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P2P Network Traffic Classification Based on Decision Tree

LI Sheng-kai
( School of Computer Science & Engineering, Anhui University of Science & Technology , Huainan 232001, China)

Abstract: To solve the question of new P2P application with payload encryption and camouflage to evade detection port, propose P2P net-
work traffic classification based on decision tree. This method applies decision tree into the areas of network traffic to accommodate Inter-
net traffic identification requirements. Decision tree method builds a classification model using information entropy in training data and
classifies flows just by a simple search of the decision tree. Compared with Naive Bayes, Bayes network algorithm, experimental results
demonstrate the C4. 5 decision tree can achieve high classification accuracy with faster computational time by relatively simple and small
calculation processing. It is more suitable to P2P traffic identification.
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