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Generalized fuzzy c-means algorithm with improved
fuzzy partitions based on local membership and neighbor information
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(Aviation Information Technology R&D Center, Binzhou University, Binzhou Shandong'256603, China)

Abstract: As an improved algorithm of Fuzzy C-Means (FCM), generalized fyzgyse-means algorithm with improved fuzzy
partitions ( GIFP-FCM) can reduce the influence of image noises ongimage, segméntation to some extent. However, since the
neighbor information is not taken into consideration, GIFP-FCM canfgtvwwork wellon image with much noises. In order to solve
this problem, a new objective function was established with neighbor’ information and local membership. Every pixel with local
membership and neighbor information was recomputed tdyawereome (g *influences of noises. The experimental results on

synthesized images and brain images show that the ggpesed algowthm can get the maximum partition coefficient and the

minimum partition entropy, which shows the effecnyéness of the proposed algorithm.
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