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Research on traffic flow prediction based on traffic flow Spatiotemporal
Graph Convolutional Network

CHEN Yuanxiang, CHEN Meijun

(School of Computer Science and Automation, Wuhan Technology and Business University, Wuhan 430065, China)

Abstract; The continuous growth of the urban population has led to a rapid increase in transportation demand. How to achieve
precise traffic flow prediction and provide effective support for road traffic management is an important issue that urgently needs to
be solved . This paper proposes a traffic flow prediction method based on traffic flow spatial temporal graph convolutional network
(TF-STGCN) , which pays more attention to the traffic flow characteristics of traffic nodes than most existing methods that rely on
deep learning to extract spatial-temporal correlations between traffic nodes. At the same time, the dynamic convolution based on
adaptive learning of dynamic road structure can better learn the features of the dynamic changes of the road. In addition, the
proposed fast time convolution method is more accurate and has shorter training time than traditional dilation convolution. Through
the test analysis on the Wuhan Baishazhou viaduct measured traffic dataset, we found that the model proposed in the paper has better
performance indicators in all aspects than the baseline model, with TF-STGCN’s MAE of 19. 58, MAPE of 10.28% , and RMSE of
32.26. This further verifies the effectiveness of the model and its applicability in different scenarios.
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Fig. 1 Relationship between real road network and traffic

structure diagram
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Table 1 Comparison of prediction performance between TF-
STGCN and benchmark models
Al MAE MAPE/% RMSE
STSGCN 23.68 12. 81 38.55
MTGNN 22.15 12.56 36.19
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Fig. 3  Comparison of TF-STGCN and benchmark meodels in

traffic flow prediction
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Table 2 Comparison of prediction performance between TF-
STGCN and modified models
1T MAE MAPE/% RMSE
STGCN 34.87 13. 68 40.23
TF-STGCN-nD 32.51 15. 46 45.32
TF-STGCN 19.58 10.28 32.26
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