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An algorithm of fractal compression based on irregular region
segmentation and gray sort classification

ZHENG Qiu-mei, ZHAO Min, WANG Feng-hua, ZHAO Jing-zhi

(College of Computer and Communication Engineering in China University of Petroleum ,Qingdao 266580 , China)

Abstract: Most basic fractal compression classification algorithms are classified by a single feature, and they all involve a
huge amount of machine operation in the matching search. An algorithm of fractal compression based on irregular region seg-
mentation and gray sort classification was put forward. In order to reduce the search range, the image blocks were classified
according to the gray scale values of the binary images between the original image and the one obtained by dividing the origi-
nal image with the method of irregular region segmentation. Experiment results show that the algorithm can significantly re-

duce the coding time without sacrificing the quality of decoding.
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