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Prediction of Subway Station Passenger Flow Based on Spatial and
Temporal Series Prediction Model

YUAN Shili, XU Haonan, SHEN Luyao, ZHANG Weifeng
(School of Computer Science , Nanjing University of Posts and Telecommunications , Nanjing 210023, China)

Abstract: The prediction of pedestrian flow plays an important role in the field of intelligent transportation services. Traffic managers can de-
velop targeted measures by predicting pedestrian flow in advance, reducing congestion and alleviating traffic pressure. However, traditional
passenger flow prediction usually only relies on the relationship between historical data and current data for time series prediction, and the ac-
curacy cannot be guaranteed. To effectively improve prediction accuracy, a spatiotemporal sequence prediction model is proposed to predict
subway passenger flow. This model uses graph convolutional neural networks to extract spatial relationship features between each line, and us-
es long short—term memory networks to extract temporal features of each line itself. Using the passenger flow of various lines of Nanjing Metro
over the past year for verification experiments, it was found that the proposed model has higher prediction accuracy than traditional ARIMA
time series prediction models and long short—term memory network models, especially when dealing with non-stationary data, with a 40% re-
duction in prediction error.
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Fig.4 The prediction performance of ARIMA model under abnormal
data
E4 FREHETARIMAERNHTNHE

GCN-LSTM AU ) I R an el 6 B o nT U
GCN-LSTM H A T 20 2R H ARTMA 1 LSTM A5 5 B4,
SEABESE RETUIN ok , B A 22 BN 52 s o
W R SR S LS PRI /N 2 P ) Ak B ik
SRIGEAR 1 Dy sl 5 Xk ief 1) 7 370 B S (EL M 5 1 2 [R] )
SO — S R LR B B] BRI IS B RIS, O R AR C
T2 PR — B0, 77 A R R A s (L, 2 A O R
LG B 22 o

25 L RTIR  ARTMA RERE 7 — 5 Ji] 3] P RE A% 1 P00\
AR R A B, (H M3 TR 300 g s Kl , ot
L5 R B AR SR, (R AR (E (i 22 B0, JEHAE R
I rp 2 S5 W o LSTM AR AY REH 4 M AT H2 45 5] 8] A5 [H]
R AR EL B2 0, S A 99 A8 A 25 Fi L B Y2, X — A

15
Date (f{i:XK)

Fig.5 Short term prediction performance of LSTM model under ab-
normal data
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