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Fig. 1 Single Convolutional Neural Network
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Fig. 2 Convolutional neural network
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Fig. 3 Flow chart of motor fault diagnosis
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Fig.4 Drivetrain dynamics simulator
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Fig. 6 Feature visualization of CNN network
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Fig. 10 Time of one iterative with different batchsize
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Tab.4 Motor diagnostic results of different methods
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Tab.5 Diagnostic results of different deep learning methods
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Fig. 11

Time-frequency map by continuous wavelet

transform with different fault samples
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