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Short-term Forecasting of Supply-demand Gap under
Online Car-hailing Services Based on Deep Learning
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(1. Key Laboratory of Transport Industry of Big Data Application Technologies for Comprehensive Transport,
Ministry of Transport, Beijing Jiaotong University, Beijing 100044, China; 2. School of Earth Sciences and
Engineering, Hohai University, Nanjing 211000, China)

Abstract:  The results of supply-demand gap prediction for online car-hailing services in different areas can
provide support for online car-hailing scheduling system, thereby improving efficiency and service levels. In order
to realize the short-term forecast of supply-demand gap for online car-hailing services, this paper proposes a novel
spatio- temporal deep learning model (S-TDL). The model is composed of three sub- models: spatiotemporal
variable model, spatial attribute variable model and environment variable model. It can capture the impact of
spatio- temporal correlation, regional difference and environmental change on supply- demand gap. Moreover, a
feature selection method named feature clustering-maximum information coefficient two-stage feature selection is
proposed to screen out the important features which are strongly correlated with the supply- demand gap, improve
training efficiency. The experimental results show that the S-TDL model after feature selection achieves the better
performance than the existing methods.

Keywords:  urban traffic; supply-demand gap forecasting; deep learning; online car- hailing; spatio- temporal
correlation
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