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Support Vector Machine Based Optimal Model Selection
Method in Anomaly Detection
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Abstract In order to construct an anomaly detection classifier which has good learning and generalization
ability, under the structural risk minimization (SRM) principle, the design rules of a support vector machines
(SVMs) based anomaly detection classifier is discussed. The model and its parameters selection and estimation
method of a SVM classifier are proposed. The training steps of a SVM anomaly detection classifier are given.
Experiments on KDD’99 network intrusion detection dataset indicate that the proposed methods can speed up the

process of constructing an intrusion detection classifier and the classification accuracy is higher.
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