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Using Upstream and Downstream Traffic Information for Short-term
Traffic Flow Prediction Based on LSTM Recurrent Neural Network

MAN Chun-+ao'  KANG Dan-ging'*
(1. School of Automatin Harbin University of Science and Technology Harbin 150080 China;
2. State Key Laboratory of Management and Control for Complex Systems Institute of Automation

Chinese Academy of Sciences Beijing 100190 China)

Abstract: We employ the long/short-term memory ( LSTM) recurrent neural network to analyze the impact of
various input settings on short-term traffic flow prediction performance. First we compared the short-term traffic
flow prediction performance for different combinations of traffic flow speed and occupancy data on the same vehicle
detection station ( VDS) . The results show that the inclusion of occupancy/speed information may help to enhance
the performance of the model as awhole. In order to introduce spatial information into the model we further include
as inputs traffic variables from the upstream and/or downstream vehicle detector stations and test 16 different input
combinations for traffic flow prediction. The experimental results show that the inclusion of both upstream and
downstream traffic information in the model is very useful for improving the accuracy of short-term traffic flow
prediction.
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Tab.2 Predictive performance of LSTM with (S2 S3)
different input combinations
P o2 3
VDS VDS
S4 S1 S2 S3
RMSE 14. 09 13. 86 13.99 13.98
U3 MAE 10.37  10.17 10. 33 10. 33 o
MAPE( %) 13. 16 12.92 13. 06 13.15
RMSE 21.09 20.84  20.92 20. 68
U2 MAE 14.04 13.93 13.94 13.73 VDS
MAPE( %) 11.24 10. 92 10. 84 10.75
RMSE 19. 64 19.37 19. 65 19. 66 VDS i
Ul MAE 14.28 14. 00 14.25 14.22
MAPE( %) 10.66  10.42  10.59  10.53
RMSE 23.61 23.39 23.41 23.45 o
P MAE 16. 16 16. 09 16. 05 15.97 3.2
MAPE( %) 13.22 13. 04 12. 88 12. 84
RMSE 18. 55 18.50 18.48 18.42
D1 MAE 13.63  13.65 13.55 13.51 VDS
MAPE( %) 10. 31 10. 35 10. 27 10.23 VDS
RMSE 22.27 21.91 22.58 22.32 VDS VDSP
D2 MAE 16. 05 15. 82 16. 41 16. 18 °
MAPE( %) 11.53  11.35 11.79  11.59 6 VDS
RMSE 19. 07 19. 01 18.76 18.70 16 .
D3 MAE 14.27 14.23 14. 09 14. 07
LSTM
MAPE( %) 9.92  9.93 984 9.81
4 7 VDS 3 0
3 VDS LSTM
Tab.3 Prediction performance of LSTM network using upstream and downstream adjacent VDS data
MAPE
RMSE MAE
U3 U2 Ul P D1 D2 D3 (%)
1 1 * 23.61 16. 16 13.22 16
2 5 * * 23.45 16. 37 13. 15 15
3 * * 18.82 13.73  10.50 8
4 * * * 23.34 16.28 13.05 14
5 3 * * * 18. 54 13.51 10. 41 6
6 * * * 21.99 15. 87 11.42 12
7 * * * * 23.17  16.17 13.04 13
8 4 * * * * 18. 49 13.43 10. 29 5
9 * * * * 21.96 15.85 11.22 11
10 * * * * 18.78 14. 02 10. 17 7
11 * * * * * 17.77  12.89 9.97 3
12 5 * * * * * 21.92 15.76 11. 20 10
13 * * * * * 18.32  13.56 9.96 4
14 6 * * * * * * 21.27 15.26  10.91 9
15 * * * * * * 18.26 13.55 9.94 2
16 7 * * * * * * * 17.18 12.79 9.26 1
3 VDS
16.15 11 3 MAPE
1.2 4 1 VDSP 13.22% 16 7 VDS
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