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Abstract:

network traffic is characterized by huge volume and high dimensions.So how to extract the optimal feature subset in short time is

Feature selection as a substantial preprocess step is a key factor for improvement of classification accuracy. The

practical for traffic classification based on machine learning. A novel method is proposed, which partitions the traffic dataset into
several small subsets, and applies special feature selection algorithm to them respectively. Finally, the optimal feature subset is ob-
tained by voting on these alternative feature subsets. The experiment results show that the proposed method has good time efficiency
in searching optimal features and helps to improve classification accuracy efficiently.
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