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Abstract :  In order to remedy ome of the disadvantages of trainable sequentid maximum a poserior (TSVIAP) ,we introduce
an adaptive trainable sequentid maximum a pogterior (ATSVIAP) gpproach for image segmentation based on multi scdle Markov nodd .
This method obtains the ground truth ssgmentations at dl scales by wavelet decormposition of the accurate segmentetion of the origind
image ,and then edimetes the parameters of muitiscale quadtree node s. Al the parameters of the context nodd are esimated by a
smple way that edimetes the parameters with the low dmenson feature indead o the context itsef. Conmpared with TSVAP ,the ad-
vantages of ATSVAP are asfollows:1) . The parameters of quadtree can be retrained for the gecific image being ssgmented. 2) The
edimetion of parametersfor context node sis very conputationdly ficient. The experimenta resuits o the segmentation for both syn-
thetic images and SAR images indicate that the agpproach fairly inproves the segmentation accuracy over TSMAP and some other multi-
scde Markov based methods.
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