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Abstract  In this paper, an efficient spatially variant mixture multiscale autoregressive (SVM-
MAR)model method is presented. The model is capable of not only describing spatially variant
characteristics but also exploiting multiscale autoregressive statistical properties of SAR imagery,
thus it can describe spatially variant character and filter and reduce the possible effect generated
by the presence of speckle noise of SAR images. The classfier is maximum likelihood estimates of
the labels themselves, which is refined and the structure is simple compared with Bayes classifier.
The model has no use for denoising preprocessing, while precise segmented results can be ob-
tained. Another contribution is a kind of method selecting component number quickly at coarser
scale is proposed, and a criterion based on Bayesian Ying-Yang learning theory and system is em-
ployed to select component number at coarser scale of SAR imagery, which can reduce computa-
tion amount greatly. Experiment results shows that the segmentation results obtained by using
the above method are more precise than two popular segmentation methods, the edges are smooth,

and the model is less sensitive to speckle noise.

Keywords  spatially variant mixture multiscale autoregressive model; classifier; SAR imagery;

unsupervised segmentation; speckle noise
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