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Traffic Flow Forecasting Model Based on Multi
Dimensional Spatial and Temporal Characteristics
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(1. College of Police Information Engineering and Network Security, People’s Public Security University of China, Beijing
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[ Abstract] In order to accurately predict the traffic flow and fully extract the complex linear and nonlinear features and their
dependence in the traffic flow, a CLABEK model integrating multi-dimensional spatial-temporal features was proposed. Among them,
the temporal and spatial features, periodic features and additional features (holidays, weather conditions and temperature) were extrac-
ted by Conv-LSTM, BiLSTM and Dense neural networks respectively, and the nonlinear features of traffic flow were comprehensively
obtained by combining the above models. Then the linear features of traffic flow were extracted by Kalman filtering. The comparative
experiments on public data sets show that the CLABEK model performs the best in short-term traffic flow prediction task.

[ Keywords] traffic flow; integration of time and space; neural network ; Kalman filtering
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Fig. 5 Schematic diagram of traffic flow cycle characteristics
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Table 2 Experimental results

1(5 min) 3 (15 min) 6 (30 min) 12 (60 min)
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
Without_attention 3.292 4.445 5.161 7.454 5.546 8.130 6.134 9.023
Without_Bilstm 3.281 4.431 5.121 7.440 5.532 8.123 6.122 9.010
CNN_LSTM  3.167 4.419 5.115 7.429 5.351 7.802 5.791 8.552
Conv_LSTM  3.165 4.295 5.047 7.401 5.314 7.799 5.789 8.330
Conv_LSTM_E  3.000 4.136 4.968 7.232 5.260 7.767 5.520 7.999
CLABEK 2.746 3.787 4.560 6.574 4.708 6.863 4.833 6.963
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Fig. 8 Comparison of traffic flow forecast of different models
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