2022/ r=g&-njtjoletel sHAsket el

**|inux@skku.edu

A Vibration Signal-based Deep Learning Model for Bearing Diagnosis

*Park, SuYeon

**Kim, Jaekwang

Sungkyunkwan University

2 A5, Bl

[
BJ890] AP ool 4 JE2 ol
ofs} 5} So] A%lel 9jlo] Wi}, &
(o)

AR 25 2 9)

Sl 29 tolele] 248 Hasteln
FA /A

/0 HolgAloz sta/d% sil

1 A&
slojze] ALE A 3 DR ALs Ae) WAl ate
W ojAlel SO WS ol 8t B WHOR U 4 9tk o)
Alg} 7] %

RO 15 1128 Al
+ Hlojgo] 17 “&%ﬁ}b =
AE A 7 = Co|E{ 2 WA low pass
olAg AP 5 ¥4

79 frequency domainolq o B2 E4S LER2 wo|=7} A
A% time domain® HoJE|Z frequency domainO2 Wit
[5.6]. Frequency domainof|A] #joj=jo] Ast Ful4 Tfo] X128 &
l, ofg ulEgoR W ojys Wkep Wi 8). ofid 1A
Ol Xz BA uralo] Ao BAsh MA2]sh Wasty, MA2S gst
= Alelo] me} O} Aab} £59 4 9ok Aol k-1, &
I A AElo] BAF A2 AAto] BAksty o2 YRIc},

DAl Y-S &85t X5 B 9hdo] Ao yxAol whd ) opskrt

=20 v oo

I-F

filter, high pass fﬂter ‘é S &85 01
-O

o

rOIz

A2 &A% Xz A2 time domaindA] frequency domain F+=
time frequency domain@ 2 Walsit}, o] & Zuj4 thH¥E 2 max,

min, average, kurtosis, skewness £9] EA1S £&3I} o]ZA &

28 EXS Aubdo] B27] nule &850 31 5 WIS xIpst
o} o] WAlefdE A5 wAlof 28 ¢ A|ARlo] BAfsiHte

A 34 T4 featureet =2]A] A4 Afo]9] A RHIY
o Aol Slck B4t 2 skso] ofF) ofn A& BEE Hxjels
ughKssict. SRIe Blel RIS A18 A9 A Agtels
tj5Eo] pulo AR2APL Ao 2 At min, max, average, kurtosis,
LS B8 23| Q2o AMgsta 9l A% o]

o] 243}

skewness 5

1232

S AFRAPL Q= 717 A AEIOAQ] 1

HEo| Ojgh RyE ¥ 074 of R mo2 09 F-as5i}. ofgst BE
Hzolg), wojalo)] Asto] BlslA © AL 717 A|AEl0] AR|s}A, O o
= Do|A= Resnett} Q EQIFTIE &85} A= Al 7|uto] wlojo] nAFS
Qg Fotsth A9t 8L raw dataS o]u]A2 Wgkslo] Qo g ARgsld], 01310} xag
golel7} 7HR= AEE F|ojst BMo) &83F 2 glct F|ot mElo] AZXS 9l5}o]

RIS Wil 71E ¥y

o Hlast] o 2

20

A WA Al ARgAle) obat BRAE AR olofd 4 9
o dlofede A} SMsiA] Sk 2] Mool

I Scores} A4S 2918 sellgieh

itk £ 24 #5457} 2] £948 trade offﬂﬂﬂi ze 4
9] 85 elo] Efstolete 5 Zujo] chet Azl 242 B
A AFBSH Zol APH QcH12).

Tfebd 2 =2olAl vlojge] A tojel £41 glo] ojujx|z
8H0] o]o]xJo]4 SolElo] featureZ Atolo] £59) 4% ol
2g Aokl

A& HolHE 4% g ‘Ea‘ol *}ROPL P AX e &

2 ZORIoA tiRgtss &
of Ylow gt nHg Ayttt ?LFHKLEL AIRE Z|QlofA] Fast
Fourier Transform(FFT)S =3} §gte ZFofp ooz et & =
oh4 9 2 average magnitude, kurtosis, skewness 59] Tt
& Bech ol $59 AR of 5 doleiE i %@9
slo] ¥7.2 o) AEY0) Yoz LB oA £
B 2 Grad-CAME B3/} offt £} cto] 0] 2 B 1
HEEAE &UT 4+ 9loH Decision Tree 52 28319 o4 %9

HU

2 Y 3 3 olE gol $4 AU JFS FEA 2 sl o] 7}
S3tH13-16]. it ol2ig B4 WAle 15w} cjejo] Belo] ghe
FFS A A 9 F o oiElex. 3000~4000Hz2]
Skewness)o] AVIEIQIE71o] chet Buke MBIk Aol 9

o}



2022/ r=g&-njtjoletel sHAsket el

3. A g

2 =20l AEAES ojujxl2 Wl A 71| 2g Aot
fick 1% 3 9 29e Resnet 183 B8 £5 2dojct. WA
12,0074} 1% lo]el2 T4 olulx|Z Resnet 189] Y202 &
o, 259) 74 ofe} 13 Lo] Mol ule} ek

B —=——I

BATCH, 4)
(BATCH , 3, 244, 244) [ )

28] 1. ARSIl S 248 AR oA F o S 35w

= o) pele 9 EolATE 0]85lo o]ujX|9] feature2 &3t
o2 Resnet 180] Yo F8ete £5 nilolh % v 2
o tA QEQIATE 5] low layerofXQ] featureS &H53t) Q&
Q13H9] 8l A loss function& MSES AFEStCL 0|3 encoding?]
242 Resnet 189] 0.2 s5to] Hlojg] JEIS FRIATE + WA
BeElo] A LA I 271 ol uje} 2k,

B =1

(BATCH, 4)

Mo 40

r

(BATCH , 3, 244, 244) (BATCH, 3, 56, 56)

a8l 2. el s AFE qlH 07 = Resnet 182 3-83F

i 24

Al A 222 2577191 Resnet 18] 1) Xl Hlo|BE L84l A/t
ojujx|et 2) QEQIIHoA 53 SAZ B U OoR HEoh= F
& 2ol o] rHlo] F2 1) AlE HolHE &84l /st olulxlE
A% Resnet 180 4202 &-85}0] high layer?] 574 &50| 715
50 2) QERIFT oA sl5Et low layerd] E4Z &7 vigdsto 27
7t 7Fsstthe Z37d0] Qlot. Al #in] o] J/ge T7 30] Hol= H}

o 2.

(BATCH | 512)

3. A% do|eE &8s A o9} LEQIFT Y
A 3 9Ho® F838= Resnetl8S 83t ¥

S
>
ok
=)
i
i

2 =0l AR Hlo]® Hlo]E AE&= case western reserve
universityollA] Azt ofg] oA AFRE L QJTH17-22]. o] H

1233

olf= ST Fuk47t 12kHzQl 2EJQ] Eato] B qll=of AN 714
TS A&t 2AJsHRITt HofRo) &4F £710f et 1) normal, 2)
inner ring fault, 3) outer ring fault, 4) ball fault2 2f#=] &o]
At} 71E HlolEoflA= wlojF o] Al 3 REf] Hstof] w2} lo|E
5 U QRIS 2 A-LolA = sl U8 a2stA] okl nAy v
etiat 2l Hlo[Eehg ARgstel 242 A1t

2 AoflAf Aotshe REE £1E Tlo]ElE oJujX| 2 HEtsto] 7
1353HcH(23][24]. A& HlolBE 21012 Yor ds A ARE
o 4 glon, Al HojHY| Fe dytsor x,
E7El =t ol2Rt tlolelEo] SAI Et Aol
OluA|Z BHY ¢ x v, z 79 Ho|HE RGBL}

>~ T
ook

19 yn

=X
o

o
fjo

7
o

P

N
=
=
A ox
b

Tt o

il

o] Pl 2 BR3lo] shte] ojojx|z Ao] 7tsstol, ojsel
A, ARK TS S GRS 4 QL Aol 9tk ofeh 13
£ x, v, 7310 A0 ol2ofdl A1 HolEE slUo] ojujrlz
5} WAlS Belt) o] ojojx|olx] RGB he] A2 olojdl
HolEp} shte] g TRl of

oft my¥ me =

o

oA} Bl w2k

Nl 7

N XN X BCHANNEL Image

a8 4. x, v, z 3R AR dlelel9] onlA] d Wi

UE gojele] 4L A4t dlole] 471, inner ring fault 167,
outer ring fault 287}, ball fault 167}2 Ad&jo] 9lor 7+7to] g
0|8 9] Zo] E3t th2r}. of HloElE 1x W2 o] 12,000719] ¢
OJE}Z 100%1209] oJujx|= ABJsIQitt. 7NEA R x, v, z& AVIY
Ad= o]Foi%l Hlo|&E oJulx] & AJidstojof sh 2 =70l 8
golB: z& §F £o20 E4H HoJE2 gray scale?] Ho|HE
heatmap2 °]-€5}o] oju]A]= ¥gls}oin). of2fje] 182 12,0007]
9] Hlojg = AJ4gst ojmjxjolct.



2022/ r=g&-njtjoletel sHAsket el

a8 5. AE dloele] o]v|A] &3 o

$ AR EE 572 HlolEf B

sto] BAsl= 7lo] 7pssich 1Al whAle]l Q. Fast Fourier

sEt olulxz wekstel BAe A1

a2

=
Transform(FFT) 2-& ARIA] 7] gigof] A

o

=
ol
-

732 Fast Fourier
b ZQloAe] /8

< Yojuj2jr] oo, ofo] O 7t o] x, y, zE0A Al £E
A0l 739 oJn]x|9] gt WAll2 A X|7] TiZo] FAlo Lot 9l
£ A5 58S 22 AIRTeR QAste] #Alo] 7hssit= Aol 9l
C}. E3H u]&3t Aol Lojd o]l 52 o]u]X|of|A] 7Pk Tl
HRIst7] wizoll £7 dloly shzt obd o, F AlRtel] dojdt A5
E4S A =Rlsto] EAS 25T 4 Qoke o] Qi
X 1. Aok uPHES] 71E uhiEe] A vlas
ol Accuracy F1 Score
Aok 1 97.86 98.16
Aok 2 92.14 91.65
Aot 3 98.57 98.78
71E 9
(EFT + S7)= ups) 93.57 94.64

(e}
7% o|o]x12] low layer?] E4& 5% 4 ke o] QIR
o|HE YHsln &Alo] Wgstol HA tlolel g Z-8oh
B} #5450 A U2 A0 Bt} siX|gt 9 EQ)
o %5 Hlolg o]ujxlE
layer®] £4g 8155t & 4l HlolElQ] o]u]x]E 4l high layere]
7

S4 E3 Saslol 1y 50l B8 e HA 4 gk
|

1234

sto] 42 AR WS HlLBI). o] %9 QEQlAte] Ant
BO2 RS 3 A MOk H50] FUA 2 LRI Akl B

J9e] 29 7hset §

O

o 7
98 ASHACE. WA raw A1E GolElS ofolA|2 ¥E 3 o

W
EQlTcio] S5 ATClY) 224t raw Holl2 Y olulxlS
2 2 =20l A3t Colel Hol
% A dolel 3 15 tloleee 2gale] Yoz Agste ofulA
2 AWYBIh A5 35 HolelS 25 B8] olulAlS BRI,
LS

olE vigez A A2 7|9 4 7hett ¥eld 2EE A2 A

€ A7 PSR EANT % HESAVIEE Y ICTE=
ARF At Atz 285 %ls (IITP-2022-0-01821)

AEd

[1] E. Garcia Plaza, P. J. Nunez Lopez, and E. M. Beamud
Gonzéalez, "Efficiency of vibration signal feature extraction for
surface finish monitoring in CNC machining," Journal of
Manufacturing Processes, vol. 44, pp. 145-157, August, 2019.
[2] G. He, K. Ding, and H. Lin, "Fault feature extraction of
rolling element bearings using sparse representation," Journal
of Sound and Vibration, vol. 366, pp. 514-527, March, 2016.
[3] Z. Ren, S. Zhou, C. E, M. Gong, B. Li, and B. Wen, "Crack
fault diagnosis of rotor systems using wavelet transforms,"
Computers & Electrical Engineering, vol. 45, pp. 33-41, July,
2015.

[4] B. Dolenc, P. Boskoski, and b. Jurici¢, "Distributed bearing
fault diagnosis based on vibration analysis," Mechanical
Systems and Signal Processing, vol. 66-67, pp. 521-532,
January, 2016.

[5] Y. Liu, L. Guo, Q. Wang, G. An, M. Guo, and H. Lian,
"Application to  induction motor faults diagnosis of the
amplitude recovery method combined with FFT," Mechanical
Systems and Signal Processing, vol. 24, no. 8, pp. 2961-2971,
November, 2010.

[6] W. K. Lee, M. M. Ratnam, and Z. A. Ahmad, "Detection of
chipping in ceramic cutting inserts from workpiece profile
during turning using fast Fourier transform (FFT) and



2022/ r=g&-njtjoletel sHAsket el

continuous wavelet transform (CWT)," Precision Engineering,
vol. 47, pp. 406-423, January, 2017.

[7] B. Dolenc, P. Bogkoski, and . Jurici¢, "Distributed bearing
fault diagnosis based on vibration analysis," Mechanical
Systems and Signal Processing, vol. 66-67, pp. 521-532,
January, 2016.

[8] Y. Yang, W. Yang, and D. Jiang, "Simulation and
experimental analysis of rolling element bearing fault in
rotor-bearing-casing system," Engineering Failure Analysis,
vol. 92, pp. 205-221, October, 2018.

[9] D. Zhao, T. Wang, R. X. Gao, and F. Chu, "Signal
optimization based generalized demodulation transform for
rolling bearing nonstationary fault characteristic extraction,"
Mechanical Systems and Signal Processing, vol. 134, p. 106297,
December, 2019.

[10] J. Wang, Y.Y. Peng and W. Qiao, “Current-aided order
tracking of vibration signals for bearing fault diagnosis of
direct-drive wind turbines,” IEEE Trans. Ind. Electron., vol. 63,
pp. 6336-6346, October, 2016.

[11] F. Jia, Y. G. Lei, J. Lin, X. Zhou and N. Lu, “Deep neural
networks: A promising tool for fault characteristic mining and
intelligent diagnosis of rotating machinery with massive data”,
Mech. Syst. Signal Process., vol. 72-73, pp. 303-315, May,
2016.

[12] H.Y. Chen, and C.H. Lee, "Vibration signals analysis by
explainable artificial intelligence (XAI) approach: Application
on bearing faults diagnosis', IEEE Access, vol.8, p. 134246 -
134256, July, 2020.

[13] E. Tjoa and C. Guan, "A survey on explainable artificial
intelligence (xai): Towards medical xai," arXiv preprint
arXiv:1907.07374, 2019.

[14] M. Ribeiro, S. Singh, and C. Guestrin, “Why Should I Trust
You?: Explaining the Predictions of Any Classifier,” arXiv
preprint, arXiv:1602.04938, 2016.

[15] B. Zhou, A. Khosla, A. Lapedriza, A. Oliva, and A.
Torralba, "Learning Deep Features for Discriminative
Localization," IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), pp. 2921-2929, December, 2015.

[16] R. R. Selvaraju, M. Cogswell, A. Das, R. Vedantam, D.
Parikh, and D. Batra, "Grad-CAM: Visual Explanations from
Deep Networks via Gradient Based Localization", IEEE
International Conference on Computer Vision (ICCV), pp.
618-626, December, 2016.

[17] S. Wang, W. Huang, and Z. K. Zhu, "Transient modeling
and parameter identification based on wavelet and correlation
filtering for rotating machine fault diagnosis," Mechanical
Systems and Signal Processing, vol. 25, no. 4, pp. 1299-1320,
May, 2011.

[18] B. Li, P.-l. Zhang, D.-s. Liu, S.-s. Mi, G.-q. Ren, and H.

1235

Tian, "Feature extraction for rolling element bearing fault

diagnosis  utilizing  generalized S  transform  and
two-dimensional non-negative matrix factorization," Journal of
Sound and Vibration, vol. 330, no. 10, pp. 2388-2399, May,
2011.

[19] X. Li, J. Ma, X. Wang, J. Wu, and Z. Li, "An improved local
mean decomposition method based on improved composite
interpolation envelope and its application in bearing fault
feature extraction," ISA Transactions, July, 2019.

[20] X. Li, Y. Yang, H. Pan, J. Cheng, and J. Cheng, "A novel
deep stacking least squares support vector machine for rolling
bearing fault diagnosis," Computers in Industry, vol. 110, pp.
36-47, September, 2019.

[21] W. A. Smith and R. B. Randall, "Rolling element bearing
diagnostics using the Case Western Reserve University data: A
benchmark study," Mechanical Systems and Signal Processing,
vol. 64-65, pp. 100-131, December, 2015.

[22] P. Bashivan, . Rish, M. Yeasin, and N. Codella, “Learning
Representations from EEG with Deep Recurrent-Convolutional
Neural Networks”, International Conference on Learning
Representations (ICLR), November, 2015.

[23] M. Sundararajan, A. Taly, and Q. Yan, “Axiomatic
attribution for deep networks”, Proceedings of the 34th
International Conference on Machine Learning, vol. 70, pp.
3319-3328, August, 2017.

[24] J. Kim, J. H. Lee, "A novel recommendation approach based
on chronological cohesive units in content consuming logs,"

Information Sciences, vol. 470, pp. 141-155, January, 2019.





