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Image Threshold Using Fuzzy Entropy
Based on Convex Polynomial

Wang Jiaj un, Liu Wenjiang Shi Lei, Zhou Shj un

(Xi%n Jiaotong University) (Zhengzhou University)

Abstract A method of image threshold based on a convex polynomial fuzzy entropy is proposed by re—
placing Shannon § function of fuzzy entropy with a convex polynomial. Granular image is taken as an
example to indicate the practical application of the algorithm. The experimental results show that the
proposed method is very effective for segmenting the granular images.
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