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Abstract: As the characteristics of network traffic change with time and environment, machine learning classification methods are
difficult to maintain stable classification performance. Classifier trained based on previous or current traffic exist the problem of
outdated or missing prior knowledge, however, a combination of both traffic would affect the efficiency. In this paper, we propose
a traffic classification system with incremental weighted ensemble learning. We firstly use previously flow to establish the
classifiers. New environmental traffic is introduced to update and learn adaptive classifiers based on incremental learning schema,
and then integrate the classification results based on accuracy-weighted ensemble classifier. Experimental results show that the
algorithm possesses better classification performance and generalization ability to handle the traffic with concept drift, and

classification efficiency meet the real-time requirements.
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