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Abstract

In this paper, we propose a modified fuzzy clustering algorithm which can overcome the center

deviation due to the Euclidean distance commonly used in fuzzy clustering. Among fuzzy clustering

methods, Fuzzy C-Means (FCM) is the most well-known clustering algorithm and has been widely

applied to various problems successfully. In FCM, however, cluster centers tend leaning to high

density clusters because the Euclidean distance measure forces high density cluster to make more

contribution to clustering result. Proposed is an enhanced algorithm which modifies the objective

function of FCM by adding a center—scattering term to make centers not to be close due to the

cluster density. The proposed method converges more to real centers with small number of iterations

compared to FCM. All the strengths can be verified with experimental results.
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[I. Preliminaries

1. Fuzzy C-Means(FCM)
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: initialize V
: initialize t = 0
: do

te—t+ 1

calculate U using Eq. (9)
calculate V using Eq. (11)

: while U and V do not satisfy convergence
qualification
8. return U and V

Fig. 1. DI-FCM Algorithm

V. Experimental Results
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(b) DI-FCM
Fig. 2. Clustering results with dataset |

(Top : FCM, Bottom : DI-FCM)
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(b) DI-FCM
Fig. 5. Clustering results with dataset ||
(Top : FCM, Bottom : DI-FCM)
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