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YIHRIRIE S AT RE . TER AR P B RAEA R
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i TR Gy b A 4 2R B 055 9 KR (5 B, DT
I 2% BEAE T 2% 21 O 22 110 SCHEARAE | 3X7E SNR R
LT IC W, XA A R D ML I 285 1) il e
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ResNet 90.12 92.23 93.13 93.56 94.01  94.99 94.99  98.24 93.91
WDCNN 97.32 98.61 99.66 99.61 99.72  99.91  99.95 100.00 99.35
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HORAE A1, SNR=-2, 1% =95.39%

B4 A2, SNR=-2, MR =99.89%
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Intelligent fault diagnosis method of rolling bearing based

on mixed domain residual attention network

JIA Lixin, CHEN Yongyi, NI Hongjie, ZHANG Dan
(College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023 )
Abstract

Mechanical equipment is developing in the direction of large-scale, precision and automation, and mechanical
systems are becoming increasingly complex. The automatic detection of mechanical faults is a great challenge con-
sidering that those mechanical systems may suffer from featueless catastrophic failures. However, existing fault de-
tection methods have a high misdiagnosis rate when identifying fault types in highly complex industrial systems, and
cannot produce accurate fault diagnosis results. To solve this problem, a new fault diagnosis method based on
mixed domain residual attention network is proposed in this paper, which takes rolling bearing as the research ob-
ject as it is the key component of mechanical equipment. This paper aims to improve the performance of fault detec-
tion by combining the advantages of automatic learning representation of deep convolutional neural network and key
feature extraction ability of channel attention mechanism and spatial attention mechanism. Experimental results show
that the proposed method can accurately detect bearing faults and is superior to existing state-of-the-art methods.

Key words: fault diagnosis, rolling bearing, channel attention mechanism, spatial attention mechanism, con-

volutional neural network ( CNN)
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