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Probing | DoS | U2R | R2L (%)
AR =0.99
v =0.005 98.08 | 99.51 | 59.61 | 28.95 0.51
AR =0.97
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1.34 94.31 47.06 66.67 2.02
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If Service =ecr_i and
SrvCount > 325
Then class = Intrusionl

icmp echo request

If Flag=S0 and
SrvSYNErrRate > 0.5
Then class = Intrusion2
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1 - Parzen-Window

2 - Acceptance Rate

3 - One-Class Support Vector Machine
4 - Gaussian Mixture Model

5 - Majority Voting

6 - Detection Rate

7 - False Alarm Rate




