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LSGAN-Swin Transformer diagnosis method of bearing fault

under unbalanced samples

LIU Jie, TAN Yutao, GU Yanling, YANG Na
(School of Mechanical Engineering, Shenyang University of Technology, Shenyang 110870, China)

Abstract: Aiming at the problems of bearings working in complex environments, where fault data are difficult to obtain in large
quantities and the serious imbalance between the ratio of normal data and fault data resulting in insufficient in-depth model training
and low diagnostic accuracy, a bearing fault diagnosis method based on LSGAN-Swin Transformer is proposed. The least-squares
generative adversarial network is utilized to expand the imbalanced or lack of bearing dataset, and the windowed self-attentive net-
work is introduced for bearing fault state identification. The proposed method is validated by using two date sets, and compared
with SGAN and WGAN respectively. It is demonstrated that LSGAN generates data training models with higher accuracy. The
proposed Swin Transformer (Swin-T) model is compared with CNN, AlexNet and SqueezeNet under small sample conditions,
and the accuracy is improved by 34.85%, 13.45%, and 12.95%, respectively. The classification effect of the model is evaluated
by t-SNE visualization, and the results show that the LSGAN-Swin-T model can still meet the requirements in fault diagnosis bet-
ter when the number of training samples is small, which provides a new idea for the research of bearing fault diagnosis under unbal-

anced data.
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Fig.1 General framework of the LSGAN-Swin Transformer diagnosis model
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Fig.3 Experimental flow and purpose
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Fig. 5 Schematic diagram of overlapping sampling
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Fig. 6 Loss values corresponding to different learning rates
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Fig. 7 Effect of batch size on model performance
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Fig.8 Loss functions of LSGAN discriminator and generator
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Fig.9 Comparison between generated data and real data
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models under small sample conditions
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Fig. 14 Validation accuracies of each model with different

signal-to-noise ratios
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Fig. 15 t-SNE visualization analysis results
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Fig. 16 Comparison of time-domain plots of generated

samples and real samples signals
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Fig. 18 t-SNE visualization analysis results

AT Swin-T A 51 HE 17 & B2 12 W7 /7, &5 28
18 () i 7 , WL A A5, 5 Fif e AR 28 531 43 A A .
B, A [a] i 2 X LR o )R BT 4R A 8 AT )
S5 SR 18 () P, #EAT AL BG4 2 Bl B Y
1) o3 A B, BE A A LR AT B, AR 4 HURRAIE
Jei A8 A ik e 28 TR 355 B AT 43 o TR BT 4R R R 7 A )
A B A R A B v 3 REAR e M R B2 BT Y 2K

4 LSGAN-Swin-T & F&i2 W £ 5] 3

4.1 AREEIERHIL

W BH Tl K22 (SUT-SY ) A7 2 17 il 14 56 46 i
B AR DL B8 45 15 A A0 18] 19 TR, N ZE A5 MUKl He
B CAI 28 CPAT RIS e A AT BSR4 ROk 45
7o SR B ER B AR A9 15 SKE 6207 , ik & i 3
6 Za) ik B AR I T . Bl R B AR R R A R
5120 Hz LA X 15 % 1 2000 F1 4000 r/min B 514 T,
WS R AR R AT, R R B AR 0.3
0.6 mm. B —Ff ] %8 i R LSRR VR Bl 1A 3 F
T 2H B, IR 1R IR RS e 7 R i 2 A

AR SR A B 4l 4 I S R U I A R 8 R

3 o % S /0N U AR e R AT RE A 25 R [E] 20
JE7R

» EZ‘E e
FI19 PR BA T R 2y S e 2 Bl R A il e &7
Fig. 19 Shenyang University of Technolog laboratory data

acquisition test bench
£8 AEEHFMKEHIE
Tab.8 Different bearing state data

b , . woE
WA T LR i /mm P
EH 0 N
_ P P 2 A 0.3 IR1
DRI wEETG 06 IR
SUTSY 100 /min- ARl 52 T 0.3 ORIl
PP ki L] 0.6  OR2
0.64 N-m

RIREMBG 0.3 RE1
WK EHM 0.6 RE2

LRARRARR YRS

IR2 OR1

ST
' T m l”l“. WY (GLLECURLRELE!
e | L)

N

=y

OR2 RE1 RE2
P20 AR AEAS [R]AR 2SR Aoy s 4t 1]

Fig. 20 Time-frequency images of the bearing under

different states

4.2 Swin-T #2ll %
B N R 1260, 38 38 LSGAN W 2% 4=

JSCER R REAS B A Swim-T BEA i 17 25, 260t
30 YA, BRI R A2 1 21 o o

1.0
el S
0.8} —— ISFUERA R
50.6
g
&
04}
02}

0 5 10 15 20 25 30
BEARIEL
E 21 Y&kt

Fig.21 Training process



1786 & 3 T

%38 %

S5 R RN, T HR B AR IR RE A A0 58 I R 12
Wi AT 55, Uk BH P 2 05k 78 AN () 52 2% A 2 1) i 46
3 BA B R

5 & g

R TS PSR RS W R AR S R AR
NS Py Ay T BB R Y L5 B AR Y ) 8, R
JHFr & LSGAN 4 78 K 4 i B0l HE A | 3 2ok A DG e it
6 b 56 TIF 504 A B i, 38 5 Swin=T Xt H AR [A] 43 2
BOR 25 IR REARY 70 5 & AR L 12 W
W R AT IR T KRR B E R A
B

(1) #] J§ Swin Transformer % i 2% & LSGAN
HEATRAEFEAR Y T8 )5 (00 Bl R B B2 W, 5 1% e IR
= B AT . 45 R R, Swin Transformer
TR (8 3 RG BE I 7E 99 %6 LA b, HiA AR 1060 A Hy 1y
o 49 T Swin-T 2% Fo A RS (Y 1H 51 8 B2 43 501 e i
22.9%.9.8%.7.6% .6.6% M 52%, — & BEE %
JR T A B 2 I 2% 5k 0L RS BRI 25O S 3 B0
B P 28 e A [ A

(2) 3 3 98 2> LSGAN Il ke A 5005 56 0E /N kR
AR ZAF T LSGAN A N FEA I A &Pk . 45 R % 0,
FELTOREA AR T, JIT 4 A5 750 550 5 12 7 0 0 % e ko L
BEAY By 3R B RS BE 43 i @ 8 34.8500 . 13.45% .
12.95% .7.6% 1 7.15% , H. 4 Fp A5 A9 1550 K 5 40 4
PP s A — B E W T B IE T LSGAN Y™
TR AT RE B2 SwinT R R 4 4 Bk

(3)7E 1: 60 FEAS A 445 L6 5 T, R FH/NFE AR I
YR LSGAN B ok PH Tl K 2447 B A7 il o 58 46 ik
P A A0 6 5 3 g KR | O PR AR R AT B e 1 1
R B0 UE T BT 3 GAN Jy 2% 76 1 i 20808 FE A rp i)
AN RN BT 4 AR Swin-T 28 AN B & 140 T
R Tk

S E 3 HK:

(1] #otk, XNR, IR B 3 0 A B 20 28 % A iU
BU I 26 R A A A 28 T it R a2 Wi (D). b I LA T
T, 2022, 33(13): 1613-1621.
YANG Guangyou, LIU Lang, XI Chenbo. Bearing
fault diagnosis based on SA-ACGAN data generation
model[J]. China Mechanical Engineering, 2022, 33
(13): 1613-1621.

(2] SH, ImEF . T ot 4 AR O BT 19 46 1 2> B AR
R B REL Wi T LT ] T EALBK TR, 2022, 33(19):
2347-2355.

[3]

[4]

[5]

[6]

[8]

[10]

[11]

GUO Wei, XING Xiaosong. Intelligent fault diagnosis
of bearings with few samples based on an improved con-
volutional generative adversarial network[J]. China Me-
chanical Engineering, 2022, 33(19): 2347-2355.
SR, ERRE, NG A BE TR O B IR 2K R )
Al AR AN i R B SRS W 5 ik [T ], TSR HILAR )
ARG, 2022, 28(9): 2825-2835.

GUO Junfeng, WANG Miaosheng, SUN Lei, et al.
New method of fault diagnosis for rolling bearing imbal-
ance data set based on generative adversarial network
[J].
2022, 28(9): 2825-2835.

ZHOU F N,YANG S,FUJITA H,et al. Deep learning
fault diagnosis method based on global optimization
GAN for unbalanced datalJ]. Knowledge-Based Sys-
tems, 2020, 187: 104837.

HOHE, HTME, R, F IR IR R SO
SR 7 1 T FL L R B 12 e g I F SR (7], b I AL
TREAR, 2021,41(2) : 738-749.

XIAO Xiong, XIAO Yuxiong, ZHANG Yongjun, et

Computer Integrated Manufacturing Systems,

al. Research on the application of the data augmentation
method based on 2D gray pixel images in the fault diag-
nosis of motor bearing[J]. Proceedings of the CSEE,
2021,41(2):738-749.

WUZY, GUOY, LINW F, et al. A weighted deep
representation learning model for imbalanced fault diag-
nosis in cyber-physical systems[J]. Sensors, 2018, 18
(4): 1096.

JIAF, LEIY G, LU N, et al. Deep normalized convo-
lutional neural network for imbalanced fault classifica-
tion of machinery and its understanding via visualization
[J]. Mechanical Systems and Signal Processing, 2018,
110: 349-367.

ZHANG Y C, REN Z H, ZHOU S H. An intelligent
fault diagnosis for rolling bearing based on adversarial
semi-supervised method[J]. IEEE Access, 2020, 8:
149868-149877.

LIUZ, LINY T, CAOY, etal. Swin transformer: hi-
erarchical vision transformer using shifted windows
[C]// Proceedings of the IEEE/CVF International
Conference on Computer Vision (ICCV). Montreal,
QC, Canada: IEEE, 2021: 9992-10002.

GAO L, LIUH, YANG M H, et al. STransFuse: fus-
ing swin transformer and convolutional neural network
for remote sensing image semantic segmentation[J].
IEEE Journal of Selected Topics In Applied Earth Ob-
servations and Remote Sensing, 2021, 14: 10990-
11003.

GAO L F, ZHANG J X, YANG C H, et al. Cas-
VSwin transformer: a variant swin transformer for sur-

face-defect detection[J]. Computers in Industry, 2022,



%8 XA, S RIGMARE AR TR flR SR 9 LSGAN-Swin Transformeri2 Wi 77 12 1787
140: 103689. main bearing fault with imbalanced small sample scenari-
[12] WANG ZJ, ZHAO JH, ZHANG R, et al. UATNet: os [J]. Proceedings of the CSEE, 2020, 40 (2) :

[13]

[14]

[16]

[17]

U-Shape attention-based transformer net for meteorolog-
ical satellite cloud recognition[J].
2021, 14(1) :104.

HR i, DIy & . BT I HLE S Swin Transformer
A F B A 145 03 B D vk LT ) i 5l AR, 2021,
48(12) :57-61.

TIAN Yingzhong, BU Xuehu. Lumbar spine image

Remote Sensing,

segmentation method based on attention mechanism and
swin transformer model[J]. Metrology &. Measurement
Technique, 2021, 48(12): 57-61.

TR SCNTE BRAs S BT BT A R 1 .
& LT 1T]. B 2258 R % i, 2023,57(5)
613-623.

GAO Tao, WEN Yuanbo, CHEN Ting, et al. A sin-
gle image deraining algorithm based on swin transformer
[J]. Journal of Shanghai Jiao Tong University, 2023,57
(5):613-623.

Pzt @R FE, 4. JET Swin Transformer #5 #1
R AR K [T]. Rk TR AR 4R, 2022, 38
(14): 191-200.

FU Lanlan, HUANG Hao, WANG Heng, et al. Clas-
sification of maize growth stages using the Swin Trans-
former model [J]. Transactions of the Chinese Society
of Agricultural Engineering, 2022, 38(14): 191-200.
EB, R, kA, % B TR O Transform-
er W 45 (1 oK H R 56T 22 R [T]. 4ol TR 2%
i, 2022, 38(15): 133-142.

WANG Can, WU Xinhui, ZHANG Yanqging, et al.
Recognizing weeds in maize fields using shifted window
Transformer network [J]. Transactions of the Chinese
Society of Agricultural Engineering, 2022, 38(15):
133-142.

GOODFELLOW 1], POUGET-ABADIE J, MIRZA
M, et al. Generative adversarial nets[J]. Advances in
Neural Information Processing Systems, 2014, 27:
2672-2680.

WM K, B, SEEAM, SRR /A
B RUHIL = Bl 7R R PR B T a2 W [T ). v P TR 2
%, 2020, 40(2): 563-574.

HUANG Nantian, YANG Xuehang, CAI Guowei, et

al. A deep adversarial diagnosis method for wind turbine

[20]

[23]

[24]

[25]

[26]

[27]

[28]

563-574.
MAO X D, LIQ, XIE HR, etal. On the effectiveness
of least squares generative adversarial networks[J].
IEEE Transactions on Pattern Analysis and Machine In-
telligence, 2019, 41(12): 2947-2960.

YUAN W, XU W B. MSST-Net: a multi-scale adap-
tive network for building extraction from remote sensing
images based on swin transformer[J]. Remote Sensing,
2021, 13(23): 4743.

GUY, PIAOZ G, YOO S J. STHarDNet: swin trans-
former with HarDNet for MRI segmentation[J]. Ap-
plied Sciences, 2022, 12(1): 468.

XUZY, ZHANG W C, ZHANG T X, et al. Efficient
transformer for remote sensing image segmentation[J].
Remote Sensing, 2021, 13(18): 3585.

WANG J H, ZHANG Z Y, LUO L F,

SwinGD: a robust grape bunch detection model based

et al.

on swin transformer in complex vineyard environment
[J]. Horticulturae, 2021, 7(11): 492.

SMITH W A, RANDALL R B. Rolling element bear-
ing diagnostics using the Case Western Reserve Univer-
sity data: a benchmark study[J]. Mechanical Systems
and Signal Processing, 2015, 64-65: 100-131.

MAO X D, LIQ, XIE HR, et al. Least squares gener-
ative adversarial networks[ C]// Proceedings of the
IEEE International Conference on Computer Vision(1C-
CV). Venice, Italy: IEEE, 2017 2813-2821.

ZHOU Y Q, LIU Y, ZHOU H Y, et al. Wasserstein
distance feature alignment learning for 2D image-based
3D model retrieval[J]. Journal of Visual Communica-
tion and Image Representation, 2021, 79: 103197.
HUANG Y M, LEIH, LIX Y, et al. Quantum maxi-
mum mean discrepancy GAN[J]. Neurocomputing,
2021, 454 88-100.

SHAO S Y, MCALEER S, YAN R Q, et al. Highly
accurate machine fault diagnosis using deep transfer
learning [J]. IEEE Transactions on Industrial Informat-
ics, 2019, 15(4): 2446-2455.

BEIEE: X

A(1980—) , L WL Bl Hodz o

E-mail: starliujie@126.com



