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Unsupervised Image Segmentation Based on Markov Quadtree
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Abstract A new multiscale Markov model based Bayesian approach to image segmentation is presented. By Gauss
mixture model and MAP estimation, the image data are first clustered into different Gauss classes. Then by modeling
the Gauss class labels with Markov quadtree and MPM estimation, the final segmentation is performed. Compare
with existing continuous version segmentation algorithm based on multiscale Markov model, the new approach
needn’t assuming the distribution form of each class known. And compared with existing discrete version segmenta-
tion method, the feature data in our approach take very limit values, and so the number of distribution parameters is
small. Moreover, because the feature data are based on neighborhood, the segmentation can be more smoothed, and
the estimation uncertainty can be reduced. Experimental results show that the unsupervised approach can give a com-
parable segmentation with supervised H-MPM and H-SMAP.
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