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AbstractConsidering the Contourlef s advantages of multiscale, localization, directionality and anisotropy, a new
segmentation algorithm is proposed for SAR ima ges ba sed on hidden Markov tree in the Contourlet domain and B-S
theory of evidence. Firstly, the algorithm extends the hidden Ma rkov tree framework to the Contourlet domain. Then,
the clustering and persistence of the Contourlet tra nsform are effectively fused using B-S theory in HMT model, and
the maximum a posterior ( MAP) segmenta tion equation for the new fusion model is deduced inthe end. The algo-
rithm ha s been used to segment the real SAR inmages, and experimental results show that the proposed algorithm ef-
fectively reduces the influence of multiplicative noises, inproves the segmentation accuracy and provides a better
visual quality for SAR images over the algorithns based on HMFMRF in the wavelet domain, HMT and MRF in the
Contourlet domain, respectively.

Key words : SAR ima ges segmentation; Contourlet transform; hidden Narkov tree( HVIT) , B-S theory of evidence
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