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Abstract: A new unsupervised context-based fused segmentation algorithm for SAR imagery was proposed based on

Multiscale Markov model. The method fully considered statistical characterization of SAR imagery and approximated segmented

imagery with mixture rayleigh distribution. The model parameters could be straightly trained by iterative conditional estimation

algorithm based on segmented image. Then we proposed four different context models to fuse multiscale image information.

Finally, four different segmentation separately were obtained. Simulations on synthetic image and SAR imagery indicate that

the new approach improves segmentation accuracy.
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