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Combined Short — term Prediction Model of Station
Entry Flow in Urban Rail Transit

LI Dewei!, YAN Yixing!, ZENG Xianfeng?
(1. State Key Lab of Rail Traffic and Control, Beijing Jiaotong University, Beijing 100044 ;
2. Guangzhou Railway Polytechnic, Guangzhou 510430)

Abstract; Accurate prediction of short-term passenger entry flow plays an important role in the daily operation of urban rail tran-
sit. The prediction can provide evidence for advanced approach for passenger flow control and induction. Using the same period
volume in the previous week, last period volume and peak and off-peak hour's data of a day as input variables, this paper uses
weighted historical average auto regression model, ARIMA model and wavelet neural network model to forecast the passenger en-
try flow of urban railway transit stations, by collecting real time passenger flow data with 15min intervals. Based on these approa-
ches, a combined method is employed to test the prediction power. A case study is conducted and the forecast results are com-
pared. It is found that, when the peak hour is considered, the prediction accuracy of wavelet neural network model is 91.05% ,
which ranks the highest. The error structure of ARIMA model is the best. When the combination method is adopted, the predic-
tion performance indicator improves significantly, while the error distribution does not improve at all. It is concluded that the
proposed combination model is effective in short-term prediction of passenger entry flow in urban rail transit.

Keywords: urban rail transit; passenger entry flow; short-term prediction model; combination prediction
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