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Research on network traffic prediction based on Bi—GRU model

Xu Haibing , Guo Jiuming
(Technological Innovation Department , Maipu Communication Technology Co., Ltd., Chengdu 610094 , China)

Abstract: At present, there are some problems such as lag and low prediction accuracy when using gated recurrent units (GRU)
neural network to predict traffic. This paper proposes an improved GRU model for traffic prediction. Firstly, based on GRU neural
network, a network model integrating Bi—GRU neural network and artificial neural network is proposed, which satisfies the input of
multi —dimensional vectors such as traffic features, time features and event features. At the same time, in order to improve the ac-
curacy of some time periods, the training samples are classified into date classes, and a separate network model is generated for
each type of date. It can greatly improve the accuracy of prediction and improve the lag of prediction. Finally, in order to improve
the prediction accuracy of peak traffic, the experimental results show that the proposed goal can be achieved by the means of sam-
ple propensity balance and user—defined loss function.
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