Initialization of Fuzzy C-Means Using Kernel Density Estimation
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ABSTRACT

Fuzzy C-Means (FCM) is one of the most widely used clustering algorithms and has been used in many applications successtully.
However, FCM has some shortcomings and initial prototype selection is one of them. As FCM is only guaranteed to converge on a local
optimum, different initial prototype results in different clustering. Therefore, much care should be given to the selection of initial prototype. In
this paper, a new initialization method for FCM using kernel density estimation (KDE) is proposed to resolve the initialization problem. KDE
can be used to estimate non-parametric data distribution and is useful in estimating local density. After KDE, in the proposed method, one
initial point is placed at the most dense region and the density of that region is reduced. By iterating the process, initial prototype can be
obtained. The initial prototype such obtained showed better result than the randomly selected one commonly used in FCM, which was
demonstrated by experimental results.
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Fig. 1 Initializing FCM using kernel density estimation
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Fig. 2 (a) Data set and (o) its estimated density
function using kernels
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Table. 1 Expenmental results
() Alghel e OFga Y
1 0.6954 13.612
2 0.7371 18.993
3 0.5892 17.788
4 0.5383 24.928
5 1.1993 17.2055
6 0.5694 22.0083
7 0.7555 31.4492
8 0.8311 12,0834
9 0.6719 21.7241
10 0.5858 15.9253
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Fig. 6 Comparison between the proposed method
and the random initialization method
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