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Urban Rail Passengar Flow Prediction Using Particle Swarm
Optimization-Tuned SVR Model

HU Song', CHANG Zheng', YANG Bei’, WANG Haipeng', MA Jie'

(1. Research Institute of Highway Ministry of Transport, Beijing 100088;
2. Beijing City University, Beijing 101309)

Abstract: To address the challenge of accurate fine-granularity passenger flow prediction and decision support in urban rail

transit, the study analyzes spatiotemporal passenger flow patterns and influencing factors using automatic fare collection

(AFC) data, and employs a support vector regression (SVR) model whose parameters are optimized by a particle swarm
optimization (PSO) algorithm. Using October 2021 data from Beijing Metro Line 4 at a 15 min aggregation interval, weather,

time period, and date type were used as input variables; model accuracy was evaluated via mean squared error (MSE), mean

absolute error (MAE), coefficient of determination (R?), and relative accuracy, together with comparative model experiments.

The results demonstrate that the proposed model effectively captures the spatiotemporal characteristics of rail transit passenger
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flow and achieves high prediction accuracy, with a mean squared error of 0.0164 and a coefficient of determination of 0.93.
Additionally, a positive correlation is observed between the volume of rail transit passenger flow and error values of different
model predictions. The study enhances understanding of the distribution and evolution of urban rail transit passenger flows
and supports optimization of operations organization, scheduling strategies, and network planning.

Keywords: urban traffic; passenger flow prediction; support vector regression model; particle swarm optimization algorithm;

parameter optimization
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based on PSO-SVR algorithm
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