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Abstract

Applying artificial intelligence, machine learning and data mining techniques to intrusion detection system
are increasing. But most of researches are focused on improving the performance of classifier. These classifiers
are performed by batch way and it is not proper method for realtime intrusion detection system. We propose
an incremental feature extraction and classification technique for realtime intrusion detection system. Applying
proposed system to KDD CUP 99 data, experimental result shows that it has similar capability compared to
batch way intrusion detection system.
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Fig. 1 Proposed intrusion detection system
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