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Rearing fault transfer diagnosis model based on SimAM attention mechanism

BAO Congwang'*, ZHU Guangyong', ZOU Wang', GUO Hao'
(1. School of Mining and Mechanical Engineering, Liupanshui Normal University, Liupanshui 553000, China;
2. School of Mechatronic Engineering, China University of Mining and Technology, Xuzhou 221116, China)

Abstract: Aiming at the problem that domain invariant features are difficult to extract and model overfitting is easy to occur in bearing fault
migration diagnosis during cross-working condition migration diagnosis, a bearing fault migration diagnosis method based on a simple
parameter-free attention module (SimAM) was proposed. Firstly, the one-dimensional convolutional neural network was used as the basic
framework , and adaptive batch normalization ( AdaBN) was used to normalize each output layer. After two convolutional layers and two
pooling layers, the output features were deactivated by random nodes. Then, the improved parametric rectified linear unit ( PReLU)
activation function was used to adaptively extract the negative input weight coefficient, and the cross-entropy loss function was used to monitor
the trained labeled source domain data and the mean squared logarithmic error (MSLE) was used as the loss function to train the unlabeled
target data. Finally, the model was verified by the self-made experimental bench data and the open data of Case Western Reserve bearing.
Different single working conditions were taken as the source domain, and the other working conditions were taken as the target domain to carry
out the migration diagnosis task. The experimental results show that the proposed method has good domain invariant feature extraction
performance, and the proposed features have good clustering effect. The average migration accuracy of the self-made experimental bench was
above 89.1% , the highest mean was up to 97.85% , and the average migration accuracy of CWRU dataset was up to 98.68% . The results
can lay a foundation for subsequent bearing fault transfer diagnosis from experimental data to industrial sites.
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Fig. 1 Bearing fault migration diagnosis diagram
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Fig.2 Bearing fault diagnosis model framework
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Table 2 Self-made experimental bench test conditions
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79 1800 15 N/1F/OF/RF
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Table 4  The recognition rate of the self-made test bench under different working conditions (%)

T
S 71 72 73 74 75 76 71 8 79 S
71 — 73.26 £1.02 85.17+1.41 99.12+0.77 94.43+£2.19 92.14+0.52 98.31+0.14 78.15+4.38 92.22+4.13 89.10+1.82
72 84.34+2.21 — 93.11+£2.11 88.12+1.55 100 £0.0 93.21+£0.88 94.17+1.33 98.66+1.11 90.19+0.52 92.73+1.21
73 85.19+2.88 91.1+0.15 — 74.35£1.21 98.55+1.76  100.0+0.0 98.47+0.17 98.34+0.47 97.17+2.69 92.90+1.17
74 100 £0.0 81.27+1.74 92.87+1.94 — 98.96 £0.27 96.37+0.29 98.62+0.95 73.61+8.69 89.93+0.35 91.45+1.78
75  86.78 £2.91 100 £0.0 98.32 £0.26 100 0.0 — 98.53 +0.65 100 £0.0 100 0.0 99.16 £0.30  97.85+0.52
76 90.64£0.24 86.42+0.13 100 £0.0 88.39+3.08 99.58 +£0.33 — 98.24 +0.81 100 £0.0 97.11 £3.39  95.05+1.00
Z7  99.11+0.81 78.22+1.69 77.24+5.44 99.08 £0.09 97.31+0.33 98.56 £0.76 — 94.44£3.69 95.93+0.92 92.49+1.72
Z8 80.16+4.24 98.35+2.11 99.04+£0.05 75.52+5.98 98.83 £0.76 100 0.0 95.53 £2.23 — 95.09 £3.91 92.82+2.41
79 79.21+£0.36 91.56+0.92 92.88+0.89 87.46+1.88 100 £0.0 100 £0.0 99.56 £0.85 100 £0.0 — 93.83 £0.61
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Fig.4 Feature visualization of self-made experimental bench iV
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Table 6  Diagnostic results of different methods in the CWRU dataset (%)
ik N N N N :
TH B 1 B 2 Ay 3 FAY 4 EHITE
WI1-W2 82.34 +0.33 87.13 +0.77 77.34 £0.64 70.11 +1.83 99.07 £0.12
WI1-W3 80.89 +0.22 82.21 £0.75 76.53 £0.87 68.33 £0.48 100 £0.0
W1-W4 80.11 +£0.35 80.88 +1.22 78.56 £1.22 69.09 £5.55 98.79 £0.29
W2-W1 84.21 +0.46 88.65 +1.01 79.80 +£0.98 69.27 £5.79 99.89 +0.11
W2-W3 84.49 +0.31 88.73 +£0.32 80.11 £0.19 70.38 £0.78 100 £0
W2-W4 89.34 +0.87 86.33 +£0.15 80.99 +£0.35 69.33 £2.88 98.89 £0. 14
W3-W1 83.56 £0.43 85.99 +0.89 79.36 £0.77 70.52 £1.93 97.18 £0.98
W3-W2 86.39 +0.32 87.44 +0.77 78.54 £0.44 69.91 £3.77 98.12 £0.99
W3-w4 86.97 +0.23 87.75 +£0.62 80.22 +0.98 70.79 £0.58 100 £0.0
W4-W1 85.82 +0.66 83.54 +£0.76 80.01 +1.699 67.54 £1.96 94.55 £0.77
W4-W2 80.64 +0.58 82.39 +£0.68 75.22 £0.69 70.98 £0.53 98.13 £0.96
W4-W3 85.49 +0.83 86.49 +1.15 74.33 £0.26 71.81 £2.31 100 £0.0
HfH 84.15 +0.47 85.71 +0.82 78.62 £0.73 69.83 +2.34 98.68 +0.40

M35 6 Al AL Y3 R BCE IR RelU 31
AR B 22 , TR PUNARAL 69. 83% (i T PR %L
LT ERHE, S B0 E R R BOSCRAE | AT
FEVUINREAR) ;

TG PR 5l Sigmoid S, TR AR W AT 2
ThABHIRANE] 80% , 2 W5 AR fE A2 KIS 25 5 H BBk
JETH R

e L LRIk R 223 B3 07 1 A IR B RCR n]

ik 98.68% ; MU W4, HARECY W1 i 3R ROR
D22 AN 94. 55% , Ik W >4 e Sl A1 84 i85 J3E AR A5
i, T B0k e] RS ROR AR 2%

4 HRIF

Oy ifp Rt T U ISR il 7R e e ) SR A 2 A X L
PRBGX— [, S F R T — 2T SimAM £ 8 181
1 R B AR B BRI R 2 BT A



55 3

FNER 45 T SimAM R AL ) AR R B 12 W R - 869 -

LI CNN E R JEAR 25 4 48 IE 5] A AdaBN X 4%
AT T IH— LA B R X2 G2 1Y PReLU #4036
PREIGIEAT T el | I AAS SUR AT MSLE A R i 2k pR 2L
KA SimAM SEE TG 2% eRECS B Ak 5 Y 5 [
B, A CWRU 8k 5 R A il 5256 5 97 15 500 , X 5t
T SimAM 5 2 7 AL] A h AR R E AS2 W T VR AT
T HIE,

WFFEL5IE BT

1) XA T VR 2l R il 5 1 712 W s R 22
FROTR) R 452 T LT SimAM V2 AL H 4 7 shih K i
BT AL 12 T 05 v 5 ff U T 900E PR PReLU 11 (B 4 A
I, ko3 2R 5O LR A 1) ) L, A A5kt B T I 45 AL
A RS 5

2) LAZE SURI 451 2% R 5B I 2ty b 48 1) TR B 8K
P, LA MSLE 1E R H ARG 181 2% sR 2t 47 7 e MBI
Y5, I FIH AdaBN fE Sk 3 )2 4 B0 0 9 00 —fb T B
SCRHIER AdaBN A3 2B = TR )72 A RE

3) AR A S8 A CWRU PN Bl 5 4 e 2
JrB AT T BG4 2R B TR O Tk R AR LS T
DUICT BB RRAE A RS I SR B B 48y T 00
T RS 12 0T

I, 28 325 SUfd FH 9 o 5 36 5 0 A X bk il i
WIS RIHEAT T30 UE, T —20, B F W R Tl 335 52
IR, KSR S bR TR A 0 P 5T, ()l et 7
T B 12 B 1 2515 25 3 B HEA TR 5, Shy P R e oy S 56
] T B E B 2 WIS |

£ 2% 3Lk ( References) :

[1] CHEN Yong-yi, ZHANG Dan.
residual threshold networks for bearing fault diagnosis[J].
IEEE. Transactions on Industrial Electronics, 2022 (12):
13462-13472.

(2] ZRLrel. RhoRos 50 MO i3 3 0 A% R BE 2 21 12 1Kt

(1] HUBRBETT 51,2024 ,62(2) :364-368.
MOU Hong-xia.
conditions based on domain adaptive migration deep learning
[J]. Machinery Design & Manufacture, 2024, 62 (2):
364-368.

(3] X . KoHasiK sl 4 7R sh b R il a2 W 45 g B A1 AS
[D]. 57/ : AR Rl B 5 TR B, 2019.

Dual-path mixed-domain

Bearing fault diagnosis under variable

AR5 AR
(VN0 R

(5]

[10]

[11]

LIU Ya. Fault Diagnosis and Health Assessment of Rolling
Bearings Based on Data-driven Model [ D ]. Jinan; School of
Control Science and Engineering, Shandong University,2019.
XA RE L AE YLK RIS ETEOR
LRR[T]. hE L HL T R4, 2023 ,43 (14) :5619-5634.
LIU Bo, LI Chen, YAN Yan, et al.
diagnosis techniques for motor drive systems[ J]. Proceedings
of the CSEE. ,2023,43(14) :5619-5634.

g, wh ek XU R LR 25 S S T 12
Wr[J]. #41 % HL 2019 ,48(7) :126-130.

DENG Wei, HAN Bin.
analysis method for bearing fault diagnosis of wind turbine
[J]. Thermal Power Generation,2019,48(7) :126-130.
WANG Huan, LIU Zhi-liang, PENG Dan-dan, et al.
Feature-level attention-guided multitask CNN for fault

Review of fault

Envelope spectrum sweeping

diagnosis and working conditions identification of rolling
bearing[ J ]. IEEE. Transactions on Neural Networks and
Learning Systems,2022,33(9) :4757-4769.

BT, TR SR ST — e S B 4 W 4
AR S AR BRI WA [ 0] HLART 5 5T, 2023 ,39
(3) :126-130.

CHEN Liang, DONG Zi-jian, WANG Shu-min, et al.
Research on fault diagnosis of rolling bearing based on
improved one-dimensional convolutional neural network[ J].
Machine Design & Research,2023,39(3) :126-130.
FENG Yong, CHEN Jing-long, HE Shui-long,

Globally localized multisource domain adaptation for cross-

et al.

domain fault diagnosis with category shift [ J ]. IEEE.
Transactions on Neural Networks and Learning Systems,
2021,34(6) :3082-3096.
CHEN Yong-yi, ZHANG Dan, YAN Ru-qiang. Domain
adaptation networks with parameter-free adaptively rectified
linear units for fault diagnosis under variable operating
conditions[ J |. IEEE. Transactions on Neural Networks and
Learning Systems,2023(8) ;1-14.
ZHANG Wei, PENG Gao-liang, LI Chuan-hao, et al. A
new deep learning model for fault diagnosis with good anti-
noise and domain adaptation ability on raw vibration signals
[J]. Sensors,2017,17(2) :425.
GUO Liang, LEI Ya-guo, XING Sai-bo, et al.

convolutional transfer learning network: a new method for

Deep

intelligent fault diagnosis of machines with unlabeled data
[J].IEEE. Transactions on Industrial Electronics,2019,66
(9) :7316-7325.

(#5893 1)

E, %5 BT SimAM TR D HLH] BRI RS2 Wi [ ] AL T ,2024 ,41(5) :862 - 869,893.

BAO Congwang, ZHU Guangyong, ZOU Wang, et al. Rearing fault transfer diagnosis model based on SimAM attention mechanism[ J . Journal of Mechanical &

Electrical Engineering, 2024 ,41(5) :862 —869,893.

(*ﬂ%,T*%)%ff\;http://www. meem. com. cn



55 3

SR, 5 T 3D 23 8] A 2 AR Al v A 2 SR T S T I A R Tk - 893 -

[18]

[19]

[20]

Tool & Hydraulics,2020,48(9) :117-119.

AL AR il ) A 2E B C I LA ok VAL T AR BT B O
[1]. MRS ,2011,39(24) :54-56.

XU Li-lin. Analysis and calculation of flow port areas in
axial piston pump[ J]. Machine Tool & Hydraulics,2011,
39(24) :54-56.

TR RN e A ZE 2 AT R4 A IC VA I [ M. e st S
Lol A ,2003.

NA  Cheng-lie.
Distribution in Axial Piston Pump [ M ].
Publishing House of Ordnance Industry,2003.
mr o aRara, WhEUDE A5 T Bl RS AR KT Al X
TRt K e 8 i S T i e [ 0] HERE LB T e o
#2,2023,41(2) :172-178.

GAO Wei, ZHANG Li-ru, YAO Hui-long, et al. Vortex

Principle of Compressible Fluid Flow
Beijing: The

characteristics of horizontal axis wind turbine blades and

wake flow field based on dynamic grid technology [ J].

A5 A

SR, e

[21]

[22]

Journal of Drainage and Irrigation Machinery Engineering,
2023,41(2) :172-178.

R, XA, SR, A R T Sl AR 4 A i =Xk [
MG b o B S A R e AT [0 ] TRARHLAK, 2023, 51
(10) :69-75.

LI Shu-xun, LIU Bin-cai, WU Han-lin, et al. Dynamic
characteristics analysis of axial flow check valve closing
process based on dynamic grid[ J ]. Fluid Machinery,2023,
51(10) :69-75.

# oo, L XEM . ER R ERIER RN
AR F SRR T]. HEE PR TR 2741, 2022,40(5)
433-439.

DONG Liang, ZHANG Lixin, LIU Hou-lin, et al.
Unsteady flow characteristics inside a cam type hydrogen
circulation pump for vehicles [ J]. Journal of Drainage
and Trrigation Machinery Engineering, 2022, 40 (5) .
433439.

VL, 58, FETF 3D 23 (8] 0 AR 14 gl 1) i SE TR O S S AR B ik [ ] AILE TR ,2024 ,41(5) :886 — 893.

GUO Zhimin, DAI Haishu, ZHAI Jiang, et al. Calculation method of flow area of valve plate of axial piston pump based on 3D spatial point cloud model[J].
Journal of Mechanical & Electrical Engineering, 2024 ,41(5) ;886 —893.

(HLHE T ) 247K ; http : //www. meem. com. cn

(L% 869 W)

[12]

[13]

[14]

[15]

ZHAO Xiao-li, YAO Jian-yong, DENG Wen-xiang, et al.
Intelligent fault diagnosis of gearbox under variable working
conditions with adaptive intraclass and interclass
convolutional neural network [ J]. IEEE. Transactions on
Neural Networks and Learning Systems,2022,34(9) :6339-
6353.

RAE, K SCRC RS SimAM T B AL AL X1
ConvLSTM fY5HAHN A [T ]. /NI RAL RS,
2023,44(8) :1777-1784.

YUAN Hong-chun, ZHANG Wen-feng. Anomaly detection
method fused with SimAM attention mechanism and
bidirectional convlstm [ J ]. Journal of Chinese Computer
Systems ,2023,44(8) .1777-1784.

HE Kai-ming, ZHANG Xiang-yu, REN Shao-qi, et al.
surpassing human-level

IEEE.

Delving deep into rectifiers:

performance on ImageNet classification [ J ].
Computer Society,2015(12) ;1026-1034.

THILO S, VASILY T. Beyond ImageNet: deep learning in

[18]

industrial practice [ J ]. Applied Data Science, 2019 (6) :
205-232.

PARK H, KANG Y, KIM J. Enhancing structure-property
relationships in porous materials through transfer learning
and cross-material few-shot learning [ J ]. ACS Applied
Materials & Interfaces,2023(15) ;:56375-56385.

WANG Yu, LIU Ruo-nan, LIN Di, et al. Coarse-to-fine;
progressive knowledge transfer-based multitask
convolutional neural network for intelligent large-scale fault
diagnosis[ J]. IEEE. Transactions on Neural Networks and
Learning Systems,2021(8) :761-774.

G ERBEE A I BTSRRI s
G o FPUN S (1], 3F 224, 2023, 44 (11)
1740-1748.
DU Yi-hao,

CHANG Chao-qun, DU Zheng, et al.

Classification and recognition algorithm of motion

imagination based on improved transfer learning[ J]. Acta

Metrologica Sinica,2023,44(11) ;1740-1748.





