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Abstract

Aiming at the vulnerability of network systems to external attacks, this paper proposes an ano-
malous network behavior intrusion detection algorithm based on opposition-based learning me-
chanism. Firstly, an improved particle swarm optimization algorithm is proposed to optimize the
parameters of support vector machine. Then a network intrusion detection model is provided.
Experiments show that this method can improve the accuracy of classifier parameter optimization,
and increase the accuracy of network intrusion identification.
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Figure 1. Diagram of multiple classifier with positive DoS example
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Table 1. Data of benchmark test results
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Figure 2. The curve of fitness function during OCLPSO evolution process
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