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Mobile Traffic Forecasting Model Based on Spatio-temporal Features
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Abstract Research shows that historical traffic data can be used for the prediction of mobile network traffic,and traffic
information in surrounding areas can improve the accuracy of traffic prediction. To this end. this paper proposed the
traffic prediction model STFM for mobile network based on spatio-temporal features. STFM uses the historical mobile
traffic of the target area and surrounding areas to predict the traffic of the target area. Firstly,3D convolutional neural
network(3D CNN) is used to extract the spatial features of the mobile network traffic, then time convolutional network
(TCN) is used to extract the temporal features of the mobile network traffic. Finally, fully connected layers establish a
mapping relationship between the real traffic and extracted features and generate a predicted traffic value. Validation and
analysis of experiments show that the STFM reduce the normalized root mean square error (NRMSE) by 28%,21. 7%
and 10% ,compared to TCN,CNN and CNN-LSTM Consequently, STFM can effectively improve the accuracy of mobile
network traffic prediction.
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Table 2 Parameters of model
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#5 KRR NRMSE
Table 5 NRMSE in different models

7k NRMSE
STFM 0.18
ARIMA 0.31
TCN 0.25
CNN 0.23
CNN-RNN 0. 20
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