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A Development of Unknown Intrusion Detection
System with SVM
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Do-Won Lee** - Jeong-Min Oh** - Cheol-Soo Bang™* - Geuk Lee**

ABSTRACT

In this research, we suggest the unknown intrusion detection system with SVM(Support Vector
Machines). At the system, at first, collected training—-packets are processed through packet image
creating module. And then, it is studied by the SVM module. Finally, the studied SVM module
classifies the test-data unsing test-packet-image. This system’s stability and efficient characteristic
of security is far superior than the existing it.
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