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Abstract: Accurate and reliable short- term passenger flow prediction can support operations and decision-
making of the URT system from multiple perspectives. In this paper, we propose a URT multi-step short-term
passenger flow prediction model at the network level based on a Transformer-based LSTM network, Depth-wise
Attention Block, and CNN network, named as Spatial- Temporal Integrated Prediction Model (STIPM). The
STIPM comprises three branches. The first branch takes time- series inflow data as input, and a Transformer-
based LSTM network is selected to extract the temporal correlations. The second one takes timestep- based
OD data as input, and many spatial and temporal features are captured using Depth- wise Attention Blocks.
Meanwhile, timestep-based OD data can better include inter-station relations and global information. The third
branch takes Point of Interest data (POI) as input and CNN network is utilized for spatiotemporal features
extraction, which can also become the bridge between spatial and temporal features. Moreover, the “Multi-input-
multi-output Strategy” for multi-step prediction is used to obtain a longer prediction period and more detailed
information under a relatively high forecasting accuracy. The STIPM is applied to two large-scale real-world
datasets from the URT system, and the obtained prediction results are compared with ten baselines and four

variants from itself, in which STIPM model achieves highest prediction accuracy indicated by RMSE, MAE, and
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WMAPE evaluations, which demonstrates the superiority and robustness of the STIPM.

Key words: urban Rail Transit; short-term passenger forecasting; multi-step forecasting; deep learning; traffic
big-data; spatiotemporal features mining; features fusion
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Tab. 1 Prediction result evaluation for Dataset 1

- FLT (10 min) XL (20 min) =25 (30 min)
RMSE MAE ~ WMAPE/ RMSE MAE WMAPEMo RMSE MAE WMAPEMs
SVR 24.27 13.92 17.79 28.16 15.66 20.09 31.51 17.37 2237
DCRNN 29.97 16.45 20.28 31.42 16.63 20.51 32.26 16.85 20.82
CNN 28.66 15.57 17.13 29.18 15.87 17.48 29.29 16.06 17.72
GCN 27.85 15.54 17.15 28.99 15.88 17.45 29.90 1639 17.97
ST-ResNet 27.83 15.65 17.17 30.86 16.73 18.09 31.54 17.34 18.63
T- GCN 29.25 15.90 17.52 30.54 16.15 17.74 30.56 17.11 18.68
ST-GCN 29.36 15.93 17.45 30.05 16.90 18.36 31.57 16.91 18.44
LSTM 24.50 12.90 15.93 2581 13.08 16.19 26.45 13.36 16.53
ConvLSTM 27.35 14.66 15.97 28.03 14.70 16.19 28.61 14.92 16.40
GWN 23.17 12.68 15.70 23.19 12.97 15.98 23.58 13.19 1631
STIPM 21.67 11.91 14.65 22.45 12.19 14.96 22.60 12.34 15.23
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F2 BRBFUNERFEE (Dataset 2)

Tab. 2 Prediction result evaluation for Dataset 2

- AL (10 min) XL (20 min) =7 (30 min)

RMSE MAE WMAPE/% RMSE MAE WMAPE/ RMSE MAE WMAPE/
SVR 23.65 12.16 19.58 27.91 13.81 2222 30.85 15.20 24.42
DCRNN 26.04 13.43 2236 26.52 13.76 2273 27.64 14.20 23.14
CNN 21.55 11.72 18.65 22.01 12.08 19.14 23.89 12.53 19.83
GCN 21.17 11.37 18.04 22.06 11.69 18.47 23.40 12.17 19.43
ST-ResNet 25.24 13.13 20.76 25.66 13.24 21.04 25.93 13.65 21.26
T- GCN 21.87 11.73 18.74 22.60 11.95 19.02 23.24 12.28 19.50
ST-GCN 20.90 11.52 18.27 22.20 11.93 18.86 22.70 12.03 18.76
LSTM 22.11 11.67 18.56 22.13 11.71 18.65 22.82 11.83 18.81
ConvLSTM 20.96 11.22 17.91 21.89 11.43 18.20 21.93 11.61 18.45
GWN 20.11 10.63 17.79 20.18 10.97 18.35 20.56 11.05 18.51
STIPM 18.10 10.26 16.80 18.67 10.37 17.21 19.48 10.79 17.88
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Tab.3 Relations between timestep-axis and real time
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Fig. 8 Prediction-Actual value comparison curves at Station A with multi-step
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Fig. 9 Prediction-Actual value comparison curves at Station B with multi-step
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Fig. 10 Prediction-Actual value comparison curves at Station C with multi-step
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Fig. 12 Prediction-Actual value comparison curves at Station E with multi-step
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Tab. 4 Prediction result evaluation of variants for Dataset 1

AT (10 min) X (20 min)

=L (30 min)

e

1

RMSE MAE WMAPE/% RMSE MAE WMAPE/% RMSE MAE WMAPE/%
STIPM 21.67 11.91 14.65 22.45 12.19 14.96 22.60 12.34 15.23
STIPM-No OD 22.86 12.53 15.38 23.04 12.69 15.68 24.05 12.89 15.88
STIPM-No POI 22.84 12.41 15.28 23.72 12.47 15.42 2391 12.72 15.59
STIPM-LSTM 22.51 12.41 15.25 23.34 12.95 15.86 24.22 0.65 16.10
STIPM-Acc OD 23.28 12.33 15.16 23.78 12.88 15.87 24.11 12.98 16.02
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