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Urban traffic flow prediction algorithm based on graph
convolutional neural networks

YAN Xu, FAN Xiao-liang, ZHENG Chuan-pan, ZANG Yu, WANG Cheng,

CHENG Ming, CHEN Long-biao
(School of Informatics, Xiamen University, Xiamen 361000, China)

Abstract: An improved spatio-temporal graph convolutional networks traffic prediction algorithm, named free-flow
reachable matrix-based spatio-temporal graph convolutional networks (FAST-GCN), was proposed, in order to
predict real-time traffic flows accurately and improve the sensing and prediction of citywide traffic situation. The
characteristics of urban complex road network structure were expressed effectively by the graph convolutional neural
network, and the spatio-temporal dependency in complex road networks was explored by introducing free-flow
reachable matrices. Thus the accuracy of traffic situation prediction was improved. First, preprocess traffic speeds
and sensors location data. Second, with the existing spatio-temporal graph convolutional networks, the graph
convolution module based on free flow reachable matrix was integrated to effectively capture the unique spatial
characteristics of the urban traffic road networks. Finally, the prediction results were generated through a fully
connected output layer. The proposed model was evaluated on a real-world traffic dataset PeMS. The experimental
results show that this model could capture physical characteristics of road network and spatio-temporal dependency,
and outperform the baselines such as spatio-temporal graph convolutional networks (STGCN), and the prediction
accuracy in 45 minutes was improved by up to 5.656%. In addition, compared with baselines, the proposed model

can adapt to traffic flow prediction in large-scale road networks and has superior scalability.
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Fig.2 MAE comparison of FAST-GC with different orders based on
data on weekends of PEMSD7 ( S )

2500

—m=1
=
eem=
2000 m=4
fffff m=>5
1500
S
1000 k
500 ‘\
s
AL it

0 L L L - L L L Il
0 500 100015002 00025003 0003500
N

B3 E-TF PEMSD7 ( S) BRE#EH FAST-GC 1 R & fr
THIZEL R

Fig.3 Training efficiency comparison of FAST-GC with different
orders based on data on weekends of PEMSD7 ( S )
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Tab.2 Traffic prediction performance comparison of different approaches for model training based on weekdays data of

PeMSD7(S) and PeMSD7(L)

] MAE( 15/30/45 min) MAPE( 15/30/45 min) RMSE(15/30/45 min)

s PeMSD7(S) PeMSD7(L) PeMSD7(S) PeMSD7(L) PeMSD7(S) PeMSD7(L)

ARIMA  3.635/4.069/4.462 3.398/3.793/4.147  9.486/10.438/11.302  8.703/9.553/10.338 8.594/9.158/9.704  8.133/8.632/9.131

SVR 4.026/4.628/5.090 3.830/4.433/4.864  12.373/13.992/15.193 11.873/13.272/14.264  8.605/9.388/10.007 8.344/9.142/9.709

CNN 3.256/3.721/3.876 3.292/3.417/3.436  7.995/9.350/10.084 8.182/8.652/8.814 5.618/6.524/6.858  5.928/6.254/6.294

LSTM 3.091/3.240/3.383  3.202/3.238/3.289 7.510/7.925/8.315 8.037/8.132/8.258 5.742/6.124/6.473  6.088/6.171/6.283

STGCN  1.878/2.564/3.052 1.742/2.434/2.953 4.359/6.233/7.560 4.095/5.842/7.043 3.839/5.440/6.454  3.669/5.293/6.410
FFR-STGCN  1.842/2.574/3.094 1.745/2.387/2.850 4.306/6.279/7.731 4.098/5.828/6.999 3.780/5.391/6.460  3.631/5.130/6.092
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Tab.3 Traffic prediction performance comparison of different approaches for model training based on weekends data of

PeMSD7(S) and PeMSD7(L)

} MAE( 15/30/45 min) MAPE( 15/30/45 min) RMSE(15/30/45 min)

s PeMSD7(L) PeMSD7(S) PeMSD7(L) PeMSD7(L) PeMSD7(S) PeMSD7(L)
ARIMA 2.511/2.778/3.019  2.124/2.350/2.546 5.773/6.285/6.761 4.824/5.259/5.646 6.498/6.861/7.212  5.768/6.075/6.361
SVR 4.157/4.562/4.825 3.536/3.890/4.135 11.289/12.053/12.542  8.832/9.442/9.862 8.984/9.395/9.662  7.829/8.239/8.516
CNN 3.502/3.863/3.976  2.863/2.930/3.093 8.040/9.133/9.663 6.652/6.807/7.295 6.506/7.391/7.694  5.727/5.887/6.216
LST™M 3.254/3.359/3.457  2.743/2.753/2.768 7.522/7.794/8.036 6.373/6.417/6.478 6.460/6.725/6.958  5.854/5.900/5.960
STGCN 1.530/2.122/2.527  1.322/1.759/2.057 3.185/4.577/5.486 2.896/4.077/4.787 3.249/4.691/5.569  3.006/4.271/5.011
FFR-STGCN  1.486/2.045/2.428 1.310/1.741/2.029 3.108/4.469/5.339 2.855/4.119/4.919 3.167/4.484/5.254  2.992/4.214/4.891
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