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Prediction model of short-term traffic flow based on CNN-GRU deep learning

LU Sheng-qiao, HUANG Zhong-xiang
(College of Transportation Engineering, Changsha University of Science & Technology, Changsha 410004, China)

Abstract: To improve the prediction performance of temporal-spatial characteristics by the existing
short-term traffic flow prediction model, a deep neural network prediction model combining
convolutional neural network (CNN) and gated recurrent unit (GRU) neural network is proposed. In the
model, the CNN is firstly used to extract the spatial characteristics of short-term traffic flow data, and
then the results are input into the GRU to mine the temporal features. Taking the traffic flow data in the
California Department of Transportation’s performance evaluation system as an example, the model is
trained to verify its accuracy. The results show that compared with existing models, the proposed
prediction model has better prediction performance. The average absolute percentage error is
significantly reduced, which can provide an effective basis for traffic management and control.
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Fig. 1 GRU expanded structure view
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Fig. 2 An illustration of structure in CNN-GRU
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Tablel Distance between monitoring points

EIkE B #/km % #1 #/km
1-2 1.73 9-10 0.84
2-3 0.96 10-11 1.10
3-4 1.18 11-12 1.05
4-5 1.13 12-13 112
5-6 1.04 13-14 0.88
6-7 1.13 14-15 0.93
7-8 0.93 15-16 112
8-9 1.17 T 1.09
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Fig. 3 Prediction results and error comparison of models
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Table2 The comparison of RMSE, MAE and MAPE of four

models at No. 4 monitoring point
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CNN-GRU 132 1.08 731
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Fig. 4 Forecast results of all day in CNN-GRU model
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Table3 Evaluation of all road segment prediction results

N W AR
R
RMSE MAE MAPE/%
CNN-GRU 2.63 2.11 9.05
GRU 3.53 2.71 10.26
LSTM 3.67 2.79 10.46
CNN 7.09 5.62 11.80
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