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Abstract: To address multi-factor subway line passenger volume forecasting needs, 12 influential features are selected (time,
weather, network scale, urban development, holidays, and events) via feature mining and correlation analysis, and—targeting
the difficulty of XGBoost hyperparameter tuning—a hyperparameter optimization approach based on the Zebra Optimization
Algorithm (ZOA) is proposed. An XGBoost-ZOA integrated forecasting model is developed, a cross-validation scheme tailored
for time-series prediction is designed, and a case study is conducted using Xi’an Metro data. The ZOA-optimized model achieves
a MAPE of 3.85% on the Line 1 test set; compared with representative intelligent optimization algorithms, it yields the best
performance, confirming the algorithm’s superiority. Across nine lines, the XGBoost-ZOA model attains an average MAPE of

Iis HEA: 2025-04-08  f&EIHHR: 2025-07-07
—fEE: BEL, B, HIMRLE, SRIRH, NEETHEZBRRTNKHBE, 20114089@bjtu.edu.cn
BEEWA: jt5$§%$4%%é—$A$ﬂ1EXL RAT S BX & & £(L221006, L231003)
SIRE: MERL, RE, BEE, ¥ ETZEIRAMNBKET RN ELIERAR]. HHIRAZE, 2025, 38(5): 57-63.
ZHENG Xuanchuan, QIN Yong, GUO Jianyuan, et al. Empirical study of a multi—factor subway passenger flow forecasting
method[J]. Urban rapid rail transit, 2025, 38(5): 57-63.

URBAN RAPID RAIL TRANSIT 57



EHIRENZIE - £ 3845 E5H) 2025F 10 B

5.18%, with the maximum error below 7%, and the predicted and actual curves show a high degree of agreement. Compared
with SARIMA and LSTM, the MAPE decreases by 17.8% and 21.9%, and the RMSE decreases by 10.8% and 13.6%,
respectively. Finally, using feature importance, the nine lines were grouped into three categories: trend-driven, holiday/

activity-driven, and multi-factor balanced passenger flows. Lines dominated by holidays/activities exhibit larger prediction

errors, whereas those governed by periodic trends show smaller errors, confirming the model’s interpretability and practical

utility.

Keywords: urban rail transit; multi-factor passenger flow forecasting; XGBoost; zebra optimization algorithm; hyperparameter

optimization; feature importance
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Figure 1

Feature correlation heat map

*2 BEAMARFIEEHR

Table 2 Sample of model input features
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Figure 4 Hyperparameter optimization process of algorithms

100 #0ikA%, BE¥ETiE, o ZOA AL EIETE
YR R TR % MAPE M 11.17% FB&EZE 10.25%.
BT IR AU BT 240, AR A
R BTN, R 4 K IL ZOA Db Sk el
R MAPE. MAE(CT 480 H{E R 7%). RMSEG IR
W) 3 R ZEFe bR oy ik 3.85%. 24 554, 38 349,
TEX EEAE R R B AR, [l GWO IR SR 2= 48
FRor B T 4.2%. 7.7%- 8.1%, ESE T ZOA §iik
7t XGBoost 158 Z A A0 e i FH 1 o
F4 TREBSHEENREETNIRE
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Table 7 Profortion of model feature importance %
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4 359 27.6 14.0 22.5 5.6
5 423 28.6 12.1 17.0 4.2
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35.8 31.6 14.7 17.9
9 32.3 30.5 10.3 26.9 6.7
14 9.9 37.8 72 45.1 6.7
16 28.0 70.8 0.4 0.8 4.6
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PE R A B o
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(T Sk
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