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Abstract: The remote sensing technique have many superiorities such as offering wide regional coverage,
providing up-te-date information, offering large archive of dynamic data for monitoring of large scale soil
salinization, while the traditional extraction methods of the remote sensing image information has short
comings including the low classification accuracy and classification efficiency, high indeterminacy. The clas-
sification method based on support vector machine (SVM) was put forward and the fundamental theory
was introduced, moreover, the classification results of SVM classification with maximum likelihood classif+
cation and minimum distance classification were compared qualitatively and quantitatively in terms of class+
fication accuracy. T he results indicated that RS image classification based on SVM monitored the soil salin-
ization more accurately than those of maximum likelihood classification and minimum distance classifica
tion, classification overall accuracy reached 95. 66%, while the classification overall accuracy of maximum
likelihood classification and minimum distance classification reached 91.54% and 85. 42% respectively. The
classification method based on SVM may be adapted to RS image classification and monitoring of soil salin-
1zation.
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