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Abstract [ Objective] Accurate short term passenger flow
prediction is of great significance to improve the operation and
management efficiency of the ultra-large scale of urban rail
transit network. However, the current research on deep explo-
ration of the spatio-temporal correlations is still insufficient.
Therefore, according to the spatio-temporal law of short term
passenger flow, a STGCN ( spatio-temporal graph convolution-
al neural network) model based on spatio-temporal correlation

characteristics of passenger flow is proposed. [ Method] First-
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ly, the spatial correlation of ultra-large scale urban rail transit
network is captured by ChebyNet ( Chebyshev graph convolu-
tional network) , and the temporal correlation of the passenger
flow under multi-temporal correlation characteristics is explored
with the help of GRU ( gated recurrent unit). Secondly, the
correlation of the historical passenger flow data of the station to
be predicted and that of OD ( origin-destination ) passenger
flow data are analyzed to extract the spatio-temporal correlation
deeply. Finally, a STGCN model is established in combination
with the spatio-temporal correlation characteristics of the pas-
senger flow. [ Result & Conclusion] Taking Jiangsu Road
Station of Shanghai Metro Line as an example, a short-term in-
bound passenger flow prediction is conducted. The result
shows that the prediction accuracy with spatio-temporal correla-
tion characteristic parameters is 16% higher than that without
the parameters, indicating a better prediction effect.

Key words urban rail transit; short term inbound passenger
flow prediction; spatio-temporal correlation; spatio-temporal

graph convolutional neural network
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Fig.1 T-GCN model structure
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Fig.3 Proportion of inbound passenger flow at Jiangsu Road Station to the outbound OD of the whole Shanghai

urban rail transit network stations
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Fig.4 STGCN passenger flow prediction results
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