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Abstract: To predict the traffic at single port and single link, two network traffic prediction models based on long
short-term memory neural network were proposed. The first model is for the traffic which changes smoothly at large
time granularity. The second model is for the nonstationary traffic which fluctuates violently at small time granulari-
ty. By selecting different methods of splitting data and training models, two traffic prediction models with different
neural network structures were constructed. The experimental results show that the former can achieve a very high
accuracy when predicting smoothly changed traffic, the latter has a significantly better prediction effect than the
support vector regression model and the back propagation neural network model when dealing with nonstationary
traffic. Based on the second model, a link congestion warning scheme with variable parameters was proposed. The
scheme is proved to be practicable by experiments.
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