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Application of texture image segmentation based on a multi-resolution
Markov random field model in morphological wavelets domain
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») (State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing, Wuhan University , Wuhan 430079 China)

Abstract: Because of the disadvantages of Multi-resolution Markov random field in wave domain for the description of the
nonlinear features of the image, this paper proposes a new Multi-resolution Markov random model in morphological wavelets
domain to partition the texture images. Morphological wavelets can do a nonlinear multi-resolution decomposition of images.
Markov random field can model the spatial relationship of pixels in each resolution. The multi-resolution Markov random
model in morphological wavelets domain combines the benefits of morphological wavelets and Markov random field. The
experiments of texture images segmentation validate of our model, where the test texture images are employed from the
Brodatz and Prague texture image databases.
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Fig. 1 Comparative experiments of pyramid decomposed
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Fig.2 Results of three comparative experiments
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