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Fig. 2 Traction characteristic curves of metro train
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frame caused by flats under traction conditions
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Fig. 5 Flowchart of vibration data preprocessing for bogie frame
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CHEN Huimin. On the traction characteristics of high-speed

Fault diagnosis method for wheel flats on metro trains under traction conditions
LIANG Hongqin', WU Yunlong', LONG Hui', TAO Gongquan’, WEN Zefeng’, XIE Qinglin

(1. School of Mechanical Engineering, Southwest Jiaotong University, Chengdu, Sichuan 610031, China;
2. State Key Laboratory of Rail Transit Vehicle System, Southwest Jiaotong University, Chengdu, Sichuan 610031, China)

Abstract: Various forms of wheel out-of-roundness including wheel flats is frequently encountered during the operation of metro
trains. These defects pose potential safety hazards due to amplified wheel-rail interactions. Hence, developing an accurate and efficient
method for condition monitoring of wheel flats is crucial to ensuring safety in the operation of these trains. Based on a dynamics model
developed for metro trains, this paper presented a model for identifying wheel flats under traction conditions, referred to as CBAM-
ResNet, which combined the Convolutional Block Attention Module (CBAM) with the Residual Network (ResNet). This approach partic-
ularly focused on the frequent traction and braking conditions in the real-world operation of metro trains. With wheel flats input into the
dynamics model, the initial simulation generated dynamic response data of the train under the typical traction condition, i.e. the bogie
frame acceleration. This data was then segmented from the "spatial domain" perspective, and a dataset of time-frequency graphs was gen-
erated using the Short-Time Fourier Transform (STFT) for training and testing CBAM-ResNet. The results demonstrate that the proposed
model outperforms traditional diagnostic methods in terms of accuracy in flat diagnosis under traction conditions, particularly with an ac-
curacy improvement of up to 6.07% for identifying wheel flats across various noise levels.

Keywords: metro train; wheel flats; deep residual network; attention mechanism; fault diagnosis; simulation; fault diagnosis; urban

rail transit
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