Journal of Mechanical Strength

n #% % &

2024,46(4) . 787-794

DOI: 10. 16579/j. issn. 1001. 9669. 2024. 04. 004

E F SDP 1 i# SAM-MobileNetv2 8% 5 & 7&

RIS AR
FAULT DIAGNOSIS OF ROLLING BEARINGS BASED ON SDP AND
IMPROVED SAM-MobileNetv2

R HMEILTT Km0 OB #H
(P KF PR IAFER, K& 030051)
ZHANG TianYuan SUN HuEr ZHU JiYang ZHAO Yang
(School of Mechanical Engineering, North University of China, Taiyuan 030051, China)

WE MG R SR 2 W7 1 ME AR 0 SE R 42 4R D T — R Al A X R a5 A K ( Symmetrized
Dot Pattern, SDP) A4 iff: SAM-MobileNetv2 RUTR BRI /3205 . 2 MR IR S 75 0l 1 SDP ke b 54
FEFEFE RN RS, K5 W 4B 55 A S B SAM-MobileNetv2 P45 BAY A Sl R R AE 1% 2 R4 7 SR IBURI 43
25, TEBGH SAM-MobileNetv2 W25 v i F [ 38 I 506 2680 ACON (Activate or not) X SAM-MobileNetv2 H1i8 ReLU6 1%
PRECIEA TR AR R BRI SRV RE . BT AR S 2R R B RLOS LE IR 2 SRR B AR T DL A s AL S
U Sl Bl AR A 32, (08 FH LI PO At A2l e B 5 P HE A 3 99. 5% , (1 FH U IR A R~ Al R s 508 0 v 3¢
4 97.2%,

KiER FhHA XFREEX  SAM-MobileNetv2 #2!  FESHT

HESES THI6S .3 THIT

Abstract Traditional fault diagnosis methods for rolling bearings are difficult to accurately and efficiently achieve fault
classification. A method of rolling bearing fault classification based on symmetrized dot pattern ( SDP) and improved SAM-
MobileNetv2 was proposed. Firstly, the bearing vibration signal was transformed into two-dimensional images with rich
characteristic information by SDP algorithm. Secondly, the two-dimensional images were fed into the SAM-MobileNetv2 network
model, which extracted and classified fault feature information. Improved SAM-MobileNetv2 networks used the adaptive activation
function ACON to replace the Rel.U6 activation function in SAM-MobileNetv2 to improve model classification performance.
Finally, this model was compared with various models. The experimental results show that this model can accurately and

efficiently realize the classification of rolling bearing faults, using Case Western Reserve University bearing fault data with an

accuracy rate of 99. 5% ,using the University of Ottawa bearing failure data with an accuracy rate of 97. 2%.

Key words Rolling bearing; Symmetrized dot pattern; SAM-MobileNetv2 model; Fault diagnosis
Corresponding author; SUN HuEr ,E-mail ; sunhuer@ 163. com, Fax.+86-351-3922102
The project supported by the Natural Science Foundation of Shanxi (No. 201801D121186).

Manuscript received 20220927 ,in revised form 20221230.

0 55

BEE R BRI & T 20 AWk gt 20 AR
T ALK A oA ) i RS2 S 2 R RE AR T 1) K
JE& | TR X s AR g as A7 S SEVE A TR A EOR
TR B AR A R AU 5 AN mT R B 3R A
JEAR B Tl AR RO S BB , 20 B i 19is 1T

TR, BB 2 iR RS . R, RS SEBLIR B
S R A 5 M TR i A A
HIRITLEAESR | A A5 R4 RO i
PRBNF S HeA o LIRS, BE ARG AL B 7 5, 42
B BRI T 0 HEAT IR 20 2, (HDE S RS AL BE Y
7 A S B AR 2 WA 1 SR A BIBESE, AL,
R A [ B 5 Sl R B SRR AR B2 3B, X 348

* 20220927 Y EIFIFE, 20221230 IREME R, LTS HARREI4ATH (201801D121186) #iH),
o QR RLGE W 1995 AR BEOEIL A, DU, hAbREEBIEBRIE A, RSO R YRS W SR AR . HLE—A1k
wer NRIL GEGVEE ), B, 1972484, IWPKIEA, DUK, HdbRkepmlEdz, M4, FEAF5E7 m opU s 4 R A M 5 i s wr . EEER

EHTHE,



788 HL M

5k

53 2024 4

AR RS W T B 2R B B B L, WK s
2% (Symmetrized Dot Pattern,SDP) J&—Fi {5 575t
T, AT LA i A7 5 ARk Al R R 3 15 5 AR 4 i
THETAER, A RME S AT T AL AR AR A R
DA e TR K7 N R B 1 ) S NS A il i N
R 5 2] AW ] 1 284> U, Bk T IR B 2 ] | il
AL Wi Bk TR E ST s . B, JIN Y R
AP T — S AR TR R ST B 22 e 2 %
THEARICHEIRE Wi, JIA X 5142
H T — Fh 35 F 3 L 4 R 45 ( Convolutional Neural
Network, CNN ) Fl St #f B 34 58 #L ( Light Gradient
Boosting Machine , LightGBM ) [ 387 1 ¢ (5212 Wt 73 2 5
Wi, YANG ZMPRI T — R BT NN 554 BRABS 2 42
T AR S G 0 AL bl B Ui 7 vk

BT UL B AR SCHEH — B R ] SDP R Rl &
Uit SAM-MobileNetv2 (VR iR L B2 Wi ik, B
Fole RAE BB — 4R 3115 5 2 SDP Bk Ffb b &
FRIEAR S 4R, S8 ) 8 B RS A B ki SAM-
MobileNetv2 B HEATHRFAE$2 B, DT S 390X Al Al
BT 5 502
1 E-F SDP M i# SAM-MobileNetv2 {7
FEiZ BT iR EY

AR W2 WS AL 1 Se il SDP Bk o — 4
AR SRR Bh (5 5 e Ak o R EIR, SR 5 1% BB 5
AP SAM-MobileNetv2 P25 #HI th 3B A 5
F14) i 24 FERRAIE | e 28 S TR Bl R e 1) 32K
1.1 SDP EENAR
L1 kKR

SDP G 7 12— Ml A5 e A o R 7
2 B RaE S AL SDP BIG, BR S K IR E
SRR  (HAS 2352 i s R RO RS B, AR SO
RO PR S5 5 5 A o PR Y 7 2 S W 1 T e R AR 2
R B B ) SRASE A A I — AR T VA R AR A s ZR v LA
FEAE SDP MG, a7 B B M AR 1 B 5 A0 i e A
ES NPl P |

xi - xmin

r(i) = (1)
xmax _xmm
0(i) =0, + ——" (2)
. Xiva = Xmin
bli)=0,- "¢ (3)

() A R ARAR FR E AR 50 (1) T B W1 IR 4R
AT B ERE FARE 5 b (1) NI 3 W AR SIS 1 1 Jie e
FARE ;0 FORIHEAR S AR DB HORME A, W AERS
) i I 2 AR AR oy D 0, 20000 R I IS5 &, TR

KT /ME 30, A48 E AR FRT-1H A5 14> g
R0 MBS GTURMAIE (£<0,) ;a0 WG
B, a FIEREEL, o WERARBUEEE 0 1~10,

B A R A B I A 5 TP AT S — A, SDP
AL EHEAE 1 TR,

Bl 1 SDP Sk
Fig. 1  Schematic diagram of SDP algorithm
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Fig.3 Calculation result
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Tab.1 Activation functions of Maxout series and ACON series
Maxout 51 ACON %71
Maxout series ACON series 11381 11 cony
[n,(x)=m(x)] - o FH4E ACON-C
Elevation
n,(x) M (x) max[ 7,(x) ,m,(x) ] {BIm,(x) = m(x) ]|+ dimension
(%)
x 0 max (x,0) ACON-A :x0(Bx) _
(x. p) ACON-B; (1-p)«x - . L‘f;
£ max (. px o B(1=p)x] +px 3 SRBEAH3 <3 Duise 1=
ACON-C: (p,= p,) m g
pix P2% max (p;x, pyx) em§

xo[B(py— py)x]+px

A ACON-C J#% PR SAM-MobileNetv2
HI) ReLU6 3G sREGHEA TR
1.4 i# SAM-MobileNetv2 F 4% 4148

2 #F SAM-MobileNetv2 R 2% #& % 3 3 ¢

MobileNetv2 [ £ #5541 (1 (3 5% 22 25 b M A 2 11 &
JIHLHI AL B SimAM , H 2 5 T AUE 58— 1Y i =
Bk,

TEMIER T 5] A B IE R 30 K%L ACON X {5
B 25 S5 4 Y ReLU6 i 14 oR 2R 2E 17 B R, SAM-
MobileNetv2 P2 25 R QN5 2 BT .

%2 SAM-MobileNetv2 [ & 4544

Tab.2 Network structure of the SAM-MobileNetv2
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Tab.3 Bearing parameter
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Inner ring Outer ring Roller diameter/ Number of
diameter/mm diameter/mm mm rollers
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Tab.4 Data sample parameters
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Tab.5 Diagnostic method and its accuracy

R R R L

Wik FHIE i
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Diagnostic method Feature
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Fig. 10  Experimental device
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Tab. 6 Data sample parameters of University of Ottawa
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fel e &
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ava
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TRA
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s
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Fig. 11  Classification accuracy of bearing faults of University of Ottawa
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Tab.7 Bearing data diagnostic accuracy of University of Ottawa
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I 7 AT UL, AR SO J7 12 A U 2R 18] B RO S
JE 5 TS50 el = b PR 6 A5 DA T AF B AR S T 4
Tk AR

4 Zig

LRSI T A I TS558

1) i LA RS2 1 SDP BIE, Y 6, =
60° .0 =25° a=6 W, & BFEAEA Z B (%) SDP &5 22
SRR A TR e A R R 2 T R M

2) AP SAM-MobileNetv2 P Z8 A5 1Y | 58 12,
B BRI SR, 57 B2 BB (1 4 4

3) At ISR A | A SO AR B RS WA A T R
PR R 25 SRR B8 FH LT PG i A 2 B R e
it A SCRT B 7 1 B MERR R 99. 5% ; 8 TR R 4R K
2ERREAR AR A SO R R R 97. 2%

A FAESEBR Tk B 5T AT AR 2 H BUREARAS JE 1
B, BT DATE S5 S A 55 3 v, o ok itk SDP Tl
H#t SAM-MobileNetv2 #( fi2 Wit 7Y | SZE /IR AT A8
PR R RN 5 5328 B AR ORI 28 0 A
BT T, AR5 M R F0 5 B SR R T A R
A BIE

22 3T ( References)

[ 1] S BT REE I 00T s 2 i 1 VR S AR B 12

WIFREBIFEL D). AL B AR K, 2020: 1-18.
JING GuoQiang. Research on end-to-end bearing fault diagnosis
based on deep learning under complex conditions [ D ]. Hefei:
University of Science and Technology of China, 2020; 1-18 ( In
Chinese) .

[2] ERIE, N 9,836 45 LT RP 5 NMF [ UAHL R
LWL [T]. B BoR 5 T, 2016,16(28) :85-89.

YUE YingJuan,SUN Gang, CAI YanPing,et al. IC engine valve fault
diagnosis method based on RP and NMF[ J]. Science Technology
and Engineering, 2016,16(28) :85-89(In Chinese).

[3] Z#ZKHE,HEH HEE. T GAF Fl DenseNet 75 s 7K i
LWIEL)]. T3k, 2021,47(8) :84-89.

JIANG JiaGuo,GUO ManLi, YANG SiGuo. Fault diagnosis of rolling
bearings based on GAF and DenseNet [ ] ].
Automation, 2021,47(8) :84-89(In Chinese) .

[4] ¥ &H,5 X,Hik%E ET GAF 5 GoogleNet 14l 7k ik 12
WrE5E[J]. MRS ,2022,50( 1) :193-198.

HUANG Lei,MA Sheng,CAO YongHua. Research on bearing fault
diagnosis based on GAF and GoogleNet [ J ]. Machine Tool &
Hydraulics, 2022,50(1) :193-198( In Chinese).

[5] B 0, DfEbk, SEEE, A5 R T ZAIE HUR ] RARIT
WRE S W ()], W AR R (T3 M), 2022, 52 (2)
491-496.

CAO Jie, MA JiaLin, HUANG DailLin, et al. A fault diagnosis

Journal of Mine

method based on multi Markov transition field[ J ]. Journal of Jilin

University ( Engineering and Technology Edition), 2022,52(2) .



794 ML oM wR 2024 4
491-496(In Chinese) . [12] YANG Z. Fault diagnosis of wind turbine bearing based on CNN-

[6] WANGH, XUJW, YANR Q, et al. A new intelligent bearing fault XGBoost[ J]. Journal of Physics: Conference Series, 2021, 2033
diagnosis method using SDP representation and SE-CNN[ J]. IEEE (1) :012200.

Transactions on Instrumentation and Measurement, 2020, 69 (5) ; [13] PICKOVER C A. On the use of symmetrized dot patterns for the
2377-2389. visual characterization of speech waveforms and other sampled data

[ 7] BKREC, 4 KU ¥K,%. @l SDP A1 CNN HyEfe DL U 5t [ J]. The Journal of the Acoustical Society of America,1986,80(3)
RS WT ()] Tk RT3, 2021,34(9) :89-91. 955-960.

ZHANG NengWen, CUI Fei, JIANG Bing, et al. Fault diagnosis [14] ZHANG R, ISOLA P, EFROS A, et al. The unreasonable
method of rotating machinery gearbox based on SDP and CNN[J]. effectiveness of deep features as a perceptual metric [ C]//2018
Industrial Control Computer,2021,34(9) :89-91(In Chinese). IEEE/CVF Conference on Computer Vision and Pattern Recognition.

[8] &S, R I, BEWE, 4. JL T SDP Fl DG-ResNet (145047l IEEE, 2018:586-595.

A2 W AST[ ] . ML TR ,2021,38( 11) :1395-1401. [15] MA NN, ZHANG X Y, LIU M, et al. Activate or not: learning
HAN ChunLei, WU Bing, XIONG XiaoYan, et al. Fault diagnosis of customized activation [ C ]//2021 IEEE/CVF Conference on
gearbox bearings based on SDP and DG-ResNet [ J]. Journal of Computer Vision and Pattern Recognition. IEEE, 2021 8028-
Mechanical & Electrical Engineering, 2021, 38(11) :1395-1401(In 8038.

Chinese) . [16] YANG L X, ZHANG R Y, LI L D, et al. SimAM; a simple,

[9] SUNY]J, LI SH, WANG X H. Bearing fault diagnosis based on parameter-free attention module for convolutional neural networks
EMD and improved Chebyshev distance in SDP image [ J . [ C]//Proceedings of the 38th International Conference on Machine
Measurement ,2021,176(17) ;:109100. Learning. 2021.:11853-11864.

[10] JINY R,FENG Q, ZHANG X P,et al. Deep domain adversarial [17] Case Western Reserve University Bearing Data Center. Seeded fault
residual neural network for sustainable wind turbine cyber-physical test date [ DB/OL]. 2020-04-18. http://csegroups. case. edu/
system fault diagnosis [ J]. Software: Practice and Experience, bearing? datacenter/home.

2021,51(11) :2128-2142. [18] HUANG H, BADDOUR N. Bearing vibration data collected under

(11]

JIA X,XIAO B P,ZHAO Z ], et al. Bearing fault diagnosis method
based on CNN-LightGBM [ J ].
Science and Engineering,2021,1043(2) :022066.

IOP Conference Series: Materials

time-varying rotational speed conditions[ J]. Data in Brief, 2018,

21(1): 1745-1749.



