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Tablel $4 E#Y ot =d 3 ¥4 A%
a = Learning Rate, A = Flow Size, B = Duration

C = Total Packets, D = Forward Packets

E = Backward Packets, CO = Coverage (%)

AC = Accuracy (%)

Features a AlBlcID|E|colac
Payload N | N|N

Al A | A
Modell | 001 | o | o] o 100 | 603

Model.2 0.01 [} o o) o o | 100 | 343

Model.3 0.005 O O O 100 69.8

Model 4 0.005 [} o o o o | 100 | 717
Model5 0.001 ¢ o 100 | 80.5
Model6 | 0001 | © o 100 | 784
Model.7 0.001 ¢ o o 100 | 91.8
Model.8 0.001 e} e} o 100 | 50.7
Model.9 0.001 ¢ o o | 100 | 816
Model.10 0.001 e} e} e} (¢] o 100 | 96.9
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