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Engineering Research Center of Sustainable Urban Intelligent Transportation, Ministry of Education,Chengdu 611756, China

Abstract Accurate traffic flow prediction is an indispensable part of intelligent transportation system. In recent years,graph neu-
ral networks have generated effective results in traffic flow prediction tasks. However, the information transfer of graph neural
network is discontinuous latent state propagation,and there is an over-smoothing problem as the number of network layers in-
creases, which limits the ability of the model to capture the spatial dependencies of distant nodes. At the same time,when repre-
senting the spatial relationship of the road network, most of the existing methods only use the predefined graph constructed by
prior knowledge or the adaptive graph constructed only by the road network conditions,ignoring the combination of those two
graphs. Aiming at solving the above problems.,this paper proposes a traffic flow prediction model based on a dual prior adaptive
graph neural ordinary differential equation. Temporal convolutional network are utilized to capture the temporal correlation of se-
quences,a priori adaptive graph fusion module is used to represent the road network,and complex spatio-temporal features are
propagated in a continuous manner through tensor multiplication-based nerual ODEs. Finally, experiments are carried out on four
public data sets of highway traffic in California, USA. Experimental results show that the prediction performance of the model is
better than that of the existing ten methods.
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Fig. 1 Model architecture diagram
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Table 1  Statistics for different regional dataset in PEMS

HE K LS i # GISERS
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Table 2 Performance comparison of different approaches on PEMS03,PEMS04 ,PEMS07 and PEMS08 datasets
PEMS03 PEMS04 PEMS07 PEMS08
Models MAE RMSE MAPE/% MAE RMSE MAPE/% MAE RMSE MAPE/% MAE RMSE MAPE/%

ARIMA 35.41 47.59 33.78 33.73 48.8 24.18 38.17 59.27 19. 46 31.09 44,32 22.73

TCN 19. 32 33.55 19.93 23.22 37.26 15.59 32.72 42.23 14. 26 22.72 35.79 14.03

FC-LSTM 21.33 35.11 23.33 26.77 40. 65 18.23 29.98 45.94 13. 20 23.09 35.17 14.99

STGCN 17.55 30.42 17. 34 21.16 34.89 13. 83 25.33 39.34 11.21 17.50 27.09 11.29

DCRNN 17.99 30. 31 18. 34 21.22 33.44 14.17 25.22 38.61 11.82 16. 82 26. 36 10.92

GraphWaveNet 19.12 32.77 18. 89 24. 89 39.66 17.29 26.39 41.50 11.97 18. 28 30. 05 12.15

ASTGCN(r) 17. 34 29.56 17.21 22.93 35.22 16. 56 24,01 37.87 10.73 18.25 28.06 11. 64

STSGCN 17.48 29.21 16.78 21.19 33.65 13.90 24.26 39.03 10. 21 17.13 26. 80 10. 96

STFGNN 16.77 28.34  16.30  20.48  32.51  16.77 23.46  36.60 9.21 16. 94 26.25  10.60

STGODE M M 16. 69 20. 84 32.82 1?~ 77 w 37.54 10. 14 16-81 23~J7 10. 62

Ours 15.91 27.11 15.63 19.91 31.42 13. 64 21.89 34.87 9.21 15.76 24.87 10.23

Improvements/ % 3.58 2.62 4.11 2.78 3.35 0. 94 4.76 4.73 0 6.25 4. 24 3.49
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Fig. 2 Experimental results using different Graphs on PEMS03,PEMS04,PEMS07 and PEMS08 datasets
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Table 3 Performance comparison of classic GCN and CGP on PEMS03,PEMS04,PEMS07 and PEMS08 datasets
Model PEMS03 PEMS04 PEMS07 PEMS08
odels MAE RMSE MAPE/% MAE RMSE MAPE/% MAE RMSE MAPE/% MAE RMSE MAPE/%
D-PAG-gen 17.15 28.79 17.51 20.63 33.22 14. 42 25.25 40. 90 11.23 16.58 25.84 11.97
D-PAGNODE 15.91 27.11 15.63 19.91 31.42 13. 64 21.89 34.87 9.21 15.76 24.87 10.23
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