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[] 45 W L 0% 1 40 T R 68 A 250 U 7 il e R AT o
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2 RO TR BE CNN, A8 % o 6 150 il R g e 5 8
Peng 2B S8 I8 I 775 5 CNN MIZS 4, #2140
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ICA ML Zh A PR A 6] B T B A2 WA, 4
P b, 2R A T o A RRAE AR B, DT i AR SO A
W B R S e

2) FI TR EE AT 43 2545 BRI 5552 4 B AT R 25 1]
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Fig. 1 Improved channel attention mechanism
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Fig. 2 Self-calibrating spatial attention mechanism
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Fig. 3 Deep separable dilated convolution neural network
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Fig. 4 MSDCNN model structure

transform, FFT) %% 4 1) Jii 5l 34 58 ¢ i 3R, Jf 2o
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MSDCNN # B (1 2546 ZHcn 2= 1 s . A4

HRUZACH B R BN J2H1 ReLU #4075 oA I, i
# 1 MSDCNN RE S
Table 1 Structure parameters of MSDCNN model

FHIE2 BREHGE  BRERN EHGHRE
LN 1024x1
Convl 8 32 1024x8
AL 512x8
Conv2 32 5 512%32
DSDCNN1 32 5(Epe=2) 512x32
DSDCNN2 32 5(Epe=3) 512x32
FEERL A 512x96
ICA 512x96
FHERS 512x32
AL 256x32
SCSAM 256x32
Conv3 32 5 256x32
AR 128x32
2R AL 1x32
Softmax /> as 7

FH BN JZ TR I 265 14 I S ATl SI03 B2, fil ] ReLU
PO pR R SR (Y A R R KRR T .

3 SIWEIES SR

31 ZHRBIEE

A SC T FH B 4 o 35 1 LI Y fi K 2% (Case
Western Reserve University, CWRU) A9 7R a5 7K 5 g
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Fig. 5 Data acquisition test bench of CWRU
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Fig. 6 MFS mechanical fault simulation test bench

N

(c) TREN B

j N @ |
. - = b >
S ——
.

(a) NI

7 ER-16K R SlAlIR I RS
Fig. 7 ER-16K rolling bearing fault defects

BindE B AEUIESE C, K MFS $di 4 38 4 1200,
1300, 1400 r/min T 9 £5 45 48 53 5110 7 £ 4 4 D,
B B ABCIE R Fo 2 Rh AR S Srue b, Ui 24k
RIS RS HE B 60 HREAR, 3 420 M REAR, BEAR
KN 1024, I 2 4E L B R 80%. K 4E 3k HX

(OENCSE

100 MEA B .
32 HERMSHAIEE

S A MSDCNN #5271y 45 14 2 B0 3R A3 B 4f
Moy R G55, AR SCHEAE M L -4 dB F C-B T.4LHT
AT T ZWELE, i T4 1 RSB/ A
[Fi) 2 27 3R B /N R A5 R I 5 12 W42 B 1) S
MEREE R 8 frm o M L5 R UL 10 RS IR 1Y
SR, AU, BRSO, S H R
FEANAE

551 )2 58 6 BUR 1 9 6t AR A i R e
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FEARNE . MIEl 8(a) AT LA H, 24505 1 25 BB 58
JE Oy 32 i, AR A SR KR B A, PR, AR SO
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R H b R B BE 75 ISR fe /M E B SR R /ML Y
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Fig. 8 Influence of different parameters on model performance
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AR S5 R ] Pycharm2020.1.2 #5044, R4 3055
A Tensorflow, i {37 & & Intel(R) Xeon-(R) Silver
4110CPU @2.10 GHz 2.10 GHz X4k #E#% Al NVID-TA
Quadro P4000 i . & & It & K /)N batch size=10,

AR K EL epoch=35, 2 2] KN 1x10°, fii il Adam
AT 2 LA B 1 25K S5, IF AR R 42 Jm) 73
b )2 5 1% B dropout {E K 0.5, 7E A AL I 2k, fff
A 2 70 1) PTG L A — 2 PO ARE R 1k AR, SRR
Al DA R Y7 AL AR ) SR, By IR AR S . 3 R
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FEIREE T AT
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F 3B, A4 22 RUJBE VR B2 465 BRURH 28 I 2% (multi-scale
deep convolutional neural network, MSD-CNN)"™" i
3 R 25 T 42 ) 4% (wide convolutional kernel con-
volutional neural network, WKCNN) ™ £ R 1 &=
FIHLH] 2 B 22 P 2% (multi-scale attention mechanism
convolutional neural network, MSACNN)™ % R JF
B rp s AR 22 6 B 4 N 4% (multi-scale cascade
midpoint residual convolutional neural network, MSC-
MpResCNN) P H i, MSD-CNN J& — fift 2 X I
J& CNN; WKCNN J2& — Fh 5 25 FUR% BBt 12 W7 4 1
i 2 48 U2 R 98 4 BB Ok e 3 4 BBCRR AE 5
MSACNN >k — Ffi 7 & J) CNN £ & ; MSC-MpRes-

CNN S —Fft 2 R B v 5% 25 NN, 5] A —Fif
B 22 RUBE G006 235 0 o 4 BUR IR B T B i 2
Oy HERARAE . SLE LN 2 iR, Hodh, A-B £
N A N UIRSE, BsSE B AR SIS . A
2P ATLLE A OB A TR {5 M 1L -4 dB B,
6 FAS[A] T30 7 S35 50 e 1 26 15 5] 97.23%, HHEL
FH A 4 Fh o7, ORI R A . AE 6 FOR
A iy T 50, B-A (8RR O HE R R R m L R
97.51%, T %4 5% 3 Bl e 22 (1) MSACNN #5751 B-A [y
TN HER R 92.29%, & 1 5.22%. %% iR, A&
SCAR AL AE PR PRBE T AT 4 B I RS e e L
5 Y2 AL RE

*2 BREIMET L AR ERE

Table 2 Variable load recognition accuracy under strong noise environment %
PR %
fEEAL ¥
A-B A-C B-A B-C C-A C-B
AR 97.43 96.86 97.51 97.26 97.29 97.03 97.23
MSD-CNN 94.57 93.68 95.05 93.63 93.77 92.69 93.90
WKCNN 93.37 92.06 95.17 92.29 90.11 91.20 92.37
MSACNN 92.69 91.29 92.29 93.79 94.00 93.14 92.87
MSC-MpResCNN 96.23 95.48 96.85 96.54 96.31 95.83 96.21

Sy T A MR s R RO B 2 S L, BIA
t-SNE F 28 M Fig 40 S0, W s 43 265 L n el 9
Fe7R o AT LA, R o3 B4l R 0 R A B TR

%, R

AR IR B T RS T RSO B A-B

S, /IR 0.36 mm TR SR R AR AL B 4 ol
0.36 mm Zh Bl MR, 156 DG A 3 2 i e S 0 2% )
TRV , T HC Al i 2 R 0 B3l R A 31 1 o SR S,
AR A SCRRYA 26 0 v AR T U A SR R M R
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20
20 | 0 @ ®
g ‘ £ g o*
2o @ P 2 wy
201 L 20}
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(d) B-C (e) C-A (HC-B
1IEH @ 0.18 mm NJE @ 0.18 mm #ME @ 0.18 mm iX5h{A @ 0.36 mm [41E @ 0.36 mm F1E @ 0.36 mm iR sk

9 t-SNE n] ¥4k

Fig. 9 t-SNE visualization
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332 MFS # ¥ & ¥ 541

SR A I AR SCROR RS W REFNIZ AL
fig 71, X MFS il 2 508 48 61112 W ATk, 25 5L an
3R, Hh, D-E R 8diE4E D 1ERIIZREE,
BR4E EVENIINRSE . TRV, AR SCHAITE 6 FiOR
[Fi) 2 S R A 2 e T LAt 4 ROk, SE R
TIWERRZEN 97.06%, LR BT #Y) MSC-MpResCNN

w7 1.83%, AR 220 MSACNN i T 4.96%,
FHEE T oAty 4 Bl VRSO TH I 5, BB AR SO A
W FE IR T A R THRRE S . #E D-F TOLF,
AR SO RD [P0 A 3R 96.69%, U i 2 1
MSACNN G HER R 90.74%, i 5.95%. % L
JIFIR, ASSCEIRITE MFS AR sl SR A B
S AR Sy AU R R Rz Ak g

®3 BIREIME T LEREIRR ERHE

Table 3 Variable speed recognition accuracy under strong noise environment %
RSB
fEETY ¥ifa
D-E D-F E-D E-F F-D F-E
AR 97.20 96.69 97.34 97.03 96.89 97.22 97.06
MSD-CNN 93.63 91.77 94.09 93.29 92.89 93.20 93.15
WKCNN 92.71 91.37 93.54 92.69 91.94 93.26 92.59
MSACNN 92.23 90.74 93.03 91.94 92.40 92.28 92.10
MSC-MpResCNN 95.25 94.54 95.74 96.20 94.46 95.17 95.23

Sy BT TR b 2 W A B AR 1 R SR A3 O
FIRE M VAT 8. 10 JB/R T D-F T.O0 A1
F-E T80 F M 43 285 B TREH 4 . AL 10(a)
FILLE H, TESRIE S IREE T, 700 MREA A 23 4
Bt or, Hor, 0.18 mm P BB AN 0.18 mm 21 i
BB A o AR e 2 . NIEL 10(b) AT LA, 700

W%/ %
100

TR
(a) 55 D-F T.00 FIRVE 4

FEA A 20 DT 4, dE— B B0 IE T AR SCH A
T FE2 W R vz AR RE 1. b, AR FREUE 0 %R
IEHARAS, 1.2, 3 20513 0.18 mm RIS, 0.18 mm
AR . 0.18 mm VR SR HLRE, 4. 5. 6 43 il R
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Fig. 10 Fault classification confusion matrix
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Rolling bearing fault diagnosis method based on MSDCNN in
strong noise environment
LEI Chunli" ", SHI Jiashuo', MA Shuzhen’, MIAO Chengxiang', WAN Huiyuan', LI Jianhua'

(1. School of Mechanical and Electrical Engineering, Lanzhou University of Technology, Lanzhou 730050, China;
2. Yunnan Wenshan Aluminum Co., Ltd., Wenshan 663000, China)

Abstract: To address the poor anti-noise performance, high computational complexity, and insufficient
generalization performance of traditional bearing fault diagnosis methods based on deep learning, this paper proposed
a rolling bearing fault diagnosis method based on multi-scale dynamic convolutional neural network (MSDCNN).
Firstly, the one-dimensional vibration signal of the rolling bearing was transformed into frequency domain by Fourier
transform, and the features werefurther extracted by wide convolution kernel. Secondly, a multi-scale dynamic
convolution structure was presented, and an improved channel attention mechanism wasutilized to assign different
weights to the feature information extracted by convolution kernels of different sizes. Then, a self-calibrating spatial
attention mechanism (SCSAM) was designed to capture the importance of different regions by inputting the extracted
feature information into the spatial attention mechanism. Finally, the features were further extracted by the small
convolution kernel, and the Softmax classifier was used to classify faults. Two different data sets were used to verify
the fault diagnosis performance of the proposed model. The experimental results show that the proposed model has
higher classification accuracy, better generalization ability, and stronger robustness under strong noise background
than other intelligent modelssuch as multi-scale deep convolutional neural network (MSD-CNN) and wide
convolutional kernel convolutional neural network (WKCNN)).

Keywords: fault diagnosis; Fourier transform; multi-scale dynamic convolution; attention mechanism; rolling

bearings

Received: 2023-07-12; Accepted: 2023-07-28; Published Online: 2023-08-23 16:48

URL: link.cnki.net/urlid/11.2625.V.20230823.1327.002

Foundation items: National Natural Science Foundation of China (51465035); Natural Science Foundation of Gansu Province (20JR5SRA466); Graduate
Innovation Star Project of the Education Department of Gansu Province (2023CXZX-411); Hongliu First-class Disciplines
Development Program of Lanzhou University of Technology

* Corresponding author. E-mail: lclyq2004@163.com


link.cnki.net/urlid/11.2625.V.20230823.1327.002
mailto:lclyq2004@163.com

	1 原　理
	1.1 改进的通道注意力机制
	1.2 自校准空间注意力机制的设计
	1.3 深度可分离空洞卷积神经网络

	2 基于MSDCNN的滚动轴承故障诊断模型
	2.1 MSDCNN故障诊断模型的构建
	2.2 MSDCNN模型的结构参数

	3 实验验证与分析
	3.1 实验数据集
	3.2 模型最优参数的选择
	3.3 强噪声环境下跨工况故障诊断
	3.3.1 CWRU数据集故障诊断
	3.3.2 MFS数据集故障诊断
	3.3.3 早期故障识别性能分析


	4 结　论
	参考文献

