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Section Feature Direction Num of Packets Statistic Items Count
Field Header Field ~ ~ ~ 29
¢ Flag Count 9
Packet Size Sum, Max, Min, Variance
Tnter Arrival Time All All Arithmetic Mean, Geometric Mean,
Scalarl Forward 510", 15" Sample Standard, Population Standard 5
Payload Backward 200 250 30 Inter Quantile Range, Skewness (3x3x7x15)
Kurtosis, Range
Packets per sec
Bytes per sec
Ratio of Packets All
Scalar2 Ratio of Bytes Forward All - 21
Packet Count Backward (7x3)
Duration
Mean Packet Arrived Time
Vect Packet Size Distribution B 100" ~ 200
ector IAT Distribution (2x100)
Total Number of Features 1,204
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