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Abstract

Urban rail transit passenger flow prediction plays a crucial role in metro operation scheduling, pas-
senger flow management, and individual travel planning. However, due to the diverse traffic patterns
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across different stations and the time-varying spatial dependencies between stations, this problem
remains highly challenging. To address these challenges, this paper proposes an Adaptive Spatio-
temporal Graph Interaction Model (ASTGN) for accurate urban rail transit flow prediction. First, the
Heterogeneous Node Embedding (HNE) module is introduced to capture the personalized traffic
patterns of different stations. Second, the Dynamic Graph Dependency Modeling (DGDM) module is
employed to adaptively learn the dynamic spatial relationships between stations from data without
requiring predefined adjacency structures. Third, the Multi-Step Temporal Attention (MSTA) mod-
ule, based on a self-attention mechanism, is used to model long-term temporal dependencies and
enhance long-range prediction capabilities. Finally, the Dynamic Fusion Module (DFM) integrates
spatial and temporal information to enable the model to better adapt to complex rail transit flow
variations. Extensive experiments on the Hangzhou metro dataset, compared against ten baseline
methods, demonstrate that ASTGN consistently achieves superior predictive accuracy across multi-
ple time granularities, significantly enhancing the reliability and stability of urban rail transit pas-
senger flow forecasting.
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Figure 1. Three stations with different passenger flow patterns
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Figure 2. Diagram of the practical teaching system of automation major
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Table 2. Comparison of prediction performance across models

2. SRARFUNM BEELIRE L 7T AT HZMETRO HEE ERIMEREELER

15 min 30 min 45 min 60 min
e MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
(%) (%) (%) (%)
HA 71.81 136.8 60.89 71.81 136.8 60.89 7181 1368 6089 71.81 136.8 60.89
LSTM 28.19 50.02 2649 2853 51.19 2692 2833 51.61 2708 29.54 5342 33.09
GRU 27.58 48.54 2492 28.04 4971 2574 2830 51.08 2635 2879 51.58 30.53

DCRNN 2720 4951 22.61 3134 5798 26.09 3697 7057 2884 43.14 85.00 32.68
STGCN 28.07 4895 3026 32.04 5654 35.68 3740 6575 4252 4422 7796 60.89
AGCRN 23.70 40.54 2297 25.04 43.04 2657 25776 4530 2538 2732 46.72 30.96
STTN 2798 4845 2398 28.77 4943 2735 2835 4933 2556 30.73 5251 3499
Graph wavenet 24.96 42.75 24.67 2726 4493 2775 2934 50.80 2834 31.76 55.88 3236
Multi-STGCnet  44.56  92.23  33.75 43.49 92.08 3395 442 9281 3346 4507 93.82 37.67

GMAN 2426 3994 2332 24.89 4090 21.61 25.02 42.82 2525 26.02 4442 22.16

ASTGN 2345 39.82 2091 2349 4055 2133 2486 4293 2253 2546 4491 2591
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Figure 3. Prediction performance for entry and exit passenger flow
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