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[ Abstract] With the development of intelligence transport system, the online car—hailing has gradually become one of the most
important ways of travel. Accurate online car—hailing demand forecasting can reasonably guide vehicle dispatching, reduce the wait
time, which has received extensive attention of more and more scholars in recent years. However, the current research considers the
unitary traffic topology structure which is difficult to fully capture the spatial dependency. Therefore, a Spatial—-Temporal Multi—
Graph Convolutional Recurrent Network ( STMGCRN ) is proposed to improve the accuracy of online car — hailing demand
forecasting. The model consists of three sub—models to respectively extract three temporal properties of demand. Each sub—model
consists of multi-graph convolutional recurrent unit which adds multi—graph convolutional network on the basis of gated recurrent
unit. The model learns the correlation between areas to capture spatial dependency through multi—graph convolutional network and
dynamic changes of demand data to capture temporal dependency through gated recurrent unit. At last the output of the three sub-—
models are weighted and fused. The results of comparison experiment on realistic online car — hailing datasets verify that the
STMGCRN model outperforms the other baselines for the demand forecasting.
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