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Abstract
The Possibilistic C-Means (PCM) has many advantages over Fuzzy C-Means (FCM) in loud situations, it has a great
tendency to produce similar clusters. The fuzzy set handles overlapping partitions, the rough set handles instability,
dubiousness, fragmentation, and incoherence in a class. The kernel handles linear separability of the clusters. In this
paper, RKPCM algorithm is proposed.
Keywords: PCM, fuzzy set, kernels,rough set, RKPCM.
I. Introduction
Clustering helps to differentiate the dataset of similar data points in a better way by using various techniques.
Clustering techniques have effectively been connected to design acknowledgment, machine learning, science, drug,
PC vision, interchanges, remote detecting, etc. In c-means clustering the cluster centers are used to form the clusters.
The fuzzy c-means uses the concept of fuzziness in order to handle overlapping clusters. Therefore, fuzzy property
helps in recognizing information designs which could have a place with one or more groups with a specific level of
enrollments. [1]
Rough sets [2], [3] deal with vulnerability, unclearness, deficiency, and ambiguity in the datasets [8]. It has been
widely used with fuzzy-rule extraction, reasoning with uncertainty, fuzzy modeling, etc. [3]. Lingras and West built
up another bunching strategy called rough c- means (RCM) [4], which explains a cluster by a pair of lower and upper
approximations which are weighted contrastingly utilizing couple of parameters which are helpful in registering the
new focuses. Amalgamation of fuzzy and rough sets gives an outlook change in managing prevailing upon instability.
KFCM by supplanting the internal item with a proper "piece" capacity, naturally performs a nonlinear mapping to a
high dimensional element space without expanding the quantity of parameters. This 'kernel method' has been
successfully connected into numerous learning frameworks[8]. The integration of the kernel s [5], [6], [7] (with rough
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fuzzy c-means) permits the mapping of the first component space into a higher dimensional space along these lines
permitting straight partition of clusters. On the other hand, the FCM has a constraint that the enrollments of an
information point crosswise over classes are equivalent to solidarity. Despite the fact that this is helpful in making
segments, the enrollments don't generally contrast with the instinctual thought of level of belongingness or likeness.
Adding on, the FCM is more sensitive to noise. To overcome this problem, Krishnapuram and Keller had proposed
the possibilistic c-means (PCM) algorithm [9]. The advantages of PCM are that it conquers the need to indicate the
quantity of groups and is very vigorous in an uproarious domain. At the point when the information is excessively
loud, the circumstance is entirely diverse in light of the fact that the FCM is severely sensitive to outliers. This paper
proposes a rough kernel possibilistic c-means (RKPCM) algorithm to overcome weakness of PCM.
II. Kernel Fuzzy C-Means Clustering
p
Given a dataset, A={a,…..,a} ⊂R , the original FCM algorithm partitions A into c fuzzy subsets by minimizing the
following objective function
m
2
J (U,V)=∑∑u ||a −v || .

(1)

where c is the number of bunches and chose as a predefined esteem, n is the number of data points, uik is the
c
membership of ak in class i, satisfying ∑ uik=1, m is the quantity controlling clustering fuzziness, and V as the set of
cluster centers or prototypes ( v∈R

p

).

Presently consider the proposed kernel fuzzy c-means (KFCM) algorithm. Characterize a nonlinear guide as
Φ:x→Φ(x)∈F, where x∈X. X denotes the data space, and F the changed element space with higher even unbounded
measurement. KFCM minimizes the accompanying target capacity
m
2
J (U,V)= ∑∑ u ||Φ(x )−Φ(v)|| (2)
Where
2
||Φ(x )−Φ(v)|| =K(x ,x )+K(v,v)−2K(x ,v).

(3)

2 2
In the event that we receive the Gaussian function as a kernel function, i.e., K(x,y)=exp(−||x−y|| /σ ) , then K(x,x)=1,
according to Eq. (3), Eq. (2) can be rewritten as
m
J (U,V)= 2∑∑ u (1−K(x,v)) .
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Minimizing Eq. (4) under the constraint of uik, we have

KFCM ALGORITHM
Step 1: Fix c, tmax,m>1 and ε>0 for some positive constant;
Step 2: Initialize the memberships ui.
Step 3: For t=1,2…. tmax, do:
t
(a) Update all prototypes vi with Eqs. (6);
(b) Update all memberships uwith Eqs. (5);
t
(c) Compute Et =max(ut-ut-1), if E ≤ε,
Stop; else t=t+1;
III. Kernel Possiblistic C-Means Clustering
The first FCM utilizes the probabilistic imperative that the enrollments of an information indicate crosswise over
classes entirety one. While this is helpful in making segments, the participations coming about because of FCM and
its subsidiaries, regardless, don't by and large identify with the characteristic thought of level of having a spot or
likeness. Krishnapuram and Keller unwind this imperative and propose a possibilistic way to deal with grouping
(PCM) by minimizing the accompanying item work

(7)
where ηiare suitable positive numbers. The principal term requests that the separations from information focuses to
the models be as low as could be expected under the circumstances,whereas the second term forces the uikto be as far
reaching as could sensibly be normal, in this manner evading the trifling arrangement. As in KFCM, we adopt the
Gaussian kernel function. Then the updating of memberships is

(8)
Here we use the Gaussian function as the kernel function, and ηiare estimated using
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(9)
Typically, K is chosen to be 1.
KPCM ALGORITHM
Step 1: Fix c, tmax, m>1 and ε>0 for some positive constant;
0

Step 2: Initialize the memberships u

using KFCM algorithm.

Step 3: Estimate ηiusing equation (9).
Step 4: For t=1,2…. tmax, do
t
(a) Update all prototypes vi with Eqs. (6);
(b) Update all memberships uikwith Eqs. (8);
t
(c) Compute Et =max(ut-ut-1), if E ≤ε,
Stop; else t=t+1;
IV. Rough Kernel Possibilistic C-Means Clustering
Kernel methodologies can enhance the execution of traditional bunching or order calculations for complex
appropriated information. This is achieved by using a kernel function, which is characterized as the inward result of
two qualities got by a change capacity. In doing as such, this permits calculations to work in a higher dimensional
space (i.e., more degrees of opportunity for information to be seriously parceled) without computing the
change. KPCM incorporates a difference redesigning strategy for Gaussian portions for every grouping cycle. A few
exploratory results demonstrate that the proposed calculation can outflank different calculations for general
information with added substance clamor.
In the proposed algorithm, each cluster is treated as rough set. The rough cluster has lower and upper approximations.
To stay away from the instatement affectability and low computational proficiency issues of the kernelized
possibilistic c-means clustering algorithm (KPCM), hybridization of rough set is applied and RKPCM is proposed.
The algorithm forms three types of clusters where data patterns may lie in any of the following:
•

In both upper and lower approximations which can be denoted as
by using the formula -
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(10)
Only in upper approximation which can be denoted by

by using the formula –

(11)
Only in lower approximation by using the formula-

(12)
The patterns for lower approximation is controlled by w_lowwhile for upper approximations is controlled by w_up.
is the set of patterns lying in rough boundary between the two approximations. When a cluster contains
objects only in its lower or only in its upper approximation, the cluster center is computed in the traditional manner
without scaling factor wlow or w_up. The rough kernel possibilistic c-means is as belowRKPCM ALGORITHM
Step 1: Fix c, tmax, m>1 wlow and ε>0 for some positive constant;
0

Step 2: Initialize the memberships u

using KFCM algorithm.

Step 3: Estimate ηiusing equation (9).
Step 4: For t=1,2…. tmax, do
t
(a) Update all prototypes vi with Eqs. (6);
t
(b) Update all memberships u ikwithEqs. (8);
(c) Compute E

t

t
= max(ut-ut-1), if E ≤ε,

Stop; else t=t+1;
Step 5: for each,

do

Step 6: Assign maximum membership grade to xk,
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Step 7: for j=1:c, do
Step 8: if

threshold, then

Step 9: Assign xk to upper approximation
end if
end for
Step 10: if xkdoesn’tbelong to upper approximation, then
Step 11: Assign xkto lower approximation.
end if
end for
Step 12: Update clusters using the formulas (10), (11) and (12).
Step 13: End while.
V. Results
DB Index:
Its defined as the ratio of sum of intra-cluster distance to inter-cluster distance. The formula used is-

It helps in reducing the intra-cluster distance and increasing the inter-cluster distance.
Dunn Index:
It is used to check the compactness of the clusters by using the formula-

1.) Clusters

Fig.1 KFCM Cluster
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Fig.2 KPCM cluste
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2.) DB and Dunn Index of KFCM and KPCM algorithms.
Table-I. DB and Dunn Index.

3.) Reduction
Table-II: Diabetes Data Reduction of RKFCM.

Table-III: Diabetes Data Reduction of RKPCM.

Table-IV: Heart Disease Reduction of RKFCM.
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Table-V: Heart Disease Reduction of RKPCM.

Table-VI: The confusion Matrix of RKFCM and RKPCM.

As the images fig.1 and fig.2 show that the formation of clusters in KPCM helps to get a more classified view and it
helps in detecting outliers easily which was not possible in KFCM algorithm and from Table I, it is verified that
KPCM for diabetes and heart disease data sets work better in DB and Dunn indexes as their intra-cluster distance is
very less and inter-cluster distance is more which makes the clusters uniquely identified. Thus KPCM is better than
KFCM algorithm. After the application of reduction on KFCM and KPCM, the tables show that the reduced rules
generated are less in RKPCM on comparing with RKFCM algorithm.
Table VI shows the results of the confusion matrix for diabetes and heart disease data sets. The results show that the
accuracy of RKPCM is more as compared to the accuracy of RKFCM algorithm. Therefore, Rough Kernel
Possibilistic C-Means has more advantages in utilizing it as a part of constant information sets a sit gives come about
more exact conclusion. The hybridized algorithm Rough Kernel Possibilistic C-Means when applied on diabetes and
heart disease data sets provides more accurate and uniquely identified clusters. This helps in detecting the diseases in
an appropriate way. In future perspective, more hybridized algorithms can be used and can be applied on different
data sets and can be checked for its validity on large and real life data sets to get more precise and accurate results
which are helpful in detecting numerous real life problems in a better way.
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