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City Traffic Flow Prediction Method Based on Dynamic Spatio-Temporal Neural Network
MENG Xiangfu and XU Ruihang

School of Electronic and Information Engineering, Liaoning Technical University, Huludao, Liaoning 125105, China

Abstract Traffic flow forecasting is of great importance to urban road planning, traffic safety issues and building smart cities.
However,most existing traffic prediction models cannot capture the dynamic spatio-temporal correlation of traffic data well
enough to obtain satisfactory prediction results. To address this problem,a dynamic spatio-temporal neural network-based city
traffic flow prediction method is proposed to solve the traffic flow prediction problem. First, by modelling the nearest cycle de-
pendence,daily cycle dependence and weekly cycle dependence of the traffic data,a 3D convolutional neural network is used on
each component to extract the high-dimensional features of urban traffic. Then,an improved residual structure is used to capture
the correlation between remote area pairs and the prediction area,and a fusion of spatial attention and temporal attention mecha-
nisms is used to capture the dynamic correlation between traffic flows in different time periods in different areas. Finally, the out-
puts of the three components are weighted and fused using a parameter matrix-based approach to obtain the prediction results.
Experiments on two publicly available datasets, TaxiB] and BikeNYC,show that the proposed model outperforms the mainstream

traffic forecasting models.

Keywords Temporal correlation, Traffic forecast, Traffic fluidity, Attention mechanism,Fusion mechanism
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Table 2 Performance comparison of different methods on TaxiBJ

and BikeNYC datasets

Model TaxiB] BikeNYC
RMSE MAE RMSE MAE
HA 46.41 23.70 10.73 5. 84
ARIMA 22.80 16. 31 9.98 6.02
LSTM 20.77 11.96 9.66 5.94
ST-ResNet 17.21 10. 06 6.73 3.92
ST-MetaNet 16. 88 9.83 6.26 3.66
ST-3DGN 15.42 9.25 5.54 3.32
AST-3DGN-m 15. 36 9.21 5.50 3.30
AST-3DGN 15.01 9.02 5.32 3.26
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Fig. 6 Influence of different learning rates on model performance
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Table 3 Subdataset division for Robustness test

Dataset Time
01 2013/7/1—2013/10/30
02 2014/3/1—2014/6/30
03 2015/3/1—2015/6/30

* 4 RFEEERAE 3 A>T %ok 4 LA T BE (RMSE)
Table 4 Predictive performance(RMSE)of different models on three

subdatasets
Model 01 02 03
ST-ResNet 23.11 21.58 22.75
ST-3DGN 18.70 16.63 17.18

AST-3DGN(ours) 18.16 16.41 16. 82
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