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Salinized Land Classification from SAR Image
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Abstract: Support Vector Machine (SVM) is a new—style classification method. The authors took the Delta oases of Weigan
and kuga rivers as examples, using SAR data and different methods to extract the salinization cover information. Firstly, the
speckles from SAR image are eliminated by the enhanced Frost filter algorithm. T hen the texture features of the denoised SAR
image are extracted based on gray ce-occurrence matrix, and the effective texture features are screened through the different size
windows. At last, combining with texture features, SAR image is classified with the classical maximum likelihood and SVM clas-
sification methods. This study shows that the classification based on SVM method can solve the problem of image broken w hich
was occurred while classification was based on the single-source data, and has the good generalization ability with the high d+
mension vector. T he classification precision of the window of 13x 13 is up to 98. 2456% and kappa coefficient up to 0. 9763.
Therefore, the classification method by SVM based on texture characteristics can be adapted to SAR image classification and
monitoring of soil salinization, and furthermore, provides an effective way for remote sensing information extraction.
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