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Abstract: Since the feature selection process will directly affect the accuracy of the traffic classification based on the tra-
ditional machine learning method, a traffic classification algorithm based on convolution neural network was tailored.
First, the min-max normalization method was utilized to process the traffic data and map them into gray images, which
would be used as the input data of convolution neural network to realize the independent feature learning. Then, an im-
proved structure of the classical convolution neural network was proposed, and the parameters of the feature map and the
full connection layer were designed to select the optimal classification model to realize the traffic classification. The tai-
lored method can improve the classification accuracy without the complex operation of the network traffic. A series of
simulation test results with the public data sets and real data sets show that compared with the traditional classification
methods, the tailored convolution neural network traffic classification method can improve the accuracy and reduce the
time of classification.
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