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Fig. 1 Bearing structure diagram
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Fig. 2 Framework of intelligent bearing fault diagnosis method
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Fig. 3 Schematic diagram of time-shift denoising
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Fig. 13 Time-frequency feature plots of different bearing states for dataset 3
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Table 6 Summary of diagnostic results for different fault levels
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Intelligent fault diagnosis method based on current signals for motor bearings
ZHANG Xuhao', TONG Runfang’, WANG Menggian', CAO Hu"?, RAO Yinhao’, GOU Bin’

(1. CRRC Qingdao Sifang Rolling Stock Research Institute Co., Ltd, Qingdao, Shandong 266031, China;
2. School of Electrical Engineering, Southwest Jiaotong University, Chengdu, Sichuan 611756, China)

Abstract: Bearing faults are a typical failure mode in motors. Traditional diagnostic methods based on vibration signals face high
costs and strong noise interference, while current signal-based methods struggle to extract fault features due to dominant fundamental
components. To address these issues, this paper proposes an intelligent diagnostic method. This method suppresses interference from fun-
damental current components and main harmonics through a time-shift cancellation technique, converts preprocessed one-dimensional
signals into two-dimensional time-frequency feature maps using the smoothed pseudo Wigner-Ville distribution (SPWVD), performs
cropping and stitching on these maps according to bearing fault characteristic frequencies, and finally the object detection model is built
based on YOLO11 for automatic fault positioning and classification. Experimental results demonstrate that this method achieves up to
99.54% diagnostic accuracy under steady-state operating conditions, and can effectively extracts features from low-sampling-frequency
current signals, significantly reducing hardware costs. Compared with traditional vibration signal methods, it exhibits stronger noise resis-
tance and lower hardware dependence. Additionally, the three-stage diagnosis framework, consisting of signal preprocessing, time-fre-
quency feature extraction, and intelligent classification, offers a low-cost and high-reliability solution for effective fault diagnosis of mo-
tor bearings.

Keywords: motor bearing; fault diagnosis; current signal; time-frequency analysis; deep learning; SPWVD; YOLO11
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