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Network Traffic Classification Model Fusion Based on
Similarity Measurement

YAO Yong-sheng ,DONG Yu-ning,QIU Xiao-hui
(School of Telecommunications & Information Engineering, Nanjing University of Posts and

Telecommunications , Nanjing 210003 , China)

Abstract;: Because network flow characteristics will experience conceptual drift with time and network environment changes, the flow of
different types of applications drifts differently ,resulting in a significant reduction in the accuracy of the traffic classification method based
on machine learning. Meanwhile, with the continuous improvement of Internet network technology, the large number of video stream
sample data collected and labeled in the past will change greatly ,resulting in fewer training sets available ,and a large amount of new data
needs to be collected and labeled in real time. Regarding the problem above, a classification method combining Jensen — Shannon
distance , MultiTrAdaBoost and RandonForest algorithms is proposed. The core idea of this method is to measure the similarity between
the new and old video data streams, and determine which model to use for classification based on the measurement results. The migration
learning classification method is to select useful information samples from the old data set to assist the identification and classification of
the new data set samples. In the article,the distribution of feature attributes of the new and old data sets is different. Experiment shows
that compared with the existing methods, the proposed method can better implement typical network video stream classification, showing
better classification performance and generalization ability ( that is,the overall accuracy of the model has a smaller standard deviation).
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