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Table 1  Fault data for rolling bearings

WAL SRR MRRT (e UIZRE iR

P 0 0 200 100

1 0. 007 200 100

R 1 0.014 200 100

1 0. 021 200 100

2 0. 007 200 100

AR 2 0.014 200 100

2 0. 021 200 100

3 0. 007 200 100

Sl 3 0.014 200 100

3 0. 021 200 100
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A rolling bearing fault diagnosis method based on the deep fusion model

+1 -1 .1 1 : 2
LIU Wei' SHAN XueYin' LI ShuangXi'© WANG Xu'  YAO SiYu
(1. College of Mechanical and Electrical Engineering, Beijing University of Chemical Technology, Beijing 100029 ;
2. College of Mechanical and Electrical Engineering, Shihezi University, Shihezi 832003, China)

Abstract: Bearings are a key component in mechanical equipment. Since rolling bearing faults are difficult to diag-
nose in the presence of noise, a new fault diagnosis method based on a deep learning fusion network is proposed in
this work. In the first step, a convolutional denoising autoencoder (CDAE) is employed to process the noisy vibra-
tion signal in order to reduce the noise interference and extract the low-level features. A deep belief network
(DBN) is then used to learn the deep features and construct a bearing state identification model, and output the
fault diagnosis results. In the fusion model, the CDAE is utilized as the first layer to enhance the anti-noise ability
of the network and improve the fault recognition accuracy. The proposed method has been verified using the rolling
bearing dataset from Case Western Reserve University (CWRU). The results show that the proposed fusion model
can accurately identify the bearing fault status in a very noisy environment.

Key words: fault diagnosis; fusion model; convolutional denoising autoencoder; deep belief network
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