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Research on fault diagnosis model of rotating machinery based on
two-channel input LetNet-5 convolution neural network

FU Zhongguang, WANG Shiyun, GAO Yucai, ZHOU Xiangqi

(Key Laboratory of Power Station Energy Transfer, Transformation And System, Ministry of Education, North China Electric Power University,
Beijing 102206, China)

Abstract: Existing single-channel networks have poor noise immunity during fault diagnosis of rotating machinery
due to the many noises associated with the operation of rotating machinery. To address this problem, a two-channel
input LetNet-5 convolutional neural network model incorporating a parallel mechanism was proposed. Case
Western Reserve University bearing dataset was used for the model plausibility check process, based on which
Gaussian white noise with a signal-to-noise ratio of -10 dB was added to simulate the real noise situation. The short-
time Fourier transform was used to process the motor fan-side and drive-side vibration data, and the resulting time-
frequency images were passed to a two-channel input LetNet-5 convolutional neural network for training and
learning. The results show that, the dual-channel input LetNet-5 convolutional neural network model is able to
capture the fault features in a strong noise environment well, it has higher efficiency and accuracy than the multi-
scale feature fusion residual model, the multimodal coupled input neural network model, the conventional K-nearest
neighbour and decision tree model and the single-channel input LetNet-5 convolutional neural network model.
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Fig.3 The time frequency diagram of the input data at fan end
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Fig.4 The time frequency diagram of the input data at drive end
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Tab.1 Number and type of the fault data

Baims  WwAE W s R/ mm PGS
Data0 EH 0 [1,0,0,0,0,0,0,0,0,0]
Datal b HI NN 0.177 8 [0,1,0,0,0,0,0,0,0,0]
Data2 ] 0.1778 [0,0,1,0,0,0,0,0,0,0]
Data3 HNE 6 p5 g 0.1778 [0,0,0,1,0,0,0,0,0,0]
Data4 BEE 0.3556 [0,0,0,0,1,0,0,0,0,0]
Data5 Py Pl 0.3556 [0,0,0,0,0,1,0,0,0,0]
Data6 HhEE 6 s gl 0.3556 [0,0,0,0,0,0,1,0,0,0]
Data7 R 0.5334 [0,0,0,0,0,0,0,1,0,0]
Data8 ] 05334 [0,0,0,0,0,0,0,0,1,0]
Data9 HhE 6 R 0.533 4 [0,0,0,0,0,0,0,0,0,1]
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Tab.2 The parameter selection
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Fig.5 Images of accuracy during training
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Fig.7 Noiseless 3D spatial visualisation of fault features
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Fig.8 The 3D spatial visualisation of fault features after

noise addition
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Tab.3 Test results of different models

AR {5 LL/dB FiEES A EE1%
ARSCAETY -10 CWRU 91.50
2 RS R AR 2R 10 Yﬁg%i% 7719
%Tﬁ*ﬁ%ﬁ AR 25T —4 CWRU 78.68
JTAR Y 0 CWRU 76.57
y&%fﬂﬂ%@iﬂ 0 CWRU 80.59
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