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Abstract: For traditional Markov random field, the prior parameters in the potential energy function of prior energy are usually manually select-

ed based on experience. The distance between pixels is not considered, and the local neighborhood prior features of image are not fully consid-

ered. In view of the above problems, we proposed a method of dynamically estimating the prior parameters by combining the prior features of la-

bel field and the distance of pixels, which defined the influence coefficient between the pixels of observation field in the prior energy, and intro-

duced the Sobel operator into the likelihood energy function to describe the relationship between the pixels of observation field, and combined

with the watershed algorithm to eliminate small areas of debris to further optimize the segmentation results. We carried out the relevant experi-

ments on the scene classification dataset of Merced Land Use Dataset. The result shows that the method can be effectively applied to remote sens-

ing image segmentation.
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