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[ Abstract] Accurate prediction of traffic passenger flow is-an essential part of an Intelligent Transportation System
(ITS) , which helps manage traffic and plan the best travel routes.Presently, the short-term prediction of urban traffic
passenger flow mainly focuses on using deep-learning models to extract spatiotemporal features, which neglects the
model optimization.A hybrid deep learning model, ResGRU,,_, ,1is proposed to predict short-term metro passenger flow.
It combines Convolutional Neural Networks (CNN) , Residual Units (ResUnits) , and Gated Recurrent Units (GRU) to
capture the spatiotemporal dependency of flow data. A Weighted Square Error (WSE) with a bias towards peak traffic
passenger flow is proposed to address the problem that the classic loss function used in deep learning models cannot
capture the peak hours features. The WSE applies different weights to the prediction errors according to the traffic
passenger flow, which may increase the penalty for the peak traffic passenger flow error. Additionally, it helps the neural
network pay more attention to the prediction and error of the peak traffic passenger flow during the backpropagation
period, which may improve the prediction accuracy of the peak traffic passenger flow.In addition, the model incorporates
external factors, such as weather and air quality, which improves the overall prediction performance and enhances the
model stability. The results show that the hybrid ResGRU
typical prediction models such as LR, PSVR, and CNN.In addition, hybrid ResGRU,,,,, can accurately predict the peak

Mewo Model has a more accurate prediction ability than some

value of passenger traffic flow.
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