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Abstract

The fuzzy kernel c-means (FKCM) algorithm, which uses a kernel function, can obtain more desirable clustering
results than fuzzy c-means (FCM) for not only spherical data but also non-spherical data. However, it can be
sensitive to noise as in the FCM algorithm. In this paper, a kernel function is applied to the possibilistic c-means
(PCM) algorithm and is shown to be robust for data with additive noise. Several experimental results show that the
proposed kernel possibilistic ¢-means (KPCM) algorithm out performs the FKCM algorithm for general data with
additive noise.
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Kernel Possibilistic C-Means Algorithm

Step 1. Initialization of the membership
(Using Fuzzy Kernel C-Means Algorithm)
Initialize random k center Vi and m , 0%
Compute the initial membership uijm);
Step 2. Minimization of the objective function
(Kernel Possibilistic - Means Algorithm)
Compute d%(X ;, V') using (6),(7),(8),(9);
o : Calculate nm; using (12);
Compute Uij(“ using (11);
Update d*(X;, V) using (6),(7),(8),(9);
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5.1 A spherical data without noise
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5.3 “Ring-shaped” data without noise
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5.4 “Ring-shaped” data with noise
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5.5 Image data without noise
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