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Abstract: In order comprehensively model the spatial correlation in traffic data and achieve more

accurate expressway t prediction, this paper proposes an adaptive spatio-temporal graph convolutional
recurrent neural netwi adaptive graph convolutional network which is integrated by the diffusion graph
convolution and the adaptive adjacent matrix is used to model the spatial correlation in traffic data. Gated recurrent unit
is adopted to learn the temporal correlation in traffic data, and the multi-time step traffic flow prediction is realized.
The experimental results based on the real traffic dataset of Guilin expressway network show that, compared with other
optimal methods used for comparison, the three error evaluation indicators of the method, namely, the average absolute
error, the root mean square error, and the mean absolute percentage error, have decreased by about 17.6%, 18.6%, and
10.8% respectively, which is superior to methods for comparison. Therefore, this method can achieve more accurate
expressway traffic flow prediction.

Key words: intelligent transportation; flow prediction; adaptive graph convolution network; spatio-

temporal correlation
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Fig. 1 Traffic flow trend chart of sections
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Tab.1 Comparison of experimental results of different methods
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MAE RMSE MAPE/%

138.79 168. 59 80. 70

GCN 111. 68 152. 15 62. 98
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Tab.2 Results of the ablation experiment

By MAE RMSE MAP.

ASTGCRN wo diff 45,97 63.97
ASTGCRN_wo_adap 54. 31 74. 65
ASTGCRN wo GRU 60, 66 $1. 58 3
ASTGCRN 47.79 66. 3\& @166
#5118 (Conclusion)
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