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Fig. 1  Graphically structured traffic data
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®1 AEWMFA A Urbanl HIEE LHTNIR=E
Table 1  Prediction error of different prediction methods on dataset Urbanl
MAE MAPE/ % RMSE
T Iy v
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LSTML7] 3.28 3.47 3.83 13.52 13.74 15.38 4.82 5.11 5.61
DCRNN 30 2.92 3.37 4.15 12. 02 13.98 17.24 4.73 5.32 6. 11
STGCN!#0) 2.78 3.17 3.80 11. 60 13.50 16. 13 4.21 4.74 5.60
Graph WaveNet[ 3 2.77 3.18 3.69 11.83 13.94 16. 61 4.28 4.71 5.39
STTN6!] 2.89 3.21 3.57 12. 41 14. 07 16.01 4.48 4. 88 5.32
MGCN 2.93 3.25 4.37 11. 20 12.77 16.25 4.30 4. 85 6.27
x2 AEWMFAEAE Urban2 HIFE LHTNIR =
Table 2 Prediction error of different prediction methods on dataset Urban2
B MAE MAPE/ % RMSE
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DCRNN 0] 2.81 3.15 3.62 12. 04 13. 64 15.75 4.31 4. 69 5.24
STGCN 4! 2.80 3.19 3.67 12.13 13.90 16.43 4.19 4. 64 5.24
Graph WaveNet 3 2.72 3.08 3.52 11. 86 13.61 15. 89 4.13 4.53 5.04
STTN!! 2.73 2.96 3.21 12.10 13. 16 14. 38 4.06 4.31 4.59
MGCN 2.75 3.14 3.73 11.32 12. 65 14.58 4.09 4.54 5.11
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Fig. 8 Comparison of typical model results on dataset Urban2
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Fig. 7 Comparison of typical model results on dataset Urbanl
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Abstract  In recent years, deep learning has been a hot research topic in traffic flow prediction. Graph
convolutional networks outperform traditional convolutional neural networks in spatial feature modeling,in view of
their powerful capabilities in processing non-Euclidean data such as topological map , distance map and flow similari-
ty map.Therefore, graph convolutional network and its variants have become a research hotspot in traffic flow predic-
tion,and many attractive research results have been obtained.This article classifies and summarizes traffic flow pre-
diction models based on graph convolutional networks in recent years.First, the graph convolution is elaborated by
combining the definitions of spatial convolution and spectral convolution.Second,in view of the network structure of
the prediction model ,the graph convolutional network based traffic flow prediction models are divided into two major
categories of combined type and improved type,each of which are analyzed and discussed in detail with representa-
tive model structures. In addition, typical datasets commonly used in traffic flow prediction for model performance
comparison are reviewed ,and a simulation test is conducted using one real dataset to demonstrate the prediction per-
formance of four traffic flow prediction models based on graph convolutional networks. Finally, the future research
hotspots and challenges in traffic flow prediction based on graph convolutional networks are prospected.

Key words deep learning;traffic congestion ;graph convolutional network ; traffic flow prediction



