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Research on Machine Learning Based Network Application Identification

WANG Bian-gin YU Shun-—zheng
(Dept. of Electronics and Engineering, Sun Yat-sen University, Guangzhou 510275, China)

Abstract In recent years,identifying and categorizing network traffic by application type attracts great interests both in
the fields of academic and application, and has already become a relatively independent research realm, Furthermore, the
application identification approaches based on Machine learning have been hotspots and have been obtained promising
preliminary results. This paper surveyed the current machine learning algorithms about application classification, respec-
tively from fine-grained identification, feature selection, and recognition steps and so on, It focused on the analysis of

typical methods and suggested some future research directions.
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