
IJCST  Vol. 5, ISSue 3, July - SepT 2014

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology  245

 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

Extension to Rough c-means Bunch Supported 
Decision-Theoretic Rough Sets Model

1Samala Rudramadevi, 2H. Venkateswara Reddy
1M.Tech(SE), Vardhaman College of Engineering, Hyderabad, Telangana, India

2Associate Professor, Vardhaman College of Engineering, Hyderabad, Telangana, India

Abstract
Rough c-means algorithmic rule has gained increasing attention in 
recent years. However, the assignment scheme of Rough c-means 
algorithmic rule doesn’t incorporate any info concerning the 
neighbours of the info purpose to be appointed and may cause 
undesirable solutions in apply. This paper proposes associate 
extended Rough c-means agglomeration algorithmic rule supported 
the concepts of decision-theoretic Rough Sets model. Within the 
risk calculation, a replacement quite loss function is employed 
to capture the loss info of the neighbours. The assignment theme 
of the current multi-category decision-theoretic Rough Sets 
model is additionally adjusted to deal with the doubtless high 
procedure value. Experimental results are provided to validate 
the effectiveness of the projected approach.
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I. Introduction
As one of the foremost elementary analysis topics in each data 
processing and machine learning communities, bunch has been 
wide utilized in information analysis tasks. It will be viewed 
because the downside of dividing a doubtless massive information 
(patterns) set X of n information points in q-dimensional house, i.e. 
X =  ⊂ Rq, into a few &lt; n compact subsets, specified information 
points within the same set area unit the same as one another, whereas 
information points in numerous subsets area unit dissimilar. Within 
the past years, a wealth of bunch techniques was projected to 
handle this downside (see [1-2] for details). Roughly speaking, 
bunch algorithms will be divided into 2 types: partitioned and 
gradable. The classical c-means formula [3–5] (also referred to as 
exhausting c-means (HCM)) is perhaps still the foremost normally 
used partitioned bunch formula. In HCM, c clusters construct a 
partition of X, i.e. Ci ∩ Cj = φ if i _= j. a knowledge purpose is then 
allotted unambiguously to a cluster. This may not be applicable in 
several real-life eventualities, within which a knowledge purpose 
ought to belong to multiple clusters. This downside will be solved 
supported completely different soft computing approaches. As an 
example, Bezdek’s Fuzzy c-means (FCM) formula uses Fuzzy set 
illustration of clusters. Krishnapuram and Helen Keller projected 
possibility c-means (PCM) formula by exploitation chance degree 
to explain the degree of a knowledge purpose belongs to a precise 
cluster. The algorithms exploitation each fuzzy and possibility 
membership were additionally introduced. Recently, another 
quite algorithm has been projected supported belief functions 
theory. As a very important soft computing approach for unsure 
and obscure information analysis, the speculation of Rough sets 
was additionally incorporated in HCM framework to develop the 
Rough c-means (RCM) formula. (For a lot of aspects of Rough 
sets theory and its applications, please consult with.) Like HCM, 
RCM will be classified into the partition bunch ways.

II. Literature Survey

B. RCM: Rough C-Means Algorithm
Rough clusters are shown to be useful for representing groups of 
highway sections, web users, and supermarket customers. Rough 
sets were originally proposed using equivalence relations with 
properties as specified by Pawlak. The core idea is to separate 
discernible from indiscernible objects and to assign objects to 
lower and upper approximations of a set.
In rough clustering we are not considering all the properties of the 
rough sets. However, the family of upper and lower approximations 
are required to follow some of the basic rough set properties such 
as:

An object v can be part of at most one lower approximation. 1. 
This implies that any two lower approximations do not 
overlap.

An object v that is member of a lower approximation of a set is 
also part of its upper approximation (v ∈ A(xi ) → v ∈ A(xi )). 
This implies that a lower approximation of a set is a subset of its 
corresponding upper approximation (A(Xi ) ⊆ A(Xi )).

If an object v is not part of any lower approximation it belongs 2. 
to two or more upper approximations. This implies that an 
object cannot belong to only a single boundary region.

In rough k-means, the most widely used rough clustering algorithm, 
the symptoms are the features and the diagnoses correspond to 
the labels of the clusters. Hence, we need to map the symptoms 
on continues feature scales.

B. Case Generation Using Rough Sets With Decision 
Theoretical Rough C-Means
In this article, we propose a rough-dtrcm hybridization scheme 
for case generation. A decision-theoretic rough set model brings 
new insights into the probabilistic rough set approaches. The 
Bayesian decision procedure deals with making decisions with 
minimum risk based on observed evidence. We present a brief 
description of the procedure from the book by Duda and Hart. 
Different probabilistic models can be easily derived from the 
decision-theoretic model. Decision-theoretic rough set models are 
a probabilistic extension of the algebraic rough set model. The 
required parameters for defining probabilistic lower and upper 
approximations are calculated based on more familiar notions of 
costs (risks) through the well-known Bayesian decision procedure. 
In order to appreciate the generality and flexibility of the model, 
we show explicitly the conditions on the loss function under which 
other models can be derived, including the standard rough set 
model, 0.5 probabilistic rough set models, and both symmetric and 
asymmetric variable precision rough set models. Furthermore, the 
decision-theoretic model is extended from a two-class classification 
problem into a many-class classification problem. This enables 
us to observe that some of the straightforward generalizations of 
notions and measures of the algebraic rough set model may not 
necessarily be meaningful in the probabilistic models.
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C. Clustering of proximity data using belief functions
A new clustering method for relational data is proposed, based 
on Evidence theory. In this approach, masses of belief assigned 
to subsets of classes are used to compute the plausibility that two 
objects belong to the same class. It is then required that these 
plausibilities be compatible with the observed dissimilarities 
between objects. Experiments illustrate the ability of the method 
to handle noisy or non Euclidean data.
In this paper we have suggested a new way of classifying relational 
data based on the theory of evidence. The classification task is 
performed in a very natural way, by only imposing that, the more 
two objects are similar, the more likely they belong to the same 
cluster. The concept of credal partition c an be considered as 
a generalization of a probabilistic or possibilistic partition and 
offers a very flexible framework to handle noisy, imprecise or non-
Euclidean data. Experiments on various datasets, which are not all 
reported here, have shown the efficiency of this approach.

III. Existing Sysytem
Rough c-means algorithm has gained increasing attention 
in recent years. However, the assignment scheme of Rough 
c-means algorithm does not incorporate any information about 
the neighbours of the data point to be assigned and may cause 
undesirable solutions in practice.
The assignment scheme of RCM is based on the difference of 
the distances of the data point to be assigned to cluster centroids 
within or not within the given threshold value. This scheme does 
not consider any information of its neighbours and may cause 
undesirable solutions in practice. Like the assignment scheme 
of RCM, the loss function of the present multi-category DTRS 
model only relates to the loss information of the data point to 
be assigned. So it is necessary to incorporate more information, 
especially the neighbourhood information, in the definition of 
the loss function for data point’s assignment. Secondly, to decide 
a data point to be assigned to a cluster or several clusters, the 
present multi-category DTRS model checks all possible subsets 
of categories. This may cause a high computational cost when 
cluster number is large.

IV. Drawbacks of Existing System:  
Cause undesirable solutions• 
High computational cost• 

V. Proposed System
In this paper, motivated by the local learning approach, we present 
an extended loss function to calculate the risk associated with 
taking a certain assignment action to a data point. This function 
intends to capture the loss caused by the neighbours of this data 
point. We also propose a new data point assignment scheme to 
deal with the potentially high computational cost. Then, a new 
RCM algorithm is proposed, in which the concepts of DTRS 
model are utilized. Experimental results indicate the effectiveness 
of the proposed approach.

VI. Advantages of Proposed System  
Capture the distinction between data points in the boundary • 
area
Capture the loss of the neighbors of a data point to be • 
assigned
Deal with the potentially high computational cost• 
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Fig. 1: Sequence Diagram

Fig. 2. Home Page

Fig. 3. Performance Chart

VII. Conclusion
Rough c-means algorithm is becoming popular for the moderate 
description and restriction in representing clusters. In this paper, 
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we have proposed an extension to Rough c-means clustering 
algorithm based on DTRS model. In the extended algorithm, the 
concepts of DTRS model are utilized in the step of data point’s 
assignment. The loss function is extended to incorporate the loss 
of the neighbours of the data point to be assigned in order to make 
a good consensus on the cluster label. The assignment scheme of 
the present multi-category DTRS model is adjusted to deal with 
the potentially high computational cost. We apply the extended 
RCM to data sets from the UCI Machine Learning repository and 
the USPS ZIP code handwritten digits database. Experimental 
results show encouraging results. Future works may include 
three directions. The first one aims to a convenient parameter 
selection method for the parameters used in the loss function. 
The second one aims to different loss function definitions and 
test them thoroughly. The last one is to test our approach with 
more empirical studies, as well as to extend this work to other 
applications, such as image processing and computer vision.
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