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Network Traffic Classificaion Based on Subspace Clustering-based Method
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Abstract: The applicationayer network traffic classification is critical to network traffic control and manage—
ment. In the traditional classification methods with supervised machine learning model the same features are used
to classify different applications. It results in that some features can perform well for some applications but worse
for others. This paper proposes a network traffic classification frame based on Subspace Clustering-based Method
( SCM) . SCM is utilized in feature selection extracts key features corresponding to each type of application and au—
tomatically eliminates irrelevant features. Then each type of application corresponds to its own signatures which are
applied to classify the network traffic in the same overall feature space. The experimental results show that SCM ex—
tracts corresponding feature signatures effectively for each application. The classification accuracy of the proposed
method is more than 93% . And it identifies the new applications well.
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