CHRYE S R B o X @ K F F R Vol.54 No. 9
2020 4F 9 H JOURNAL OF XI” AN JIAOTONG UNIVERSITY Sep. 2020

{56 FA oS0 32 B 2= o 2 IO 4% B 0% B Bl
ZEITRBEEIZEN G X
NGRS R

(1223 T R%A TRSEE TR, 730050, 220 2. HR G Tk F25e dF 45 6 5 S se i =,
730050, =M 3. ZMIE T RFEFRHHI SEH TESLBH =T 0, 730050, 224D

HE. ARDMARTIAAL ST Rk F TR AR R LT F 56 %S 2R R
B RET AR TR AT AR S W R R EANZEM LTk, ARER RS
A BAZT AN AR AT R T ERRBOHFE. HET —H LT Inception £
BB A IERACE . KT Inception IR EH, KA SAIXI WL ERESHEEET AR A
KREEBN T AMERBENE AL RRTHIREL, ERERTPRMUEKERL,ZXITT —
kAR ER E R VBT R ERNFELLNFIRE, AATRAEAREBY KA ZH
R E K TR EBEEG R ER T A ERBRATRER, ZTT T RKELEZRG TR
5&%& PR ot 0 P AP gk Z Seon xdan w RARE M EAY 2 M %, W HTR S k5 SVM A+ EMD+ Hil-
bert ,%4% BPNN+EMD-+ Hilbert 6, % & 42 ResNet 7 2 # /7 T4 AT, 2 R £ 0, iR 7 ik
ETW“PHW’%%&’J MR 9T 3400, K F AT I P el A A 88.83%~96.76% . & T H
Wk EINER PO EAED T ResNet Fikth, LA PAKGH /A5 £ 0.000 6, FF
R FELHRZBORERAIZIR

KPR MELW R AR; T T &f?ﬂ#%ﬂ

RESEE. THI133.3;TP206.3 EtRER. A

DOI: 10.7652/xjtuxb202009002 XEHS: 0253-987X(2020)09-0023-09

OSID 4
Fault Diagnosis Method for Rolling Bearing under Variable Working

Conditions Using Improved Residual Neural Network

ZHAO Xiaogiang"**, LIANG Haopeng'
(1. College of Electrical Engineering and Information Engineering, Lanzhou University of Technology, Lanzhou 730050, China;

2. Key Laboratory of Gansu Advanced Control for Industrial Processes, Lanzhou 730050, China; 3. National Experimental

Teaching Center of Electrical and Control Engineering, Lanzhou University of Technology, Lanzhou 730050, China)

Abstract; Aiming at the bad effect of fault diagnosis of rolling bearing due to complex and
changeable working environments, ambient noise influence and insufficient valid sample data, an
improved residual neural network method for fault diagnosis is proposed under variable working
conditions. The acquired time domain signals of rolling bearing are taken as the inputs, and
according to the strong time-varying characteristic of time domain signals of rolling bearing, an
improved data pooling layer based on the Inception module is constructed. To extract the feature

information effectively, following the Inception module idea, the data pooling layer is constructed
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by three small 3 X3 stacked convolutional layers in series and by adding residual connection. A
kind of residual block with a skipping connecting line is designed by adding a skipping connecting
line, which can enhance the learning efficiency of characteristic information. Because the dilated
convolution can expand the receptive field, the normal convolution in the residual block with a
skipping connecting line is replaced by a dilated block, so a dilated and residual block with
skipping connecting line is designed. The neural network is designed by the two kinds of residual
blocks in end-to-end connection. Compared with SVM + EMD + Hilbert envelope spectrum,
BPNN + EMD + Hilbert envelope spectrum and ResNet, the results show that the average
accuracy of the proposed method in the variable noise experiment is 97. 34 %, the accuracy in the
variable load experiment is 88. 83% - 96. 76 %, which are higher than the other methods, and the
average accuracy is higher than ResNet method with a lower mean variance of 0.000 6 in the
variable working condition experiment, so the noise resistance and generalization ability of the
proposed method are verified.
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