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Abgtract : In support vector machine (SVM) only support vectors (SVs) have the sgnificant influence on the
optimization result. An approach for pre-extracting SVs based on kNN is proposed. The experimenta results based
on ome artificial datasets, some rea-world datasets and TM remote sensing dataset show that the approach proposed
can efectively reduce the size of training sets and accerlerate the learning speed. At same time, the classfication

accuracies are ensured.
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