produce tighter clusters than hierarchical clustering,
especially if the clusters are globular.
1) Algorithm:
— Input: the sample set of uncertain objects, the number of
clusters K.
—  Output: the uncertain objects with cluster labels.
- Steps:
1) Randomly initialize the mean vectors of all cluster
representatives.
2) Pre-compute the mean vector of object by object.
3) Initialize ED between cluster and representative to 0.
4) Compute expected Euclidean distance ED between
cluster and representative.
5) Assign object to cluster by minimum ED.
6) Update the mean vectors of all cluster reps.
7) Display time for manipulation.

B. LMHIK (Large Margin Histogram Intersection Kernel)
Algorithm:

The large margin clustering is the method based on spectral
clustering is used. The goal of large margin clustering is to
make the margin between different clusters as large as
possible. So that the uncertainty is removed easily and
accurate clusters are formed.

1) Algorithm:

— Input: the sample set of uncertain objects, Existing
uncertain database and the number of clusters K.
Output: the uncertain objects with cluster labels.

Steps:

1) Load the uncertain dataset.

2) Load the feedback from the user.

3) Get the normalized values of all parameters.
4) Calculate the margin difference.

5) Check whether the large margin is existing or not.
6) Add into appropriate clusters.

7) Display the time required for manipulation & cluster

name.
8) Display time for manipulation.
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Fig. 2: State transition of the system

IV. CONCLUSION

The proposed system contains clustering uncertain objects
based on UK-means and LMHIK algorithms. Thus Expected
Euclidean distance is used in UK-means to cluster the
elements where in LMHIK the margin is calculated and com-
pared to assign it to cluster. So, efficiently the clustering is
done and managed uncertain data also it helps to remove
uncertainty from the data and use it efficiently without any
error and mistake.

V. FUTURE SCOPE

The proposed systems are worked on only one type of data
i.e. homogeneous clustering we can improve it for
heterogeneous clustering.

REFERENCES

[1] M. Chau, R. Cheng, B. Kao, J. Ng, Uncertain data
mining: An example in clustering location data, in:
Advances in Knowledge Discovery and Data Mining,
10th Pacific-Asia Conference, PAKDD 2006, Singapore,
April 9-12, 2006, Proceedings, 2006, pp. 199-204.

[2] W. K. Ngai, B. Kao, C. K. Chui, R. Cheng, M. Chau, K.
Y. Yip, Efficient clustering of uncertain data, in:
Proceedings of the 6th IEEE International Conference on
Data Mining (ICDM 2006), 18-22 December 2006,
Hong Kong, China, 2006, pp. 436-445.

[3] B.Kao, S.D. Lee, D. W. Cheung, W.-S. Ho, K. F. Chan,
Clustering uncertain data using voronoi diagrams, in:
Proceedings of the 8th IEEE International Conference on
Data Mining (ICDM 2008), December 15- 19, 2008,
Pisa, Italy, 2008, pp. 333-342.

[4] H.-P. Kriegel, M. Pfeifle, Density-based clustering of
uncertain data, in: Proceedings of the 11th ACM
SIGKDD International Conference on Knowledge
Discovery and Data Mining, 2005, pp.672-677.

[5] H.-P. Kriegel, M. Pfeifle, Hierarchical density-based
clustering of uncertain data, in: Proceedings of the 5th
IEEE International Conference on Data Mining, 2005,
pp. 689-692.

[6] M. Ester, H.-P. Kriegel, J. Sander, X. Xu, A density-
based algorithm for discovering clusters in large spatial
databases with noise, in: Proceedings of the 2nd
International Conference on Knowledge Discovery and
Data Mining, 1996, pp. 226-231.

[7]1 M. Ankerst, M. M. Breunig, H.-P. Kriegel, J. Sander, and
Optics: Ordering points to identify the clustering
structure, in: Proceedings ACM SIGMOD International
Conference on Management of Data, 1999, pp. 49-60.

[8] J. M. Ponte, W. B. Croft, A language modeling approach
to information retrieval, in: SIGIR, ACM, 1998, pp. 275-
281.

[9] F. Song, W. B. Croft, A general language model for
information retrieval, in: CIKM, ACM, 1999, pp. 316-
321.

[10]J. Xu, W. B. Croft, Cluster-based language models for
distributed retrieval, in: SIGIR, ACM, 1999, pp. 254—
261.

[11]J. Wu, Efficient hik svm learning for image
classification, IEEE Transactions on Image Processing
21 (10) (2012) 4442-4453.

All rights reserved by www.ijsrd.com 114



Clustering on Uncertain Data
(1JSRD/Vol. 4/1ssue 03/2016/031)

[12]M.J.Swain, D. H. Ballard, Color indexing, International
Journal of Computer Vision 7 (1) (1991) 11-32.

[13]J. Wu, W.-C.Tan, J. M. Rehg, Efficient and effective
visual codebook generation using additive kernels,
Journal of Machine Learning Research 12 (2011) 3097—
3118.

[14]Lei Xu, Qinghua Hu, Edward Hung, Baowen Chen,Xu
Tan, Changrui Liao, Large Margin Clustering on
Uncertain Data by Considering Probability Distribution
Similarity.

All rights reserved by www.ijsrd.com 115



