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Abstract This paper utilizes support vector machine and least square-support vector machine for intrusion detection,
We normalizae data, reduce the data with principal component analysis, train and test reduced data with support vector
and least square support vector machine. We do three experiments on KDDCUP”99 data set,and utilize Receiver Oper-
ating Characteristics curves to evaluate classifier”s ability of SVM and LS-SVM, and statistic time cost. Experimental
results show SVM has more classifying ability than LS-SVM, but LS-SVM spends less time than SVM.
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