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Improved Method for Fuzzy C—-Means Clustering Algorithm
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("PLA 175" Hospital / Southeast Hospital Affiliated to Xiamen University, Zhangzhou 363000, China;

?Department of Computer Science, Xiamen University, Xiamen 361005, China)

[Abstract] The traditional fuzzy C-means (FCM) algorithm has great limitations in dealing with the noisy images owing to not
considering the spatial information of the pixels and only involving the pixel gray of a single point, so it's poor in segmenting an image. For
the defects of the FCM algorithm, a new improved algorithm is proposed in this article, in which a product of Gibbs priori probability and the
membership is regarded as the new pixel membership. Experimental results show that the improved algorithm has a good segmentation
result; it can retain more complete edge details of image and can remove the image noise more effectively.
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