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Abstract
A novel source-domain fault diagnosis method integrating multi-sensor data with deep learning
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is proposed in this paper to address the challenges of extracting fault features under complex op-
erating conditions of industrial bearings and the limited generalization capability of traditional
diagnostic approaches. Initially, the source-domain bench test data undergo preprocessing, includ-
ing resampling, wavelet denoising, and window sampling to construct multi-dimensional feature
sets spanning the time domain, frequency domain, time-frequency domain, and envelope domain.
Three sensor data scenarios (All, Connect, Only DE) are subsequently designed, and three deep
learning architectures—Convolutional Neural Network (CNN), CNN-LSTM, and CNN-LSTM-Atten-
tion—are constructed. Performance is evaluated using metrics such as Accuracy, Precision, Recall,
and F1-score. Experimental results demonstrate that the pure CNN model under the key sensor fu-
sion scenario (DE + FE) achieves optimal performance, with a fault diagnosis accuracy of 96.61%.
Specifically, it attains 100% recall for inner race faults, 94.1% for outer race faults, and 80% for roll-
ing element faults, effectively addressing the class imbalance problem. By leveraging multi-domain
feature collaboration and optimized sensor data integration, the proposed method establishes a
high-precision source-domain benchmark for subsequent cross-condition transfer diagnosis, thereby
offering technical support for the engineering application of fault diagnosis in industrial bear-
ings.
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Figure 1. Comparison of signal sampling frequency before and after processing
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Figure 2. Comparison before and after de-averaging and de-trending of signals
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Table 2. Time-domain characteristics
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Table 3. Frequency-domain characteristic index
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Figure 5. Framework of CNN attention model
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Figure 6. Comparison of base (BA) vibration signal before and after wavelet demodulation
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Figure 7. Spectrum diagram of different fault types and normal state of bearing
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Figure 11. Comparison of fault diagnosis confusion matrices for different models in Connect scenario
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