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A Density Estimation based Fuzzy C-means Algorithm
for Image Segmentation
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Abstract

The Fuzzy C-means (FCM) algorithm is a widely used clustering method that incorporates probabilitic memberships.
Due to these memberships, it can be sensitive to noise data. In this paper, we oropose a new fuzzy C-means
clustering algorithm by incorporating the Parzen Window method to include density information of the data. Several
experimental results show that our proposed density-based FCM algorithm outperforms conventional FCM especially
for data with noise and it is not sensitive to initial cluster centers.
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Fig. 1. Membership for FCM
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3-1. Parzen-window method
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Density Based Fuzzy C-Means Clustering

Stepl. Initilization

Initialize random initial center v and m
Compute the initial membership w;,using (3)
Step2. Minimization of the objective function
Do:

Update v' using (4)

Compute u},, using (15)
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4-1, Spherical Data
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4-2. Spherical Data with Noises
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4-3. Same volume "squares” Data
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4-4, Different volume ”squares" Data
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4-5, 3-Lines Data
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4-7. Image Data ( road, vegetation, sky )
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Fig. 9. Image Segmentation Results for Noiseless Image
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