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A dynamic optimized knowledge hypergraph network subway passenger flow prediction

ZHANG Yang, WANG Chongcong, CHEN Lin
(School of Artificial Intelligence and Transportation Engineering, Fujian University of Technology, Fuzhou 350118, China)

Abstract; A dynamic optimization knowledge hypergraph network model was proposed for subway passenger
flow prediction, which addresses the high-order relationship between subway stations by integrating a high-
order information fusion module of multi-scale spatio-temporal convolutional blocks and spatio-temporal
transformer networks. The model constructs a dynamic hypergraph convolutional structure of the subway
network through dynamic knowledge graph embedding technology, utilizes the multi-scale spatio-temporal
convolutional block to extract spatio-temporal features of subway stations and passenger flow, and fuses these
spatio-temporal features through a high-order information fusion module. Finally, a method based on a
hypergraph spatiotemporal transformer network is employed to train the dynamic embedding patterns of subway
stations and construct dynamic similarity matrices for different time windows, thereby more precisely capturing
the dynamic changes in station features. Experiments conducted on real passenger flow datasets of Nanchang
Metro show that the model achieves a root mean square error (RMSE) of 18 and 27, and a mean absolute
error (MAE) of 14 and 23 on weekday and weekend datasets, respectively. Compared with traditional GCN
prediction models, the mean absolute percentage error (MAPE) is reduced by 13% on weekdays and 12% on
weekends , showing better prediction performance.
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Fig.1 Hypergraph convolutional network passenger flow prediction model framework diagram
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Tab.1 Comparison of weekday prediction results

ZHEELZD RMSE  MAE R’ MAPE
T-MFO-DHGCN 18 14 0.99 0.04
PSO-DHGCN 42 32 0.98 0.10
DHGCN 66 53 0.98 0.11
GCN 76 63 0.97 0.17
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Tab.2 Comparison of weekend prediction results

BRAEEL D RMSE  MAE R’ MAPE
T-MFO-DHGCN 27 23 0.99 0.07
PSO-DHGCN 45 38 0.98 0.11
DHGCN 70 54 0.98 0.12
GCN 104 78 0.92 0.19
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Tab.3 Comparison of weekday prediction results
P AR
T-MFO-DHGCN 18 14 0.99 0.04

RMSE MAE R MAPE

£ZICAEM, CNN-LSTM 57 39 0.98  0.09
CNN-BiLSTM 102 85 0.86  0.25

STL-GRU 55 44 0.94 0.1
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Tab.4 Comparison of weekend prediction results
P AR
T-MFO-DHGCN 27 23 0.99 0.07

RMSE MAE R? MAPE

ZICHE R CNN-LSTM 144 122 098  0.16
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STL-GRU 103 85 0.94 0.17
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