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Abstract: The impact of various external factors such as holidays, weather conditions, and epidemic
prevention policies was considered in this paper, based on the passenger arrivals date at Beijing Capital
International Airport between March 2021 and May 2023, and seven major high—speed railway stations
from December 2021 to July 2023, a hybrib Transformer model integrating convolutional neural networks,
long short-term memory networks is proposed for hab—to—station passenger flow prediction, analyzing the
time—varying patterns of passenger flow volume at arrival stations under the influence of multiple factors.
The empirical results reveal that the hybrib Transformer model outperforms conventional machine learning
and deep learning models in prediction accuracy, achieving over 80% across all stations, and nearing 90 %

for six of them, this evidences the model's robust applicability.
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Table 1 Factor samples of original dataset
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Table 2 Exaple of epidemic prevention and control
measures for itercity centering and returning
to Beijing in Beijing
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Fig. 1 Overall tendency of passenger flow arriving at

Beijing Capital International Airport
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Fig. 2 Comparison of daily variation characteristics
between passenger flow and number of
daily new COVID-19 cases
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Fig.3 The structures of hybrid CL-Transformer model
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Table 3 Relative importance of influencing factors
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Table 4 Optimal parameter results for different models
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Table 5 Performance comparison of different passenger flow predicting models
Yyl B uEFE AR GBDT LSTM  Transformer CNN-Transformer LSTM-Transformer — CL-Transformer
MAE 375.98 269.8 230.6 134.6 144.8 88.6
Je AR .
L RMSE 432.01 359.1 462.3 196.1 191.9 134.4
Accuracy/ % 71.8 80.1 72.5 87.5 86.6 91.8
MAE 723.6 875.9 676.8 538.9 746.2 440.3
A5 v RMSE 1824.3 4 868.3 2470.2 2 388.9 2486.9 2222.3
Accuracy/ % 43.2 66.8 74.3 79.5 71.7 83.3
MAE 1379.5 943.2 634.3 784.3 1020 590
b5 v RMSE 2657.6 4155.6 2 360.4 2997.5 2954.9 1418.3
Accuracy/ % 51.2 82.4 88.2 85.3 81 89
MAE 1877.6 1336.7 1242.7 958.6 15154 697.4
At 5t e ol RMSE 3728.9 4034.2 3375.5 3951.3 3881.7 3 088.5
Accuracy/ % 39.5 79.7 81.1 85.4 77.1 89.4
MAE 139.1 202.2 62.4 43.4 106.7 29.13
B |y RMSE 187.8 423.2 83.7 70.7 175.4 51.8
Accuracy/ % 54.8 64.9 89.2 92.5 81 95.9
MAE 244.6 56.4 134.3 45.1 164.3 44.7
NEREEL RMSE 420 129.8 195.7 115.2 322.5 117.6
Accuracy/ % 43.1 93.4 84.3 94.8 80.9 94.8
MAE 501.5 734.8 623.6 533.9 762 492.7
At 55 B RMSE 2108.7 4 648.3 3811.9 3523.7 3675.8 3337.1
Accuracy/ % 37.5 61.1 65.3 68.9 55.5 81.3
MAE 648.1 505.2 634.37 460.9 813.5 350.6
dentE Bk RMSE 1269.8 1 308.9 1769.9 1500.8 1861.3 1289.6
Accuracy/ % 46.6 75.7 69.6 77.9 61 83
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Fig. 4 Comparison of prediction results from different models for arrival passenger flow at various hubs
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