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Abstract

Bearings are critical components in the running gear of rail-transit vehicles. Because these vehicles
operate in complex environments and under constantly changing service conditions, real-time con-
dition monitoring and intelligent fault diagnosis of bearings are of paramount importance. In this
paper, we adopt deep-learning techniques, apply the fast spectral kurtosis algorithm to process
bearing-vibration data, and introduce GoogLeNet for multi-state bearing fault diagnosis. A signal-
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to-image conversion method based on fast spectral kurtosis is proposed to handle multi-state roll-
ing-element-bearing data. Comparative analyses of the loss and accuracy curves obtained with three
individual datasets and a combined dataset show that all accuracies exceed 77%, confirming the fea-
sibility of the proposed approach.
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Figure 1. Schematic diagram and cross-sectional view of the bearing structure
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Figure 2. Three-state faults of rolling bearings
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Figure 3. Initial GoogLeNet network model
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Figure 4. GoogLeNet network model with specific dimension-reduction modules
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Figure 5. Fast spectral kurtosis image of simulated outer-ring fault signal
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Figure 6. Fast spectral kurtosis images of the Case Western Reserve University (CWRU) bearing dataset
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Figure 7. Training loss and accuracy curves for the Case Western Reserve University (CWRU) dataset
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Figure 8. Fast spectral kurtosis images of the Cincinnati IMS bearing dataset
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Figure 9. Training loss and accuracy curves for the Cincinnati IMS bearing dataset
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Figure 10. Fast spectral kurtosis images of the Jiangnan University bearing dataset
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Figure 11. Training loss and accuracy curves for the Jiangnan University bearing dataset
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Figurel2. Training loss and accuracy curves for the mixed dataset
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