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Abstract

In the field of equipment fault diagnosis, vibration signals, as the core carrier reflecting the operat-
ing state of equipment, their data quality and feature extraction efficiency directly determine the
accuracy and reliability of fault identification. To establish a solid data foundation for subsequent
fault diagnosis tasks, this study first takes the source domain test bench as the research object and
conducts systematic data regularization and sample construction on the collected vibration signals.
Specifically, through a series of preprocessing operations such as signal denoising, time series syn-
chronization and alignment, outlier elimination, and data standardization, the purity and con-
sistency of the original vibration signals are effectively improved. Finally, a standardized data cor-
pus covering four typical health states—normal operation, mild wear, moderate fault, and severe
failure—is formed, providing a unified and reliable data source support for subsequent model
training and verification. Aiming at the limitations of traditional feature engineering, which is time-
consuming, subjective, and has weak generalization ability, this study takes the Case Western Re-
serve University (CWRU) bearing fault dataset as the source domain and partial high-speed train
test bench data as the target domain. After preprocessing operations including resampling, sliding
window segmentation, and Z-score standardization, a standardized sample corpus is constructed.
A 1D-CNN-based end-to-end data-driven fault diagnosis method is proposed, achieving an average
classification accuracy of 99.68% on the source domain dataset. This provides methodological ex-
ploration and preliminary validation for intelligent fault diagnosis of high-speed train bearings.
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Figure 1. Comparison of normalized and original signal for an outer race fault sample
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Figure 2. Comparison of original and preprocessed waveforms for different health conditions
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Figure 3. Overall framework of the 1D-CNN-based end-to-end fault diagnosis
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Conv2 32 x1 32 1 ReLU same +BatchNorm
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Table 2. Training hyperparameters of the proposed model
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Table 3. Performance metrics on the source domain test set

= 3. IR SR REFEAR

25 TN %(%) Precision (%) Recall (%) F1-score (%)
Normal 100.0 100.0 99.6 99.80
IR 99.9 99.6 99.9 99.75
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Figure 5. Confusion matrix on the source domain test set
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Figure 6. Training curves of the 1D-CNN model
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